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Preface

Holocaust testimonies constitute one of the most significant and ethically complex bodies of
primary source material available to historians, archivists, and language technologists alike.
As digitisation efforts continue to expand the scale and accessibility of these collections, the
intersection of natural language processing, speech technology, and digital humanities offers
increasingly powerful tools for their analysis, preservation, and dissemination. This workshop,
the second in the HTRes series following the inaugural edition at LREC-COLING 2024 in Turin,
brings together researchers working at precisely this intersection.

The accepted papers reflect both the breadth and the maturation of the field. On the
infrastructure and access front, Kučera et al. demonstrate that hybrid semantic-lexical retrieval
consistently outperforms vector-only approaches across heterogeneous multimodal testimony
collections, while Del Grosso et al. present an integrated digital environment for Italian survivor
testimonies combining TEI encoding with embedding-based semantic retrieval. Dermentzi’s
EHRI Annotator advances this infrastructure work further, offering a web-based multilingual
named entity recognition and entity linking tool that achieves an overall accuracy of 77.7On
the language resource front, Brückner et al. introduce MalachNER, a ten-language NER
dataset built from manually transcribed oral testimonies that captures the distinctive challenges
of transcribed speech, and demonstrate that joint training on written and oral testimony achieves
state-of-the-art results on both. A companion paper by the same group presents XLM-
RoBERTa-malach, a transformer domain-adapted through continued pretraining on over 33,000
automatically transcribed and machine-translated Visual History Archive interviews, yielding
meaningful NER improvements, particularly for domain-specific entities such as camps and
ghettos across eight languages.

At the level of large-scale content analysis, Trainin et al. use discourse segmentation, topic
modelling, and LLM-based classification to compare over 1,600 testimonies from the USC
Shoah Foundation and Fortunoff archives, uncovering both structural differences and surprising
convergences. Gagnier reveals systematic emotional and thematic arcs in 500 CORHOH
testimonies through cross-modal trajectory analysis, and Jaff’s corpus-scale diagnostic study of
sentiment classifier disagreement on the same corpus introduces the ABC stability taxonomy,
finding that inter-model divergence is driven primarily by boundary decisions around neutrality.
On the audiovisual side, Mattingly and Bailey-Tomecek provide the first large-scale ASR
evaluation on the Fortunoff Video Archive across eight languages, Mantaj et al. outline a
multimodal workflow for detecting emotionally significant moments in testimony interviews, and
Bleaman presents the first ASR system for Northeastern Yiddish, achieving 37.96

Taken together, these contributions reflect a field moving with confidence toward scalable,
reproducible, and ethically grounded pipelines. The testimonies preserved in these archives are
not data points but records of individual human experience, and any computational engagement
with them must be pursued with corresponding care and humility. We thank CLARIN and EHRI
for their ongoing support, the programme committee for their thorough reviews, and above all
the survivors and witnesses whose testimonies make this work both possible and necessary.
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Abstract

This paper presents the Voci dall’Inferno digital environment, which integrates TEI-based encoding, web publication,
and embedding-based semantic retrieval for testimonies by Italian Holocaust survivors. The corpus comprises
written and oral sources encoded in XML-TEI through an ODD customization that documents provenance,
structure, and interpretive layers. The web application, build on eXist-db, supports guided access, management,
visualization, and exploratory analysis of encoded data. Within this infrastructure, we report a pilot semantic-
retrieval study on references to Dante’s Divine Comedy, using SentenceTransformers embeddings and a vector
database to retrieve both literal and non-literal Dantean passages. Given the current corpus size, findings are
interpreted as exploratory and method-oriented, and future large-scale validation will be conducted. We also ad-
dress the ethical and legal constraints that shape access policies and long-term reuse in sensitive historical collections.

Keywords: Sentence similarity, web application, eXist-db, TEI-based digital archives, Divine Comedy

1. Introduction

Preserving, curating, and providing access to tes-
timony archives, including both written and oral
sources, is essential for historical, literary, and lin-
guistic scholarship, as well as for ensuring that
these stories remain available for research, educa-
tion, and public memory.

Holocaust testimony archives remain an under-
used resource across a wide range of fields, includ-
ing linguistics, oral history, sociology, and related
disciplines. By preserving firsthand testimonies,
these sources serve as repositories of collective
memory and contribute to safeguarding intangible
cultural heritage.

The lack of shared infrastructures and interop-
erability mechanisms, together with the legal and
ethical complexity associated with access condi-
tions and data governance, remains a major chal-
lenge (Calamai et al., 2021). These issues are
particularly evident in the Italian context, where
collections are frequently managed by individual
researchers or small teams, and where institutions
may lack trusted digital repositories and clear poli-
cies for archiving primary sources and scholarly
analyses. As a result, historically and culturally sig-
nificant testimonies risk being dispersed or even
lost (Abete et al., 2025).

Testimony archives still struggle to be fully inte-
grated into research-data management and open-
science agendas, where long-term sustainability
depends on shared protocols, interoperable in-
frastructures, and robust legal and ethical proce-
dures (Calamai and Frontini, 2018). From this per-
spective, the (re)use of these sources is commonly
associated with the adoption of the FAIR principles,

which promote findability, accessibility, interoper-
ability, and reusability as prerequisites for durable
and responsible dissemination (Jong et al., 2018).

This paper builds on our contribution to the 2024
edition of the HTRes workshop (Anuradha et al.,
2024), where we introduced the Voci dall’Inferno
initiative and described the collection and cura-
tion of both oral and written resources, focusing
mainly on non-literary testimony texts. We outlined
the data-acquisition pipeline, annotation choices,
quality-control procedures, and intended research
and evaluation use cases (Del Grosso et al., 2024),
with particular attention to investigating the pres-
ence and use of Dante’s lexicon in the corpus. We
also reported initial dataset statistics and obser-
vations, and discussed the limitations and future
directions that motivate the present submission.

The scope of this paper is twofold but method-
ologically unified: (i) to document an interoperable
TEI-based archival and publication framework for
heterogeneous Holocaust testimonies, and (ii) to
present a pilot retrieval component for Dantean in-
tertextuality built on sentence embeddings and vec-
tor search. Our main contribution is therefore the
end-to-end integration of data curation, encoding,
publication, and computational exploration, with ex-
plicit attention to reproducibility, interpretability, and
governance constraints (Mercatanti et al., 2025a).

In this context, the Voci dall’Inferno initiative1 con-
tributes to ongoing efforts to preserve and make
testimonies accessible by providing a structured,
interoperable digital archive spanning both written
and oral sources, and by offering tools for explo-

1The GitHub repository for the project is available at
https://github.com/CoPhi/voci-inferno/.
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ration and analysis that support long-term reuse un-
der appropriate legal and ethical constraints (Mer-
catanti et al., 2025b).
The remainder of the paper is structured as fol-
lows. Section 2 reviews related work and situates
our contribution within TEI-based initiatives and se-
mantic retrieval approaches. Section 3 outlines
the methodology and data-processing workflow
adopted in the project. Section 4 describes the Voci
dall’Inferno web application and its main functional-
ities for guided exploration and analysis. Section 5
presents our semantic search component based on
embeddings and vector databases, focusing on the
automatic retrieval of explicit and implicit Dantean
echoes. Finally, we summarize current limitations
and future directions in Section 6.

2. Related Work

Like other digital archives, testimony collections re-
quire harmonized metadata practices, robust work-
flows from digitization to preservation, and technical
solutions that support controlled access while main-
taining visibility and reusability (Lin et al., 2020).

The design of our application is informed by
the broader ecosystem of tools for the produc-
tion, dissemination, and exploration of TEI-encoded
content (Bénière et al., 2024). In particular,
frameworks such as TEI Publisher2 provide con-
figurable web interfaces for browsing, search-
ing, and rendering TEI documents, often leverag-
ing XQuery/XSLT pipelines and XML databases.
Client-side approaches such as CETEIcean3 en-
able in-browser transformation of TEI to HTML, sup-
porting lightweight publication workflows and inter-
active presentation. Related projects and toolkits
(e.g., TEI Boilerplate4) similarly aim to facilitate the
rendering of TEI documents on the web with mini-
mal infrastructure.

For digital editions with advanced navigation and
reading interfaces, EVT (Edition Visualization Tech-
nology)5 is a widely used environment for publish-
ing scholarly editions and integrating multiple views
(e.g., diplomatic and interpretative transcriptions,
facsimiles, and apparatus).

In this comparison, TEI Publisher is used as a
conceptual benchmark for publication patterns and
user-facing functionalities rather than as our de-
ployment stack. Our implementation is based on
eXist-db and XQuery while remaining compatible
with architectural principles shared by TEI-native
publication environments.

Recent advances in semantic retrieval are largely
driven by Transformer encoders derived from

2https://teipublisher.com/index.html
3https://github.com/TEIC/CETEIcean
4http://teiboilerplate.org/
5https://github.com/evt-project/evt-viewer/

BERT (Devlin et al., 2018), which enable queries
and text units to be mapped to dense vector
representations and compared in an embedding
space (Venkatesh Sharma et al., 2024). In this set-
ting, retrieval can be implemented with bi-encoder
architectures and optionally complemented by
re-ranking components for improved precision.
Sentence-level models (e.g., Sentence-BERT and
related SentenceTransformers variants) (Mayil and
Jeyalakshmi, 2023) are now commonly adopted to
support semantic similarity and passage retrieval,
especially when the goal is to capture paraphrases
and non-literal correspondences rather than exact
lexical matching (Zhou et al., 2023).

Operationally, embedding-based retrieval is typ-
ically supported by vector indexes and special-
ized databases providing approximate nearest-
neighbor search, metadata filtering, and hybrid
lexical–semantic retrieval. Among widely used in-
frastructures, Weaviate6 and LlamaIndex7 offer in-
tegrated environments for storing vectors along-
side structured metadata and executing similarity
queries at scale, and they can be combined with
application-layer logic to expose results. In the Voci
dall’Inferno project, these technologies served as
methodological references for developing the tes-
timony archive, combining TEI-based publication
workflows with semantic retrieval.

3. Methodology

Our methodology integrates (i) philological and lin-
guistic work to curate heterogeneous testimonies,
(ii) TEI-based modeling and encoding to represent
textual phenomena and preserve interpretability,
(iii) digital modules for guided web access and vi-
sual analytics, and (iv) computational modules for
semantic retrieval of Dantean echoes using BERT-
based embeddings.

Data acquisition and transcription. The cor-
pus is built from heterogeneous sources, includ-
ing written documents (e.g., diaries, memoirs,
manuscripts, and printed texts) and oral testimonies
(audio or audiovisual interviews); in the current re-
lease, testimonies used in retrieval experiments are
in Italian. Source selection is based on resources
currently available to the team (an unpublished oral-
interview collection for spoken testimonies and un-
published private and family collections for written
materials) and on explicit inclusion criteria: docu-
mented provenance, sufficient metadata for con-
textualization, legal feasibility for research use and
controlled publication, and transcription/encoding
feasibility within the project workflow. Exclusion

6https://weaviate.io/
7https://www.llamaindex.ai/
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Figure 1: Example of an XQuery function used in the web application

criteria include uncertain provenance, unresolved
rights constraints, and insufficient textual or audio
quality for reliable encoding. To reduce circularity
in downstream analysis, selection is not based on
the prior presence of Dantean references. Oral
sources follow a transcription workflow that com-
bines manual revision with semi-automatic support,
using speech-to-text tools such as the CLARIN tran-
scription portal (Draxler et al., 2024) to produce
transcriptions that are faithful to the spoken inter-
action and suitable for linguistic analysis.

Domain-specific transcription language. To
ensure consistency and machine processability, we
formalize transcription conventions as a domain-
specific language (DSL) (Bambaci and Boschetti,
2020). Oral testimonies contain a complex set
of verbal and non-verbal phenomena (e.g., inter-
ruptions, unfinished segments, repetitions, false
starts, pauses, background noise, prosodic cues;
and, for audiovisual sources, gestures and body
movements) that must be explicitly identified and
encoded. We therefore define a controlled set
of transcription markers and a parsing strategy
grounded in a context-free grammar approach,
in line with established transcription ecosystems
such as CHAT (MacWhinney, 2019) and DT2 (Bois,
1991), enabling formal recognition of units such
as speaker changes, gaps, unclear spans, and
prosodic variations. This design facilitates read-
ability for encoders and downstream extraction of
structured information.

TEI-based encoding and customization. All
testimonies are encoded in XML-TEI through a uni-
fied data model that supports both oral and written
sources while preserving source-specific charac-
teristics. The model supports multiple annotation
layers, including document structure, source align-
ment, entities, events, relations, and interpretive
tags. Encoding decisions aim to (i) retain stable
links to primary sources (including alignment to
audio segments or line-based references where
applicable), (ii) capture document structure (divi-
sions, segments, and anchors), and (iii) represent
the authorial and analytical layers needed by the
project, such as additions, deletions, named enti-
ties, events, places, and relations. In the current
implementation, core documentary and linguistic
layers are represented inline in TEI for transparency
and editorial traceability, while computationally de-
rived layers can be externalized as stand-off an-
notations when needed. In this setup, stand-off
annotation is used to represent named entities, re-
lations among mentioned individuals, cited events,
and quotations through six dedicated TEI lists:
listPerson, listPlace, listOrg, listRe-
lation, listEvent, and listBibl. An ODD
customization governs element and attribute usage,
together with project-specific constraints, ensuring
consistency, validation, and long-term maintainabil-
ity (Mercatanti et al., 2025c).

Information extraction and linguistic analysis.
On top of the TEI backbone, we extract structured
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information for guided access and analysis, includ-
ing witness-level metadata, testimony provenance,
and corpus-derived annotations for maps, timelines,
and exploratory statistics. In addition, we curate
and visualize lexical information derived from lin-
guistic analysis of the testimonies, with particular
attention to Dantean lexicon, quotations, and allu-
sions. This extraction layer is explicitly separated
from semantic-retrieval testing: editorial annota-
tions (explicit quotations, implicit quotations, allu-
sions) define the ground truth, whereas retrieval
experiments are executed as a distinct computa-
tional phase. This separation is intended to limit
circularity and to make evaluation assumptions ex-
plicit.

Guided access and visual analytics in the web
application. Publication and exploration are im-
plemented through a web application built on eXist-
db. XQuery functions retrieve TEI-encoded content
and assemble HTML views that provide guided
access to witnesses, testimonies, and analytical
outputs. The interface integrates interactive com-
ponents for reading and listening to encoded tes-
timonies, and for exploring encoded phenomena,
named entities, relationships, maps, timelines, and
corpus-level statistics. The architecture is modular
and extendable. Scalability across different col-
lections depends on harmonized metadata quality,
governance policies, and indexing strategies.

Embedding-based semantic retrieval of Dan-
tean echoes. To complement editorially curated
links and lexicon-driven analysis, we integrate an
embedding-based semantic retrieval module that
surfaces non-literal correspondences between tes-
timony fragments and passages of the Comme-
dia. Textual units (e.g., verses, terzine, or longer
segments) are normalized and represented with
sentence-level Transformer embeddings, then in-
dexed in a vector database to enable nearest-
neighbor queries. Retrieved candidates are re-
turned with bibliographic coordinates and metadata
(cantica, canto, verse locus) to support verification
and scholarly use. This module supports both ex-
plicit quotations (typically characterized by high lex-
ical overlap) and implicit quotations or allusions,
where semantic proximity is more informative than
string matching.

Ethical and legal considerations (data gover-
nance). Given the sensitivity of Holocaust-related
testimonies and the heterogeneity of archival prove-
nance, methodological choices are complemented
by governance measures that regulate access, doc-
umentation, and reuse. We adopt a privacy- and
rights-aware approach to dissemination, ensuring

that publication and computational processing re-
main aligned with applicable legal and ethical con-
straints while preserving the research value of the
archive.

4. The Voci dall’Inferno web
application

The digital corpus is accessible through the Voci
dall’Inferno web application, developed as an inte-
grated environment for managing, presenting, ex-
ploring, and analyzing encoded testimonies (Mer-
catanti et al., 2025a). Built on eXist-db, the appli-
cation combines the HTML templating framework
with XQuery functions to process XML-TEI docu-
ments and generate HTML fragments assembled
into end-user pages. This architecture separates
presentation from data-processing logic, improves
maintainability, supports incremental scaling, and
contributes to long-term sustainability. The plat-
form is therefore extendable across collections that
adopt compatible TEI and metadata profiles.

For example, Figure 1 shows an XQuery function
(app:contaTestimonianzeArchivio()) that
returns the number of testimonies and their cate-
gories.

The web application provides several features for
consulting and exploring heterogeneous data de-
rived from encoding. The current Voci dall’Inferno
corpus includes 25 testimonies from 20 witnesses
and reflects substantial variation in both source
type and testimonial profile, including accounts by
people who experienced the Lager firsthand and by
others who were never deported. Importantly, cor-
pus inclusion is not conditioned by prior Dantean
evidence; this design supports a less circular set-
ting for retrieval analysis. The testimonies currently
processed, encoded, and semantically analyzed
are Italian-language materials, consistently normal-
ized through the same preprocessing pipeline.

To support guided access and conceptual clar-
ity, the project adopts a hierarchical taxonomy that
groups witnesses according to their historical expe-
rience (Fig. 2). At the top level, the collection is or-
ganized under Witnesses and divided into Deported
witnesses and Non-deported witnesses. The De-
ported branch is further articulated into Jewish de-
portees and Non-Jewish deportees, the latter in-
cluding Italian Military Internees (IMI) and Italian
Civil Internees (ICI). The Non-deported witnesses
branch includes Jewish partisans, currently repre-
sented in the archive by the testimony of Emanuele
Artom.

Although still subject to refinement, this taxonomy
provides a coherent organizational framework for
managing the corpus’s heterogeneity while clearly
identifying the provenance and historical context of
each testimony.
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Figure 2: The Voci dall’Inferno project taxonomy of witnesses

After encoding, the application enables the ex-
traction and visualization of heterogeneous data
types, including written and spoken phenomena,
named entities, maps, interpersonal relationships,
timelines, and statistical analyses. Interactive vi-
sualizations are implemented with Highcharts, a
JavaScript library that enhances accessibility and
supports intuitive engagement with quantitative
analyses.

The application is structured into nine main sec-
tions: Home, The Project, Voices, Search for a
Witness, Dante, Statistics, Automatic Transcription,
Events, and Bibliography (Fig. 3).

Figure 3: Homepage of the application

The core section, Voices, provides access to
witnesses and their testimonies through an alpha-
betical navigation menu that allows users to filter
results by the initial letter of a witness’s surname
and open individual profile pages.

For each witness, users are directed to a dedi-

cated page displaying a brief biographical profile
together with the list of encoded testimonies cur-
rently available for consultation. The page also
provides visualizations to support analytical explo-
ration of the encoded data, including (i) a directed,
labeled graph of interpersonal relationships, (ii) two
maps showing places mentioned and the witness’s
movements before, during, and after deportation
(Fig. 4), and (iii) a timeline of the main events cited
by the witness (Fig. 5).

Figure 4: Map of the witness’s movements

Upon selecting a testimony, users access a
dedicated page presenting structured metadata
extracted dynamically from the XML-TEI source
through XQuery functions. The displayed infor-
mation varies by testimony type (oral vs. written),
enabling a differentiated representation of source-
specific features. For oral testimonies, the interface
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Figure 5: Timeline of the main events cited in the testimony

synchronizes the structured abstract (regesto), or-
ganized into segments, with the timeline, allowing
users to read each segment and listen to the corre-
sponding portion of the audio recording.

The transcription interface adapts to the specific
type of resource. For written testimonies, an image-
based mode displays the source image alongside
its transcription (Fig. 6); alternatively, users can
view the transcription alone, with a legend of en-
coded phenomena that can be interactively high-
lighted in the text. The same highlighting function-
ality is available for oral sources, with the legend
dynamically tailored to the resource type (Fig. 7).

Figure 6: Alignment of the primary source image
with its corresponding transcription

Each testimony is further enriched by a set of
statistical visualizations, including charts on en-
coded phenomena, witness expression patterns,
and named-entity distribution. Additionally, the in-
terface provides an analysis of references to the
Divine Comedy. Explicit and implicit quotations,
allusions, and Dantean lexical references can be
explored interactively: selecting a citation highlights
the corresponding verses or passages of the poem
referenced in the testimony.

The web application features two analytical sec-
tions, Dante and Statistics, dedicated to exploring
the encoded corpus. The Dante section examines

the presence and distribution of references to the
Divine Comedy within the testimonies. It provides
visualizations and quantitative summaries of ex-
plicit and implicit quotations, allusions, and lexi-
cal references identified during transcription and
encoding. The analysis is twofold: it investigates
both the typology of Dantean references and the
witnesses who most frequently employ Dante’s lan-
guage to articulate the Lager experience. Out of 25
testimonies (produced by 20 witnesses), 10 contain
references to the poem, totaling 61 occurrences:
15 explicit quotations, 4 implicit quotations, 7 al-
lusions, and 35 terms from the Comedy (Fig. 8).
Among the 19 encoded quotations, the majority
refer to the Inferno (16 cases), with only limited
references to the Purgatorio (2) and the Paradiso
(1).

The Statistics section provides broader corpus-
level analyses. It presents visualizations and
summary data concerning the composition of the
archive, including the distribution of testimonies by
witness category and the provenance of the two
main categories of sources, oral and written. The
section also documents the overall extent of the
encoded material: to date, 18 hours, 35 minutes,
and 48 seconds of oral recordings and 395 pages
of written sources have been transcribed and en-
coded.

5. Semantic search with embeddings
and vector databases

To complement guided access to the corpus, we
are developing Dante Similarity Search, a semantic
retrieval module that enables users to identify poten-
tial Dantean echoes across testimonies, including
non-literal correspondences, through embedding-
based similarity and vector search.

Dante Similarity Search is currently implemented
as a prototype web application designed to de-
tect echoes of Dantean language in concentration-
camp survivor testimonies by linking prose frag-
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Figure 7: Transcription of an oral testimony with in-text highlighting of encoded phenomena

Figure 8: References to the Divine Comedy

ments to passages from the Commedia. Given a
query, the system returns the closest candidates,
ranked by similarity and enriched with metadata
(cantica, canto, position), making results verifiable,
citable, and suitable for subsequent human valida-
tion (Congiu et al., 2025) (Fig. 9). The approach
goes beyond lexical overlap and targets semantic
proximity that can surface non-literal correspon-
dences.

The development of Dante Similarity Search
draws inspiration from projects by William Mat-
tingly8 that aim to automatically identify biblical
quotations in Latin. In Vulgata spaCy (2022)9, the
Clementine Vulgate is cleaned and organized into
CSV format, and a spaCy pipeline is built by combin-
ing embeddings trained on the Patrologia Latina10

(Bloom/floret) with two components: an EntityRuler
to detect direct or partial quotations and a machine-
learning model to detect quotations in context. A
subsequent step links each occurrence to specific
verses while addressing spelling and punctuation
variability and incomplete quotations. Constraints
such as requiring phrases of at least four words re-

8https://www.wjbmattingly.com/
9https://github.com/wjbmattingly/vulgata-spacy

10https://patristica.net/latina/

duce false positives. With Weaviate Vulgate (2024),
the approach is recast in terms of semantic simi-
larity: verses are converted into vectors using Sen-
tenceTransformers (LaBSE11), indexed in Weavi-
ate, and made accessible through a Streamlit web
application that allows users to submit a text frag-
ment and retrieve the most closely related verses.

The architecture integrates a vector-

11https://huggingface.co/sentence-
transformers/LaBSE

Figure 9: Dante Similarity Search
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representation pipeline and a semantic retrieval
module. Texts are normalized and transformed
into contextual embeddings via SentenceTrans-
formers12. We compared three candidate models
in our pilot setting: LaBSE, paraphrase-mpnet-
base-v2, and all-mpnet-base-v2. In our
data, LaBSE produced weaker rankings for
Dantean fragments, while paraphrase-mpnet-
base-v2 recovered some relevant passages
but with lower ranking consistency. all-mpnet-
base-v2 provided the best overall trade-off in
top-ranked relevance and ranking stability, and
was therefore selected as the operational model.
We note, however, that this remains a pragmatic
choice for a pilot setup, and domain adaptation
to historical/literary Italian remains a key next
step. Vectors are then indexed in Weaviate13,
which supports efficient nearest-neighbor queries
and structured metadata management needed
to reconstruct the Dantean reference associated
with each result. Interaction takes place through a
Streamlit14-based interface, designed for entering
queries and inspecting matches, including simi-
larity scores and textual references. For testing
purposes and to support external access and
service sharing, the application can be exposed
via Cloudflare Tunnel15, simplifying deployment
without requiring complex network configurations.

A central methodological component is the con-
struction of datasets from the Commedia, trans-
formed into collections of homogeneous, queryable
textual units, each associated with bibliographic
metadata. The choice of granularity directly affects
interpretability and result quality: smaller units sup-
port precise anchoring but may be semantically
fragile, whereas larger units introduce context and
stability at the expense of precision. From this per-
spective, segmentation into terzine prioritizes se-
mantic coherence, reduces ambiguity, and is ef-
fective when an echo is distributed across multiple
lines; segmentation into single verses maximizes
precision and is particularly suited to identifying ex-
plicit quotations, although it requires careful normal-
ization in Python and filtering by metadata to limit
spurious matches; segmentation into sentences
offers a useful compromise, especially for para-
phrases and reformulated echoes, preserving se-
mantic relations that a single verse may not make
explicit.

Overall, the workflow maps user input to the
retrieval of the most similar Dantean candidates
within a reproducible pipeline in which technical
choices (model, textual units, search parameters)

12https://sbert.net/
13https://weaviate.io/
14https://streamlit.io/
15https://developers.cloudflare.com/cloudflare-

one/networks/connectors/cloudflare-tunnel/

Figure 10: Similarity scores for a set of explicit
Dante quotations identified in the testimonies. Each
quotation is listed along the x-axis, while the y-axis
represents a similarity score.

remain traceable and results interpretable. Given
the current corpus size, we frame this component
as a pilot study and avoid strong generalization
claims. To support systematic validation, we will
define an explicit protocol including precision, re-
call, and baseline comparisons. We will also set
up experiments to distinguish explicit quotations,
implicit quotations, and allusions. Editorial anno-
tation and computational testing will be treated as
separate phases to reduce circularity.

Indexing in Weaviate and inspection through
Streamlit turn similarity into an operational tool: re-
sults become explorable and filterable, and can
be critically evaluated thanks to metadata and tex-
tual coordinates. Quantitatively, explicit quotations
are the most robust case: because testimony frag-
ments often preserve literal portions of the Comme-
dia, the system returns precise and reliable align-
ments (Fig. 10). Implicit quotations are more chal-
lenging: paraphrastic reformulations can preserve
thematic resonance while substantially altering lex-
ical form, making exact retrieval less stable even
when top candidates remain semantically coherent
with the input fragment.

A representative failure case concerns Nicola
Ricci’s diary quotation, “Si va verso la fame, si va
verso il freddo, si va verso l’inferno,” for which the
system did not recover the expected match with
Inferno III, 1–3 (“Per me si va ne la città dolente /
per me si va ne l’etterno dolore / per me si va tra la
perduta gente”). For a human reader, the allusion is
immediate; for the model, it is an implicit intertextual
signal that exceeds purely distributional similarity.
This example clarifies a key limitation of the current
setup and motivates the next step: fine-tuning on
a Commedia-centered corpus enriched with com-
mentaries, paraphrases, and curated intertextual
links, in order to improve recognition of non-explicit
echoes and reduce confusion between shallow lex-
ical similarity and deeper semantic-literary corre-
spondence.
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The output is not limited to on-screen consulta-
tion: retrieval results can be reintegrated into the
encoding workflow in a structured form. Starting
from a testimony fragment, the system stores the
top candidates across different textual granularities
(terzine, verses, and sentences), each with a simi-
larity score and bibliographic coordinates (cantica,
canto, verse range). This enrichment process is
implemented as a Python routine over testimony
XML files and is designed to remain auditable, re-
versible, and compatible with subsequent human
validation. The enrichment procedure follows an
explicit criterion: for each encoded quotation, the
system searches across the three textual unit types
(terzine, verses, and sentences) and, for each type,
inserts the three closest results. The encoded doc-
uments are then enriched with the suggested refer-
ences (Fig. 11).

Figure 11: For each encoded quotation, the sys-
tem automatically searches terzine, verses, and
sentences, adding the three closest matches with
bibliographic references to the XML files in a struc-
tured format.

6. Conclusions and Further
Directions

This paper presented an integrated framework for
testimony curation, TEI encoding, web publica-
tion, and embedding-based semantic retrieval, to-
gether with a pilot study on Dantean echoes. The
current results are promising but preliminary and
should be interpreted as proof-of-concept evidence
rather than as definitive performance claims. We
delivered a first operational release of the Voci
dall’Inferno web application, including dedicated
views for exploring Dantean lexicon, quotations,
and allusions, and we defined a reproducible work-
flow linking editorial annotation and computational
analysis. Given the limited experimental scale, we
prioritize methodological transparency and a clear
separation between annotation and retrieval eval-
uation. Future work will focus on: (i) refining the
transcription workflow by integrating more robust
support for automatic recognition and DSL-based
encoding across different types of primary sources;
(ii) improving interpretability and methodological

soundness by connecting the archive to major SSH
research infrastructures, in particular the CLARIN-
IT community; (iii) extending the system with addi-
tional visualization components (e.g., temporal and
thematic facets) to better support scholarly work-
flows; (iv) expanding the benchmark and reporting
full IR metrics; (v) measuring annotation reliability
for explicit, implicit, and allusive categories; and (vi)
evaluating multilingual and domain-adapted em-
bedding models for historical and literary Italian.
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force of the GDPR, which complicates the identifi-
cation of lawful bases for processing.

An additional layer of complexity concerns the
dual nature of the sources (oral and written), with
oral testimonies presenting specific challenges for
data governance. Audio recordings constitute a
particularly sensitive category of research material,
as they simultaneously function as historical docu-
ments, scientific sources, and biometric identifiers.
This hybridity creates tensions between openness
and protection that directly affect decisions about
accessibility, reuse, and long-term sustainability
within research infrastructures.

Recent collaboration with the ROADS project,
which has defined a FAIR-by-design model for man-
aging oral archives throughout the entire data life
cycle (from data collection to publication and reuse),
has enabled us to test and refine this approach on
the Voci dall’Inferno archive. The ROADS frame-
work provides a transferable model to guide the
transition from project-based archives to FAIR, sus-
tainable, and reusable research resources, ensur-
ing compliance with data-protection requirements
while respecting the sensitivity of the documented
contexts. A key factor in the sustainability of the
ROADS model is the involvement of legal experts
embedded within participating institutions, who me-
diate between Open Science principles and data-
protection constraints. Their contribution supports
the legal robustness and transparency of research
resources, highlighting how the long-term reuse
of sensitive historical data depends not only on
technical solutions but also on stable governance
frameworks and legal accountability (Abete et al.,
2026).

In practice, this work could inform a set of con-
crete strategies to be progressively implemented
within the Voci dall’Inferno archive. These may
include: (i) formalizing the distribution of respon-
sibilities among stakeholders (e.g., via joint con-
trollership agreements and the identification of a
single contact point for data-subject requests), (ii)
documenting provenance and consent status at
the item level, while adopting a diligent-search ap-
proach for legacy materials collected before cur-
rent standards, aimed at contacting data subjects
or, where this is no longer possible, their potential
heirs, (iii) introducing layered information and multi-
level consent procedures in the case of newly col-
lected data, allowing participants to make informed
choices about different levels of access, dissemi-
nation, and reuse of their testimonies, and (iv) ap-
plying data-minimization measures (e.g., redacted
public views and restricted access to particularly
sensitive content), supported by logging mecha-
nisms.

From this perspective, the model defined by the
ROADS project represents a fundamental guide-

line for orienting future decisions concerning data
management, consent documentation, and access
policies. Its adoption could support the gradual
transition from a project-based archive to a FAIR,
sustainable, and reusable research resource, while
ensuring compliance with data-protection require-
ments and respect for the sensitivity of the historical
contexts represented in the corpus.
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Abstract
Digital humanities projects increasingly rely on heterogeneous collections of multimodal data, including video
testimonies, scanned documents, and photographs. Despite the growing availability of such archives, researchers
face challenges in efficiently locating relevant content due to the diversity of formats and the lack of unified retrieval
methods. In this work, we present a general framework for semantic search over collections of multiple modalities.
The framework integrates specific parsers and transforms all inputs into textual representations leveraging services
like automatic speech recognition (ASR), optical character recognition (OCR), and generative-AI-based image
captioning. Text is subsequently segmented into overlapping chunks, indexed in a vector database, and enriched
through an automatic question generation (AQ) pipeline to create ground-truth queries for evaluation. We evaluate the
framework on a constructed dataset derived from Holocaust-related archives, comparing two retrieval strategies (pure
vector search vs. hybrid semantic-lexical search) under two chunking scenarios. Results demonstrate that hybrid
search consistently outperforms vector-only retrieval, achieving high recall across modalities, and that semantic
search is feasible even with diverse and noisy input sources. This framework provides a robust foundation for
exploring complex multimodal archives, facilitating access to content that would otherwise remain difficult to discover.

Keywords: multimodal data, semantic search, digital humanities, vector retrieval

1. Introduction

Large multimodal archives encompassing diverse
data types began to be amassed on a significant
scale during the 1990s, when recording technolo-
gies and storage capacities became sufficiently
affordable for institutions to preserve substantial
volumes of material.

However, the challenge of efficiently retrieving
relevant information from these extensive corpora
emerged almost immediately thereafter. One promi-
nent example is the USC Shoah Foundation’s Vi-
sual History Archive (USC Shoah Foundation),
which preserves authentic testimonies from Holo-
caust survivors and witnesses. This collection com-
prises approximately 52,000 interviews conducted
between 1994 and 1999, totaling over 115,000
hours of video material recorded in 32 languages.
The sheer volume of this material renders the identi-
fication of relevant content exceedingly challenging.

This challenge prompted the MALACH project
(2001–2007), which sought to enhance access to
these oral histories by advancing automatic speech
recognition (ASR) and information retrieval (IR)
technologies.

The initial approach in the MALACH project
treated ASR and IR as independent tasks: au-
dio was transcribed into text using state-of-the-art
ASR systems, segmented into documents, and
subjected to standard document-oriented IR. This
strategy rapidly revealed significant limitations. Be-
sides the poor performance of the ASR systems
(roughly 40% Word-Error-Rate – WER – across lan-

guages), the IR systems had is own issues stem-
ming from oversimplified designs, notably fixed-
length sliding windows for segmenting continuous
transcripts into pseudo-documents, bypassing the
more complex task of topical coherence detection.
Evaluated in CLEF campaigns in 2005–2007 using
detailed topics specifying user information needs,
these systems achieved dismal mean Generalized
Average Precision (mGAP) scores (Pecina et al.,
2007), attributable to both ASR errors and inade-
quate segmentation. Standard bag-of-words meth-
ods failed to leverage distinctions between relevant
and non-relevant material mentioned in the search
topic specifications. Ultimately, this era yielded dis-
jointed ASR-IR pipelines with poor results and no
user-friendly graphical interface for non-experts.

In the second “epoch” of research, we redefined
the paradigm for ASR and IR system design to bet-
ter align with the practical demands of searching
continuous speech transcripts. Recognizing the
absence of discrete documents in automatically
transcribed streams, we shifted focus to identifying
precise replay points—specific timestamps marking
the onset of topic-relevant discussion—enabling di-
rect playback of corresponding video segments.
Departing from prior document-oriented IR sys-
tems, which relied solely on lexical overlap with-
out semantic processing, we adopted a spoken
term detection (STD) paradigm. In STD, queries
comprise single words or short phrases submitted
against a fixed collection, inverting the traditional
keyword search model.

This transition also fostered tighter integration be-
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tween ASR and IR components. STD indexes incor-
porated not only the highest-probability ASR tran-
scriptions but also competing hypotheses weighted
by their estimated probabilities, enhancing detec-
tion robustness. Numerous ML methods were em-
ployed for STD over the years, details about the lat-
est incarnation using the Transformer architecture
can be found in (Švec et al., 2023). In this era we
have also developed several iteratively improved
versions of the graphical user interface (GUI), em-
powering non-expert users to submit queries and
instantly replay pertinent testimony segments.

The latest set of techniques — named the "Ask-
ing Questions" (AQ) framework shifts to proactive,
generative content enrichment. STD enabled ef-
ficient pinpointing of exact-term matches via inte-
grated ASR-IR indexing but remained limited to
user-initiated lexical queries, yielding timestamps
for replay without semantic expansion or contex-
tual guidance. In contrast, AQ generates contextu-
ally grounded, time-aligned question-answer pairs
directly from transcripts, filtered for semantic co-
herence, to create navigable "open-set topics" that
supplement lengthy monologues. This transforms
passive listening into interactive exploration, antic-
ipating user needs rather than reacting to explicit
terms, while preserving testimony authenticity; it
yields sparse, high-quality questions (one every
2 minutes post-filtering), outperforming STD in fa-
cilitating thematic discovery across unstructured
speech (Bulin et al., 2025).

Advances in state-of-the-art optical character
recognition (OCR) algorithms and large language
models (LLMs) now enable the integration of previ-
ously overlooked data sources within these collec-
tions, including scanned textual documents and
photographs. The unification of such diverse
modalities within a single retrieval framework con-
stitutes the primary contribution of this paper.

1.1. Related Work
Work on semantic retrieval has evolved from dense
neural models for open-domain question answer-
ing, which replace keyword matching with learned
vector representations of text (Karpukhin et al.,
2020), to more fine-grained interaction mecha-
nisms that improve semantic matching within purely
textual collections (Khattab and Zaharia, 2020).
Subsequent research extended retrieval beyond
text by learning shared embedding spaces for im-
ages and language (Radford et al., 2021), and more
recently by training multimodal large language mod-
els to act as universal retrievers across mixed
text–image inputs (Lin et al., 2024). While these
approaches advance semantic and cross-modal
search, they typically assume relatively clean data
and jointly trained embedding models. In contrast,
our framework is designed for arbitrary settings: it

is capable of processing heterogeneous and po-
tentially noisy archival materials (e.g., video tes-
timonies, scanned documents, photographs) by
converting all modalities into textual form and com-
bining semantic vector search with lexical matching,
thereby prioritizing transparency, robustness, and
practical applicability, for instance, in real-world cul-
tural heritage collections.

2. Evaluation Data and Methodology

The proposed framework is designed to be domain-
independent and applicable to heterogeneous mul-
timodal collections. For demonstration purposes,
we constructed an evaluation dataset grounded in
the Holocaust domain. All experiments were con-
ducted in English; however, the framework itself is
language-agnostic.

We selected 17 publicly accessible testimony
recordings from the public part of the USC Shoah
Foundation Dataset (USC Shoah Foundation),
each approximately 2.5 hours in length. The record-
ings were processed using our automatic speech
recognition (ASR) engine, producing time-aligned
transcripts. This constituted the first modality:
video testimonies represented as textual segments.

During the interviews, witnesses frequently
present photographs or documents to the camera.
These were automatically extracted, resulting in
299 images. To further diversify the dataset, we
selected 108 scanned historical documents from
the Arolsen Archives (Arolsen Archives). Hence,
in total, we obtained 407 images constituting the
second modality.

All images were processed using parsers de-
scribed in Sec. 3: Optical Character Recognition
(OCR) was applied to extract textual content, and
Large Language Model (LLM) captioning was used
to generate semantic descriptions. After this step,
all modalities were transformed into textual form
that was subsequently segmented according to the
chunking strategy described in Sec. 3.2. In total, we
obtained 2,420 chunks serving as retrieval units.

2.1. Automatic Question Generation

To enable scalable evaluation without manual an-
notation, we employed the Asking-Questions (AQ)
framework (Švec et al., 2024). For each out of the
original 2,420 chunks, the framework generates
multiple semantically grounded questions (approxi-
mately three per chunk) and may internally create
sub-chunks aligned with each generated query, as
shown in Table 1.

This process resulted in 7,249 query – sub-chunk
pairs. Each generated query is considered relevant
to its corresponding (sub-)chunk as well as to the
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original chunk One notable development is the organic connection which now exists between the SS and the Police. In 1956, when he was
@ppointed Chief of the German Police, HIMMLUR was enabled to effect that fusion between the two forces he controlled which
is & marked feature of Germany’s internal security organisation today, fs J All senior police officers and many of the junior officers
a@re also members of the SS, holding rank in both organisations. The official policy is to recruit new menbers of the police force
solely from the SS. ‘hus the integration of the state security organisation (the police) and the party security organisation (the SS)
is, for all practical purposes, complete.

sub-chunk 1 One notable development is the organic connection which now exists between the SS and the Police. In 1956, when he was
@ppointed Chief of the German Police, HIMMLUR was enabled to effect that fusion between the two forces he controlled which
is & marked feature of Germany’s internal security organisation today, fs J All senior police officers and many of the junior officers
a@re also members of the SS, holding rank in both organisations. The official policy is to recruit new menbers of the police force
solely from the SS.

query 1 When was HIMMLUR appointed Chief of the German Police?
sub-chunk 2 The official policy is to recruit new menbers of the police force solely from the SS. ‘hus the integration of the state security

organisation (the police) and the party security organisation (the SS) is, for all practical purposes, complete.
query 2 According to the official policy, from what organization were new police force members re-

cruited?
sub-chunk 3 ‘hus the integration of the state security organisation (the police) and the party security organisation (the SS) is, for all practical

purposes, complete.
query 3 What organizations had effectively merged?

Table 1: Example output of the AQ framework on a selected ASR result sample, illustrating the generation
of evaluation queries and the extraction of relevant sub-chunks (used in scenario B).

original chunk, forming the ground truth for a known-
item retrieval task.

2.1.1. Retrieval Setup

Chunks were indexed in a vector database using
the proposed framework described in Sec. 3. For
each generated query, we computed its embedding
and performed top-k retrieval.

We evaluated two scenarios:
(A) Original chunk indexing: Only the 2,420 origi-

nal chunks were indexed. The AQ framework
was used solely to generate evaluation queries
(three per original chunk on average), which
are all considered to semantically correspond
to the same original chunk.

(B) Sub-chunk indexing: 7,249 AQ-generated sub-
chunks were indexed, resulting in a one-to-one
mapping between queries and indexed items.

Scenario A better reflects realistic deployment,
where question generation is not part of the pro-
duction pipeline.

2.2. Evaluation Metrics
We report Recall@k (for k ∈ {1, 3, 5, 10}) and Mean
Reciprocal Rank (MRR@10).

Recall@k measures whether at least one rele-
vant item appears among the top-k retrieved results
and so can be interpreted as the probability of find-
ing the correct segment within the first k returned
results.

Recall@k =
1

|Q|
∑

q∈Q

1{rankq ≤ k}, (1)

where rankq denotes the rank of the first relevant
item for query q.

Mean Reciprocal Rank (MRR@10) evaluates
how highly the first relevant result is ranked, consid-
ering only the top 10 retrieved items. If no relevant

item appears within the top 10 results, the recipro-
cal rank is defined as zero.

MRR@10 =
1

|Q|
∑

q∈Q

{
1

rankq
, if rankq ≤ 10,

0, otherwise.
(2)

2.3. Metrics Limitations
Although each generated query is guaranteed to be
relevant to its originating chunk, it may also be se-
mantically relevant to other chunks in the collection.
Since no exhaustive manual relevance annotation
was performed, such additional relevant matches
remain undetected. Consequently, the reported
metrics may slightly underestimate the true seman-
tic retrieval performance.

3. Multimodal Search Framework

The concept of the proposed framework, illustrated
in Fig. 1, is designed to provide a unified and ex-
tensible system for retrieving information from het-
erogeneous collections of data. Users interact with
the system through a user-friendly web-based in-
terface, allowing both conventional textual queries
and exploration of the indexed multimodal content.

3.1. General Data Parser
The foundation of the proposed multimodal search
framework is a modular data parsing pipeline de-
signed to transform heterogeneous source files into
a unified semantic representation. This pipeline,
implemented in Python, uses a routing mechanism
based on file extensions to dispatch documents to
specialized parsers. Each parser is responsible
for extracting textual information and, where appli-
cable, spatial or temporal metadata, ensuring that
the semantic context is preserved across different
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Figure 1: Overall concept and evaluation of the presented multimodal search framework.

modalities. The PDF parser (Section 3.1.3) is in-
cluded in the pipeline described here to support
future applications, but it is not evaluated on the
dataset considered in this study.

3.1.1. Audio Recordings

Audio files, typically in WAV or MP3 formats, are
processed through an Automated Speech Recog-
nition (ASR) module. The system utilizes the
UWebASR API (Lehečka et al., 2023) to perform
transcription of spoken content. The resulting
transcript is processed according to the chunking
strategy described in Section 3.2. Each resulting
segment preserves its temporal boundaries (start
and end timestamps), enabling precise localiza-
tion within the audio stream during retrieval. This
enables the search engine to pinpoint the exact
segment within the audio file during retrieval.

3.1.2. Images

Images are processed using a method that cap-
tures both their literal details and semantic content.

• Optical Character Recognition (OCR): We use
Tesseract OCR (Smith, 2007) to extract any
textual information present within the image.
This is particularly crucial for scanned docu-
ments, infographics, or slides. Extracted text
blocks are further processed using the unified
chunking strategy described in Section 3.2.
Each chunk retains its associated bounding
box coordinates, enabling spatial localization
during retrieval.

• Semantic Captioning: To capture the visual
content of the image, we leverage a Large
Language Model (LLM), specifically OpenAI’s
GPT-4o (OpenAI, 2024). The model gener-
ates a comprehensive textual description of
the image content and identifies key objects
along with their relative positions (top, center,

bottom, etc.). The generation is guided by the
constraints defined in the chunking strategy
(Section 3.2), ensuring that each description
forms a single indexable unit compatible with
the embedding model.

3.1.3. PDF Documents

PDF documents are handled by a structure-aware
parser based on the PyMuPDF library (Artifex Soft-
ware, Inc., 2026). The parser decomposes the
document into text blocks and images.

• Text Blocks: Extracted text blocks are pro-
cessed according to the chunking strategy de-
scribed in Section 3.2. Structural metadata,
including page numbers and bounding boxes,
are preserved for each resulting unit. Short,
non-informative segments (e.g., page num-
bers or artifacts) are filtered out to maintain
the quality of the index.

• Embedded Images: Images embedded within
the PDF are extracted and processed through
the image parsing pipeline described in Sec-
tion 3.1.2. This ensures that diagrams, charts,
and illustrations within a document are fully
indexed both by their textual content (via OCR)
and their visual semantics (via captioning).

3.1.4. Plain Text

Plain text files are parsed in a way that preserves
their structural organization. Logical paragraphs
are detected using line breaks and subsequently
processed using the chunking strategy described
in Section 3.2. The parser maintains the absolute
line numbers associated with each resulting chunk,
allowing direct referencing to the original source.

3.1.5. Video Recordings

Video files are treated as complex multimodal data
requiring both temporal and visual analysis.
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• Audio Transcription: The audio stream is ex-
tracted using FFmpeg (FFmpeg Developers,
2026)and processed through the ASR mod-
ule, identical to the standalone audio parser
described in Section 3.1.1.

• Visual Frame Analysis: Visual content is ob-
tained by extracting keyframes at a specified
sampling rate (selected to be 0.1 frame per
second). Each frame is then processed by
the OpenAI GPT-4o model to generate seman-
tic descriptions, as described in Section 3.1.2.
This approach enables the system to index
video content based on both spoken informa-
tion and visual information over time.

3.2. Chunking Strategy
To ensure compatibility with the limited context win-
dow of embedding models, the pipeline employs
a unified token-aware chunking strategy across
all modalities. All textual data are segmented
using a sliding window approach with a fixed
length of 256 tokens and an overlap of 32 tokens.
The tokenizer of the underlying embedding model,
all-MiniLM-L6-v2 (Reimers and Gurevych, 2019), is
used to guarantee that each chunk remains within
the model’s context window.

This strategy is applied across all modalities
while respecting their logical structure:

• Plain Text and OCR: Chunks are created within
logical boundaries such as paragraphs or OCR
blocks to maintain semantic coherence.

• Audio and Video: Transcripts are segmented
temporally, where each textual chunk pre-
serves its corresponding start and end times-
tamps.

• Semantic Captions: For images and video
frames, the chunk size acts as a constraint for
the generative model, ensuring that descrip-
tions are concise and ready for indexing as
single units.

This multi-layered approach preserves necessary
context and metadata (spatial and temporal) while
providing the level of detail required for precise
semantic retrieval.

3.3. Retrieval with Semantic Vectors
The core of our retrieval system is based
on dense vector representations. We use
the all-MiniLM-L6-v2 sentence-transformer
model (Reimers and Gurevych, 2019), which maps
text chunks into a 384-dimensional dense vector
space. This model provides a favorable trade-off
between embedding quality and computational

efficiency, making it suitable for large-scale
semantic search.

For retrieval, we explore two approaches: a
purely vector-based search using the Hierarchical
Navigable Small World (HNSW) algorithm (Malkov
and Yashunin, 2018) for efficient nearest-neighbor
search, and a hybrid strategy that combines dense
embeddings with traditional lexical features based
on TF–IDF (Spärck Jones, 1972) to also capture
exact keyword matches.

(i) HNSW: The index is implemented using
the IndexHNSWFlat class from Faiss
library (Douze et al., 2024). It is con-
structed with a connectivity parameter
M=32 and a construction expansion factor
efConstruction=200. During retrieval,
the search expansion factor is set to
efSearch=64 to balance efficiency and
recall.

(ii) Hybrid search: The index combines retrieval
scores from the dense HNSW index and a
sparse TF-IDF index using a weighted sum:

Shybrid = α · Sdense + (1− α) · Ssparse, (3)

where Sdense and Ssparse are the scores from
the dense and sparse retrievers, respectively,
and α ∈ [0, 1] is a weighting parameter (set
to 0.5 in our experiments). Both indices apply
L2 normalization, ensuring comparable cosine
similarity scores in the range [0, 1].
The sparse TF–IDF index is constructed
using the TfidfVectorizer class from the
scikit-learn library (Pedregosa et al., 2011),
configured with min_df=1, max_df=0.9,
max_features=10000, and a list of
stemmed English stopwords obtained using
the Snowball stemmer provided by the NLTK
library (Bird et al., 2009).

4. Results

From a broader perspective, three evaluation layers
can be identified for the proposed framework: (1)
content extraction quality (ASR, OCR, LLM-based
captioning), (2) chunking strategy and information
representation, and (3) cross-modal semantic re-
trieval.

In this paper, we focus exclusively on the third
layer, i.e., the ability of the system to retrieve the
correct multimodal segment given a textual query.
It should be noted, however, that retrieval perfor-
mance is inherently influenced by the quality of
upstream processing stages.

We evaluated two retrieval strategies described
in Section 3.3: (i) vector-based retrieval using
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HNSW indexing and (ii) hybrid search combining se-
mantic vectors with keyword-based matching. Fur-
thermore, we report results for the two evaluation
scenarios introduced in Section 2.1.1: (A) original
chunk indexing and (B) sub-chunk indexing.

4.1. Scenario A: Original Chunk Indexing
Results for the more realistic setup (7,249 queries
vs. 2,420 original chunks) are shown in Table 3.

In this scenario, multiple queries map to the same
larger chunk, resulting in a slight decrease in per-
formance compared to Scenario B, where each
(shorter) sub-chunk corresponds to a single query.
As expected, hybrid search consistently outper-
forms HNSW across all metrics.

Importantly, Recall@10 remains above 0.60 for
video transcripts and above 0.95 for OCR docu-
ments in the hybrid configuration. This indicates
that even under realistic indexing conditions, the
system is capable of retrieving the correct multi-
modal segment within a small set of top-ranked
results.

4.2. Scenario B: Sub-chunk Indexing
Table 2 reports results for the AQ-level index-
ing setup (7,249 queries vs. 7,249 indexed sub-
chunks).

Across all modalities, hybrid search consistently
outperforms pure HNSW vector retrieval. The im-
provement is particularly visible in Recall@1 and
MRR, indicating that hybrid search more frequently
ranks the correct segment at the very top of the
result list. This suggests that combining lexical
matching with semantic similarity helps stabilize
retrieval when queries are closely aligned with the
original wording of the source segment. This behav-
ior is captured in Table 4, which presents the top-5
retrieved chunks for the query. In the table, the de-
sired chunk is highlighted in bold. When using the
pure HNSW index, this chunk does not appear even
among the top-10 results. In contrast, under the
hybrid setup, the required chunk is ranked second.

OCR-based documents achieve the highest
scores overall (e.g., Recall@10 above 0.94 and
MRR around 0.80 in the hybrid setup). This can
likely be attributed to the relatively well-structured
and information-dense nature of scanned docu-
ments, where generated questions often corre-
spond to explicit factual statements.

In contrast, video transcripts (ASR modality)
show lower Recall@1 and MRR. This may reflect
the more narrative and less structurally explicit na-
ture of spoken testimonies or finding semantically
close passages from another testimonies, as the
structure of the interviews is unified. Although the
required chunk according to the evaluation protocol
is not retrieved, several returned passages indicate

clear semantic relevance to the query, as assumed
in Section 2.3.

Caption-based image representations provide
useful semantic summaries for pictures with unique
activities, however, LLM-based descriptions of
scanned documents, for instance, can confuse the
retrieval system significantly. Therefore, we ad-
ditionally report an evaluation of the LLM-based
captioning parser excluding scanned documents,
denoted as Capt.* in Tables 2 and 3. The results
show a clear improvement in performance under
this setting.

4.3. Efficiency Considerations

Due to offline preprocessing (ASR transcription,
OCR, caption generation, chunking, and indexing),
online retrieval is computationally lightweight. On
a standard CPU machine, average query latency
remains below 500 ms for both retrieval strategies.

The computationally intensive stages are data
parsing and index construction, which are per-
formed only once during preprocessing. Parsing
the complete dataset of 424 files including .txt,
.jpg, and .png files) required 36 minutes in total
on a standard CPU machine. Index construction
scales linearly with the number of text chunks, with
an average build time of approximately 2.25 s per
100 chunks.

5. Conclusion

In this paper, we have presented a general frame-
work for semantic search across heterogeneous
multimodal collections. Our evaluation, conducted
on a constructed dataset from the Holocaust do-
main, demonstrates that the system is capable of
retrieving relevant segments across multiple modal-
ities, including ASR transcripts of video testimonies,
OCR-processed documents, and LLM-generated
image captions.

Two retrieval strategies were compared (HNSW
vector search and hybrid semantic-lexical search),
and two evaluation scenarios were explored (origi-
nal chunk vs. sub-chunk indexing). The results in-
dicate that hybrid search consistently outperforms
pure vector-based retrieval, and that even under re-
alistic indexing conditions, the system retrieves the
correct segment within a small set of top-ranked re-
sults with high reliability. Overall, the results demon-
strate that semantic search over heterogeneous
multimodal collections is feasible and reasonably
robust, even when different modalities exhibit vary-
ing levels of textual quality and structural consis-
tency.
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Source Queries Chunks HNSW Hybrid search
k1 k3 k5 k10 MRR k1 k3 k5 k10 MRR

ASR 5700 1530 0.17 0.30 0.36 0.44 0.25 0.32 0.49 0.56 0.64 0.42
OCR 716 533 0.60 0.75 0.80 0.87 0.69 0.73 0.88 0.92 0.96 0.81
Capt. 833 357 0.19 0.31 0.38 0.47 0.27 0.30 0.43 0.52 0.61 0.39
Capt.* 601 249 0.21 0.34 0.42 0.51 0.30 0.32 0.47 0.56 0.66 0.41
All 7249 2420 0.19 0.31 0.36 0.44 0.26 0.32 0.48 0.54 0.62 0.41

Table 2: Retrieval performance by modality – Scenario A (2420 original chunks)

Source Queries Chunks HNSW Hybrid search
k1 k3 k5 k10 MRR k1 k3 k5 k10 MRR

ASR 5700 5700 0.22 0.36 0.41 0.49 0.30 0.32 0.50 0.57 0.64 0.43
OCR 716 716 0.60 0.77 0.82 0.88 0.69 0.71 0.89 0.91 0.95 0.80
Capt. 833 833 0.24 0.35 0.42 0.51 0.31 0.34 0.46 0.52 0.63 0.42
Capt.* 601 601 0.26 0.38 0.46 0.55 0.34 0.34 0.49 0.55 0.67 0.43
All 7249 7249 0.25 0.38 0.44 0.51 0.33 0.34 0.51 0.57 0.65 0.44

Table 3: Retrieval performance by modality – Scenario B (7249 chunks from the AQ framework)

5.1. Future Work

Several directions for future work can further en-
hance and generalize the proposed framework:

• Evaluation on different domains: Extending
the evaluation beyond Holocaust-related data
to other cultural heritage collections or entirely
different domains.

• Cross-modal query capabilities: Enabling re-
trieval not only via textual queries but also
through queries based on images or audio
segments. For example, a user could search
for video segments similar to a given sound
recording, or find documents semantically re-
lated to a sample image.

• Enhanced evaluation metrics: Incorporating
more sophisticated metrics capturing partial
relevance or cross-modal semantic similarity,
especially for collections where multiple rele-
vant segments may exist for a single query.

These extensions would further improve the us-
ability and applicability of the framework in digital
humanities contexts, providing researchers with
flexible and semantically aware access to diverse
multimodal archives.
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Abstract
The digital processing of Holocaust testimony interviews is essential for the long-term preservation and accessibility
of survivors’ narratives. However, automatic speech recognition (ASR) for Yiddish—the primary language of
most Holocaust victims and survivors—remains underdeveloped. This paper introduces the first ASR system for
European Yiddish, focused on the Northeastern (“Lithuanian”) dialect and trained and evaluated on testimony
interviews from the Corpus of Spoken Yiddish in Europe (42 hours of speech segments from 60 survivors). A
systematic comparison of CTC-based ASR models using transcripts with different orthographic representations
reveals that a Hebrew-based phonemic system with precomposed Unicode is optimal, achieving a mean word error
rate (WER) of 37.96% compared to 59.40% WER for romanized Yiddish and 99.67% WER (catastrophic failure)
for standard Yiddish spelled with decomposed Unicode. Cross-domain testing on Yiddish audiobooks provides
additional support for a phonemic representation (27.07% WER, 6.56% CER). Together, the results suggest that
automatic transcription developed from oral Holocaust testimonies can support further technological innovation in
service of Yiddish-speaking communities.

Keywords: ASR, Yiddish, Holocaust testimonies, orthographic normalization

1. Introduction

Audio- and video-recorded testimony interviews
are unparalleled resources for understanding the
Holocaust through the firsthand accounts of sur-
vivors. The USC Shoah Foundation Visual His-
tory Archive holds tens of thousands of digitized in-
terviews with Holocaust survivors, which were col-
lected mostly in the 1990s in locations all around
the world and delivered in dozens of languages.
Automatic speech recognition (ASR) software has
been developed to make the content of many of
these testimonies searchable and viewable as sub-
titles in video players. However, these technolog-
ical advances have not benefited all languages in
equal measure. No such ASR capability exists
for Yiddish, the primary language of most Eastern
European Jewish communities destroyed in the
Holocaust (Birnbaum, 2016, 42), as well as a sig-
nificant number of recorded survivor testimonies.
This constitutes a major barrier for the accessibil-
ity of Yiddish-language testimonies, which affects
not only historians of the Holocaust but also Yid-
dish linguists and language learners.

Developing ASR for Yiddish-language testi-
monies presents both linguistic and technical
challenges. Although the language continues
to be used in Jewish communities around the
world, most of the dialects once spoken across
the pre-Holocaust European heartland are now
severely endangered, and in some cases under-
documented. Furthermore, Yiddish-speaking sur-
vivors lived in highly multilingual environments,
both before the Holocaust and in their post-war

countries of resettlement. This makes for oral
testimonies that are highly complex, in which sur-
vivors routinely engage in code-switching (with lan-
guages as diverse as Hebrew and Hungarian) as
well as dialect mixing. An effective ASR system
would therefore need to handle multiple Yiddish di-
alects and extensive language mixing.

Beyond these challenges, Yiddish presents a
great deal of orthographic complexity. While it is
traditionally written in a Hebrew-based orthogra-
phy, Yiddish can also be transliterated into other al-
phabets (Latin, Cyrillic, etc.). Within Hebrew script,
there is a convention in which all words are spelled
phonemically unless they come from the so-called
“Semitic component” (Hebrew- and Aramaic-origin
words), in which case they are spelled according
to the norms of those languages (Jacobs, 2005,
48). Additionally, numerous orthographies (not all
standardized) have been in use in different times
and places, and in today’s digital texts, there are
also competing Unicode normalization forms. The
interaction between orthographic representations
and modern neural ASR architectures remains un-
explored for Yiddish, yet this choice has significant
downstream consequences for model training and
performance.

This paper presents a proof-of-concept ASR
system for Northeastern Yiddish, also known as
Litvish ‘Lithuanian’ Yiddish, a cluster of dialects
spoken across a territory that includes present-day
Lithuania, Latvia, Belarus, northeastern Poland,
and northern and eastern Ukraine (Weinreich,
1963, 337; Jacobs, 2005, 65). Northeastern
Yiddish was chosen because standard Yiddish
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spelling (and standard romanization) is more-or-
less phonemically transparent for this dialect. Us-
ing audio recordings and transcripts from the Cor-
pus of Spoken Yiddish in Europe (CSYE; Blea-
man and Nove, 2025), we investigate which or-
thographic representations enable effective ASR
training. More specifically, this work makes the fol-
lowing contributions:

1. We systematically compare three orthogra-
phies for representing Yiddish speech dur-
ing ASR training and evaluation: romaniza-
tion (ROM); a standardized Hebrew-based
script, with phonemic spellings of all words in
decomposed Unicode (STD); and a Hebrew-
based representation of Yiddish phonemes in
precomposed Unicode (PHON). Our experi-
ments demonstrate that the PHON system—
which can readily be back-transformed into
a more human-readable standard Yiddish
spelling—achieves a much lower word error
rate (WER) than the ROM system.

2. We identify a critical incompatibility between
STD, which uses Hebrew letters and com-
bining diacritics, and Connectionist Temporal
Classification (CTC)-based ASR training. The
STD approach fails catastrophically, produc-
ing unintelligible output. Given that decom-
posed Unicode is standard for digital Yiddish
text today, this finding has immediate implica-
tions for corpus development, and it also ex-
tends to other languages that use combining
characters to capture phonemic distinctions.

3. We validate the robustness of an ASR sys-
tem trained on Holocaust testimony interviews
through a cross-domain evaluation of Yiddish
audiobooks, using a dataset compiled for text-
to-speech (TTS) applications (Webber et al.,
2022; Bleaman et al., 2023). Despite being
trained on spontaneous speech, our ASR sys-
tem generalizes to read speech as indicated
by WER.

4. We provide resources to support future work:
a trained ASR model, orthographic prepro-
cessing utilities, and an interactive demo.

The results of this project demonstrate that ef-
fective ASR for Yiddish-language testimonies is
achievable but highly dependent on specific de-
sign choices, which have consequences for other
technologies developed for Yiddish-speaking com-
munities. The remainder of this paper is organized
as follows: Section 2 describes the testimonies
and datasets used for model training and evalu-
ation. Section 3 details the orthographic repre-
sentations chosen for training. Section 4 presents
the model architecture, training configuration, and

evaluation methodology. Section 5 reports results
and discusses findings and implications. Section 6
concludes with limitations and future directions.
Brief statements about data availability and ethical
considerations are provided before the reference
lists.

2. Data

2.1. The Speech Corpus

The primary data for this project come from the
Corpus of Spoken Yiddish in Europe (CSYE; Blea-
man and Nove, 2025), a collection of manu-
ally transcribed Holocaust survivor testimonies in
Yiddish sourced from the USC Shoah Founda-
tion Visual History Archive (VHA). At the time
of model training, the corpus contained inter-
views with 60 speakers of Northeastern Yiddish.
Like other testimonies in the VHA, these inter-
views in Yiddish were conducted by trained vol-
unteers in locations all around the world, and
generally proceed chronologically as survivors re-
count their personal and family histories before,
during, and after World War II. In addition to
the complexities outlined above related to dialect
and language mixing, the conversational nature
of these interviews—including overlapping speech
between survivor and interviewer, disfluencies in-
cluding filled pauses, and moments of emotional
intensity—presents important ASR challenges that
are not typical for read or scripted speech.

The CSYE includes downloadable audio files ex-
tracted from VHA video files (digitized video cas-
settes). These were converted to 16kHz mono
WAV format. Transcripts in the CSYE are an-
notated as reviewed or unreviewed, reflecting
whether or not the transcript for a particular video
cassette was reviewed by a member of the CSYE
team other than the original transcriber. We in-
cluded both reviewed and unreviewed segments
in our training and testing to maximize coverage.

Aside from speaker diarization, which is the re-
sult of a machine learning algorithm and man-
ual correction, all of the transcripts in the CSYE
were produced by hand by Yiddish-speaking team
members trained in the CSYE transcription con-
ventions. The survivor and interviewer are tran-
scribed on separate time-aligned text tiers in ELAN
files (Max Planck Institute for Psycholinguistics,
2021). Transcription conventions are based on
standard YIVO transliteration, an orthographic rep-
resentation in a Latin character set widely used
in the Yiddish scholarly community (YIVO, 1999;
Bleaman, 2019). CSYE conventions instruct tran-
scribers to faithfully transcribe dialectal vocabulary
items, but not to modify spellings to reflect his-
torical sound changes that predictably differenti-
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ate the dialects. For example, the written form
<beygl> ‘bagel(s)’ can represent either /be͡ɪgl/̩ in
Northeastern and Southeastern Yiddish or /ba͡ɪgl/̩
in Central Yiddish.1 Because the corpus was de-
signed (in part) to support research in sociopho-
netics, the transcripts include faithful representa-
tions of partial words, filled pauses, and other
disfluencies—elements that are often omitted from
ASR output. More information on CSYE transcrip-
tion methodology is documented in Bleaman and
Nove (2025).

2.2. Data Preprocessing
We segmented the audio and transcripts into short
phrase-level chunks, based on the segmentation
already present in the CSYE. Only speech from
the survivors, not the interviewers, was included
in our dataset. Because the current project was
envisioned to be a proof-of-concept for a Yiddish
ASR system, we applied filtering to remove the fol-
lowing speech segments:

• Overlapping speech: Segments produced
by the survivor that overlapped with segments
produced by the interviewer

• Unclear or misheard words: Segments con-
taining UNK (convention for words that were
unintelligible to the transcriber) or angle brack-
ets (convention for uncertain transcriptions)

• Partial words: Segments containing any
word strings ending in a hyphen (convention
for partial words)

• Fillers: Segments containing one or more
predefined filled pauses (uh, uhm, ehm, etc.)

• Borrowings: Segments containing words
marked as borrowings (those with 2+ adjacent
uppercase letters)

• Short segments: Segments shorter than 0.5
seconds

Of the 114,092 total speech segments from North-
eastern Yiddish-speaking survivors, 63,346 seg-
ments (55.5%) remained after these filtering steps.
This corresponds to 42.21 total hours of isolated
speech segments.

We then applied several orthography-specific
text preprocessing steps. These included whites-
pace normalization, punctuation removal, replac-
ing remaining hyphens (those used in compounds)
with spaces, and various orthography-specific
character transformations, which are detailed in
Section 3.

1In this paper, angle brackets are used to represent
orthographic forms. Slashes represent phonemic forms.

Finally, we partitioned speakers (not segments
or tape transcripts) into a training set (70%: 42
speakers), a validation set (10%: 6 speakers), and
a test set (20%: 12 speakers) using a fixed random
seed. This ensures that test speakers are com-
pletely unseen during model training and can be
used to evaluate how well the ASR system gener-
alizes to new voices. A fixed random seed ensures
that the same speaker partition is used across all
three orthographic representations for a fair com-
parison.

2.3. Cross-Domain Corpus

For cross-domain validation of an ASR system
trained on spontaneous conversational speech,
we used the Reading Electronic Yiddish Docu-
ments (REYD) corpus of audiobook narrations,
which was assembled for a project to create a text-
to-speech (TTS) dataset and system for Yiddish
(Webber et al., 2022; Bleaman et al., 2023). The
dataset consists of short audio segments matched
with text files from readings of Yiddish literature,
which were taken from two different public reposito-
ries: the Yiddish Book Center’s Sami Rohr Library
of Recorded Yiddish Books, originally recorded in
the 1980s and 1990s in Montreal, and the “World
of Yiddish” webpage, recorded in the early 2000s
at the University of Haifa. From the dataset, we
used recordings from the speakers labeled lit1 and
lit2 (two Northeastern Yiddish-speaking narrators:
Sara Blacher-Retter and Leib Rubinov) and the
set of utterances labeled as yivo_respelled (those
written in a Hebrew-based script, with all words
spelled phonemically). The entire subcorpus for
these two narrators was used for cross-domain
testing. For each orthographic model, we trans-
formed the REYD reference texts using the same
preprocessing pipeline applied to the CSYE data.

Table 1 provides summary statistics for all
datasets used in this study.

3. Orthographic Representations

As mentioned above, Yiddish can be written us-
ing multiple orthographic systems, and even within
a single system, users can apply various en-
coding and normalization choices. For ASR
development, the choice of orthographic repre-
sentation constrains the model’s output vocabu-
lary and plays an important role in training. In
this project, we systematically compare three ap-
proaches, which involve two different scripts (Latin-
based vs. Hebrew-based) and Unicode normal-
ization strategies, as well as other Yiddish-specific
choices that are elaborated on in this section.
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Dataset Speakers Hours Segments Domain
CSYE training 42 30.83 46,432 Testimony (conversational speech)
CSYE validation 6 2.80 3,803 Testimony (conversational speech)
CSYE test 12 8.58 13,111 Testimony (conversational speech)
REYD 2 5.32 3,632* Audiobooks (read speech)

Table 1: Corpus statistics after preprocessing and data partitioning. All CSYE orthographic representa-
tions use identical speaker partitions. *REYD segment counts vary somewhat by orthography, due to
the respelling of reference texts and filtering rules.

3.1. Romanization (ROM)

The CSYE transcripts are originally produced in ro-
manized Yiddish adapted from YIVO conventions
for transliteration, and this orthographic represen-
tation serves as the baseline for our experimenta-
tion. After the preprocessing and filtering steps out-
lined above, we convert the remaining transcribed
segments to lowercase. The resulting vocabulary
contains 24 characters: 21 letters (<a>–<z> ex-
cluding <c j q w x>), word boundary marker, and
standard special tokens for padding and unknown
characters.

While the ROM system is phonemically transpar-
ent, it is not a one-to-one mapping of grapheme
to phoneme; many Latin letter combinations cor-
respond to a single phoneme. For example, <tog>
‘day’ corresponds to /tog/, but diphthongs and cer-
tain consonants are represented by multiple char-
acters each, e.g., <boykh> ‘stomach’ corresponds
to /bo͡ɪχ/.

3.2. Standard Hebrew-Based with
Decomposed Unicode (STD)

To create Hebrew-script representations, we au-
tomatically respelled the original romanized tran-
scripts using the detransliterate() func-
tion from the yiddish library (Bleaman, 2024).
This uses rule-based pattern matching to con-
vert standard YIVO transliteration into the Hebrew-
alphabetic script, without correcting the spelling
of words of Semitic origin (i.e., these are
spelled phonemically). This output is then fed
into the replace_with_decomposed() func-
tion to represent vowel marks and other nekudes
(“pointing”) as combining diacritics with preced-
ing letter graphemes. Further, the argument
vov_yud=True is specified to produce a few
Yiddish-specific ligatures ײ>) ױ .(<װ With the ex-
ception of the phonemic spelling of Semitic-origin
words, the output of all of these steps reflects how
standard Yiddish is typically encoded in most digi-
tal documents today.

While a Hebrew-based orthography addresses
some of the many-to-one character-to-phoneme
mappings of the ROM system—e.g., the conso-
nant /χ/ corresponds to <kh> in ROM but to the

singleton grapheme khof <כ> in STD—the use
of combining diacritics means that an even larger
number of sounds are represented by multiple Uni-
code characters. For example, the consonant /f/
becomes ,<פֿ> a two-character sequence consist-
ing of a plain fey <פ> followed by the rofe diacritic.
Additionally, a silent alef <א> is required in many
vowel-initial words, and five consonant phonemes
have special letter forms (distinct Unicode allo-
graphs) when they appear in word-final position.
For example, the word /o͡ɪχ/ ‘also’ (romanized as
<oykh>) is represented in STD as ,<אױך> which be-
gins with a silent alef and ends with the word-final
allograph of khof .<כ>

The vocabulary contains 36 characters: Hebrew
base letters (excluding <ח> and ,<ת> which only
appear in Semitic spellings), the combining diacrit-
ics used in standard Yiddish (those seen here: אַ>
פֿ פּ ִ י ,(<אָ word-final allographs ץ>) ף ן ם ,(<ך Yid-
dish ligatures ײ> ױ ,<װ word boundary, and stan-
dard special tokens.

3.3. Phonemic Hebrew with
Precomposed Unicode (PHON)

In anticipation of the problems that might arise
from the use of decomposed Unicode with a
CTC-based ASR system, we created a Hebrew-
based phonemic representation in precomposed
Unicode characters. This differs from STD in the
following ways:

• All letters with combining diacritics, e.g., <אַ>
(U+05D0 for alef plus U+05B7 for pasekh),
are replaced with precomposed equivalents
from the “Alphabetic Presentation Forms” Uni-
code block of ligatures, e.g., <אַ> (U+FB2E).

• Silent alef letters are removed throughout.

• Word-final allographs are replaced with their
nonfinal forms.

• The consonant /j/ and the vowel /i/, which
are both (usually) represented in STD by the
letter yud ,<י> are distinguished in PHON: <י>
for the consonant and <יִ> (U+FB1D) for the
vowel.

23



• The vowel /u/, which is represented in STD
either as <ו> or as <וּ> depending on context,
is consistently represented in PHON as <וּ>
(U+FB35).

The result of these modifications is a system
of one-to-one mappings between Unicode charac-
ters and phonemes. While this differs from the
way Yiddish is customarily represented in digital
text, it can readily be converted back to a familiar,
human-readable format by performing “roundtrip”
transliteration, i.e., by first applying the yiddish
library’s transliterate() function and then the
detransliterate() function.

The vocabulary for PHON contains 30 charac-
ters: several Hebrew base letters י>) ט ז ה ד ג ב
ש ר ק צ ע ס נ מ ל ,(<כ Yiddish ligatures ײ>) ױ ,(<װ
Hebrew letters precomposed with diacritics אָ>) אַ
פֿ פּ ײַ יִ ,(<וּ word boundary, and standard special
tokens.

A comparison of orthographic representations
for an example Yiddish utterance from the CSYE
is provided in Table 2.

4. Experimental Setup

4.1. Model Architecture
We built upon Wav2Vec-BERT 2.0 (Seamless
Communication et al., 2023), a large-scale self-
supervised speech encoder developed by Meta,
which was pretrained on over 4.5 million hours
of unlabeled multilingual audio. The model uses
convolutional acoustic feature extraction followed
by a conformer-based encoder, producing high-
dimensional speech embeddings that generalize
across languages and downstream tasks. To
adapt the model to Yiddish, we followed the fine-
tuning procedure of Lacombe (2024), which cov-
ers dataset preparation, CTC-based vocabulary
construction, processor setup, and CTC-based
fine-tuning, with a convolutional adapter layer
added.

The base model contains approximately 600 mil-
lion parameters. We initialized from the publicly
available facebook/w2v-bert-2.0 checkpoint and
fine-tuned all parameters on the CSYE dataset
described above. The CTC training objective as-
sumes a monotonic alignment between acoustic
frames and output characters, a constraint that be-
comes critical for evaluating different orthographic
representations (see Section 5).

4.2. Training Configuration
All models were trained with identical hyperparam-
eters (Table 3), adapted from Lacombe (2024) and
held constant across all three orthographies. No
data augmentation (e.g., noise injection, speed

perturbation) was applied during fine-tuning. We
fine-tuned for up to 10 epochs with early stopping
based on validation WER. Models were evaluated
every 300 steps, with training stopping if no im-
provement occurred for 3 consecutive evaluations.
Training used mixed-precision (FP16) and gradient
checkpointing to reduce memory consumption. To-
tal training time ranged from 1.3 to 1.7 hours on a
Tesla T4 GPU.

4.3. Evaluation Metrics
We report word error rate (WER) and character er-
ror rate (CER) on the held-out test set. WER mea-
sures the edit distance between predicted and ref-
erence word sequences normalized by the number
of reference words:

WER =
Substitutions + Deletions + Insertions

Total Reference Words
(1)

CER applies the same metric at the character
level. Unlike WER, which disproportionately penal-
izes misplaced whitespace, CER provides a more
forgiving measure of accuracy by treating word-
boundary errors as single-character edits rather
than complete word-level mismatches. While
WER is the standard metric, and the one used for
evaluation during training, we report both in Sec-
tion 5.

Initial experiments with a single random seed
(42) across all three orthographies identified
PHON as best-performing. We therefore trained
PHON with four additional random seeds (43–46)
to quantify initialization variance and establish sta-
tistical confidence. ROM (the baseline orthogra-
phy) and STD (which failed to produce intelligible
output; see below) were trained just once.

Therefore, for the PHON models, we report
mean ± standard deviation across the five random
seeds, but report a single value for ROM and STD.
Cross-domain evaluation using the REYD audio-
book corpus reports the same metrics, where the
reference texts undergo the same orthographic
transformations defined above in Section 3.

5. Results and Discussion

5.1. In-Domain Performance (CSYE)
Table 4 presents our main results on the CSYE
test set. The phonemic Hebrew representation
(PHON) achieved the best performance with a
mean 37.96% WER, representing a 36.1% rel-
ative improvement over the romanization base-
line (59.40% WER). This substantial improvement
is consistent with the hypothesis that one-to-one
mapping between phonemes and graphemes opti-
mizes CTC training for Yiddish ASR.
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Orthography Alphabet Example
Original (from the CSYE) Latin mayn familye-nomen iz Dimantshteyn
ROM (romanized) Latin mayn familye nomen iz dimantshteyn
STD (standard Hebrew-based) Hebrew, decomposed דימאַנטשטײן איז נאָמען פֿאַמיליע מײַן
PHON (phonemic Hebrew-based) Hebrew, precomposed דיִמאַנטשטײנ יִז נאָמענ פֿאַמיִליע מײַנ

Table 2: An utterance from the Corpus of Spoken Yiddish in Europe, as represented in the training data
for each orthographic system after preprocessing. The utterance comes from the testimony of Holocaust
survivor Aizik Dimantstein (1996).

Parameter Value
Base model W2V-BERT 2.0
Optimizer AdamW
Effective batch size 32
Learning rate 5x10-5

LR scheduler Cosine
Warmup steps 1,000
Max epochs 10
Evaluation frequency Every 300 steps
Early stopping patience 3 evaluations
Precision FP16

Table 3: Training hyperparameters. All models use
identical speaker-based data splits. Five PHON
models were trained with different random seeds;
ROM and STD each trained with a single random
seed.

Model WER (%) CER (%)
ROM 59.40 18.73
STD 99.67 93.21
PHON 37.96 ± 0.77 13.39 ± 0.46

Table 4: Test set performance on CSYE (13,111
segments from 12 unseen speakers). PHON re-
sults show mean and standard deviation across
five random seeds.

The five PHON models showed consistent per-
formance across random seeds, with WER rang-
ing from 37.22% (seed 44) to 39.14% (seed 45).
The small standard deviation indicates that our re-
sults are robust to initialization variance. All five
seeds achieve substantial improvements over the
ROM baseline.

The ROM model established a baseline to
demonstrate that ASR for Yiddish testimonies is
feasible even with the default Latin-script represen-
tations from the CSYE. However, the Hebrew or-
thography with decomposed Unicode (STD) catas-
trophically failed, with 99.67% WER and 93.21%
CER—producing text largely consisting of isolated
diacritics, repeated characters, and empty strings.

This failure presumably stems from the use of
a decomposed Unicode character set for Yiddish.
CTC assumes a roughly monotonic alignment be-
tween acoustic frames and output tokens, but de-
composition often splits single phonemes like /a/

Model WER (%) CER (%)
ROM 51.84 10.53
STD 98.98 84.17
PHON 27.07 ± 2.99 6.56 ± 0.69

Table 5: Cross-domain performance on REYD au-
diobooks (2 speakers, 5.32 hours). PHON results
show mean ± standard deviation across five ran-
dom seeds.

into multiple code points (a letter plus a combining
diacritic). In such cases, the model must predict
multiple sequential tokens for essentially the same
acoustic span. Other factors, such as the use of
silent alefs or multiple allographs to represent the
same phoneme (e.g., word-initial and -medial <כ>
vs. word-final ,(<ך> could increase variability in
the target sequence, but they do not fundamentally
contradict the temporal alignment assumptions in
the same way as decomposition.

5.2. Cross-Domain Performance (REYD)
Table 5 summarizes the results of applying the
ASR models trained on transcribed Holocaust tes-
timonies to the REYD audiobook corpus, and Ta-
ble 6 provides example ASR outputs. Remarkably,
the PHON models achieve better performance on
the REYD dataset (27.07% WER) than on the
CSYE test set (37.96% WER), demonstrating ro-
bust cross-domain generalization. This improve-
ment likely reflects the slower, more careful speak-
ing style of audiobook narration compared to the
spontaneous speech of testimony interviews. An-
other relevant factor may be the reduced back-
ground noise variability in the audiobooks, which
were recorded in a studio environment rather than
in the speakers’ homes. In any event, the cross-
domain improvement suggests that the model has
learned generalizable acoustic phonetic patterns
of Northeastern Yiddish rather than testimony-
specific characteristics.

The ROM baseline also improved on REYD
(51.84% WER vs. 59.40% on the CSYE), while
STD’s failure remained consistent across domains
(98.98% WER on REYD and 99.67% on CSYE).
For example, the STD model produced 537 com-
pletely empty predictions out of 3,632 REYD utter-

25



ances, further confirming that its failure is system-
atic rather than dataset-specific.

The strong cross-domain performance suggests
that PHON-based models can be applied to di-
verse Yiddish audio collections beyond Holocaust
testimonies. The WER on REYD approaches
the performance levels where ASR can become
practically useful for searching and information
extraction—all the more so if the output is manu-
ally corrected.

6. Conclusion, Limitations, and
Future Directions

Holocaust testimony archives hold thousands of
hours of interviews in Yiddish, yet these record-
ings remain largely unsearchable and inaccessible
for large-scale analysis. We address this barrier
by developing the first automatic speech recogni-
tion system for Northeastern Yiddish, trained on
transcribed survivor testimonies from the Corpus
of Spoken Yiddish in Europe.

Our phonemic Hebrew orthography (PHON)
achieves a mean WER of 37.96% on conversa-
tional testimony speech, a large improvement over
a romanized baseline. Critically, we identified that
decomposed Unicode—commonly used in digi-
tal Yiddish text—fails in CTC-based ASR, which
underscores the importance of normalization for
both corpus creation and downstream applications.
This finding extends beyond Yiddish to other lan-
guages that use combining diacritics for phonemic
distinctions reflected in spelling.

Several important limitations should be noted.
Our data preprocessing removed a large portion of
the original transcribed speech segments through
aggressive filtering for speaker overlap, disfluen-
cies, borrowings, and code-switches. While this
filtering was done to maximize the success of
ASR training, it means our models are optimized
for clean, single-speaker utterances rather than
naturalistic testimony speech. Interviews with
Holocaust survivors frequently contain overlapping
speech between the survivor and the interviewer,
false starts and hesitations, and language mixing;
it is not yet known how an ASR system that in-
cludes such segments would perform in training or
evaluation, and thus whether it would be suitable
for production deployment in archival settings.

Additionally, we trained exclusively on North-
eastern Yiddish, represented by 60 of the currently
available 158 speakers in the CSYE. A natural ex-
tension of the current project would strive for in-
clusion of all three broad dialects of Eastern Yid-
dish: Northeastern (“Lithuanian”), Central (“Pol-
ish”), and Southeastern (“Ukrainian”). Improved
dialect coverage would likely make this ASR sys-
tem much more useful across archives of Yiddish-

language testimonies, and other collections of Yid-
dish speech. One potential future direction would
be to combine dialect identification with dialect-
specific ASR: an initial classifier would first identify
the speaker’s regional variety and then route the
audio to a specialized model trained on that dialect.
This pipeline would provide a unified interface for
a “whole language” ASR model for Yiddish.

Several other technical improvements could en-
hance performance. Integrating language models
trained on text corpora—a standard approach in
production systems—could substantially improve
ASR performance for Yiddish. Even for the best
phonemic models tested on clean audiobook data,
27.07% WER remains too high for production tran-
scription without a significant amount of correc-
tion. Repositories such as the Yiddish Book Cen-
ter’s digital library (Yiddish Book Center, 2022)
provide large-scale text data suitable for training
language models aimed at correcting phonetically
plausible but lexically invalid outputs. Additionally,
data augmentation techniques such as noise injec-
tion could improve robustness to different datasets
and recording conditions.
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Original utterance: הױף" קײזערלעכן אין רעװאָלוציע רוסישע "די הײסט: זי
Translation: It [the new play] is called: “The Russian Revolution in the Imperial Court”
ROM
Reference: zi heyst di rusishe revolutsye in keyzerlekhn hoyf
Prediction: zi heystdi rusisherevolutsiyein keyzerlekh un hoyf
STD
Reference: הױף קײזערלעכן אין רעװאָלוציע רוסישע די הײסט זי
Prediction: א ע
PHON
Reference: הױפֿ קײזערלעכנ יִנ רעװאָלוּציע רוּסיִשע דיִ הײסט זיִ
PHON (seed 42)
Prediction: האָױפֿ קײזערלעכנ יִנ רעװאָלוּציע רוּסיִשע דיִ הײסט זיִ
PHON (seed 43)
Prediction: הױפֿ קײזערלעכנ יִנ רעװאָלוּצע רוּסיִשע דיִ הײסט זיִ
PHON (seed 44)
Prediction: הױפֿ קײזערלעכנ יִנ רעװאָלוּציע רוּסיִשע דיִ הײסט זיִ
PHON (seed 45)
Prediction: הױפֿ נ קײזערלעכ יִנ רעװאָלוּציע רוּסיִשע הײסטדיִ זײ
PHON (seed 46)
Prediction: הױפֿ קײזערלעכנ יִנ רעװאָלוּציע רוּסיִשע דיִ הײסט זיִ

Table 6: Predictions for an example utterance from the REYD test set across all models and seeds. ROM
primarily shows word boundary errors, STD produces unintelligible output, and PHON models achieve
accurate transcription for seeds 44 and 46 with others showing minor errors.

The survivor testimonies used in this project
were sourced from the USC Shoah Foundation
VHA and licensed for inclusion in the CSYE. Due
to the sensitive nature of testimony data, all CSYE
transcripts are produced by hand with utmost
care to ensure the texts are accurate and reliable.
Users of the ASR model should be aware of its per-
formance limitations and verify the accuracy of all
generated transcripts against the original audio.
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Abstract

Polarity detection becomes substantially more challenging under domain shift, particularly in heterogeneous,
long-form narratives with complex discourse structure, such as Holocaust oral histories. This paper presents
a corpus-scale diagnostic study of off-the-shelf sentiment classifiers on long-form Holocaust oral histories,
using three pretrained transformer-based polarity classifiers on a corpus of 107,305 utterances and 579,013
sentences. After assembling model outputs, we introduce an agreement-based stability taxonomy (ABC) to stratify
inter-model output stability. We report pairwise percent agreement, Cohen’s κ, Fleiss’ κ, and row-normalized
confusion matrices to localize systematic disagreement. As an auxiliary descriptive signal, a T5-based emo-
tion classifier is applied to stratified samples from each agreement stratum to compare emotion distributions
across strata. The combination of multi-model label triangulation and the ABC taxonomy provides a cautious,
operational framework for characterizing where and how sentiment models diverge in sensitive historical narra-
tives. Inter-model agreement is low to moderate overall and is driven primarily by boundary decisions around neutrality.

Keywords: Holocaust oral history, sentiment analysis, model disagreement, agreement, emotion

1. Introduction

Sentiment analysis (SA) focuses on identifying eval-
uative meanings, such as polarity or emotional
states (Cambria et al., 2017). It is typically framed
as a component of opinion mining, where the goal is
to extract attitudes toward specific entities or events
(Pang and Lee, 2008; Liu, 2012). Methodologically,
SA has evolved from lexicon-based (Taboada et al.,
2011) and rule-based (Hutto and Gilbert, 2014) to
machine learning (Turney, 2002) and modern trans-
former architectures (Vaswani et al., 2017; Devlin
et al., 2019). The contemporary models leverage
deep contextual representations, though their effec-
tiveness remains heavily dependent on the chosen
unit of analysis, especially on whether it is a single
sentence or an entire document (Pang and Lee,
2008; Liu, 2012).

A major obstacle for applying off-the-shelf SA
systems to Holocaust oral histories is domain shift:
models trained on different genres (e.g., product
reviews or Twitter) face a changed input distribu-
tion when applied to long-form historical narratives,
which can alter label propensities (Blitzer et al.,
2007; Glorot et al., 2011; Pan and Yang, 2010).
In Holocaust oral histories, evaluative meaning is
often expressed indirectly (through description of
the lived experience, stance taking, or moral fram-
ing), distributed across multiple sentences, and
confounded by reported speech and the verbal re-
construction of experience over time. These char-
acteristics can reduce the density of explicit senti-
ment cues and make polarity judgments less stable.

This paper studies the resulting phenomenon of
model disagreement in Holocaust oral histories.
We run three pretrained sentiment models and

quantify how strongly they disagree at both sen-
tence and utterance levels. The central method-
ological goal is neither to identify a single best
model nor to estimate sentiment accuracy against
human-annotated ground truth, but rather to har-
ness the heterogeneous knowledge and induc-
tive biases of these three systems simultaneously.
None of the models were fine-tuned on trauma-
related discourse. By treating each classifier as
an independent knowledge source shaped by its
training distribution, the pipeline is designed to ex-
pose genuine domain-shift behavior. Moreover,
model confidences are not calibrated and are not
directly comparable across architectures or training
regimes; they are used here only as within-model
heuristics and descriptive proxies.

2. Related Work

SA is known to degrade under domain shift and in
long-form narrative settings with domain-specific
linguistic phenomena. Early work shows substan-
tial performance drops when sentiment models are
transferred across domains (Blitzer et al., 2007),
and transfer-learning surveys attribute this to distri-
bution mismatch between source and target data
(Pan and Yang, 2010). Domain variation in vocab-
ulary and expression is therefore a core obstacle
for opinion mining (Liu, 2012), motivating domain-
adaptation approaches that jointly model diverse
domains (Barnes et al., 2018).

Sentiment inference also depends on task def-
inition and textual structure. Unit choice matters
because document-level sentiment is not simply
an average of sentence sentiments (Pang and Lee,
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2008), and aggregation interacts with how opin-
ions are expressed across discourse (Liu, 2012;
Kraus and Feuerriegel, 2019). Moreover, subjec-
tivity and attribution can confound polarity when
evaluations are embedded in reported or narrative
speech (Wilson and Wiebe, 2005; Wiebe et al.,
2005). To address these issues in practice, ensem-
bling polarities across models is commonly used
to combine complementary sentiment systems, in-
cluding confidence averaging, stacking, and neural
ensembles (Hagen et al., 2015; Troncy et al., 2017;
Rouvier, 2017).

There is emerging computational work on senti-
ment, emotion, and text classification in oral-history
interviews. Recent examples include neural sen-
timent analysis on Holocaust interviews (Blanke
et al., 2020), emotion recognition in German oral
histories (Gref et al., 2022), geographic emotion
modeling of Holocaust testimonies (Ezeani et al.,
2024), emotion annotation in the ACT UP Oral
History Project (Pessanha et al., 2025), and LLM-
based classification of Japanese-American incar-
ceration narratives (Chen et al., 2024; Cherukuri
et al., 2025).

Unlike prior works, this study focuses on sys-
tematic inter-model disagreement in Holocaust
oral histories. To do so, we introduce an ABC
agreement taxonomy (with an A split used for
polarity-specific analyses) and analyze agree-
ment/divergence across sentence- and utterance-
level predictions.

3. Method: Triangulation and ABC
Taxonomy

We employ three off-the-shelf pretrained trans-
former sentiment classifiers: SiEBERT (Hartmann
et al., 2023), CardiffNLP Twitter-RoBERTa (Bar-
bieri et al., 2020), and NLPTown (nlptown/bert-
base-multilingual-uncased-sentiment). The mod-
els are deliberately selected to capture the com-
plementary knowledge encoded in models trained
under markedly different regimes: general web text,
Twitter-style conversational language, and multilin-
gual product reviews. Moreover, SiEBERT was
included intentionally despite its binary label space
because its forced polarity decisions make unani-
mous agreement more conservative and make dis-
agreement with the Neutral-capable models ana-
lytically useful under domain shift.

Each utterance u is segmented into sentences
using NLTK’s sent_tokenize (punkt-based).
Only minimal normalization (whitespace cleanup) is
applied prior to segmentation. Label harmonization
follows the upstream pipelines: NLPTown’s 1–5
star ratings are mapped to three-way polarity (1–2:
Negative, 3: Neutral, 4–5: Positive) (confidence
reflects certainty in the winning star rating).

Level Model Neg. (%) Neu. (%) Pos. (%)
Utterance
107,305

NLPTown 48.2 19.2 32.6
CardiffNLP 11.3 80.4 8.3
SiEBERT 54.2 — 45.8

Sentence
579,013

NLPTown 45.1 24.0 31.0
CardiffNLP 21.2 69.3 9.4
SiEBERT 53.9 — 46.1

Table 1: Polarity distributions across models and
granularities.

For each sentence, each model outputs a label
and an associated confidence score (the model’s
predicted probability for that label). For each model,
we additionally compute an utterance-level aggre-
gated label by assigning each polarity label ℓ the
score

s(ℓ) =
nℓ

N
meanConf(ℓ),

where nℓ is the number of sentence-level outputs
assigned label ℓ and N is the total number of sen-
tences in the utterance. We then select the label
argmaxℓ s(ℓ). Scripts and analysis materials are
publicly available.1

Table 1 summarizes the marginal polarity distri-
butions produced by each model at sentence and
utterance levels. These distributions reveal sub-
stantial label-propensity differences across models.
This motivates the agreement diagnostics and ABC
stratification introduced below.

3.1. Triangulation
After obtaining sentence-level labels and confi-
dence scores from all three models, and deriving
one aggregated utterance-level label per model, we
perform cross-model triangulation at two granulari-
ties (Table 2), as follows.

Sentence level. A consensus label is obtained
by majority vote across the three models. If at least
two models agree, that label is selected. In the
case of a true three-way split (one Negative, one
Neutral, one Positive), the label with the highest
model-reported confidence is selected.

Utterance level. For each model separately, we
first use the utterance-level aggregation proce-
dure defined above to obtain one aggregated po-
larity label from that model’s sentence-level out-
puts. Cross-model triangulation at the utterance

1https://github.com/dabjaff/ABC-Strat
ified-Sentiment-in-Holocaust-Oral-Histo
ries.
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Level Metric Neg. (%) Neu. (%) Pos. (%)
Utterance
107,305

Count 49,133 18,162 40,009
Percentage 45.8% 16.9% 37.3%

Sentence
579,013

Count 260,727 113,237 205,049
Percentage 45.0% 19.6% 35.4%

Table 2: Triangulated polarity distribution across
granularities.

level then applies majority vote over these three
model-specific aggregated labels (equivalently rep-
resented as −1, 0,+1 for analysis); sentence-level
labels and confidence scores are not consulted di-
rectly at this stage. In rare triangulation edge cases
requiring deterministic tie resolution (95 sentences;
16 utterances), SiEBERT is used as a fallback to
ensure reproducible label assignment, not as a
claim of superior validity.

3.1.1. Stability Stratification: ABC Taxonomy

While triangulation produces an ensemble label at
both granularities, it does not by itself indicate label
stability, i.e., the degree of inter-model agreement
or disagreement associated with that label. We
therefore introduce the ABC taxonomy as a diag-
nostic stratification framework that tags the outputs
of cross-model triangulation by inter-model agree-
ment stability. In this framework, each category
represents a different level of consensus across
the three-model ensemble, and each sentence and
utterance is assigned to one of three agreement
categories (see Table 3).

• Category A (Full Agreement): All three mod-
els assign the exact same polarity, and the
shared polarity is either Positive or Negative,
because SiEBERT does not produce a Neutral
class.

• Category B (Partial Agreement): Exactly two
models agree on the label. This includes (i)
cases where the agreement involves Neutral
(from CardiffNLP or NLPTown) and (ii) cases
where at least two models agree on Positive
or Negative.

• Category C (Maximal Conflict): The three
models produce three distinct labels (one Neg-
ative, one Neutral, one Positive).

Because SiEBERT cannot emit Neutral, Cate-
gory A should be interpreted as a conservative una-
nimity subset for non-neutral polarity only, not as
a general high-reliability subset over the full three-
way label space.

Level Cat. Count (n) Share (%)

U (N = 107,305)
A−1 8,786 8.2
A+1 6,873 6.4
B 73,037 68.1
C 18,609 17.3

S (N = 579,013)
A−1 85,372 14.7
A+1 39,119 6.8
B 365,243 63.1
C 89,279 15.4

Table 3: ABC taxonomy prevalence by granularity.

3.2. Kappa-based Agreement
Diagnostics

To quantify agreement under model variation and
complement the discrete agreement strata (A/B/C),
we report standard inter-rater reliability diagnostics
by treating the three sentiment models as raters
and each sentence/utterance as an item (Table 4).

Pair Agr κ N ̸=0 Agr ̸=0 κ̸=0

Utterances (N=107,305)
SiEBERT–CardiffNLP 17.8 0.088 21,045 90.9 0.816
SiEBERT–NLPTown 61.7 0.350 86,746 76.3 0.518
CardiffNLP–NLPTown 32.3 0.114 18,649 88.5 0.767

Sentences (N=579,013)
SiEBERT–CardiffNLP 28.0 0.144 177,588 91.2 0.801
SiEBERT–NLPTown 57.5 0.308 440,159 75.6 0.504
CardiffNLP–NLPTown 42.1 0.184 150,755 87.5 0.719

Table 4: Pairwise agreement (Agr.) and κ for 3-way
and polarity-only (N̸=0) subsets.

For each model pair, we compute percent agree-
ment (Agr.) and Cohen’s κ on the shared three-way
label space (Negative/Neutral/Positive). Be-
cause SiEBERT is binary while CardiffNLP and
NLPTown are three-class, Neutral-inclusive agree-
ment and confusion patterns are not directly compa-
rable across all model pairs. We therefore interpret
Neutral-boundary effects primarily in the pair where
both models can emit Neutral (CardiffNLP and
NLPTown). In addition, we exclude any unit labeled
Neutral by either model in a given pair and re-
compute agreement and κ̸=0 over {Negative, Pos-
itive}.

Finally, we compute Fleiss’ κ (three raters) on the
three-way space and on the polarity-only subset to
summarize overall agreement, and we produce row-
normalized confusion matrices for each classifier
pair to localize which labels drive disagreement.

3.3. Auxiliary Emotion Profiling
As an auxiliary descriptive signal, we apply a
T5-based emotion classifier (mrm8488/t5-base-
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Level N (3-way) Fleiss’ κ N̸=0 Fleiss’ κ̸=0

Utterance 107,305 0.0535 18,649 0.7835
Sentence 579,013 0.1287 150,755 0.7398

Table 5: Overall three-model agreement (Fleiss’ κ)
on the full three-way label space and on the polarity-
only subset (N ̸=0), where units labeled Neutral
by CardiffNLP or NLPTown are excluded.

finetuned-emotion; Raffel et al., 2020) to as-
sess whether ABC strata exhibit coherent affective
profiles. We use T5 as a descriptive probe because
it predicts discrete emotions within a different model
family/objective (text-to-text generation), reducing
the risk of simply reproducing the same polarity
decision boundary. Like the sentiment models, it
remains out-of-domain for Holocaust testimony dis-
course, so its outputs are interpreted descriptively
only.

Because Category A splits into two polarity-
consistent subsets, we define four groups for affec-
tive triangulation: A+1 (full tri-model agreement
on Positive), A−1 (full tri-model agreement on
Negative), and Categories B and C. We randomly
sample 2,000 utterances (500 per group) and 4,000
sentences (1,000 per group), restricting inputs to
10–350 words. For each group, we compute (i)
emotion-label distributions at sentence and utter-
ance levels and (ii) mean confidence for the pre-
dicted emotion label (reported as a relative proxy,
not a calibrated probability). We then compare
these profiles across groups to assess whether
agreement strata align with distinct affective signa-
tures.

3.4. Data

The pipeline is applied to CORHOH (Jaff, 2025)
(see Table 6), and only survivor utterances are ana-
lyzed (107,305 utterances, segmented into 579,013
sentences).

4. Results

4.1. Model-wise Polarity Distributions

Before turning to agreement metrics, Table 1 shows
that the three models produce sharply different
marginal polarity distributions across both granular-
ities, indicating strong label-propensity mismatch
under domain shift. In particular, CardiffNLP is
strongly Neutral-dominant, NLPTown is substan-
tially more polar, and SiEBERT is strictly binary;
these model-specific output profiles motivate the
inter-model diagnostics reported next.

Category Attribute Count %

Gender Female 270 54.0
Male 230 46.0

Birth cohort 1890s–1910s 120 24.0
1920s 320 64.0
1930s 60 12.0

Top birthplaces Poland 181 36.2
Germany 115 23.0
Other (23 loc.) 204 40.8

Migration era 1930s–1940s 273 54.6
1950s 111 22.2
Other/Unknown 116 23.2

Table 6: Corpus demographics and background
variables (N=500).

4.2. Inter-model Classification
Inter-model classification is examined using pair-
wise κ-based diagnostics (Table 4), overall three-
model agreement via Fleiss’ κ (Table 5), and row-
normalized confusion matrices (Table 7).

Sentence-level (N=579,013)
Negative Neutral Positive

Negative 35.1 63.3 1.7
Neutral 12.2 80.7 7.1
Positive 8.1 69.4 22.5

Utterance-level (N=107,305)
Negative Neutral Positive

Negative 18.1 80.5 1.3
Neutral 6.5 88.3 5.2
Positive 4.1 75.5 20.4

Table 7: Row-normalized confusion matrices (rows:
NLPTown, columns: CardiffNLP). Values are per-
centages (rounded).

Standard agreement statistics contextualize inter-
model classification. On the full three-way label
space (Negative/Neutral/Positive), pairwise per-
cent agreement and Cohen’s κ are low to moderate
(Table 4), and overall three-model agreement mea-
sured by Fleiss’ κ is low for both granularities (Ta-
ble 5). When Neutral labels are included, Fleiss’ κ
is 0.1287 at sentence level and 0.0535 at utterance
level, confirming that inter-model disagreement is
dominated by boundary decisions around neutrality
rather than outright polarity reversal. When Neutral
cases are excluded (polarity-only subset), Fleiss’ κ
rises sharply to 0.7398 for sentences and 0.7835
for utterances (Table 5), indicating that the models
align much more strongly once the task is reduced
to Positive-vs.-Negative polarity.

To localize the disagreement mechanism
identified above, we highlight the NLPTown–
CardiffNLP row-normalized confusion matrix
(NLPTown rows, CardiffNLP columns), because
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Figure 1: T5 emotion distributions (within-group percentages) across analysis groups (A−1, A+1, B, C) at
sentence (left) and utterance (right) levels.

this pair directly exposes Neutral-boundary behav-
ior between the two three-class models. When
NLPTown predicts Positive, CardiffNLP predicts
Neutral in 69.4% of sentences and 75.5% of
utterances; likewise, NLPTown Negative maps
to CardiffNLP Neutral in 63.3% (sentences)
and 80.5% (utterances) (Table 7). Even when
NLPTown predicts Neutral, CardiffNLP remains
Neutral in 80.7% of sentences and 88.3% of
utterances (Table 7). Conversely, NLPTown’s po-
larity predictions frequently map to CardiffNLP’s
Neutral label, directly showing that disagreement
is concentrated at the Neutral boundary rather
than in systematic Positive/Negative reversal.

4.3. Stratification

Agreement patterns are further summarized using
the ABC strata (Table 3). Unanimous polarity agree-
ment (Category A) is more common for sentences
than utterances, whereas Category B dominates
at both granularities and Category C remains non-
trivial, indicating persistent disagreement under ag-
gregation. Full agreement (A−1+A+1) covers 21.5%
of sentences but only 14.6% of utterances, while B
remains the majority at both levels (Table 3). This
makes the ABC taxonomy a practical agreement-
based stability stratification for sentiment outputs
in Holocaust oral histories: Category A isolates a
conservative high-consensus subset suitable for
polarity-stratified sampling when higher inter-model
stability is desired. Accordingly, A+1 and A−1 can
be used as conservative polarity-specific subsets
for downstream analysis, while Categories B and C
capture the dominant disagreement region. Be-
cause A is polarity-skewed (A−1 > A+1), polarity-
stratified sampling from A should preserve this split
explicitly rather than treating A as a single homo-
geneous “high-agreement” set.

4.3.1. Descriptive Emotion Profiles

To profile the ABC agreement strata, we apply a
T5-based emotion classifier at both sentence and
utterance levels. T5 is also out-of-domain in this set-
ting; it is used only descriptively (not as validation
or ground truth) to assess whether the strata exhibit
coherent external affective profiles (Figures 1–2).

4.3.2. Affective Distribution Patterns

The emotion heatmaps (Figure 1) show polarity-
consistent affective profiles in the high-agreement
strata. A+1 is dominated by joy (78% sentence;
72% utterance), while A−1 is dominated by anger
(61–62%) with sadness as a substantial secondary
emotion (19–23%). In contrast, B and C display
more blended profiles (still anger-forward, with
anger at 60–67%, but with larger secondary shares
of joy at 19–23% and sadness at 7–10%), consis-
tent with affective heterogeneity that may contribute
to cross-model polarity disagreement.

4.3.3. T5 Confidence Proxy

The certainty heatmaps (Figure 2) partially mirror
these patterns: A+1 shows the highest certainty
for joy (0.88 sentence; 0.83 utterance), while A−1

shows relatively high certainty for anger (0.73 sen-
tence; 0.74 utterance) and sadness (0.76 at both
granularities). In B and C, certainty is generally
less concentrated and varies more across labels,
consistent with affective ambiguity in long-form oral-
history discourse, although some sparse label cells
show high confidence (e.g., B–surprise at the sen-
tence level).

5. Conclusion

This study shows that sentiment-classifier disagree-
ment in Holocaust oral histories is not merely a
technical nuisance but an analytically meaningful
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Figure 2: T5 mean confidence (uncalibrated certainty proxy) across analysis groups (A−1, A+1, B, C) at
sentence (left) and utterance (right) levels.

signal of domain-shift sensitivity. Rather than con-
verging on a single sentiment profile, off-the-shelf
sentiment models produce different polarity distri-
butions at both sentence and utterance levels, with
disagreement concentrated especially around the
Neutral boundary. However, the present study is
diagnostic rather than interpretive.

Triangulation and ABC provide an operational
map of model behavior under domain shift: comple-
mented by a T5-based descriptive affective probe,
the framework identifies a conservative non-neutral
consensus subset for downstream analysis and
broader disagreement regions that can be flagged,
filtered, or analyzed separately in future work.

Furthermore, these results provide a principled
starting point for future work by indicating where
future efforts could focus. The utterance-level ag-
gregation rule is an operational heuristic combining
within-model label frequency and confidence; al-
ternative aggregation rules such as unweighted
majority vote are left for future work. Future exten-
sions may include domain-adaptive fine-tuning to
improve polarity detection in Holocaust oral histo-
ries, introducing human-annotated evaluation sub-
sets, and extending the ABC framework to other
sensitive oral-history corpora.

6. Ethics Statement

This work analyzes publicly available Holocaust
oral histories with respect for the survivors, their
families, and the historical record. All analyses are
strictly descriptive and exploratory. We do not claim
that sentiment or emotion labels reflect ground-truth
psychological states, nor do we present them as
clinical or therapeutic interpretations. The models
were used off-the-shelf (without fine-tuning on this
corpus) to examine domain-shift behavior in a sen-
sitive historical setting. Our goal is analytical: to
identify where and why current NLP tools diverge

on Holocaust oral histories.
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Abstract
This paper presents the EHRI Annotator, a web-based tool for multilingual named entity recognition (NER) and
entity linking (EL) in Holocaust-related texts. The tool was developed to support services provided by the European
Holocaust Research Infrastructure (EHRI), primarily the digital scholarly editions published by EHRI (EHRI Online
Editions) by streamlining the process of detecting named entities in documents and linking them to their unique
identifiers in EHRI and third-party controlled vocabularies and gazetteers. The EHRI Annotator builds upon previous
work on domain-specific NER, taking it a step further to support multilingual EL. The tool adopts a dual entity
linking architecture that uses a different matching approach depending on the type of the named entity. It performs
semantic matching for entities to be linked to EHRI vocabularies and authority sets which are modestly sized, and
string-matching-based retrieval for locations to be linked to the extensive GeoNames gazetteer using a domain-specific
relevance weighting. A preliminary evaluation on 264 entities from a manually annotated dataset of Holocaust
testimonies in three languages (English, German, Hungarian) yields an Accuracy@5 of 77.7% when it comes
to the linking component of the tool. User testing confirms the tool’s usability but also highlights areas for improvement.

Keywords: named entity recognition, entity linking, Holocaust studies, digital humanities, cultural heritage,
multilingual NLP, digital editions

1. Introduction

A core service of the European Holocaust Research
Infrastructure (EHRI)1 is the publication of EHRI
Online Editions2, which are digital scholarly editions
of thematically curated documents. Since 2018,
EHRI has supported the publication of seven3 EHRI
Online Editions. The documents included in an
EHRI Online Edition primarily include Holocaust
testimonies, as well as diplomatic reports and cor-
respondence hosted by different archival institu-
tions around the world. To be included in an EHRI
Online Edition, these documents are manually an-
notated with Extensible Markup Language (XML)
according to the Text Encoding Initiative (TEI) P5
guidelines. Specifically, subject matter experts af-
filiated with EHRI partner institutions enrich the
documents with semantic annotations to highlight
and give context about the people, locations, orga-
nizations, and topics mentioned in them. Where
applicable, these annotations also include links to
unique identifiers in the EHRI vocabularies 4 and
authority sets5, as well as to GeoNames6 according

1EHRI project website. Accessed 2/25/2026.
2EHRI Online Editions webpage. Accessed

2/25/2026.
3At the time of writing on February 25th, 2026.
4EHRI Vocabularies. Accessed 2/25/2026.
5EHRI Authority Sets. Accessed 2/25/2026.
6GeoNames website. Accessed 2/25/2026.

to the annotation guidelines created by EHRI7. This
manual annotation process is extremely resource-
intensive because it requires not only close read-
ing of the documents by domain experts but also
strong familiarity with large knowledge bases used
for linking the named entities found in texts with
their associated unique identifiers. At the same
time, the result of this annotation process is very
useful because it produces documents interlinked
with common access points based on semantic
similarities regardless of the source collection, en-
abling research on a specific topic using diverse
and often transnational material.

This paper presents the EHRI Annotator8, a web-
based tool that was primarily built to streamline the
process of named entity recognition (NER) and en-
tity linking (EL) for Holocaust-related texts being
prepared for publication as EHRI Online Editions9.
The tool builds on previous work on domain-specific
NER (Dermentzi and Scheithauer, 2024), which in-
cluded fine-tuning a multilingual language model
for Holocaust-related entity recognition (the EHRI-
NER model10) using a dataset compiled from the
EHRI Online Editions, making it a fit-for-purpose
NER model because it has "learned" and "inherited"
the annotation patterns and conventions followed

7TEI encoding and annotation documentation page.
Accessed 2/25/2026.

8EHRI Annotator website. Accessed 2/25/2026.
9The tool is publicly available as a beta service. The

source code is not publicly released at this time.
10Available on Hugging Face.
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by EHRI Online Edition editors. In the EHRI Anno-
tator, the EHRI-NER model is deployed as part of
the NER component of the tool’s pipeline, which
is the first stage following the user’s input of a text.
The other major stage of the pipeline is the linking
component which is triggered when the user de-
cides that a match should be attempted for any of
the entities detected by the NER component. For
EL, EHRI Annotator employs a hybrid lexical and
machine learning-based strategy to retrieve and
suggest to the user the top five potential matches
for the named entities that have been detected and
deemed linkable by the user. Although the primary
aim of the tool is to be a user-friendly platform that
facilitates the annotation process when preparing
new EHRI Online Editions, the tool can be easily
modified and extended to support more use cases,
such as metadata enrichment for enhancing the cat-
alog of an archival institution or an aggregator like
the EHRI Portal with more interoperable links ac-
cording to the Findable, Accessible, Interoperable,
and Reusable (FAIR) principles (Wilkinson et al.,
2016), making the documents more findable and ac-
cessible and interlinking dispersed sources across
institutions and languages. It can also be useful
for enhancing a knowledge graph like the one de-
scribed by García-González and Bryant (2023).

This paper’s contributions include: a) the descrip-
tion of the EHRI Annotator pipeline; b) the hybrid
architecture used for entity linking which employs
a different strategy per entity type for more efficient
candidate retrieval; c) preliminary evaluation results
of entity linking accuracy on a manually annotated
dataset of Holocaust testimonies; d) findings from
user testing sessions. The NER model used in the
EHRI Annotator is unchanged from Dermentzi and
Scheithauer (2024).

2. Related Work

This work forms part of a broader effort to offer
reliable named entity recognition and linking ser-
vices in ways that support metadata enrichment
of Holocaust-related archival material for the pur-
poses of indexing and information retrieval but also
for the contextualization of this material within an
international landscape of dispersed, multilingual
archival resources. Previous work (Dermentzi and
Scheithauer, 2024) described why this is useful for
EHRI and its services while also making the first
step towards offering a multilingual NER model for
the Holocaust domain. Having access to a reliable
enough NER model was key to progressing towards
finding an EL approach that is reasonably efficient
and accurate for our use case. While in recent
years there has been a lot of focus on NER and
EL for historical documents and this research topic
has been addressed as the target of shared tasks

(Ehrmann et al., 2022b, 2020, 2022a), previous
linking approaches typically target Wikidata as the
knowledge base to link to, whereas domain-specific
vocabularies like the ones used to link entities in the
EHRI Online Editions are not prioritized as much.
For a comprehensive survey of NER and entity dis-
ambiguation in historical documents, see Ehrmann
et al. (2023).

The named entity linking approach followed in
this paper was inspired by the work of Arora and
Dell (2024) on the LinkTransformer package. Link-
Transformer treats record linkage as a text retrieval
task, where entities are encoded into dense vec-
tor representations using a transformer language
model and then cosine similarity over these em-
beddings is being measured to retrieve the near-
est neighbor in the target knowledge base. This
approach supports multilingual matching without
translation, as multilingual models such as LaBSE
(Feng et al., 2022) map texts in different languages
into a shared embedding space. Before develop-
ing the EHRI Annotator, the author experimented
with the LinkTransformer package and found its ap-
proach to be an effective strategy for linking against
the EHRI controlled vocabularies, which contain
approximately 13,000 entries. However, the same
was not true for linking against the GeoNames
gazetteer, where the sheer volume of toponyms and
aliases makes embedding-based retrieval impracti-
cal in terms of indexing cost and inference times.
As described in Arora et al. (2024), the GeoNames
gazetteer is so large and comprehensive that to-
ponym disambiguation can be very accurate using
string matching methods alone.

Following Arora et al.’s (2024; 2024) insights,
for EHRI entities, the EHRI Annotator adopts the
dense retrieval paradigm using LaBSE embed-
dings indexed in a vector database, while for ge-
ographic entities, we employ text-based retrieval
with domain-specific relevance weighting. This
dual-strategy design is explained by the differences
among the target knowledge bases. The EHRI vo-
cabularies and authority sets contain limited alias
and translation coverage with entries appearing
mostly in English under their preferred name, mak-
ing semantic matching essential for cross-lingual re-
call. GeoNames, conversely, is rich in translations
and alternative names across many languages,
making string-based matching both sufficient and
more scalable.

3. System Architecture

The EHRI Annotator (screenshot in Figure 1 be-
low) consists of three components: a web-based
user interface for document input and annotation
verification and exporting; an NER processing back-
end that segments input texts and runs inference
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using the EHRI-NER model via an asynchronous
task queue; and an EL microservice powered by a
vector database (Qdrant11). Having the NER and
EL components decoupled, with the EL service
operating as an independent application program-
ming interface (API), was a deliberate decision to
allow greater flexibility on how each component
is maintained, scaled, and deployed, anticipating
the need to eventually expand coverage and allow
other EHRI services to query the EL API indepen-
dently for metadata enrichment outside the EHRI
Annotator.

Figure 1: Screenshot of the entity linking process
within the EHRI Annotator.

Upon entering the website, the user is prompted
to input some text to a text box and click on a "Pro-
cess Text" button which triggers the NER compo-
nent of the application. As mentioned in the pre-
vious sections, for its NER component the EHRI
Annotator currently relies on the EHRI-NER model,
a detailed description of which can be found in Der-
mentzi and Scheithauer (2024). This model was
developed by fine-tuning XLM-RoBERTa-Large for
NER of six entity types, namely PERSON, OR-
GANIZATION, LOCATION, CAMP, GHETTO, and
DATE. The NER backend splits the text into smaller
chunks (if the text is too long for the model’s context
window to handle) and runs the model to return de-
tected entities which are then displayed highlighted
in the document. The user can then review each
prediction to accept, reject or adjust its boundaries
or label through an editing panel. For each entity
detected (apart from DATE entities, where this is not
applicable), the user can trigger the entity linking
process by clicking on the Link button, which sends
the query to the linking microservice and returns
a ranked list of the top five candidates exceeding
a certain threshold. The user can then select the

11GitHub repository for Qdrant vector search engine.

correct match or perform a manual search against
the index if no suitable candidates were returned.
Any edits can be propagated to all mentions of the
same entity with the same spelling within the same
input text. Once all entities have been verified and
linked, the user can export the annotated document
as a TEI P5 XML file to process further with a text
editor and prepare for publication. For linked enti-
ties with geographic coordinates (these could be
CAMP, GHETTO, or LOCATION entities), linked
places are additionally displayed on an interactive
map.

Once the EL process of an entity is triggered
by the user, the retrieval strategy depends on the
entity’s assigned label. This filtering strategy was
inspired by what Arora and Dell (2024) describe
as "blocking" in their paper and is used to make
the tool as fast and efficient as possible. Therefore,
PERSON entities get matched against the EHRI
Personalities authority set, ORGANIZATION enti-
ties get matched against the EHRI Corporate Bod-
ies authority set, CAMP entities against the EHRI
Camps vocabulary, GHETTO entities against the
EHRI Ghettos vocabulary and LOCATION entities
against GeoNames.

Specifically, the linking component of the EHRI
Annotator is supported by two Qdrant "collections".
The first collection concerns entities from the EHRI
vocabularies and authority sets, which are indexed
for semantic matching. These entities are en-
coded with LaBSE (Feng et al., 2022) into 768-
dimensional vectors for approximate nearest neigh-
bor search. Candidate retrieval returns the top
2,000 entries by cosine similarity, which are then
re-scored using a function that combines seman-
tic similarity, string similarity (a multi-stage scoring
function from exact match through to fuzzy match-
ing), context-aware scoring that incorporates the
text of one neighboring entity to the left and one to
the right of the target mention to aid disambiguation
(e.g., the presence of the entity "Riga" in the con-
text near the entity "Gestapo" helps rank "Gestapo
Riga" higher in the candidate list compared to other
Gestapo-related entities in the relevant EHRI au-
thority set), and a multi-alias boost that rewards
entities with multiple matching name variants. Ex-
act string matches receive a much higher score
to guarantee first-rank placement. Character-level
fuzzy matching using the rapidfuzz library (Bach-
mann, 2025) with a similarity threshold of 0.7 is
applied during candidate re-ranking for EHRI en-
tities to handle minor spelling variations and Opti-
cal Character Recognition (OCR) errors common
in archival texts. This multi-stage linking strategy
was refined through extensive trial and error since
there was no domain-specific dataset available for
training a supervised ranking model at the time of
building the EHRI Annotator. Semantic matching is
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essential for matching against EHRI vocabularies,
which have limited multilingual coverage. For ex-
ample, matching "malou pevnost", meaning small
fortress in Czech, to the German equivalent "Kleine
Festung" in the EHRI Camps dataset is only possi-
ble through semantic matching because the EHRI
Camps vocabulary only lists the German name.

The second Qdrant collection concerns the
GeoNames gazetteer, which contains over 13 mil-
lion entries in total. Embedding every entry and
its alias names would be prohibitively expensive in
terms of storage and inference time. Instead, tak-
ing into account the conclusion reached by Arora
et al. (2024) that toponym disambiguation against
a comprehensive gazetteer can be highly accu-
rate using non-neural methods, location entities
are matched using text-based retrieval only. To en-
able this within Qdrant, which requires a vector for
every entry, GeoNames entries are indexed with
placeholder "dummy" zero vectors and rely exclu-
sively on Qdrant’s built-in text index of each entry’s
multilingual alias array for candidate retrieval. More-
over, we do not index the entire GeoNames dataset
but rather filter it down to approximately 7.8 million
entries based on a curated set of 102 GeoNames
feature codes (e.g., populated places, historical
sites, camps, railway stations, religious sites. The
full list is provided in Appendix A.). Again, the se-
lection of these feature codes was refined through
iterative trial and error. When a good location
match is not returned although it exists within the
GeoNames dataset, the author examines whether
a new feature code should be considered. Another
concern was how to handle morphological varia-
tion in highly inflected languages. The solution to
this was to lemmatize queries before matching us-
ing Stanza (Qi et al., 2020) with models trained
on Universal Dependencies (Zeman et al., 2023)
for Czech (cs), Polish (pl), Slovak (sk), German
(de), Hungarian (hu), Russian (ru), Ukrainian (uk),
Lithuanian (lt), Belarusian (be), Greek (el), and He-
brew (he). Candidate locations are ranked using
a relevance score pre-computed during indexing
that combines feature code importance weighted
by domain relevance (e.g., camps and historical
sites are weighted higher than generic buildings),
country priority weights reflecting Holocaust and
WWII geography (e.g., Poland, Germany, and Aus-
tria receive the highest weights), and a population
factor. The final ranking for each candidate is deter-
mined by the product of this relevance weight and
a text match quality score derived from comparing
the query against the entry’s primary name and
aliases. The full feature code and country weight
configuration as it currently stands is detailed in
Appendix A.

The system architecture is designed to retrieve
plausible candidates efficiently while leaving the

final disambiguation decision up to the domain ex-
pert annotating the document. Verified annotations
are exported as TEI P5 XML with ref attributes
pointing to EHRI Portal Unique Resource Identi-
fiers (URIs) or GeoNames URIs, pre-annotated for
further processing as part of the Online Editions
publication pipeline.

4. Evaluation

A preliminary evaluation of the EHRI Annotator has
taken place both qualitatively through user test-
ing sessions with Holocaust researchers who were
asked to fill in feedback forms but also quantitatively
through an automatic evaluation of entity linking ac-
curacy against a gold-standard dataset which is
still under active curation.

4.1. Dataset
The evaluation dataset was produced during the
first EHRI–CLARIN Datathon, held on 26-27 Febru-
ary 2025 in Budapest, Hungary, co-organized by
EHRI, CLARIN, ELTE University Research Center
for Computational Social Science, and the Leib-
niz Institute for the History and Culture of Eastern
Europe. During the event, participants annotated
Holocaust testimonies using the INCEpTION plat-
form (Klie et al., 2018). The source documents
were provided by the Hungarian Jewish Museum
and Archives and the Wiener Holocaust Library.
PERSON, ORGANIZATION, CAMP, and GHETTO
entities were linked to EHRI vocabularies and au-
thority sets, while LOCATION entities were linked
to Wikidata. At the time of writing, 40 (32 English,
7 German, 1 Hungarian) of the 140 documents
processed during the event have been curated to
ensure correct selection of URIs and consistent ap-
plication of the annotation guidelines shared during
the event. The full dataset and a detailed descrip-
tion of the annotation process will be part of a future
publication once the curation process has been fully
completed.

4.2. Entity Linking Evaluation
To evaluate entity linking, Wikidata identifiers for
LOCATION entities were mapped to GeoNames
via Wikidata property P1566. There were 30 loca-
tion entities annotated with Wikidata identifiers that
lacked a GeoNames mapping via property P1566.
For non-location entities, EHRI vocabulary identi-
fiers were compared directly. Entities annotated
only with Wikidata identifiers for which no corre-
sponding EHRI or GeoNames mapping exists were
excluded. Entities were deduplicated by spelling,
entity type, and document language, since the main
evaluation (see Table 1 below) queries the link-
ing service without document context and identical

40



queries produce identical candidate rankings. Af-
ter deduplication and exclusions, 264 entities were
retained for evaluation. Accuracy@1 (correct entity
ranked first), Accuracy@5 (correct entity in top five),
and Mean Reciprocal Rank (MRR) over the top 10
retrieved candidates are presented in Table 1 be-
low. The results in Table 1 aggregate entities from
all curated documents across all three languages.

Table 1: Entity linking performance by type.
Type N Acc@1 Acc@5 MRR
LOCATION 156 42.3% 73.7% 0.556
PERSON 30 76.7% 100.0% 0.883
ORGANIZATION 45 62.2% 71.1% 0.654
CAMP 23 78.3% 87.0% 0.811
GHETTO 10 80.0% 80.0% 0.800
Overall 264 54.2% 77.7% 0.641

The overall Accuracy@5 of 77.7% means that
the correct knowledge base entry appears among
the top five candidates in most cases. Since the
EHRI Annotator is taking a human-in-the-loop ap-
proach in its design, this metric is useful because
it shows that the system retrieves a good set of top
five candidates for the domain expert to choose
from. LOCATION entities show the lowest Accu-
racy@1 (42.3%) while Accuracy@5 remains rea-
sonably high at 73.7% given that there are many
locations with the same name which makes the
ranking of the results harder. It is worth noting that
the system returned no candidate matches for 23
out of 156 LOCATION-type entities under evalua-
tion. These entities generally concern poor OCR or
spelling mistakes (e.g., “Heidelterg” for Heidelberg,
“Theresienstad” for Theresienstadt, “Shtirotava” for
Šk, irotava). ORGANIZATION entities show the low-
est Accuracy@5 (71.1%).

An ablation study was conducted on all non-
location entities in the evaluation dataset (N=108)
to estimate the contribution of the context-aware
scoring described in Section 3. For each entity,
two requests were sent to the linking service: one
with context derived from one neighboring entity
to the left and one neighboring entity to the right
(matching the deployed service’s behavior); and
one request without context. Context-aware scor-
ing improved Accuracy@1 from 71.3% to 74.1%
and Accuracy@5 from 83.3% to 84.3%, with MRR
increasing from 0.764 to 0.782.

However, this quantitative evaluation of the tool
is preliminary while the gold standard dataset is
under curation. In particular, results for PERSON
(N=30), CAMP (N=23), and GHETTO (N=10) en-
tities should be interpreted with caution given the
small sample sizes. Nevertheless, this small-scale
quantitative evaluation, taken into account together
with the user feedback expressed under the qualita-

tive evaluation described below, shows that this tool
can already be useful in supporting Online Edition
Editors to annotate new documents.

4.3. User Evaluation

The tool was evaluated by 11 users after two hands-
on testing sessions, a workshop organized by EHRI-
CZ in Prague and an EHRI webinar. Participants
tested the tool on texts in English, German, Czech,
Slovak, and Italian. They were then asked to com-
plete a feedback form covering overall usability,
quality of NER and EL predictions, shortcomings,
and things to improve. All 11 participants rated
the overall experience as either Excellent (8) or
Good (3). Eight participants found the interface
Very easy to use and three rated it Mostly easy;
10 of 11 described the layout as clean and easy to
navigate.

NER accuracy was rated Very accurate by six
participants and Mostly accurate by five. Partici-
pants noted several recurring NER errors, namely
nationality adjectives misclassified as locations
(e.g., "British"), incomplete entity boundaries re-
quiring manual correction (e.g., the text reads "of
the Swedish Red Cross" but the model detects
"Swedish" as a separate LOCATION entity and
Red Cross as its own ORGANIZATION entity. This
is a problem because if we try to link "Red Cross"
directly, we get presented with the wrong match.
The correct entity here would be Swedish Red
Cross as one ORGANIZATION entity.), and diffi-
culty with retrieving matches for misspelled names
(e.g., "Krakoff" for "Kraków"). One participant noted
that morphological inflection in certain languages
caused recognition failures.

Entity linking quality was rated Very good (correct
match almost always ranked first) by eight partici-
pants and Mostly good (correct match usually in the
first few candidates) by three, verifying qualitatively
the results of the quantitative evaluation (albeit lim-
ited). When it came to more constructive feedback,
participants requested expansion of the knowledge
base to include vocabularies that cover additional
historical entities such as the Slovak State or the
Protectorate. Additionally, participants requested
additional export formats including CSV, JSON, and
spreadsheets. Editing features were generally well-
received, though boundary editing was rated the
most difficult task (Easy: 5, OK : 6), suggesting
room for interface improvement. Six participants
exported TEI XML; of these, four rated the export
quality as Excellent and two as Good - Needed
minor tweaks.
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5. Discussion and Conclusion

The EHRI Annotator is a work in progress requiring
continuous refinement. The evaluation presented
here is preliminary, the dataset covers only 40 of
the 140 documents from the datathon and sam-
ple sizes for several entity types are small. Never-
theless, several limitations of the current system
emerged from both the quantitative and the qualita-
tive evaluation. Disambiguating LOCATION entities
is very challenging when dealing with such a large
gazetteer like GeoNames. The system fails to re-
trieve candidates for non-standard spellings, while
embedding this resource to enable semantic match-
ing is prohibitive in terms of resources needed. The
main limitation of the current EL approach when it
comes to LOCATION entities is that the way Qdrant
has been set up for the GeoNames collection (zero
vectors and reliance on text-based retrieval) limits
candidate retrieval to exact token matching, mean-
ing that even small variations in spelling or OCR
errors can lead to zero candidates even before
any ranking can take place. While Qdrant remains
a very practical solution in terms of keeping the
infrastructure as simple and easy to maintain as
possible given that we are already using it for the
vector database, migrating to a search engine with
rich full text search features such as Elasticsearch
could help address these retrieval failures.

Another observation that can be made is that
common errors of the EHRI-NER model that have
been documented in previous work (Dermentzi and
Scheithauer, 2024) can spill over to the linking
stage as noted in the user evaluation reported here.
It was also noted that the EHRI vocabularies them-
selves are not as comprehensive as users would
like them to be, with unlinked entities often reflect-
ing gaps in the authority sets rather than system fail-
ures. User feedback expressed the need to expand
vocabulary coverage to include additional historical
entities.

Given the sensitivity of Holocaust materials, all
models used by the EHRI Annotator are self-hosted
on a dedicated server in the European Union (EU),
with no data transferred to third-party APIs. Orig-
inal texts are discarded after NER inference and
only entity-level data appears in system logs. This
feature is essential for working with archival institu-
tions which are often bound by strict data protec-
tion and ethical obligations regarding the materials
in their custody. However, it also imposes practi-
cal constraints. Since galleries, libraries, archives,
and museum (GLAM) institutions typically lack the
infrastructure and resources to deploy and main-
tain computationally intensive models, this limits
the adoption of state-of-the-art (SOTA) approaches
that rely on large language models (LLMs) or cloud-
based third-party API services. The architecture

described in this paper was designed with these
constraints in mind, favoring lightweight models
that can be self-hosted over more powerful but ex-
ternally controlled alternatives.

Current development priorities include support
for adding new entities directly through the interface
(currently possible only by editing the TEI XML out-
put), linking to the EHRI Terms vocabulary which
could be combined with previous work on auto-
mated subject indexing (Dermentzi et al., 2025),
and additional import and export formats to sup-
port use cases beyond the EHRI Online Editions,
such as archival metadata enrichment and geo-
graphic visualization. Longer-term goals include
allowing users to connect custom vocabularies for
domain-specific linking.

Another area of future work is experimenting
with other NER and EL approaches. In Section
3, we described the three-component architecture
of the EHRI Annotator. While the current system
is based on the EHRI-NER model, the modular-
ity of the service allows for experimentation with
alternative models and techniques. Comparative
evaluation against such approaches is planned for
future work once the full evaluation dataset is avail-
able. For example, testing how open-source LLMs
or other architectures like GLiNER (Zaratiana et al.,
2024) perform against the EHRI-NER model can
inform the choice of model for the NER and EL
components before the tool moves from prototype
to production. The fully curated dataset could also
be used to train custom ranking models.

In conclusion, the EHRI Annotator demonstrates
that a hybrid entity linking architecture which com-
bines semantic retrieval for smaller vocabular-
ies with text-based retrieval and domain-specific
weighting for large gazetteers can provide effec-
tive candidate retrieval in a human-in-the-loop set-
ting even when dealing with very large knowledge
bases, as long as the larger knowledge bases
are comprehensive enough in terms of alternative
names and translations of the entries. The tool
is currently deployed as a working prototype but
it has already received positive reception. The
hope is that it contributes to making Holocaust-
related archival material more accessible, interop-
erable, and discoverable across institutions and
languages.
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A. GeoNames Index Configuration

The GeoNames gazetteer (13.4 million entries) was
filtered to 7.8 million entries by retaining only lo-
cations the feature code of which is included in
the list below. Each indexed entry receives a pre-
computed relevance score combining a feature
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code importance weight (Table 2), a country pri-
ority weight (Table 3), and a population factor.

Table 2: The 102 GeoNames feature codes re-
tained for indexing, sorted alphabetically, with im-
portance weights (W). Codes not listed are ex-
cluded from indexing.

Code W Code W Code W
ADM1 0.8 FRST 0.6 PPLA5 0.6
ADM1H 0.8 FT 0.6 PPLC 0.9
ADM2 0.7 GRVE 0.7 PPLCH 0.9
ADM2H 0.7 HBR 0.6 PPLF 0.6
ADM3 0.6 HSP 0.6 PPLH 0.6
ADM3H 0.6 HSPD 0.5 PPLL 0.6
ADM4 0.5 HSTS 0.8 PPLQ 0.7
ADM4H 0.5 HTL 0.5 PPLS 0.6
ADM5 0.4 INDS 0.5 PPLW 0.7
ADM5H 0.4 INSM 0.6 PPLX 0.6
ADMD 0.3 ISL 0.8 PRN 0.7
ADMDH 0.3 ISLS 0.7 QUAY 0.6
AIRB 0.6 LIBR 0.6 RGN 0.9
AIRQ 0.5 MFG 0.5 RGNE 0.9
BAY 0.5 MILB 0.6 RGNH 0.9
BAYS 0.5 MKT 0.6 RR 0.5
BDG 0.5 ML 0.5 RSTN 0.6
BNK 0.6 MN 0.6 RSTP 0.6
BRKS 0.7 MNMT 0.7 RVN 0.8
BTL 0.7 MSTY 0.6 SCH 0.6
CAVE 0.6 MUS 0.6 SCHC 0.6
CH 0.6 NVB 0.6 SEA 0.7
CMP 0.9 PCL 1.0 SQR 0.7
CMPLA 0.9 PCLD 0.9 STNB 0.6
CMPQ 0.8 PCLF 0.9 STNR 0.6
CMPRF 0.7 PCLH 1.0 STRT 0.6
CMTY 0.7 PCLI 1.0 SYG 0.8
CSTL 0.6 PCLS 0.9 THTR 0.6
CVNT 0.6 PIER 0.6 TMB 0.7
DCK 0.6 PPL 0.6 TMPL 0.7
DCKB 0.6 PPLA 0.8 TNL 0.5
DIP 0.6 PPLA2 0.7 UNIV 0.6
EST 0.5 PPLA3 0.7 WHRF 0.6
FRM 0.5 PPLA4 0.6 WRCK 0.5

Table 3: Country priority weights. All countries not
listed receive a default weight of 0.3.

Weight Countries
1.0 DE, PL, CZ, SK, AT, HU, NL, BE, FR
0.9 GB, IT, RO, BG, HR, GR, IL, PS
0.8 RU, UA, BY, LT, LV, EE, LU, MT, YU, CS
0.7 NO, DK, SE, FI, CH, ES, PT, TR, RS, AL, SI,

BA, CY, GI, US
0.6 CA, AU, NZ, ZA, BR, AR, CU, MA, DZ, TN,

SY, LB, IQ, IE, ME, MK, MD, XK, HK
0.5 JP, CN, PH, ID, SG, MM, TH, VN, MY, KR,

TW, LY, EG, IR, MX, UY, CL, BO, DO, IS, IN
0.3 All other countries (default)

46



Proceedings of The Second Workshop on Holocaust Testimonies as Language Resources (HTRes) @ LREC 2026, pages 47–58
11 May 2026. ©ELRA Language Resources Association (ELRA), 2026

The Shape of Testimony: A Scalable Framework for Oral History
Archive Comparison

Itamar Trainin, Renana Keydar, Amit Pinchevski
Hebrew University of Jerusalem

{itamar.trainin, renana.keydar, amitpi}@mail.huji.ac.il
Abstract

Researchers in Holocaust studies have often distinguished between two styles of oral survivor testimony: the USC
Shoah Foundation’s interviews tend to follow a structured, interviewer-guided format, whereas the Yale Fortunoff
Video Archive generally favors a more free-form, open-ended style. This distinction has influenced both scholarly
research and the development of later archives. In this study, we critically examine that claim by conducting a
large-scale computational analysis of more than 1,600 testimonies from both collections. Leveraging discourse
segmentation, topic modeling, and large language model (LLM) based analysis, we quantify the “structuredness” level
of testimonies through topic coherence, interviewer–survivor dynamics, and the distribution of question types. Our
results generally corroborate the structural differences identified in earlier research, while also revealing significant
overlaps between the collections, both within individual interviews and across common narrative patterns. This
complicates the simple “structured vs. free-form” dichotomy often applied to these oral histories. Beyond revisiting a
foundational claim in Holocaust studies, our work provides a scalable, replicable framework for comparative corpus
analysis. As a proof of concept, it suggests broader applications for digital oral history, narrative analysis, and the
design of citizen-science annotation platforms.

Keywords: Holocaust Studies, Oral History Language Resources, Computational Archive Comparison, Large
language models (LLMs)

1. Introduction

A common claim in the field of Holocaust Studies
suggests that the two main oral history video tes-
timony archives, the Yale Fortunoff Video Archive
for Holocaust Testimonies (Henceforth: Yale or For-
tunoff) and the USC Shoah Foundation (Hence-
forth: USC or Shoah Foundation), present two
opposite styles of interviews. It is said that the
interview practices by Yale tend to be loose and
open-ended, whereas USC follows a stricter format.
Several studies have ascertained this difference
by exploring the institutional agenda and policy as
well as through close readings of selected testi-
monies (Wieviorka, 2006; Shenker, 2015; Pollin-
Galay, 2018) and recently also by a small-scale
empirical study (Presner et al., 2024).

Yet to empirically evaluate these assumptions, a
large-scale comparative analysis is required, which
is the purpose of this paper. This analysis calls
for advanced computational tools, such as those
developed recently in the digital humanities and
computational history, for examining large narra-
tive corpora. To date, applying these tools to oral
testimonies has been limited due to the interpretive
challenge and ethical complexities involved.

In what follows, we seek to ascertain the re-
ported difference between the two testimony styles
by means of a computational comparison of over
1600 Holocaust survivor testimonies drawn from
the USC and Yale archives. Using large language
models (LLMs), dialogical segmentation, topic mod-
eling, and question classification, we develop a

reproducible pipeline to measure “structuredness”
across interviews. We examine topical coherence,
interviewer-survivor dynamics, and the evolution of
question types along interviews to assess whether
and how these archives actually diverge.

Our findings confirm that USC testimonies tend
to follow a more guided and structured format, es-
pecially in the early parts of the interview. Yale tes-
timonies, by contrast, display greater topical fluidity,
earlier emergence of core themes, and a higher
proportion of open-ended questions. However, our
analysis also uncovers significant convergences
across both collections in later stages of the inter-
views, as well as similar narrative arcs, which seem
to follow the chronology of Holocaust experience.

This article thus makes a dual contribution: (1)
it offers a data-driven reassessment of a central
historiographical claim within Holocaust testimony
scholarship; (2) it introduces a scalable framework
for computational comparison of large oral history
corpora. By demonstrating how complex, ethically
sensitive narratives can be analyzed computation-
ally without compromising their integrity and inter-
pretive richness, we open a pathway for further
digital humanities work in trauma studies, oral his-
tory, and memory research.

2. Oral history archives of the
Holocaust

The Yale Fortunoff Video Archive for Holocaust Tes-
timonies and the USC Shoah Foundation Visual
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Figure 1: (a) Number of interviews conducted (individually or jointly) by each interviewer in each archive. (b)
Annual distribution of testimonies recorded across both archives, computed over the subset of testimonies
available for this study.

History Archive are the two main and largest collec-
tions of video testimonies of Holocaust survivors.
The Fortunoff Archive began in 1979 as a local ini-
tiative in New Haven, Connecticut, later relocating
to Yale University (Hartman, 1995). Holding more
than 4,400 testimonies collected in the US, Europe,
and Israel, its mission is to collect, preserve, and
share the stories of those who were there. Being
the first of its kind, the archive set the standard
for projects to come (Felman and Laub, 1992a;
Hartman, 1996). The USC archive was founded in
1994 by Steven Spielberg with the goal of record-
ing 50,000 testimonies, for which hundreds of inter-
viewers were trained in multiple countries (Smith,
2022a). It has since surpassed that goal, and in
addition to Holocaust testimonies, has expanded
to record victim narratives of other genocides (in-
cluding Armenian, Rwandan, Cambodian) (Ass-
mann, 2011; Smith, 2022a). Both archives were
initially based on videotape technology and, over
time, came to embrace digital technology, while
incorporating and developing new methods to ac-
cess and engage with testimonies (Assmann, 2011;
Shandler, 2022).

At its core, an oral history interview is a process
in which an interviewer and an interviewee spend
extended time together engaged in storytelling and
attentive listening. It is a collaborative act of con-
structing a narrative. Unlike other forms of qual-
itative interviewing (such as in-depth interviews),
oral history interviews tend to be less narrowly fo-
cused in their topical organization (Hesse-Biber and
Leavy, 2005). As with other oral history initiatives,
each of the Holocaust archives has developed its
own interview methodology.

From the outset, interviews recorded at Yale fol-
lowed a clear code of conduct: putting the wit-
nesses at the center and allowing them to relate
their story freely with minimal guidance from inter-
viewers. The interviewers’ main role was to provide
survivors with a supportive listening companion

during the interviews, all of which took place on
the Yale campus (Felman and Laub, 1992a). Con-
versely, USC interviews take place at the witness’s
home and are typically preceded by a preparation
meeting. USC employs a large number of interview-
ers in many countries, who all go through formal
training and follow a set of elaborate and formu-
lated guidelines (USC Shoah Foundation, 2021)
(Smith, 2022b)). The Yale archive has relied on a
relatively small group of interviewers, mostly aca-
demics, some with psychological training. As will
be shown below, despite these disparities, inter-
views recorded by both archives tend to unfold
chronologically, beginning with life before the war,
through early signs of change, antisemitism and
persecution, experiences during the war (ghetto,
captivity, forced labor, extermination), end of war,
and finally life after the war. All interviews examined
here were transcribed manually by their respective
archive, together with speaker identification and
speaker-side segmentation.

It is hard to imagine contemporary Holocaust
history and memory without the prevalence of sur-
vivors’ testimonies. The two archives have con-
tributed significantly to the legitimacy of personal
narratives as a source for the study of recent history,
particularly of traumatic events (Friedländer, 1993;
Hartman, 1996; Shandler, 2017). By their nature,
testimonies are based on personal memory whose
accuracy might vary, but what they nevertheless ex-
press is something beyond factual knowledge about
past events. It is the relating of the personal expe-
rience of how it felt, which expresses the human
aspect often missing from grand historical accounts
(Felman and Laub, 1992b; Langer, 1993). As such,
these narratives of pain and loss demand care and
respect while retaining the singularity and integrity
of each voice. Over the years, numerous audiovi-
sual interviews with survivors have been recorded.
The practical impossibility of watching tens of thou-
sands of such testimonies presents an unprece-
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dented challenge for a morally informed study of
recent history. It is precisely here that carefully
designed digital tools can enable new, previously
unattainable modes of engagement with testimony
(Keydar, 2020, 2022). Recent advances in natural
language processing and large language models
have opened new algorithmic ways of engaging
with thousands of Holocaust testimonies at scale
(Blanke et al., 2019; Naron and Toth, 2020; Ezeani
et al., 2024; Presner et al., 2024; Shizgal et al.,
2025; Keydar et al., 2026). However, to the best of
our knowledge, there has so far been no attempt
to harness these tools for large-scale comparative
analysis across oral history archives.

3. Data and Methodology

This study analyzes 1,668 Holocaust survivor tes-
timonies: 1,000 from the USC Shoah Foundation
archive and 668 from the Yale Fortunoff Archive.
Each interview was manually transcribed, anno-
tated with speaker labels, and segmented into ques-
tion–answer (Q/A) pairs, as outlined below. Due to
the sensitive nature of these collections, transcripts
are accessible only by direct request to the respec-
tive institutions. All testimonies in this study were
conducted in English.

3.1. Date of testimonies
The two archives developed and followed highly
different collection strategies. The Fortunoff Video
Archive, established in 1979, has followed an open-
ended acquisition policy, resulting in interviews col-
lected over more than four decades. In contrast,
the USC Shoah Foundation conducted a large-
scale collection effort primarily between 1994 and
1999. However, within our available dataset, the
testimonies from both archives are concentrated
towards the initial years of operation. Fig. 1(b)
shows the distribution of testimonies per year in the
subset of testimonies available for this study.

3.2. Interview Length

USC interviews average 23,396 words1 (σ =
10,397), while Fortunoff interviews average 13,622
words (σ = 7,649). Although both archives use
similar methodologies, their protocols differ. One
notable outcome is the substantial difference in
length: USC interviews are, on average, 1.7 times
longer than those from Fortunoff. This results in a
greater quantity of content and potentially richer de-
tail in the USC interviews. To mitigate the influence
of this disparity, our quantitative metrics normalize
for testimony length.

1A word defined as any whitespace-separated token.

3.3. Distribution of interviewers

USC Yale
Top Name # Name #
1 Lorrie Fein 22 Vlock Laurel 136
2 Esther Finder 17 Laub Dori 108
3 Joanna Buchan 15 Kline Dana 98
4 Reuben Zylberszpic 14 Rudof Weiner 62
5 Joseph Huttler 12 Millen Susan 41
6 Dina Cohen 12 Frances Cohen 34
7 Ruth Meyer 12 Langer Lawrence 33
8 Zepporah Glass 12 Herz Moss 33
9 Florence Shuster 11 Strochlic Kathy 31
10 Yvonne Walter 11 Katz Helen 31

Table 1: Top 10 participating interviewers and cor-
responding number of interviews conducted by the
interviewer either as an individual or as part of a
joint interview.

Fig. 1(a) shows the number of interviews each
interviewer conducted in each archive. The For-
tunoff corpus engaged a small cohort of interview-
ers, some of whom conducted over 100 interviews
each, reflecting an approach that values a more
personal interviewing style. In contrast, no individ-
ual interviewer in the USC corpus conducted more
than 22 interviews (see top 10 participating inter-
viewers in table 1). This distributed practice aligns
with USC archive’s emphasis on standardized in-
terview protocols, which prioritize methodological
consistency over personal interviewing style.

3.4. Methodology

Each testimony was segmented into chronologi-
cal subunits using two complementary strategies,
designed to capture both micro- and macro-level
structures.

At the micro-level, we employed a topic-oriented
segmentation: each Q/A pair was treated as a dis-
crete topical unit, under the assumption (following
prior work, (Ifergan et al., 2024)) that individual ex-
changes typically cover single topics. Short Q/A
pairs were merged with adjacent exchanges when
appropriate to maintain contextual coherence. This
segmentation allowed us to examine the dialogic
aspects of interviewer–survivor interaction while
retaining the structure of the narrative.

For macro-level analysis, we divided each testi-
mony into k = 15 equal-length chronological seg-
ments based on prior work ((Ifergan et al., 2024))
and manual validation, enabling a normalized tem-
poral comparison across testimonies of varying
lengths and numbers of Q/A pairs. From each
segment, we extracted a range of features such as
topical diversity, segmental coherence, answer and
question lengths, and question type classification
using custom pipelines and GPT-based classifica-
tion.
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Thus, in this study, we quantify the differences
in the “structuredness” across collections, empha-
sizing the topical and interviewer–survivor dialogic
dynamics. Nonetheless, additional dimensions that
may confound a comparative analysis between Yale
and USC interviews are discussed in §3.1 - §3.3.

4. Findings

4.1. Topical Sequence Analysis

A central dimension of “structuredness” in oral his-
tory interviews is the sequencing of topics across
the testimonial timeline. Prior scholarship (e.g.,
(Piper et al., 2021; Wagner et al., 2022; Ranade
et al., 2022; Ifergan et al., 2024; Wagner et al., 2025;
Shizgal et al., 2025; Trainin and Abend, 2025))
suggests that highly structured interviews should
exhibit a more predictable topical order, narrower
chronological coverage per topic, and reduced the-
matic diversity across segments, whereas free-
form interviews are expected to display looser se-
quencing and greater thematic fluidity.

To evaluate this hypothesis, we apply a com-
putational topic-analysis pipeline modeled on, yet
distinct from, earlier manual or semi-supervised ap-
proaches. We build upon the framework introduced
in (Ifergan et al., 2024), but instead of employ-
ing topics generated by LDA (Blei et al., 2003) or
BERTopic (Grootendorst, 2022) followed by expan-
sive manual topic labeling and heuristic clustering
thresholds, we introduce an alternative LLM-based
strategy inspired by (Trainin and Abend, 2025). In
doing so, we provide a scalable and fully automatic
methodology for identifying emergent topical pat-
terns across thousands of segments.

Our pipeline unfolds in two stages. First, an LLM
(ChatGPT) generates a concise descriptive label for
every Q/A pair, which serves as the micro-level unit
of analysis (see Prompt 7.1). In the second stage
(see Prompt 7.2), we prompt the LLM to identify
the Top-K recurring topics for each chronological
segment. This staged approach captures both the
local dynamics of interviewer–survivor exchanges
and the broader macro-level narrative structure.
Fig. 7 in the appendix presents an illustration of
this pipeline.

To validate our methodology, we calculated a
Topic Coverage score (Trainin and Abend, 2025)
for each inferred topic using a random sample of 50
testimonies. Additionally, we compared the USC
topics produced by our pipeline to those derived
in (Ifergan et al., 2024) and found strong structural
convergence, indicating that the LLM-based ap-
proach is robust despite its limited interpretability.

Table 2 visualizes the top three topics per chrono-
logical segment. Recurring topics are manually
color-coded across segments using a consistent

palette, enabling readers to trace the persistence
or transformation of themes over time. Coverage
values for each topic are displayed alongside the
labels.

Across both corpora, we observe a clear chrono-
logical trajectory: testimonies move from prewar
life, to the onset of persecution, to deportation and
camp experiences, and ultimately to liberation and
postwar recovery. One salient structural difference,
however, is the USC archive’s recurring conclud-
ing segment dedicated to discussing personal pho-
tographs, labeled by our method as “Family Memo-
ries”. This photo segment appears consistently in
USC interviews but is largely absent from the Yale
corpus, marking a distinct divergence in institutional
interviewing protocols.

Despite the overall similarity of the macro-
historical arc, the two corpora diverge in topical
behavior and narrative dynamics. USC testimonies
display a more predictable and segmented topi-
cal progression, with clearer boundaries between
phases, an effect aligned with the archive’s struc-
tured interview guidelines. Yale testimonies, in con-
trast, exhibit greater thematic fluidity: topics begin
earlier, overlap more frequently, and persist across
multiple segments, producing a narrative rhythm
that is less tightly scaffolded by interviewer inter-
vention.

Patterns of topical diversity likewise differ. In
Yale interviews, the dominant topics in early seg-
ments tend to be introspective and affective, with
broader diversification emerging only by the third
topic. USC interviews, by contrast, show greater
topic variation as early as the second and third
topics, yielding a more multidimensional narrative
distribution. These differences reflect not only in-
terviewing style but also the interactional norms
cultivated by each institution.

Taken together, the results complicate the binary
distinction between “structured” and “free-form” in-
terviews. Both archives follow a broadly linear his-
torical logic, yet they diverge in how topics arise,
persist, and shift across the testimonial timeline.
The Yale corpus tends toward emotional continuity
and reflective narration, while the USC corpus ex-
hibits a more segmented and guided progression.
The combination of LLM-based topic extraction,
cross-method validation (LDA, BERTopic), and ex-
plicit visualization reveals that “structuredness” in
Holocaust testimony is not merely a function of pro-
tocol but a dynamic interplay between institutional
design, interviewer choices, and survivor narrative
agency.

4.2. Question-Answer Dynamics
To measure question and answer dynamics, we per-
formed a simple word count using the NLTK (Bird
and Loper, 2004) library. We then plotted changes
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USC-SF
Seg. Topic 1 Topic 2 Topic 3

1 Childhood Memories (0.82) Family Heritage (0.87) Jewish Identity (0.67)
2 Childhood Memories (0.88) Experiences of Antisemitism (0.48) Family Dynamics (0.76)
3 Childhood Memories (0.86) Experiences of Antisemitism (0.61) Life in the Ghetto (0.36)
4 Life in the Ghetto (0.45) Family Separation (0.45) Survival Strategies (0.69)
5 Life in the Ghetto (0.48) Family Separation (0.52) Survival Strategies (0.74)
6 Life in the Ghetto (0.51) Survival Strategies (0.76) Family Separation (0.53)
7 Family Separation (0.51) Survival in Hiding (0.56) Life in the Ghetto (0.52)
8 Survival in Hiding (0.56) Family Separation (0.51) Experiences in Auschwitz (0.33)
9 Survival in Hiding (0.58) Life in Concentration Camps (0.52) Family Separation (0.47)
10 Survival in Hiding (0.56) Family Separation (0.46) Post-War Resilience (0.56)
11 Survival in Hiding (0.52) Family Loss and Reunion (0.40) Post-War Identity Struggles (0.54)
12 Survival and Resilience (0.88) Family Loss and Reunion (0.46) Post-War Identity Struggles (0.64)
13 Family Loss in the Holocaust (0.44) Survival and Resilience (0.85) Post-War Identity Struggles (0.70)
14 Family Memories (0.76) Survival Reflections (0.79) Holocaust Legacy (0.69)
15 Family Memories (0.82) Legacy of Survival (0.78) Holocaust Remembrance (0.63)

Yale
Seg. Topic 1 Topic 2 Topic 3

1 Childhood Memories Before the War (0.76) Jewish Identity and Anti-Semitism (0.80) Family Life Before the Holocaust (0.72)
2 Survival in the Ghetto (0.55) Family Separation (0.50) Experiences of Anti-Semitism (0.76)
3 Survival in the Ghetto (0.57) Family Separation (0.53) Hiding from Persecution (0.54)
4 Survival in the Ghetto (0.59) Family Separation Trauma (0.60) Experiences in Auschwitz (0.28)
5 Survival in the Ghetto (0.64) Family Separation (0.49) Experiences in Auschwitz (0.32)
6 Survival Strategies in Hiding (0.58) Family Separation and Loss (0.61) Experiences in Concentration Camps (0.60)
7 Survival in Hiding (0.54) Family Separation (0.48) Life in the Ghetto (0.50)
8 Survival in Hiding (0.53) Family Separation (0.52) Life in Concentration Camps (0.58)
9 Survival in Concentration Camps (0.60) Life in the Ghetto (0.47) Family Separation and Loss (0.55)
10 Survival in Hiding (0.56) Family Loss and Trauma (0.68) Post-War Resilience (0.57)
11 Survival in Hiding (0.56) Family Loss in the Holocaust (0.42) Experiences in Concentration Camps (0.67)
12 Survival Strategies (0.77) Family Loss (0.43) Post-War Resilience (0.64)
13 Survival in Concentration Camps (0.53) Family Loss and Trauma (0.71) Post-War Resilience (0.65)
14 Survival and Trauma (0.89) Family Loss and Memory (0.68) Identity After Liberation (0.73)
15 Survival and Memory (0.74) Family Loss and Resilience (0.55) Holocaust Education and Remembrance (0.53)

Table 2: Top three topics per chronological segment. Recurring topics are manually color-coded across
segments using a consistent palette showing the transformation of themes over time. Coverage values
for each topic are displayed alongside the labels.

Figure 2: Mean (left) and SD (right) of answer length over time for USC and Yale archives. Statistically
significant (t-test) differences are marked with an asterisk (*).

in average word count across testimony segments
for each corpus, reporting both the mean and vari-
ance. A two-sample t-test was conducted for each
segment to assess whether differences between
the corpora were statistically significant (indicated
by an asterisk). The overall mean length was plot-
ted as a dashed reference line. See Figures 2,
3.

Answer Length: Yale survivors tended to pro-
vide longer answers in the early segments of their

testimonies, whereas responses in the USC cor-
pus gradually lengthened over time. Approximately
between segments 1–8, Yale testimonies exhibited
longer responses on average. Around segments
8–11, this pattern reversed, with USC answers be-
coming longer. Toward the end of the testimonies,
both collections showed a relative decline in an-
swer length, although Yale participants generally
maintained slightly longer responses.

Examining the standard deviation (SD) of an-
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Figure 3: Mean (left) and SD (right) of question length over time for USC and Yale archives. Statistically
significant (t-test) differences are marked with an asterisk (*).

swer length reveals the degree of variability across
testimonies. Higher SD values indicate greater fluc-
tuation in response length, which may reflect dif-
ferences in survivors’ narrative styles, interviewer
intervention, or emotional pacing. In this context,
Yale testimonies exhibit higher variability, suggest-
ing that survivors alternated between extended re-
flections and shorter responses, while USC testi-
monies show more consistent pacing and structure.

Question Length and Frequency: USC inter-
viewers tended to ask longer and more frequent
questions, particularly during the early portions of
the testimonies. This pattern aligns with the more
guided and segmented structure of USC interviews.
In contrast, Yale interviewers posed shorter and
less predictable questions. The high variability in
question length within the Yale corpus (as reflected
in SD values) is noteworthy, given the relatively
small pool of interviewers, suggesting considerable
stylistic diversity and less standardized interviewing
practice.

Convergence: Both archives displayed a reduc-
tion in answer length toward the final segments,
a trend likely associated with standardized clos-
ing routines or reflective conclusions. Statistical
testing confirmed that differences in answer length
between the two corpora were significant in the
early interview stages but diminished progressively
toward the end.

Taken together, the analysis of question and an-
swer length reveals distinct narrative and method-
ological dynamics within the two archives. The
longer early responses in the Yale corpus suggest
a more open and reflective interview style, one
that allows survivors to elaborate freely and set the
narrative pace. In contrast, the USC interviews
begin with shorter, more structured exchanges but
expand over time, indicating an interviewer-driven
scaffolding that gradually gives way to survivor-led

narration. The higher variability in Yale question
and answer lengths reflects more dialogical spon-
taneity, where interviewers adapt responsively to
the survivor’s storytelling, whereas the more uni-
form USC patterns demonstrate adherence to a
formalized interview guide. The convergence ob-
served in later segments, marked by shorter re-
sponses and reduced differences between the cor-
pora, points to the influence of shared testimonial
conventions and closing rituals that shape the end
of interviews across institutions. Overall, these pat-
terns highlight that interview structure is not static
but evolves through the testimony, balancing insti-
tutional design with survivor agency and emotional
rhythm.

Figure 4: Intervention Density for USC and Yale
archives. Statistically significant (t-test) differences
are marked with an asterisk (*).
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4.3. Intervention Density
To assess the density of interviewer interventions,
we measured the duration of uninterrupted survivor
speech. Lacking timestamp data, we used word
count as a proxy for duration by calculating the
proportion of uninterrupted survivor words relative
to the total testimony length.

To examine how this measure changes over time,
we divided each interview into 15 equal segments
based on the cumulative word count. This segmen-
tation, therefore, represents proportional divisions
of the testimony length rather than the micro-level
segmentation used in the Q/A-based analysis. For
each corpus, we computed the average interven-
tion density per segment across all testimonies.
This word-based segmentation allows us to cap-
ture the relative distribution of interviewer interven-
tions throughout the testimonies, independent of
total interview length, and provides a comparable
temporal framework across the two archives. The
results, presented in Fig. 4, display the average
uninterrupted speech density for each segment.

The analysis of intervention density provides fur-
ther insight into the interactional dynamics that dif-
ferentiate the two archives. Longer uninterrupted
segments of survivor speech indicate greater narra-
tive autonomy, whereas higher intervention density
suggests tighter interviewer control or increased
dialogical guidance. In this context, the Yale
testimonies tend to feature longer uninterrupted
stretches, reflecting a more survivor-centered ap-
proach that privileges emotional flow and narrative
continuity. The USC interviews, by contrast, exhibit
a denser pattern of interventions, especially in the
earlier portions of the testimonies, which is consis-
tent with a structured interview format emphasizing
chronological order. However, in both collections,
there is a gradual reduction in intervention density
as testimonies progress, suggesting perhaps in-
creased confidence on the survivors’ part or greater
flexibility on the interviewers’ part. This suggests
that narrative authority is negotiated throughout the
testimonial encounter, resulting in an evolving dy-
namic between institutional control and individual
agency in the making of oral history.

4.4. Question Types
Building on a framework proposed in ((Mittelstadt
et al., 2016), Fig. 3.6), we hypothesize that in-
terviewing style affects the distribution of ques-
tion types–specifically “why,” “what,” “where,” “who,”
“when,” “how,” and “other”. Structured interviews
are expected to rely more heavily on factual and
directive questions (e.g., “what,” “when,” “who”),
whereas less structured or conversational inter-
views are likely to include a broader range of
open-ended or ambiguous questions (classified as

Figure 5: Distribution of question types for USC
and Yale archives.

“other”).
To test this hypothesis, we extracted all inter-

viewer questions from both testimony corpora and
employed an LLM to classify each into one of the
seven categories (see Prompt 7.3 in the Appendix).
Model predictions were validated through manual
review of a random subset of 50 examples per cat-
egory (3,500 questions in total). The overall and
segment-based distributions of question types are
presented in Figures 5 and 6.

The LLM-based classification revealed clear
stylistic differences between the two archives.
Yale interviewers used a higher proportion of
“Other” questions, exhibiting a more flexible and
exploratory interviewing style that allows survivors
to guide the conversation. In contrast, USC inter-
viewers relied predominantly on “what,” “who,” and
“when” questions, particularly in the early segments,
consistent with a more structured and documentary-
oriented approach. That said, USC interviews show
a gradual increase in “Other” question types over
time, which might indicate that as rapport devel-
oped, the exchanges became more dialogic and
open-ended.

Overall, the distribution of question types offers
insight into institutional interviewing practices and
the dynamics of testimonial co-construction. The
USC format prioritizes a more formal interview
structure, limiting opportunities for narrative diver-
gence or emotional elaboration. The Yale format
fosters greater conversational variability and affec-
tive depth, which allows far greater survivor agency
in shaping the narrative, but for this reason is more
dependent on survivors’ compliance and initiative.
These findings illustrate how question type medi-
ates the balance between institutional protocol and
personal voice, revealing how methodological de-
sign and interpersonal rapport together shape the
structure and tone of Holocaust testimony.
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Figure 6: Distribution of question types over time for USC and Yale archives.

5. Toward a Scalable Framework for
Oral History Comparison

Our analysis confirms that USC interviews are,
overall, more structured than those in the Yale
archive, particularly in question types, topical flow,
and interviewer interventions. The USC corpus
displays clearer segmental boundaries and a more
predictable topical progression, whereas Yale tes-
timonies reveal greater thematic fluidity, variability
in questioning style, and more open-ended conver-
sational turns. As the interview unfolds, however,
these contrasts diminish as both interview styles
move toward similar narrative rhythms shaped by
survivor agency, historical chronology, and the
affective dynamics of testimony. Ultimately, de-
spite institutional differences, what becomes ap-
parent is that in both collections the dialogical ex-
change between interviewer and survivor mean-
ingfully shapes the unfolding of testimony along-
side the structural template. This finding under-
scores that “structuredness” in oral history is not
an institutional constant but a dynamic property of
interaction, emerging from the interplay between
methodological design, interpersonal trust, and the
survivor’s narrative agency.

Beyond these findings, the study contributes a
concrete methodological framework for compara-
tive oral history analysis. The proposed pipeline
introduces a sequence of computational strategies
designed specifically for dialogic and large-scale
testimonial data.

First, it develops a segmentation method that ex-
tracts coherent question-answer trajectories from
long interviews, enabling alignment across archives
that differ in format and length. This segmentation
serves as the foundation for cross-corpus compar-
ison, allowing structural and thematic patterns to
be analyzed at a shared level of granularity.

Second, the study advances a novel approach to
LLM-based topic extraction. Working with oral his-
tory presents unique challenges, including contex-
tual overflow, diffuse topic boundaries, and highly

personal narrative structures. To address these,
the pipeline employs a staged prompting strategy
inspired by map-reduce logic: local prompts gen-
erate micro-level topics for each segment, and a
secondary synthesis step aggregates these into
common themes across the corpus. This approach
mitigates the limitations of unsupervised topic mod-
eling and allows for interpretable, reproducible re-
sults grounded in qualitative meaning.

Third, the framework integrates iterative evalua-
tion and refinement. Through experimentation with
classification strategies, segmentation thresholds,
and prompt design, the study develops an ontology
of best practices for LLM-assisted oral history anal-
ysis. The resulting workflow balances automation
and interpretation, enabling scalable comparison
while preserving the discursive and emotional com-
plexity of survivor narratives.

Taken together, these contributions establish a
reproducible and extensible model for comparing
oral history archives at scale. Rather than treating
computational methods as an abstraction from hu-
manistic analysis, the pipeline operationalizes inter-
pretive categories such as “structuredness, topical
coherence, and interviewer style into measurable
and comparable features. It allows distinct institu-
tional collections to be analyzed within a shared
framework, revealing how methodological design,
interview dynamics, and survivor agency jointly
shape the production of testimony.

More broadly, this study demonstrates how digi-
tal humanities can move from isolated case stud-
ies toward comparative infrastructures that con-
nect archives and traditions of memory work. The
pipeline developed here enables not only new
forms of analysis but also new questions about the
ethics, scale, and dialogical nature of historical tes-
timony. It shows that computational methods, when
used critically, can deepen rather than diminish the
interpretive work of the humanities, thus illuminat-
ing the ways in which stories are told, recorded, and
remembered across time and institutional bound-
aries.
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6. Ethics Statement and Limitations

Throughout the study, the OpenAI-GPT suite of
models was used, with manual validation of seg-
ment samples conducted to confirm model consis-
tency. Furthermore, all data access was obtained
with institutional permission and handled strictly in
accordance with ethical standards for trauma data.
Future work will involve integrating this pipeline
into an open-access annotation platform for cross-
disciplinary use.
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Appendix

Figure 7: The topical sequence extraction pipeline.

7. LLM Prompts

7.1. Q/A Topic Naming
"""
You are a Holocaust researcher.
You will be presented with a short text snippet from a
conversation between an interviewer and a Holocaust survivor.
’INT’ represents the interviewer and ’SUBJECT’ or
’<survivor_name>’ represents the survivor.
Given the text snippet please generate a short title describing
the most prominent topic in the text.
Make sure that the title is short and limited to a few words.
Make sure that the title is comprehensive, specific,
interpretable, and short.
Make sure that the title captures only a single topic.
Output format:
Title: "<title>"
Reason: "<reason>"
Text snippet:
"{text_snippet}"
"""

7.2. Common Topics Extraction
"""
You are a Holocaust researcher.
You will be presented with a set of titles representing topics
extracted from Holocaust survivor interviews.

Title Set:
{title_set}

Your task is:
- Generate {num_topics} distinct titles that best describe the
most common and prominent titles in set.
- Titles must be concise (maximum of a few words), specific,
interpretable, and distinct.
- Do NOT combine multiple topics into a single title or use
conjunctions like “and”.

Desired output format:
{output_format}
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The common titles are:
1.
"""

7.3. Question Type Classification
"""
You are a Holocaust researcher analyzing survivor testimonies.
The testimonies are transcripts of an oral interviews.
The interviews is composed of speaker sides -- the interviewer
questions and the survivor answers.
A prefix of "INT" identifies an "interviewer" line.
A prefix of "<initials>" identifies a suviror line.
You will be given one question asked by an interviewer during a
conversation with a Holocaust survivor.

Your task is to classify the question into exactly **one** of
the following types, based on its structure and intent:

Question Types:
1. How Question – Asks about a method, process, or manner
2. What Question – Asks for information, descriptions, or
clarifications
3. When Question – Asks about time or timing
4. Where Question – Asks about a place or location
5. Why Question – Asks about cause, motivation, or reason
6. Who Question – Asks about a person or group
7. Other Question – Does not match any of the categories
above or is ambiguous.

Then, write a brief explanation (no more than one sentence)
explaining why you selected that type.

Do not return more than one type.

### Output JSON format:
{{

"type": "<one of the 7 types above>",
"explanation": "<one-sentence explanation>"

}}

### Input:
Interviewer Question: "{speaker_line}"
"""
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Abstract
We present MalachNER, a new multilingual dataset for Named Entity Recognition (NER) in oral testimonies of
Holocaust survivors. MalachNER has been sourced from different archives and annotated based on comprehensive
domain-specific guidelines refined by a collaboration of international experts. Covering 10 European languages,
differs significantly from previously released datasets: It is primarily based on noisy, verbatim transcribed speech,
rather than on digitized written documents. These transcripts are characterized, among other challenges, by fillers,
dialectal speech, and in-line annotations indicating incomprehensible words, which are not commonly encountered in
other datasets. However, large volumes of yet unprocessed oral history make such a dataset a necessity. In addition
to the description of the dataset and its annotation guidelines, we show with baseline experiments that MalachNER
is complementary with previously released data, and the key to training domain-specific language models that
generalize well to written and oral testimony alike, achieving state-of-the-art performance on both types of documents.

Keywords: Named Entity Recognition, Multilingual, Dataset, Speech, Holocaust Testimony

1. Introduction

While Named Entity Recognition (NER) is a well-
known language processing task, it is still relatively
unexplored in speech (Caubrière et al., 2020) and
in the historical domain (Ehrmann et al., 2023). In
particular, annotated language resources related
to Nazi persecution are scarce (Carter et al., 2022;
Anuradha Nanomi Arachchige et al., 2023) despite
the existence of enormous archives such as the
USC Shoah Foundation’s Visual History Archive1.

These archives are primarily based on oral testi-
mony of Holocaust survivors. The nature of these
documents introduces several challenges, since
speech transcripts, regardless of whether they have
been transcribed manually or automatically, include
speech artifacts that are missing in most NER
datasets. These artifacts include, for example, filler
words and in-line annotations denoting inaudible
words. Such noise cannot always be reliably re-
moved automatically, which is amplified by the va-
riety of artifacts increasing with the number of lan-
guages, source archives, and transcriptionists. The
necessity of a dataset providing these challenges
arises from the fact that oral history is an important
resource for Holocaust studies (Vrzgulova, 2024),
and manually curated transcriptions are often not
available (Lehečka et al., 2023).

In the following, we present MalachNER, a multi-
lingual NER dataset of manually transcribed Holo-
caust survivor testimonies sourced from different
archives, annotated by domain experts who are
speakers of Croatian, Czech, Danish, Dutch, En-
glish, German, Hungarian, Polish, Serbian, and

1https://vha.usc.edu

Slovak. Finally, we compare different domain-
specific NER models and show that the processing
of speech-transcribed documents is challenging
for language models trained exclusively on writ-
ten testimony, and vice versa; but state-of-the-art
performance on both types of documents can be
achieved by a model fine-tuned simultaneously on
written and oral history.

MalachNER is published under a closed license
for academic usage on LINDAT2. The source code
of the NER experiments is available on GitHub3,
and the best model produced by these experiments
is available on Hugging Face4 under the MIT li-
cense. The annotation guidelines are included in
the dataset repository and additionally mirrored5

for open access.

2. Related Work

The most notable multilingual NER dataset specific
to Holocaust testimony is EHRI-NER (Dermentzi
and Scheithauer, 2024). The documents in this
dataset have been repurposed from the EHRI On-
line Editions6, which consist of digitized written
documents that were not originally annotated for

2http://hdl.handle.net/20.500.12800/
1-6129

3https://github.com/chbridges/malach-n
er

4https://huggingface.co/ufal/xlm-rober
ta-ehri-malach-ner

5https://ufallab.ms.mff.cuni.cz/~bruck
ner/htres2026/

6https://www.ehri-project.eu/ehri-onl
ine-editions/
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Source Type Example
Mlynář (2016) pause This was my first sibling. {{....}} You want to continue about my siblings?

uncertain word Ah... it was in in {{Kazinci}} street...
background noise My fathers name was {{Video stops for a moment}}, mother was Regina...

VHA incomprehensible We called them [NON-ENGLISH].
long pause And [PAUSES FOR 3 SECONDS] they went to Sweden.
short pause An ex– a– a– a Pole, a Christian Pole came back from the United States.
uncertain word I had [? otherwise ?] impression that the relationship was good.

FU Berlin incomprehensible Now, I think that living in this_. We still went to school.
pauses, comments (-) And so, (–) in 1944, uh, winter 43 [1943] my mother became very ill.
video description <end of tape 1>

Table 1: Examples of noise appearing in different transcripts.

NER, but for Entity Linking. As such, the EHRI-
NER also tags generic non-named entities such
as "barracks" or "family", given that these entities
can be disambiguated within the context of the
document they appear in. EHRI-NER extends the
common tags Person, Organization, and Location,
with the domain-specific tags Ghetto, Camp, and
Date. Anuradha Nanomi Arachchige et al. (2023)
proposed an iterative hybrid annotation approach
for the annotation of Holocaust-specific name enti-
ties in digitized English-only Holocaust testimonies
using a granular domain-specific entity type ontol-
ogy, including specific tags such as Warships and
Rivers. Ehrmann et al. (2023) point out the arising
challenges in historical documents, including differ-
ent types of noise introduced by digitized written
documents and transcribed speech, as well as his-
torical language and entities not accounted for by
language models trained on modern text.

3. Dataset Description

3.1. Data Source and Collection
3.1.1. Testimony archives

Most of the testimonies appearing in MalachNER
originate from the Visual History Archive (VHA) and
have been manually transcribed and published ei-
ther by the USC Shoah Foundation itself or by Freie
Universität Berlin within the "Zeugen der Shoah"
project7. Ten languages have been chosen based
on the availability of domain experts who speak
these languages.

The transcripts taken directly from the VHA in-
clude interviews with Mark Verstandig (English,
longest VHA interview), Walter Guttmann (Dutch),
Ruth Felix (Czech), and Halina Elczewska (Polish).
The transcripts sourced from FU Berlin include inter-
views with Simon Wiesenthal (German, exceptional
relevance), Lajos Erdélyi (Hungarian), Softic Sadru-
dina Gavrankapetanovic (Croatian), and Branislav
Ackovic (Serbian). Additionally, the longest tran-
scribed Danish interview, with Rosalin Christensen,

7https://transcripts.vha.fu-berlin.de

has been provided by Mlynář (2016). Most of these
testimonies have been selected by a domain expert
according to different factors such as the length,
relevance to the domain, and the density of named
entities. For Croatian and Serbian, no other manual
transcripts are available.

Three additional short interviews in Czech, with
Karel Blahouš, Maria Kotrbáčková, and Drahomíra
Blosgebrová, have been obtained from the United
States Holocaust Memorial Museum (USHMM)8

to match the proportion of Czech with the other
languages and increase the variety of speakers.
A Slovak interview with Rozália Guttmannová has
been provided by the Milan Šimečka Foundation9.

The dataset contains the transcription of 13 testi-
monies of approximately 37 hours of speech in to-
tal. Each testimony is split into "tapes", where each
tape covers approximately 30 minutes of speech.
Except for the significantly longer English and Ger-
man interviews and the slightly smaller Croatian
and Serbian data, the languages are proportional
in terms of tokens.

3.1.2. Preprocessing

The transcripts mentioned in Section 3.1.1 have
varying degrees of noise. The Slovak transcript has
been carefully curated by the Milan Šimečka Foun-
dation and does not, in fact, feature any speech
artifacts or in-line annotations, and interruptions or
inquiries by the interviewer are scarce. The Czech
interviews from USHMM are more conversational,
but speech artifacts in their transcripts are limited.

The remaining interviews, on the other hand,
have been transcribed in much more detail, repro-
ducing the original speech more faithfully, annotat-
ing pauses, and containing markers for incompre-
hensible utterances or background noise, as well
as comments. Similar to language-dependent filler
words, in-line annotations can switch languages
and contain typos. This is particularly extreme in
the FU Berlin transcripts, where not all noise can be

8https://collections.ushmm.org
9https://nadaciamilanasimecku.sk
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removed safely. A comprehensive list of noise ex-
amples is given in Table 1. Generally, all noise that
can be removed safely has been removed or sub-
stituted with simple regular expressions. However,
sufficient speech artifacts, such as filler words and
repetitions, remain in the text to reproduce speech
more accurately and make the task significantly
more challenging than EHRI-NER (Dermentzi and
Scheithauer, 2024), which is primarily based on
digitized written testimony and protocols.

3.2. Annotation Guidelines
After preprocessing, domain experts have an-
notated the testimony transcripts in LabelStudio
(Tkachenko et al., 2020-2022) with a combination of
the general-domain entity types defined by CoNLL-
2003 (Tjong Kim Sang and De Meulder, 2003)
and additional domain-specific entity types defined
by EHRI-NER (Dermentzi and Scheithauer, 2024).
The resulting dataset contains the following types:

• PER (Person) Names of identifiable individu-
als and families, not including titles.
E.g., Dr György Neuhauser, Führer, Novákovi
(family), Petrův ("Petr’s", possessive adjective)

• ORG (Organization) Named groups, institu-
tions, or firms.
E.g., SS, Nazis, Czechoslovak Army, Germans

• LOC (Location) Geographic locations, includ-
ing states, cities, names of temples, syna-
gogues, and rivers.
E.g., Vienna, Kazinczy Street, Danube, Austro-
Hungarian Empire

• CAMP Nazi Camps (e.g., concentration
camps, extermination camps, transit camps).
Used as a more specific subtype of LOC.
E.g., Birkenau, Auschwitz, Theresienstadt fam-
ily camp (section of Auschwitz II-Birkenau)

• GHETTO Jewish Ghettos. Used as a more
specific subtype of LOC.
E.g., Theresienstadt, Budapest (if referring to
one of the ghettos in the city)

• DATE Calendar dates and years mentioned
in the text. Does not include underspecified
times such as "February" or "Monday".
E.g., 11th February 1940, 13.4.44, ’42

• MISC Entities that cannot be assigned to any
other tag, such as historical events, ethnicities,
religious groups, ideologies, or languages.
E.g., Reichspogromnacht, Mein Kampf, Ger-
mans, Jewish, Holocaust, Zyklon B

Additionally, a TERM category for Holocaust-
specific terminology such as "gas chambers" has
been defined. This category has not been used for
annotations, but helped annotators disambiguate
between MISC entities and generic terms that do
not refer to specific named entities. The EHRI vo-
cabularies10 have been used as a help to disam-
biguate LOC, CAMP, and GHETTO.

The annotation guidelines are largely based on
guidelines composed for NER and Entity Linking an-
notations of testimonies from the Wiener Holocaust
Library and the Hungarian Jewish Museum and
Archives11 (see Dermentzi and Scheithauer, 2024),
but have been adapted to exclusively NER and ac-
tively expanded in collaboration with the annotators
to resolve as many ambiguities as possible.

3.3. Dataset Statistics
10/23 English and 4/7 Czech tapes have been an-
notated by additional annotators. As suggested by
recent literature (Mayhew et al., 2024), we measure
the inter-annotator agreement by computing the
F1 scores of annotated spans using the seqeval
framework (Nakayama, 2018). Czech has a high
overall agreement of 95%, with perfect agreement
on Person and Ghetto entities. The agreement on
English is lower (81%), since the additional annota-
tor processed the documents when the guidelines
were still in an early state and many ambiguities
were unresolved. In particular, the lowest agree-
ments on ORG (68%) and MISC (78%) stem from
the ambiguity of terms such as "Germans", which
can refer to the German military or ethnicity.

The produced dataset has been tokenized with
UDPipe (Straka, 2018), since by default, LabelStu-
dio tokenizes the documents in a non-standard way,
without splitting punctuation marks from words and
thus tagging them as parts of entity spans. Ta-
ble 2 shows the distribution of tokens and entities
for each language. MalachNER is slightly smaller
than EHRI-NER and has a smaller entity density
stemming from the noise present in the speech
transcripts. The distribution of entity types is simi-
lar, although MalachNER has fewer tagged dates
and a significant lack of ghettos, as they are rarely
mentioned by name. This discrepancy is possibly
due to the fact that in EHRI-NER, also non-named
entities are tagged. Secondly, different geographi-
cally conditioned trajectories of the Holocaust might
have this effect.

The annotated dataset is split into training and
test splits for each language. These splits have not

10https://portal.ehri-project.eu/vocabu
laries

11https://www.ehri-project.eu/call-for
-applications-unlocking-holocaust-testi
mony-ehri-clarin-datathon-workshop/
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Language Tokens PER ORG LOC CAMP GHETTO DATE MISC Total
Croatian 17,405 137 60 211 0 3 62 171 644
Czech 27,751 235 50 263 18 18 44 306 934
Danish 26,434 24 83 113 102 7 27 159 515
Dutch 23,369 157 119 338 80 2 114 188 1,028
English 96,279 621 381 879 12 0 170 1,230 3,293
German 75,132 558 342 638 123 0 169 695 2,525
Hungarian 25,402 205 58 311 27 0 70 327 998
Polish 23,403 187 76 93 23 15 27 57 478
Serbian 15,615 53 47 124 3 0 26 44 297
Slovak 24,710 110 105 152 87 3 66 241 764
Total 355,500 2,287 1,321 3,122 475 48 805 3,418 11,476

Table 2: The number of tokens and annotated entities per language. The last column denotes the total
number of entities.

been sampled randomly: First mentions of camps
and ghettos commonly appear in the second or
third tape of a testimony. Thus, every fifth tape,
starting with tape 2, serves as test data, resulting
in test ratios between 20% and 30% per language.
For instance, from an interview with 23 available
tapes, tapes 2, 6, 11, 16, and 21 are selected as
the test split, resulting in a 22% test ratio.

4. Baseline Experiments

4.1. Experimental Setup
Two architectures are considered as baseline mod-
els: XLM-RoBERTa-large (Conneau et al., 2020)
and XLM-RoBERTa-ehri-ner-all12, which is
XLM-RoBERTa-large fine-tuned on the EHRI-
NER dataset (Dermentzi and Scheithauer, 2024).
The models are evaluated in two experiments:

1. XLM-RoBERTa-ehri-ner-all is evaluated
on the EHRI-NER and MalachNER test sets.
Then, it fine-tuned further on the MalachNER
training set, and re-evaluated on both test sets.

2. XLM-RoBERTa-large is fine-tuned from
scratch on the training splits of EHRI-NER,
MalachNER, and on both datasets at once.
Each time, it is evaluated on the test splits of
both datasets.

3. The best model fine-tuned on both datasets is
further evaluated on each individual language
in both datasets.

Hyperparameters are the same as those used
by Dermentzi and Scheithauer (2024): Models are
trained for 3 epochs using a learning rate of 3e-5
with weight decay at 0.01 and a batch size of 16.
In addition to a seed of 42, the training is repeated
with seeds 0 and 1234 to report 95% confidence in-
tervals of the mean F1 scores. When fine-tuning on

12https://huggingface.co/ehri-ner/xlm-r
oberta-large-ehri-ner-all

MalachNER, 20% of the sentences in the training
set are sampled with a fixed seed of 42 to create
a held-out development set. When evaluating on
EHRI-NER, the predictions of the additional MISC
entity type are removed.

4.2. Results

For the first two experiments, the 95% confidence
intervals of tag-wise and overall F1 scores are
reported in Table 3. The F1 scores of the per-
language evaluation of the best model are reported
in Table 4. The different nature of the two datasets
becomes obvious in Table 3: Models trained only
on EHRI-NER perform badly on the speech tran-
scripts of MalachNER, whereas models trained
only on MalachNER perform badly on EHRI-NER.
While the continued fine-tuning of XLM-RoBERTa-
large-ehri-ner on MalachNER leads to the
best models on MalachNER, in particular for the
recognition of ghettos, the F1 scores on EHRI-NER
drop significantly, indicating the forgetting of earlier
learned concepts.

The best possible solution to handle written and
oral testimony at once is to combine both datasets
and sample from both during fine-tuning: The re-
sulting models achieve F1 scores comparable with
the best models fine-tuned only on one dataset for
all entity types except for organizations and, in the
case of MalachNER, ghettos. However, the confi-
dence intervals suggest that the improvements are
not significant in most cases. The lower score for
organizations can be explained by the ambiguity
with non-organizational groups of people, such as
ethnicities and religious groups, which are covered
by the added MISC type in MalachNER.

In addition to ORG, the GHETTO tag stands out
in the MalachNER experiments with low F1 scores
and high variance. Here, the results benefit more
from fine-tuning on the EHRI-NER training set than
on the MalachNER training set. This can be ex-
plained by the lack of ghettos mentioned by name
in the sourced testimonies, which was also shown
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XLM-R-large-ehri-ner XLM-RoBERTa-large
Frozen Fine-tunedM Fine-tunedE Fine-tunedM Fine-tunedEM

EHRI-NER

PER 87.00 82.00 ± 0.00 86.00 ± 2.48 74.33 ± 1.43 86.67 ± 1.43
ORG 63.00 41.33 ± 5.17 65.33 ± 1.43 33.67 ± 1.43 62.33 ± 1.43
LOC 82.00 67.67 ± 1.43 82.00 ± 2.48 59.67 ± 3.79 82.00 ± 2.48
CAMP 70.00 62.33 ± 3.79 73.33 ± 1.43 41.00 ± 13.14 72.00 ± 4.30
GHETTO 80.00 77.67 ± 2.87 84.33 ± 2.87 76.00 ± 17.39 85.00 ± 2.48
DATE 84.00 66.67 ± 14.34 86.67 ± 1.43 49.67 ± 23.61 81.33 ± 5.17
Overall 81.00 67.67 ± 3.79 82.00 ± 0.00 58.00 ± 4.97 81.00 ± 2.48

MalachNER

PER 79.00 90.67 ± 1.43 83.00 ± 2.48 90.67 ± 1.43 90.67 ± 1.43
ORG 29.00 72.67 ± 5.17 25.00 ± 2.48 72.33 ± 5.17 70.00 ± 4.30
LOC 71.00 90.00 ± 0.00 66.67 ± 2.87 89.67 ± 1.43 89.00 ± 0.00
CAMP 66.00 74.00 ± 2.48 69.33 ± 14.56 75.33 ± 7.17 77.67 ± 6.25
GHETTO 67.00 67.00 ± 23.96 71.00 ± 6.57 55.67 ± 1.43 68.00 ± 0.00
DATE 50.00 83.67 ± 7.99 53.33 ± 5.17 81.33 ± 6.25 84.33 ± 3.79
MISC – – – 84.67 ± 1.43 83.00 ± 0.00
Overall 66.00 85.67 ± 1.43 64.33 ± 1.43 84.67 ± 1.43 84.33 ± 1.43

Table 3: Mean F1 scores and 95% confidence intervals of different models fine-tuned and evaluated
three times on EHRI-NER and MalachNER. The subscripts E and M denote fine-tuning on EHRI-NER
and MalachNER, respectively, whereas EM denotes that the model samples from both datasets during
fine-tuning. Note that the column Fine-tunedE reproduces the frozen XLM-RoBERTa-large-ehri-ner
model with different initial seeds. Best and worst results of the newly fine-tuned models are marked.

Test Split PER ORG LOC CAMP GHETTO DATE MISC Overall Support

EHRI-NER

cs 0.93 0.43 0.81 0.72 0.87 0.89 – 0.82 536
de 0.85 0.61 0.82 0.79 0.87 0.80 – 0.80 802
en – – 1.00 – – – 0.00 0.67 1
fr – – 1.00 – – – – 1.00 1
hu 0.94 0.67 0.71 0.79 – 0.82 0.00 0.75 79
nl 1.00 0.89 1.00 – – – – – 9
pl 0.84 0.80 0.79 0.73 0.67 0.62 – 0.77 117
sk 1.00 1.00 0.95 – – – – 0.97 17
yi 0.73 0.47 0.77 0.19 0.33 0.00 – 0.71 217

MalachNER

cs 0.87 0.82 0.64 0.96 1.00 0.77 0.92 0.86 287
da 0.86 0.43 0.90 0.90 0.00 0.88 0.66 0.74 186
de 0.93 0.72 0.87 0.76 – 0.82 0.79 0.83 554
en 0.92 0.67 0.97 0.00 – 0.97 0.91 0.91 716
hr 0.94 1.00 1.00 – 1.00 0.75 0.81 0.87 76
hu 0.95 0.82 0.95 1.00 – 0.80 0.78 0.85 134
nl 0.93 0.82 0.85 0.63 0.00 0.76 0.65 0.80 288
pl 0.85 0.60 0.65 – 0.57 0.60 0.20 0.65 90
sk 1.00 0.98 0.81 0.70 1.00 0.92 0.88 0.89 231
sr 0.82 0.36 0.96 0.00 – – 0.74 0.81 71

Table 4: F1 scores of the best NER model for all languages in both datasets. The last column shows the
total number of annotated entities in the test split. Note that the published EHRI-NER test splits are not
representative for all languages. Scores of 0.00 in italics indicate that the model predicted an entity type
not present in the test split, which is generally the case for the MISC type in EHRI-NER. In all other cases
where the score is 0.00, the test split contains only up to 3 instances of the corresponding entity type.

by Dermentzi and Scheithauer (2024) in the EHRI-
NER dataset. As can be seen in Table 4, most of
the test data lacks this entity type. Special attention
should be given to this tag during model selection,
and this problem can likely only be solved with
additional data containing more annotated named
ghettos. The surprisingly low scores for Polish in
MalachNER indicate inconsistencies in the anno-
tations either within MalachNER or with the Polish
EHRI-NER data.

5. Conclusions

We presented MalachNER, a new Named Entity
Recognition dataset based on transcribed oral tes-
timonies in 10 languages. Expanding on entity on-
tologies defined by previous NER datasets, we com-
piled comprehensive domain-specific annotation
guidelines and processed approximately 37 hours
of speech with the help of domain experts. Baseline
experiments show that MalachNER is complemen-
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tary to existing datasets, and a model fine-tuned si-
multaneously on written and oral history can bridge
the gap between these types of documents, achiev-
ing comparable state-of-the-art results on both de-
spite the added challenge of noise.

On the other hand, NE-annotated Holocaust-
related language resources are still scarce, which
is reflected in the models’ performance in tagging
organizations and ghettos. This can be tackled in
the future by acquiring more annotated data, but
also by fine-tuning models that were pre-trained
on large amounts of unannotated domain-specific
data (Brückner et al., 2026). Furthermore, noise
removal techniques can be explored to improve the
data quality.

The MalachNER dataset, its annotation guide-
lines, experimental code, and the best model re-
sulting from the experiments are published and can
be accessed via the hyperlinks found in the intro-
duction.

6. Limitations

While aiming to cover as many languages as pos-
sible, the number of languages has been limited
by the number of available speakers of these lan-
guages. As a result, only one of the ten languages
is represented by more than one speaker and thus
exhibits more variance in speech. Furthermore,
the amount of text per language has been limited
by the availability of manual transcripts, as well
as the time budget of the annotators, leading to a
language imbalance in the created dataset. Due
to licensing, the data is published under a closed
license.
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Abstract
Video interviews with Holocaust survivors and witnesses comprise, to date, the most globally distributed and
comprehensive oral history documentation. As survivors among us disappear, these sources are increasingly
important to understand the impact of the Holocaust and mechanisms to overcome the trauma experienced. While
historians often rely on written transcripts, these omit emotional nuances conveyed through audiovisual cues such as
facial expressions, pauses, and eye movements. This article outlines the resources, data-preparation steps, and
analytical methods used during a 10-day Digital Humanities Hackathon project to examine emotions in Holocaust
testimonies, incorporating video, audio, and text. The group aimed to determine whether audiovisual signals offer
meaningful emotional or sentimental information beyond transcripts. To achieve this, the group worked with a sample
of 10 interviews facilitated by the US Holocaust Memorial Museum (USHMM); which were separated into video, audio,
and textual components for machine processing and realigned side-by-side for analysis. This resulting “cookbook”
lays out a workflow, resources, and practical entry points for preparing oral history interviews for multimodal emotion
and sentiment annotation, or to aid the detection of emotionally significant moments for deeper examination.

Keywords: Holocaust, Oral History interviews, Multimodal analysis, Emotion analysis

1. Background

Testimonies are a crucial source for understanding
the Holocaust, providing first-hand accounts and
personal narratives from survivors and witnesses.
These narratives offer insight into individual expe-
riences; however, much of the existing analysis
has focused primarily on the accounts of events
from these testimonies (Waxman, 2012). In order
to leverage the large amounts of oral testimony
in diverse oral history archives, machine learning
(ML) methods based on transcripts have proven
accurate in identifying topics (Ifergan et al., 2024),
named entities, such as places or events (Anu-
radha Nanomi Arachchige et al., 2023), or relation-
ships in Holocaust and other oral history testimony
(Anuradha et al., 2023; Laato et al., 2025). Our
approach is inspired by the turn in historical re-
search that considers emotion as an important lens
to examine past phenomena that helps bridge the
gap between personal and collective; and between
experience and expression (Eustace et al., 2012).
While emotional expressions within these accounts
have been explored through qualitative methods, a
large-scale approach to emotion with oral testimony
on the Holocaust has been minimal and only has
aimed to improve Automatic Speech Recognition
(ASR) methods (Bukreeva et al., 2023).

The main goal of this paper is to improve the pre-
conditions for a more holistic emotional analysis of
Holocaust testimony at scale, by laying out the pro-
cesses involved in tackling multimodal information
contained in interviews. After a detailed descrip-
tion of the data used, firstly, we present a workflow

for splitting the interview into three components
making each signal (transcript, audio and video) fit
for machine-processing while interoperable to be
analysed side-by-side (section 3). Secondly, we
show what insights about emotion and sentiment
can be exacted with aid of digital methods from the
video and audio in addition to the transcript analysis
(section 4); Finally, in sections 4 and 5 we discuss
limitations of computational models and vistas for
developing ASR and computer vision to support
this approach.

2. Hackathon setting and data used

The setting of this project was an academic
Hackathon in the space of 10 days in Spring 2025
at the University of Helsinki. The group formed by
nine MA students from language studies, history,
data and computer science and four instructors 1

gained access to a sample of 100 testimonies of
Holocaust survivors and witnesses from the United
States Holocaust Memorial Museum 2. The data se-
lection was done by researchers from the CLARIN
Network 3 specialists in corpus linguistics. The
dataset was balanced in terms of gender, distribu-
tion of witnesses and survivors; and one particular
criteria was its language diversity, including 30 in-
terviews in Czech, 23 in Polish, 20 in English, 15
in Dutch and 12 in French (Anuradha et al., 2026).

Although the dataset was not created attending to

1seeacknowledgements
2https://www.ushmm.org/
3https://www.clarin.eu/
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their emotional content, highly emotional moments
were identified by all students in preparation for the
Hackathon. This consisted in viewing at least two
interviews and suggesting topics to explore. Early
on and after consulting with oral history experts
among the instructors, the emotional content and
heterogenous expressiveness of interviewees were
the most remarkable for students and became the
target of our project.

While emotional content could be found in any in-
terview, we soon remarked that ways of expressing
and verbalizing emotions were highly dependent
on the individual rather than being defined by gen-
der, language spoken, or type of testimony. This
allowed some freedom when sampling this huge
dataset. A final selection of 10 videos was done
(see table 1) with the main requirement that they
contained full-transcripts and videos. Additionally,
these interviews lasted approximately one hour,
because video models took substantial time in pro-
cessing the material. Balance in gender was main-
tained and the language diversity was respected in
selecting an equal number of interviews in English
and Polish, as the group included native speakers
of both languages to ensure verification of results.
A witness bias (7 of the 10) is due to survivor testi-
monies being in average longer, but for the purpose
of this study, this had not much impact, as both long
and short interviews could contain strong emotional
content, and each individual is unique in expressing
or containing their emotions.

No. Type Born Lang. Gender
1 Survivor 1933, Germany EN Female
2 Witness 1915, Unknown EN Male
3 Survivor 1934, today Czech Rep. EN Female
4 Survivor 1929, Poland EN Male
5 Witness Unknown, United States EN Male
6 Witness 1915, today Ukraine PL Male
7 Witness 1917, Poland PL Female
8 Witness 1914, Poland PL Female
9 Witness 1931, Poland PL Female

10 Witness 1917, Poland PL Male

Note: EN = English, PL = Polish

Table 1: Subset of interviews used in the hackathon

3. Workflow

In this section we explain the steps taken to extract
the three signals from the interviews in independent
layers, and the processes to transform these into
machine-readable formats and applying models
and results. In doing this, dependencies emerged
and some of these processes were done concomi-
tantly, hence while an illustration of the workflow
and dependencies is shown in Figure 1 (next page),
for clarity we describe them separately.

In addition to more established sentiment and
Emotion analysis applied to text (transcripts), par-
alinguistic features such as speech patterns, si-
lences, changes in voice, hesitations, or gestures,
provide cues for emotional intensity and variation
in oral history interviews. To account for gran-
ularity for these features we choose to test spe-
cialised models which prioritized accuracy and in-
put data type over generalisable output produced
using LLMs. Adopting this approach also shed light
on the pitfalls of the current state of the art models,
which are discussed in section 5.

It is also important to note that a full analyti-
cal pipeline should aim to model the entire spec-
trum of paralinguistic features central to oral testi-
monies; however, given the setting and time con-
straints associated to a Hackathon project, model-
ing these features turned out to be infeasible. While
it was possible to successfully detect silences and
perform diarization to ensure coherent audio ut-
terances and corresponding text transcripts, the
pipeline had to rely on computational models which
captured these features in hidden layers (for ex-
ample, using the Wav2vec 2.0 model based on
(Wagner et al., 2023) for valence and arousal de-
tection), instead of an analysis catered towards the
paralinguistic features, which would have added
further nuance to the results from the modalities.

3.1. Text
The original 100 piece dataset included heteroge-
neous text material in addition to the video record-
ings. These could be transcriptions in PDF for-
mat in their original language, a few had addi-
tional translations in English, and some had sum-
maries instead of transcripts. This heterogeneity
posed several technical challenges: transcripts
were stored in non-machine-readable formats, var-
ied greatly in structure, language, and complete-
ness, and some interviews lacked transcripts en-
tirely. Since the interviews were conducted in dif-
ferent languages, this required language-specific
processing pipelines and models.

Existing PDF transcripts were first converted into
plain TXT files to enable natural language process-
ing. Due to inconsistent formatting, automatic meth-
ods were insufficient to reliably identify speakers or
dialogue turns. Therefore, the text was automati-
cally segmented into utterances, defined as unin-
terrupted sequences of speech by a single speaker.
Assigning each utterance to a speaker (interviewer
or interviewee) required manual annotation. Finally,
the annotated transcripts were converted into struc-
tured JSON files. Each JSON object corresponded
to a single utterance and included metadata such
as speaker identification and interview ID, making
the data directly compatible with machine learning
models.
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Figure 1: Proposed workflow for multimodal emotion analysis of oral history interviews

For interviews without transcripts, automated
speech-to-text transcription was tested. A Whisper-
based large language model fine-tuned for French
speech recognition was used and produced ac-
ceptable transcription quality for French interviews,
although manual correction and annotation were
still required. In contrast, automated transcription
for Polish interviews yielded poor results. This con-
tributed to the decision to adjust the dataset, ulti-
mately relying exclusively on existing Polish and
English transcripts, annotated as described above.

All sentiment, emotion, and affective analyses
were performed using transformer-based language
models, which represent the current standard in
natural language processing. Transformers model
contextual relationships between all tokens in a text
using self-attention mechanisms, enabling them
to capture nuanced semantic and emotional infor-
mation beyond keyword-based approaches. The
models used in this workflow were retrieved via the
Hugging Face platform.

Sentiment analysis aimed to classify text seg-
ments according to their overall polarity (posi-
tive, negative, or neutral). Transformer-based
sentiment models derived sentiment from contex-
tual embeddings, making them robust to linguis-
tic phenomena such as negation. For English
data, the RoBERTa-based model cardiffnlp/twitter-
roberta-base-sentiment4 was used, which output
predictions for positive, neutral, and negative sen-
timent. For Polish data, the GPT-2–based model
nie3e/sentiment-polish-gpt2-large5 was applied. In
addition to positive, negative, and neutral labels,
this model output an “ambiguous” category, which
was excluded from further analysis to avoid uncer-
tain classifications.

The Emotion analysis expanded sentiment analy-
sis by identifying specific emotional categories. For
English transcripts, the model j-hartmann/emotion-
english-roberta-large6 was used, targeting seven

4https://huggingface.co/cardiffnlp/
twitter-roberta-base-sentiment

5https://huggingface.co/nie3e/
sentiment-polish-gpt2-large

6https://huggingface.co/j-hartmann/
emotion-english-roberta-large

emotions (anger, disgust, fear, joy, neutral, sad-
ness, and surprise). For Polish data, the model
hplisiecki/polemo_intensity7 was applied, which
predicted intensity scores for six emotions (hap-
piness, sadness, anger, disgust, fear and pride)
but lacked a neutral label. These models output
continuous scores rather than single categorical
labels.

In addition to categorical emotions, affective
states were modelled along the continuous dimen-
sions of valence and arousal. For English data, va-
lence was estimated using the transformer-based
model chrlukas/stories-emotion-c08. For Polish
data, the emotion detection model also provided va-
lence and arousal estimates. Since model outputs
differed in scale, all valence scores were linearly
transformed to a standardized range between −1
and 1 to ensure comparability.

3.2. Audio
The task of analyzing the interviewees’ speech to
track emotional changes over time involved fur-
ther pre-processing. This required segmenting the
speech into coherent parts that contained relevant
information about the emotions portrayed in the
speech. The pre-processing had to take into consid-
eration the current speaker, the flow of the speech
and possibly the topics handled.

In natural speech, emotional states are dynamic,
i.e., they fluctuate over time. This is important to
note when looking at oral testimonies due to their
long duration. When survivors or witnesses recall
distinct events, their emotional expression varies
across different segments. To capture these nu-
ances, it was necessary to split the continuous
audio into coherent segments. Following this, we
segmented the speech into utterances, defined
as uninterrupted chains of speech that follow the
speaker’s natural flow. This ensures input for the
emotion detection models remaining contextually
consistent.

7https://doi.org/10.1007/
s11135-025-02116-8

8https://huggingface.co/chrlukas/
stories-emotion-c0
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Furthermore, we were only interested in the in-
terviewee’s emotions, so we didn’t need to predict
the interviewer’s emotional expression. This was
possible through diarization, which was done using
the powerset multi-class segmentation code avail-
able in the open-source pyannote.audio9 library to
detect the timestamps when the speaker changes
in an audio file (Plaquet and Bredin, 2023; Bredin,
2023).

To find the optimal way to split the audio into
utterances, we had to select what level of intensity
is the cut-off point for a “silence”. Some interviews
had very long periods of silence that we had to
investigate by listening to the recording, while in
others, the silence was a part of the natural flow
and added value. Some interviews also contained
quiet periods where the interview team changed
the recording tape, but it could have been possible
that some silent periods were marked erroneously.
The silences were detected based on Rudolfbyker’s
code to split wav10 files by silence which takes into
account how quiet must the audio be, as well as,
for how long must the silence last before noting the
cut.

It is also important to note that during diarization,
numerous splits were created, which were partly
caused by the various non-speaking voices and
noises in the interviews. However, given the rich
pre-existing transcripts with timestamps and the au-
dio outputs from whisper with timestamps, we were
able to overlay the silences detected with the near-
est gap in the audio and get utterances that were
coherent to the natural speech flow, and aligned
with the transcriptions.

The output of the diarization was used together
with the utterances to generate the relevant audio
files for input in the emotion modeling. Since finally
a subset of 10 interviews was selected for quali-
tative interpretation, all audio and text utterances
were checked and corrected manually. The man-
ual check served as an informal verification of the
utterances and was performed by two researchers
at the hackathon by cross referencing the auto-
mated speaker turns and utterances against the
original recordings and generated text transcripts.
In the few instances where the diarization failed
to detect the transition or, if an utterance could be
split again, the timestamps and transcript breaks
were adjusted manually to ensure perfect align-
ment. Given the sample size, this manual process
was feasible; however, for larger sample sizes in
the future, Human-LLM assisted verification could
be used.

The emotion modeling for audio was accom-

9https://github.com/pyannote/
pyannote-audio

10https://gist.github.com/rudolfbyker/
8fc0d99ecadad0204813d97fee2c6c06

plished with large pre-trained models, mainly pro-
vided by the Hugging Face model library. For
speech emotion recognition (SER) modeling, we
used the Wav2vec 2.0 model as implemented and
evaluated by Wagner et al. (Wagner et al., 2023).
Wav2vec 2.0 is a neural network model relying
heavily on transformer architectures with 12 trans-
former layers. For our analysis, we decided to use
the wav2vec model for both English and Polish inter-
views as the authors of the paper claim the validity
of the model for languages other than English. This
also kept our results invariant to possible bias in-
troduced by using different models for English and
Polish. Training a specific model for Polish analy-
sis was attempted but we observed there to be a
lack of labeled Polish data for valence and arousal
detection from audio, effectively making the task
infeasible given the project’s time constraints.

3.3. Visual
The video analysis task was to determine the emo-
tions expressed by the survivors and witnesses
based on their facial expressions. Rather than
replacing traditional text analysis, this visual ap-
proach serves as a tool to identify specific ’emo-
tional spikes’ that call for deeper qualitative inves-
tigation by the researcher. We do not argue for
automating the process of understanding oral testi-
monies, rather to facilitate the researchers to gain
insights into potential emotional moments.

In the video analysis pipeline, the videos were
analysed frame by frame and not by segmenting
them into utterances. While it was necessary for
the text and audio inputs to be split into utterances
to maintain contextual consistency, facial expres-
sion analysis benefited from the higher granularity
provided by the individual frames in the video. This
is because, firstly, emotions change within seconds;
we are interested in these changes or spikes, which
would otherwise be lost if averaged across an ut-
terance. Secondly, most model input requirements
detect the emotional state based on a single snap-
shot (i.e., one frame), unlike the text and audio
models which require a temporal contextual win-
dow. Finally, emotional facial expressions do not
necessarily stop when the speaker stops talking.
This approach therefore, allows the detection of
emotional shifts that may occur across utterances,
within a single utterance or during periods of si-
lence.

To process the videos, a first challenge was that
they had different frame-per-second rates (30-40
FPS), while it would have been more accurate to ex-
tract one per second, we extracted one frame every
100th, which is equivalent to having one snapshot
every 2.5-3.3 seconds. In a more dynamic type
of video a tighter extraction rate would be advised,
however in these videos the interviewee is conven-
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tionally situated at the centre of the frame and is
recorded from a fixed angle. The Emonet 11 emo-
tional detection model, was applied to identify the
emotions expressed, and to quantify valence (de-
gree of positivity or negativity) and arousal (level
of emotional intensity or excitement). Emonet is a
convolutional neural network (CNN) optimized for
estimating valence and arousal levels from faces
in naturalistic conditions (Toisoul et al., 2021). The
model claims to estimate the valence and arousal
in a given image with a small margin of error. The
model was run on all the extracted frames of the
selected interviews to generate frame level predic-
tions for categorical emotion labels (e.g., happy,
excited, anger, fear etc.) and valence and arousal
scores. In order to maintain feasible processing
times, these processes were assisted using a High
Performance Computing environment.

To aim at a correct identification of key moments
based on the emotion expression of the intervie-
wees, it was important to minimize instances where
the interviewer’s faces might have been captured.
While the camera was focused on the interviewee
for the majority of the interview, we included only
those frames that detected one face. However, it is
still possible that there could be some noise in the
dataset that detected the interviewer rather than
the interviewee. This resulting dataset contains the
emotional trajectory of the testimonies based on
the videos. Differences in emotional display across
gender and survivor/witness testimonies were anal-
ysed using R 12. By identifying frames with high
emotional expression, we can identify specific nar-
ratives in the testimony where the visual data pro-
vides an unique layer of context, complementing
the text and audio workflows.

4. Excerpts from the Analysis

To illustrate the main results from the emotion anal-
ysis, we extract in this section key moments of two
interviews from our dataset (Anuradha et al., 2026).
These moments show agreement between two sig-
nals (Figure 2) and disagreement (Figure 3) . For
layout purposes, the figures are displayed in the
following page.

First we highlight an excerpt of the testimony
given by Judith Balassa Zucker, born circa 1934 in
Czechoslovakia (Figure 2 ) 13. Zucker survived the
Holocaust in her hometown of Krupina, hiding in the
mountains with her family and other Jews towards
the end of World War II. In the moment shown she
recalls the arrival of German soldiers in later stages

11https://github.com/face-analysis/
emonet

12https://www.r-project.org/
13https://collections.ushmm.org/search/

catalog/irn511823

of the war. The emotional analysis identifies fear,
something that a human reader could agree with
and would most likely tag the same. Incorporating
the emotional analysis overtime for the video, we
see an overall agreement (while the frames give
more frequent results than the longer utterances in
the timeline).

The next excerpt (Figure 3) shows a disagree-
ment between transcript and audiovisual analysis.
A peak was detected by the audio and visual mod-
els, both concern valence that refers to the positivity
of the emotion. In this interview Josefa Anasiewicz,
born in 1914, gives testimony of a mass-shooting
in her village 14. When the head-shot from the mo-
ment we see the peak we see a smile, according to
the transcript, she recalls Jewish Easter holidays
and making bread in the immediacy of sad mem-
ories about a fire in her house. While the smile
validates the result, neither the sentiment or emo-
tional analysis from the transcript identified the fast
emotional change.

5. Limitations of data and models

There were methodological limitations arising from
the data, the hackathon setting and the applied
models. Our goal in acknowledging them in detail is
to signpost vistas for improving other-than-English
and audiovisual models.

Concerning the transcript material was highly
heterogeneous, requiring extensive pre-processing
and manual standardization. Furthermore, some
transformer-based models imposed input length
constraints (approximately 500 tokens), which
made processing the data at the level of individ-
ual utterances necessary. While the selected in-
terviews contained responses short enough to be
analysed without further segmentation, longer re-
sponses would require splitting, potentially frag-
menting semantic and emotional context. While
it was not among our goals to make comparisons,
the use of different language-specific models for
English and Polish sentiment analysis of transcripts
limits direct comparability, as the models differ in
architecture, label sets, and training data. Finally,
as all models were pre-trained and not fine-tuned
on interview-specific data, their predictions may not
fully capture the nuances. This limitation is further
illustrated by the Polish emotion model used in this
study, which was reported by its authors to have suf-
fered from corrupted weights in an earlier version,
leading to largely random predictions. Although this
issue was later corrected, it highlights the broader
risk of relying on pre-trained models whose internal
limitations or instabilities may not be immediately
apparent. If one wishes for comparability across

14https://collections.ushmm.org/search/
catalog/irn507914
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Figure 2: Emotional analysis over time from interview with Judith Zucker (emotion lables for transcript
above, for video below): "About 10 o’clock, we got the news that Germans are coming. It was so cold
[...] that you wouldn’t send a dog out there. The wailing winds, it was unbelievable cold. We hear the
Germans are coming. We got to go. So we go."

Figure 3: Emotional analysis from interview with Josefa Anasiewicz. Above the valence and arousal
peak in the audio and video signals. Below, the emotional analysis based on the transcript, the positive
sentiment is not detected. Translation: "Before the war for Jew [sic] for Jewish holidays, for Easter [sic],
what do I know which one; I used to roll matzoh [bread]. We were poor [...]"
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languages, it would be necessary to build and train
a model of their own.

Concerning the audio workflow, a challenge of
this approach is the limited reliability of the utter-
ances. As an automatic process, the splitting of the
speech might introduce errors. An additional con-
cern remains whether the silences in the speech
(context window around silences, breathing pat-
terns, changes in voice etc.) are meaningful for
analysis. On the other hand, even if the silent
parts of speech contain relevant information about
the emotions portrayed, the modeling we used for
emotion detection would likely lack the capability
for emotion recognition for silent audio. It is also
important to note that the pre-trained models are
mostly trained in English and with samples from
younger adults. This introduces risks of age bias
and unavailability of models relevant to different
languages. Finally, as noted in the workflow, the
diarization and silence detection models were sen-
sitive to the acoustic environment of the interviews.
For example, issues such as tape changes, back-
ground noise, or long, meaningful silences required
manual oversight to ensure that segments were not
erroneously discarded.

During the visual analysis, the primary limita-
tion was the age bias in emotion detection. Pre-
trained facial emotional recognition models, includ-
ing Emonet, are predominantly trained on datasets
of younger individuals. This bias in training data is
especially visible in expressions erroneously clas-
sified as sadness or anger. Regardless of the
speaker’s true emotion, changes in physiological
features such as drooping eyelids and marionette
lines led to these errors. In addition, the envi-
ronment of the video recordings themselves intro-
duce noise; for instance, camera zooms, lighting
changes, changes of video tapes etc., which affect
the model’s ability to map facial landmarks coher-
ently. Similarly, during instances where the inter-
viewer’s face may appear in the frame, the model
will predict emotional labels for the interviewer, re-
quiring data cleaning.

Finally, when looking at the textual, audio and
visual models, which were developed on different
training datasets and architectures, an unbiased
comparison between these modalities is impossi-
ble. In addition, pre-trained models on the English
language performed better when compared to other
languages such as Polish or French, highlighting
the need for improvement in language-specific or
multilingual emotion detection models. It is clear
that there is a need to test and develop multilingual
and multimodal models, specifically fine-tuned for
different use cases, where the training inputs and
requirements more closely match the characteris-
tics of Holocaust testimonies.

6. Conclusion, applications and
vistas for research

An important motivating factor for focusing on emo-
tions considering their verbal and non-verbal ex-
pressions, was tied to a fundamental value of hav-
ing recorded and preserved Holocaust testimony
as full-length video interviews: a great deal of emo-
tional communication occurs in the audiovisual di-
mensions of testimony. The public online catalogue
of USHMM alone contains over 14.000 digitized
recorded interviews, of which less than a tenth in-
clude a transcript. While improvements in ASR,
ML and NLP are enabling to ever more accurately
transform and translate speech-to-text, the anal-
ysis of Holocaust testimony still relies on textual
sources. The main contribution of this recipe book
is to offer a proof of concept for multimodal large-
scale analysis incorporating rich non-verbal emo-
tional information left out of transcripts. Developing
multimodal models, or replicating this in a more
long-term project that allows to fine-tunine those
tried during this project, can help identifying in one
quick glance emotionally charged moments from
long recordings, and down the line generating la-
bels or metadata to enrich transcripts.

Another aim of this project, was to test a mul-
timodal and partly multilingual approach to Holo-
caust Testimony. The time invested in preparation
of data did not allow to produce a reliable study, but
we succeeded in identifying the suitability of models
or cues, such as valence and arousal in video and
audio being valid indicators of emotionally charged
moments. Furthermore we could recognise in mod-
els important flaws, such as the deficiency of audio
models in other-than-English languages, or the bias
of audio and visual models trained with samples
of younger population and interpreting overly nega-
tive facial expressions of ageing population. Hence,
we were able to sign-post vistas to further develop
audio-visual models. This points at a related con-
tribution, the preparation of the used dataset which
contains rich multilingual interviews that with further
refinement can become a benchmark on which ex-
isting or new models could be fine tuned or trained
(Anuradha et al., 2026).

In zooming into in the workflow that we followed,
one last contribution is the itemization of steps that
need to be made in order to prepare non-machine
readable transcripts and audiovisual recordings for
machine-aided analysis. The recipes in this paper
can be guide archives that hold oral history inter-
views and researchers working with audiovisual
material, to turn this rich but heterogeneous data
into machine readable datasets and benchmarks
that allow further development of emotion detection
models in other-than-English and ageing popula-
tions. Finally, we hope this inspires newcomers to
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emotional approaches to Holocaust testimonies or
digital humanities researchers to pay attention to
the rich emotional information contained in audiovi-
sual recordings.
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Abstract
Documents related to the Holocaust increasingly move into the focus of Natural Language Processing research,
including the digitization of written text, the automatic transcription of oral archives, and interpretive downstream
tasks such as Named Entity Recognition. However, most modern language models are trained primarily on modern
text, and thus struggle with historical language, historical entities, and domain-specific terminology. Furthermore,
transcribed speech introduces challenges such as transcription errors, noise, filler words, and dialectal speech
not often contained in textual datasets. We present XLM-RoBERTa-malach, a text encoder domain-adapted to
oral testimonies of Holocaust survivors in seven languages. In addition to descriptions of the data acquisition via
Automatic Speech Recognition, data augmentation via Machine Translation, and the continued pretraining of a
state-of-the-art multilingual transformer, we evaluate the domain-adapted model on the Named Entity Recognition
task. Experiments on this task show superior performance over the general-domain transformer in a multilingual
domain-specific setting, including languages not seen during the domain adaptation.

Keywords: Language Modeling, Domain Adaptation, Holocaust Testimony, Speech Recognition

1. Introduction

With the advent of Transformers, Natural Language
Processing (NLP) has made significant improve-
ments in general-domain and domain-specific set-
tings. However, most language models have been
trained on modern text and do not generalize well
to historical documents, which come with addi-
tional challenges, such as orthographic reforms,
entity drift, noisy inputs, and a lack of resources
(Ehrmann et al., 2023).

While language models domain-adapted to 18th
to 20th century text have been shown to outper-
form general-domain models in the Named Entity
Recognition (NER) downstream task in documents
from the same time period (Schweter et al., 2022),
and NER in Holocaust survivors’ testimonies has
become of interest (Dermentzi and Scheithauer,
2024), no language model adapted specifically to
mid-20th century languages and Holocaust-related
terminology does yet exist. With the increasing
number of digitized documents, such a model be-
comes an interesting candidate to assist with the
processing of large archives, at potentially better
quality than the currently available domain-agnostic
solutions.

An additional challenge introduced in this domain
comes from the fact that many testimonies, espe-
cially in non-English languages, exist only in oral
form, which is very different from written documen-
tation and often requires Automatic Speech Recog-

nition (ASR) technologies to make them accessible
for further processing (Lehečka et al., 2023).

In this paper, we present XLM-RoBERTa-malach,
a multilingual Transformer based on the XLM-
RoBERTa architecture (Conneau et al., 2020),
domain-adapted to Oral Holocaust Testimony. It
is named after the Hebrew word for "angel", or
Multilingual Access to Large Spoken ArCHives.
The following sections describe the foundations of
domain adaptation and Holocaust-related NLP, the
acquisition and augmentation of training data via
automatic speech recognition and machine trans-
lation, the training process, and finally, NER exper-
iments in testimonies showing the outperformance
of general-domain models.

While we are not able to publish the dataset itself
due to the licensing of the source data, the domain-
adapted model is available on Hugging Face1 un-
der the MIT license. The source code of the NER
experiments is available on GitHub2.

2. Related Work

2.1. Domain-Specific Language Models
Language models such as BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019) are powerful

1https://huggingface.co/ufal/
xlm-roberta-malach

2https://github.com/chbridges/
malach-ner
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and, even in the age of Large Language Models,
resource-friendly text encoders popular for tasks
that do not require language generation. Pretrained
on large amounts of text, fine-tuning them on down-
stream tasks such as Named Entity Recognition
(NER) allows them not only to solve the given
tasks, but also to adapt their parameters to the
language and domain present in the fine-tuning
dataset. While the underlying language models
have typically been pretrained on domain-agnostic
text, it has been shown that models can achieve
even better results if they have already been pre-
trained on text in the same domain as they will
eventually be fine-tuned on.

For example, language models are typically pre-
trained primarily on modern text and do not gener-
alize well to historical documents. Such texts are
subject to language change in various dimensions,
including changing spelling conventions, words
losing or gaining additional meanings, and loca-
tions changing their names (Ehrmann et al., 2023).
Within the HIPE-2022 shared task on NER in histor-
ical documents (Ehrmann et al., 2022), Historical
Multilingual BERT (Schweter et al., 2022) has been
pretrained from scratch on 19th- and 20th-century
newspapers and outperformed other participating
systems in multiple languages.

A different approach to domain adaptation is the
continued pretraining, where an already pretrained
model is further trained on the same training objec-
tive, but on new data. For example, Gururangan
et al. (2020) continued the Masked Language Mod-
eling pretraining of RoBERTa in different domains
(biomedicine, computer science, news, and Ama-
zon reviews) and achieved significantly improved
results in domain-specific tasks such as relation
and topic classification. XLM-RoBERTa, a highly
multilingual transformer model still used in state-
of-the-art NER architectures (Straková and Straka,
2025), has been additionally pretrained on parlia-
mentary proceedings, outperforming the original
general-domain model in sentiment analysis in the
legal domain (Mochtak et al., 2024).

2.2. NLP for Testimonial Data
While Named Entity Recognition is a well-
established task, its applications in speech are
still limited, and language models not tradition-
ally trained on spoken language struggle with this
task (Caubrière et al., 2020; Yu et al., 2025). This
poses a problem in the Holocaust domain, as large
amounts of its documentation exist only in oral tes-
timony. These testimonies are often not manu-
ally transcribed, which has led to the emergence
and reliance on domain-specific Automatic Speech
Recognition technologies (Lehečka et al., 2023).

First steps in NER in testimonial data have
been taken by Anuradha Nanomi Arachchige et al.

(2023), who labeled English testimonies from the
United States Holocaust Memorial Museum3, For-
tunoff Video Archive4, and the Wiener Holocaust
Library5 with a highly domain-specific and gran-
ular entity type ontology. In addition to the com-
mon entity types Person, Location, and Organiza-
tion, it distinguishes between different spatial enti-
ties (Location, Geopolitical Entity, Ghetto, Camp,
Street, River) and temporal entities (Time, Date,
Event), as well as Military organizations, Warships,
Spousal Relationships, and Languages. These dis-
tinctions can lead to ambiguities, as the types of
toponyms can be context-dependent, e.g., "Czesto-
chowa" can refer either to a city (Location) or a
Camp. Baseline experiments show that general-
domain language models outperform Historical Mul-
tilingual BERT (Schweter et al., 2022): While the
Holocaust undoubtedly belongs into the historical
domain, many testimonies have been recorded at
the end of the 20th century, which most historical
data predates.

The same testimonies have recently served as
training data for the domain adaptation of an En-
glish language model, HoloBERT, which outper-
forms the general-domain BERT on some, but not
all, entity types in this granular ontology (Anuradha
et al., 2025).

A more recent, multilingual NER dataset in this
domain is EHRI-NER (Dermentzi and Scheithauer,
2024), which is based on EHRI Online Editions6 in
9 languages. EHRI-NER uses a smaller, but still
domain-specific entity ontology, extending the stan-
dardized CoNLL format (Tjong Kim Sang, 2002;
Tjong Kim Sang and De Meulder, 2003) with Dates,
Camps, and Ghettos. However, since these Online
Editions were not originally annotated for Named
Entity Recognition, but for Entity Linking, EHRI-
NER contains non-standard annotations. For in-
stance, "father" is not a named entity, but can be
tagged as Person, since the word can be linked
to a specific entity within the context of the tes-
timony it appears in. EHRI-NER has been pub-
lished, split into languages7 or into multilingual train-
ing/validation/test data8.

3. Training Data

This section describes the acquisition and augmen-
tation of a training corpus for the domain adaptation

3https://www.ushmm.org
4https://fortunoff.library.yale.edu
5https://www.testifyingtothetruth.co.

uk
6https://www.ehri-project.eu/

ehri-online-editions/
7https://github.com/EHRI/EHRI-NER
8https://huggingface.co/datasets/

ehri-ner/ehri-ner-all
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of a new multilingual language model.

3.1. Source Corpus

The Visual History Archive9, maintained by the USC
Shoah Foundation, is the largest existing archive
of Holocaust testimonies. It comprises more than
55,000 video interviews with survivors and covers
more than 30 languages. Founded in 1994, these
interviews are rather recent and thus not subject to
orthographic reforms or other significant evolutions
of written language. However, beside terminology
related to World War 2, Nazi Persecution, and Jew-
ish Identity in these oral testimonies, survivors often
refer to places by historical names that have fallen
out of regular use.

USC has provided the video interviews in six
languages, the distribution of which is shown in
Table 1. In total, these 33,902 testimonies amount
to more than 60,000 hours of MP4 files at a size of
27 TB.

Language Testimonies Fraction
English 28,457 83.94%
Polish 1,521 4.49%
Hungarian 1,369 4.04%
Dutch 1,077 3.18%
German 917 2.70%
Czech 561 1.65%
Total 33,902 100.00%

Table 1: The distribution of languages in the avail-
able testimonies from the Visual History Archive.

3.2. Data Preparation

3.2.1. Automatic Speech Recognition

The audio tracks from all 27 TB of MP4s have been
extracted with FFmpeg to single-channel MP3s at
a sampling rate of 16,000 Hz and a variable bitrate
of 190-250 kbps. While this encoding is rather
lossy, its quality is sufficient for automatic speech
recognition (ASR), and it reduces the size of the
data tremendously to only 1.55 TB, which helps
significantly with data transfer and processing.

The ASR processing was performed using a self-
hosted, containerized version of the UWebASR
service (Švec et al., 2025)10, deployed using Sin-
gularity containers in the MetaCentrum HPC in-
frastructure. The system supports the languages
relevant to the Holocaust testimonies and utilizes
two primary architectures: Wav2Vec 2.0 (Baevski
et al., 2020) and the more recent Zipformer architec-
ture (Yao et al., 2023). To efficiently manage long
audio inputs typical of Holocaust testimonies, the

9https://vha.usc.edu
10https://uwebasr.zcu.cz

engine employs a sliding window approach during
transcription.

The training methodologies and decoding strate-
gies differed between the two architectures. The
Wav2Vec 2.0 models for Czech, Slovak, German,
and English were first pre-trained on large-scale,
unlabeled speech datasets (e.g., 80,000 hours
for Czech and German, 20,000 hours for Slo-
vak). These base models were then fine-tuned
in a two-phase process: first on general-domain
speech and subsequently on oral-history-style
recordings (Lehečka et al., 2023). For Dutch, we
utilized a publicly available Wav2Vec 2.0 model
fine-tuned on the Corpus Gesproken Nederlands
(CGN) dataset11. For decoding, the Wav2Vec 2.0
models employ Connectionist Temporal Classifica-
tion (CTC) (Graves et al., 2006) over graphemes,
integrated with an external language model to en-
hance linguistic context.

In contrast, the Zipformer models were trained us-
ing supervised learning directly on labeled datasets
(see Table 2 for data sizes) and employ greedy CTC
decoding over subword units (SentencePiece). The
Zipformer architecture utilizes a modified Trans-
former encoder operating at multiple lower frame
rates, enabling faster decoding and improved per-
formance.

The architectures also cover different sets of lan-
guages. Wav2Vec 2.0 models were used for Czech,
Slovak, German, English, and Dutch. The Zip-
former architecture was applied to the same set
(with the exception of Dutch) and further extended
to include Polish and Hungarian. Table 2 shows the
Word Error Rates (WER) for the languages match-
ing our corpus across these architectures, com-
pared against the Whisper-large-v3 baseline. The
service supports flexible downstream processing
by providing outputs in multiple formats, including
plain text, WebVTT, JSON, and Transcriber XML.

Table 2 summarizes the labeled training data
composition for each language, reporting both the
total amount of supervised speech and the propor-
tion originating from the oral-history domain. For
nearly all languages, oral-history recordings con-
stitute only a small fraction of the available labeled
data, highlighting the severe scarcity of in-domain
supervision and the resulting difficulty of the ASR
task. Consequently, the evaluated models must
rely heavily on cross-domain generalization rather
than extensive domain-matched training. The only
exception is German, for which substantially larger
in-domain resources are available: manual annota-
tions exist for approximately 900 German-language
interviews, totaling nearly 2,000 hours, prepared
by researchers from Freie Universität Berlin.12

11https://huggingface.co/GroNLP/
wav2vec2-large-xlsr-53-ft-cgn

12Transcripts are publicly available at https://
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Language Sup. Data [h] Oral Hist. [h (%)] Whisper v3 Wav2Vec 2.0 Zipformer
Czech 6,000 106 (1.8%) 19.1 8.5 7.1
Slovak 3,800 98 (2.6%) 22.0 11.6 10.3
German 6,100 1,800 (30.0%) 25.9 16.6 12.4
English 12,500 255 (2.0%) 18.0 12.9 11.5
Polish 1,400 53 (3.9%) 22.8 – 15.7
Hungarian 3,800 24 (0.6%) 30.9 – 16.4

Table 2: Supervised training data size in hours [h] and Word Error Rates (WER) [%] of ASR architectures
evaluated on oral history archives. Columns report the total amount of supervised data per language, the
amount originating from the oral history domain (hours and proportion) and measured performance on
the test split of the oral history dataset. A lower WER value indicates a better model. Whisper-large-v3
(Radford et al., 2022) serves as the general-domain baseline. We omit Dutch in this table as we had no
labeled oral history data to fine-tune or evaluate the models for this language.

The ASR output is further processed through a
post-processing pipeline for automatic punctuation
and casing restoration. For English, German,
Czech, and Slovak, we employed the approach
described in Švec et al. (2021), using monolingual
BERT-based predictors trained on CommonCrawl
web text dumps to restore sentence boundaries,
punctuation (full stop, comma, question mark),
and proper casing. For the remaining languages
(Polish, Hungarian, and Dutch), we utilized the xlm-
roberta_punctuation_fullstop_truecase
model13 (Guhr et al., 2021). This step ensures that
the resulting 3.1 GB of plain text is well-formatted
for the subsequent domain adaptation of the
corpus.

3.2.2. Data Augmentation and Sampling

Due to the significantly skewed language distribu-
tion shown in Table 1, the produced text has been
further machine-translated into all six present lan-
guages plus Danish to overcome data scarcity and
create language-balanced training data. These
translations have been created with MADLAD400-
3B-MT14, which has been shown to outperform
comparable state-of-the-art models such as NLLB
(NLLB Team et al., 2022) on mid- and high-resource
languages at decreased inference time (Kudugunta
et al., 2023; Lanz and Pecina, 2025). This includes
the seven targeted languages.

The resulting balanced dataset has been tok-
enized with the XLM-RoBERTa tokenizer (Conneau
et al., 2020), since this is the model architecture
to be domain-adapted. Similar to the pretraining
data of this architecture, the tokens have then been
language-wise concatenated to single long strings
and split into continuous, equally sized batches of

transcripts.vha.fu-berlin.de.
13https://huggingface.co/

1-800-BAD-CODE/xlm-roberta_punctuation_
fullstop_truecase

14https://huggingface.co/google/
madlad400-3b-mt

512 tokens. The final shorter batch in each lan-
guage, which counts less than 10−7% of the total
number of tokens, has been truncated.

Finally, 10% of batches per language are ran-
domly sampled for a test set, and their tokens are
statically masked with 15% probability. The remain-
ing batches will be dynamically masked during the
training, as in the Masked Language Model objec-
tive during the original XLM-RoBERTa pretraining.

Since 1/7 of the dataset is the output of different
domain-specific and general-domain ASR models,
and the remaining 6/7 are machine translations
of the ASR output, this corpus can be considered
100% synthetic, although it is 100% a representa-
tion of real testimonies of Holocaust survivors. Due
to possible errors and biases introduced by ASR
artifacts and MT hallucinations, the corpus should
not be used to train generative models, but only
encoders for natural language understanding tasks
such as NER.

3.3. Corpus Statistics
The created corpus has a total size of 4.9 billion to-
kens. The sizes per language and split are shown
in Table 3. Although the same 33,902 testimonies
are present in all seven languages, minus the trun-
cated final batches, the numbers of tokens are not
perfectly balanced across the languages. Instead,
they represent how many tokens are required in
each language to describe the same data.

Language Training Test Total
Czech 637 71 708
Danish 612 68 680
Dutch 626 70 696
English 612 68 680
German 634 70 704
Hungarian 642 71 713
Polish 645 72 717
Total 4,407 490 4,897

Table 3: The VHA corpus size in million [M] tokens.

Since the test splits have been randomly sam-
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pled from each language individually, some data
leakage has to be assumed: All test samples are
likely seen during the training, albeit in different lan-
guages and with different positional embeddings.
This can lead to an underestimated intrinsic per-
plexity of the language model. However, it does not
affect extrinsic evaluation metrics on other datasets
and downstream tasks.

In addition, we repurpose the full EHRI-NER
dataset (Dermentzi and Scheithauer, 2024) to a
second MLM test dataset by removing its anno-
tations and applying the same tokenization and
masking steps to it. We consider two variants of
this test set: EHRI-6 contains the six languages
that overlap with our corpus (minus Danish), and
EHRI-9 additionally contains French, Slovak, and
Yiddish, which our model does not see during the
continued pre-training. The language distribution
of this dataset is shown in Table 4. While signifi-
cantly smaller in size (0.02%) and imbalanced, it is
unbiased.

Language Tokens [k]

EHRI-9
(874)

EHRI-6
(713.5)

Czech 195
Dutch 2.5
English 81
German 356
Hungarian 45
Polish 34
French 3.5
Slovak 6
Yiddish 151

Table 4: The size of the EHRI dataset in thou-
sand [k] subword tokens. The total sizes of EHRI-6
and EHRI-9 are given in parentheses.

4. Domain Adaption

This section describes the domain adaption pro-
cess and the internal evaluation of the resulting
model on its pretraining objective.

4.1. Continued Pretraining Setup

We adapt the large-sized XLM-RoBERTa model15

to the domain of Holocaust testimony by continuing
its pretraining with the Masked Language Model-
ing objective on the produced VHA corpus. To do
so, we replicate most of the hyperparameters re-
ported Liu et al. (2019) for the original large-sized
RoBERTa model16, which uses Adam optimiza-
tion (Kingma and Ba, 2017) with β1 = 0.9, β2 =

15https://huggingface.co/FacebookAI/
xlm-roberta-large

16https://huggingface.co/FacebookAI/
roberta-large
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Figure 1: Perplexity of the model during 1 training
epoch on the VHA (dashed line) and EHRI-6 (solid
line) test datasets using peak learning rates of 1e-5
(blue) and 2e-5 (orange).

0.98, ε = 1e-6, and 0.01 weight decay, a peak learn-
ing rate of 4e−4 that is warmed up for the first 6%
of steps and then decays linearly, and an effective
batch size of 8192 for 500k steps.

In contrast, we use the improved AdamW opti-
mizer (Loshchilov and Hutter, 2019), decrease the
peak learning rate to prevent overfitting, and train
the model on 4 L40 GPUs with per-device batch
size 8, using 64 gradient accumulation steps for an
effective batch size of 2048 for 34k steps. These
smaller parameters are in line with other domain-
adapted RoBERTa and XLM-RoBERTa models
trained on smaller corpora (Gururangan et al., 2020;
Mochtak et al., 2024).

While the test set is already pre-masked, the
training set is dynamically masked with the same
probability of 15%. We experiment with the learning
rates 2e-5 and 1e-5 and evaluate the model’s cross-
entropy after every 10% of total steps on the VHA
test data and on the EHRI dataset. The training
lasts approximately 25 hours for 1 pass through
the whole dataset, after which the model is rolled
back to the checkpoint with the smallest VHA cross-
entropy.

4.2. Resulting Model
Starting at 2.5257, the continued pretraining re-
duces the base-2 perplexity on the VHA data to
1.9064 (peak learning rate 1e-5) or 1.8603 (peak
learning rate 2e-5). While Figure 1 indicates that
neither model converges in 1 epoch, it also shows
that the model with the greater learning rate starts
overfitting to the automatically transcribed and
translated VHA data 30% into the epoch, whereas
the smaller learning rate keeps the perplexity on
the EHRI-6 data stable at around 2.89. In both
cases, the best checkpoint is the final checkpoint
after 1 epoch.

Table 5 reports the perplexity of XLM-RoBERTa-
large and both domain-adapted XLM-RoBERTa-
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Model cs de en fr* hu nl pl sk* yi*
XLM-RoBERTa-large 3.1553 3.4038 3.0588 2.0579 2.8928 2.9133 2.5284 2.6245 4.0217
Malach 2e-5 2.8553 3.2277 2.9072 2.0966 2.9210 2.9404 2.4187 2.6592 5.3259
Malach 1e-5 2.8023 3.1704 2.9022 2.0254 2.8285 2.8797 2.4003 2.5914 4.0910
Support [k] 195 356 81 3.5 45 2.5 34 6 151

Table 5: Base-2 perplexity of 3 models for 9 different languages in EHRI documents: The original XLM-
RoBERTa-large checkpoint and ours, with two different peak learning rates. The last row shows the
number of thousand [k] subwork tokens for each language. Languages marked with asterisks were not
seen during the continued pretraining. Best scores are marked in bold, worse scores in italics.

malach variations in all 9 languages in the EHRI-9
corpus. Compared with the starting checkpoint, the
peak learning rate of 2e-5 decreases the perplex-
ity in only 4 of the seen languages, but increases
it in Dutch, French, Hungarian, Slovak, and Yid-
dish. The increase from 4.0217 to 5.3259 in Yid-
dish, which is the only present language using a
non-Latin alphabet, is particularly severe. In con-
trast, the peak learning rate of 1e-5 achieves the
minimum perplexity in 8 languages, including 2 un-
seen ones. For Yiddish, the perplexity increases
only to 4.0910. The greatest improvements can be
observed in the Czech and German splits, which
are also the greatest in size.

5. Named Entity Recognition

This section addresses the additional evaluation of
the domain-adapted model on a domain-specific
downstream task.

5.1. Experimental Setup
In addition to the internal evaluation of the domain-
adapted models, we further evaluate them on the
NER downstream task. The underlying dataset for
this evaluation is the multilingual EHRI-NER (Der-
mentzi and Scheithauer, 2024), which has already
served as an additional test dataset to measure the
model perplexity on domain-specific data. EHRI-
NER is annotated with the entity types Person, Or-
ganization, Location, Camp, Ghetto, and Date, in
the languages Czech, Dutch, English, French, Ger-
man, Hungarian, Polish, Slovak, and Yiddish.

xlm-roberta-large-ehri-ner-all17,
which has been fine-tuned on this dataset, serves
as the baseline model. It is based on the same
model as XLM-RoBERTa-malach, but without
previous domain adaptation.

We replicate the training process of the base-
line model on the published EHRI-NER train-
ing/validation/test splits: XLM-RoBERTa-malach
is fine-tuned for 3 epochs using a learning rate of
3e-5, weight decay of 0.01, and a batch size of 16.

17https://huggingface.co/ehri-ner/
xlm-roberta-large-ehri-ner-all

The training is repeated 3 times using 3 different
random seeds, so that not only the overall and tag-
wise mean F1 scores can be reported, but also their
95% confidence intervals.

5.2. Results
Mean F1 scores and their 95% confidence intervals
are shown in Table 6. Note that we were not able
to exactly reproduce the results from Dermentzi
and Scheithauer (2024) using their provided fine-
tuned model and fixed test split, possibly due to
differences in the processing and evaluation code.

The overall F1 score does not increase signifi-
cantly compared with the state of the art. Using a
peak learning rate of 2e-5, it does not change at
all; using a peak learning rate of 1e-5, it increases
by 0.67% F1 on average. More interesting are the
differences per tag: While there is a slight decrease
(less than 1%) for PER and LOC entities, the scores
increase significantly (up to 5% on average) for the
rarer, domain-specific CAMP and GHETTO entities.

While XLM-RoBERTa-malach pre-trained with a
learning rate of 1e-5 tends to outperform the vari-
ant pre-trained with a learning rate of 2e-5 on the
NER downstream task, its experimental results also
come with increased variance, in particular with re-
spect to ORG and GHETTO. Organizations appear
to be generally difficult to predict in EHRI-NER, and
ghetto examples are sparse. Furthermore, a typi-
cal error for all models is the confusion of camps,
ghettos, and general locations.

In comparison, fine-tuning the English-centric
domain-adapted HoloBERT (Anuradha et al., 2025)
achieves an overall F1 score of only 75%, with com-
parable scores only for the domain-specific entity
types CAMP (72.00), GHETTO (82.00), and DATE
(81.67). Its results are significantly worse for PER
(77.00), ORG (56.67), and LOC (75.33).

6. Discussion

Overall, the model domain-adapted with a peak
learning rate of 1e-5 processes domain-specific
text better than the domain-agnostic model and the
2e-5 variant, in terms of internal metrics (Masked
Language Modeling and perplexity) and external
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EHRI Malach 1e-5 Malach 2e-5
PER 87.00 86.67 ± 1.43 85.67 ± 1.43
ORG 63.00 64.33 ± 6.25 64.33 ± 1.43
LOC 82.00 81.67 ± 1.43 81.67 ± 1.43
CAMP 70.00 75.00 ± 2.48 73.33 ± 2.87
GHETTO 80.00 85.00 ± 6.57 84.67 ± 1.43
DATE 84.00 85.00 ± 4.30 84.67 ± 3.79
Overall 81.00 81.67 ± 1.43 81.00 ± 0.00

Table 6: Mean micro F1 scores (%) and their 95%
confidence intervals on the EHRI-NER dataset.
The compared models are xlm-roberta-large-
ehri-ner-all (Dermentzi and Scheithauer,
2024) and our XLM-RoBERTa-malach, pre-trained
with peak learning rates 1e-5 and 2e-5. Despite the
variance of individual tags, the last model achieves
the same overall score across 3 experiments.

metrics (Named Entity Recognition and F1 scores).
The perplexity decreases even for two languages
unseen during the continued pretraining, which sug-
gests that the model has learned genuine domain-
specific representations, rather than simply mem-
orising language patterns from the training data.
However, the perplexity slightly increases for Yid-
dish, which is the only present language not using
the Latin alphabet. Given the relevance of Yiddish
in this domain, the increased perplexity is unfortu-
nate, and additional data in Yiddish is required to
tackle this issue. Such data can be generated via
ASR (Marmor et al., 2025); however, machine trans-
lation from English to Yiddish is often of low quality
(Kudugunta et al., 2023), and its suitability for data
augmentation has to be further investigated.

In the NER task on multilingual written testimony,
the performance noticeably increases on domain-
specific entities, while the overall performance im-
proves only slightly. This is because more gen-
eral entities, such as people, occur much more
frequently than camps and ghettos, which are of
particular interest when extracting entities from tes-
timonies. Slight degradations can be observed for
PER and LOC entities. The latter one can be ex-
plained by the occasional ambiguity of LOC, CAMP,
and GHETTO.

Although adapted exclusively to speech, pro-
duced by automatic speech recognition and ma-
chine translation, XLM-RoBERTA-malach is an in-
teresting candidate for the processing of oral and
written testimonies in multilingual settings. Its vastly
improved performance in multilingual NER over
HoloBERT (Anuradha et al., 2025) outlines the im-
portance of multilingual pretraining in this domain.
However, the model has not been evaluated on
downstream tasks in speech data due to the limited
availability of annotated corpora. In particular, the
model has been trained on Danish, but no anno-
tated domain-specific Danish text is yet available.

7. Conclusion and Future Work

We presented XLM-RoBERTa-malach, a varia-
tion of the large-sized multilingual XLM-RoBERTa
model, domain-adapted to oral testimonies of Holo-
caust survivors. These testimonies have been pro-
duced via Automatic Speech Recognition of video
testimonies in 6 languages from the Visual His-
tory Archive, the largest available archive of testi-
monies, and the resulting corpus has been further
augmented via Machine Translation to add a sev-
enth language, tackle data scarcity in six of the
seven languages, and balance out the language
proportions.

Although based on real testimonies, the result-
ing corpus can be considered synthetic, and both
steps in the corpus creation can create errors and
biases. Despite these issues, the continued pre-
training on the Masked Language Modeling objec-
tive decreased the model perplexity not only on the
speech-based training data, but also on written tes-
timonies in 8 languages using the Latin alphabet:
Czech, Dutch, English, French, German, Hungar-
ian, Polish, and Slovak. Notably, French and Slo-
vak were not seen during the domain adaptation,
whereas the model has been additionally adapted
to Danish. On the other hand, the model perplexity
slightly increased on Yiddish, which is based on
the Hebrew alphabet.

In the same languages, XLM-RoBERTa-
malach outperforms its non-adapted variant
XLM-RoBERTa-large on the Named Entity Recog-
nition task in written testimonies. While it handles
the frequent, general-domain entity type Person
slightly worse, it exhibits significant improvements
in the recognition of domain-specific entities,
namely ghettos, camps, and numerical dates.
Overall, the domain-adapted model appears to be
an interesting baseline for NLP tasks in this domain.
A very small learning rate, even smaller than the
learning rate used during the NER fine-tuning
(1e-5 < 3e-5), has proven to be beneficial in the
domain adaptation of this model.

In the future, XLM-RoBERTa-malach should
be evaluated in additional domain-specific down-
stream tasks, including NER in speech, such as the
new MalachNER dataset (Brückner et al., 2026).
The model itself can be improved in several ways:

• More language can be included in the domain
adaptation corpus. For example, the used
ASR system additionally supports Croatian
and Serbian. Languages with non-Latin al-
phabets often spoken by survivors, e.g., Yid-
dish, Hebrew, Russian, and Ukrainian, can be
added for better cross-lingual generalization.
SOTA ASR models for Yiddish and Hebrew are
available (Marmor et al., 2025), and further lan-
guages can be added via machine translation.
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• In addition to speech transcripts, manual tran-
scripts and written testimonies can be added
to the training data to cover a larger variance
of language and named entities.

• The possible data leakage in the model train-
ing, which affects the internal evaluation and
convergence criteria, can be tackled by sepa-
rating the testimonies in the training and test
splits more clearly. I.e., no translations of train-
ing samples should appear in the test data,
and vice versa.

Furthermore, the domain adaptation corpus can be
used as a parallel corpus to train cross-lingual sen-
tence embeddings (Reimers and Gurevych, 2019;
Feng et al., 2022) for sentence similarity tasks, such
as document retrieval and sequence classification.

8. Ethics Statement

Holocaust testimony is a sensitive domain and
should always be handled with consideration. The
automatic speech recognition and machine transla-
tion used to produce the training corpus may intro-
duce errors that should not be present in published
data related to the Holocaust. The domain-adapted
model is an encoder-only model to be used for
downstream tasks such as Named Entity Recogni-
tion, which mitigates the risk of reproducing biases
often seen in causal language modeling, i.e., in
autoregressive or diffusion models for text gener-
ation. However, this does not prevent the model
entirely from misuse: We emphasize that results
produced with XLM-RoBERTa-malach should still
be carefully validated, e.g., before automatically
processing archival material.

9. Limitations

The corpus used for the domain adaptation cannot
be published, as the processed video data is li-
censed only for use within the project this research
has been conducted in. The published domain-
adapted model has only been evaluated on one
downstream task, as, to our knowledge, no more
annotated data in this domain is currently openly
available.
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Abstract 
Holocaust testimonies are key primary sources documenting survivors' experiences, yet many remain inaccessible 
due to the labor-intensive nature of manual transcription. This paper presents a comprehensive evaluation of 
OpenAI's Whisper automatic speech recognition (ASR) system on 1,847 testimonies from the Fortunoff Video 
Archive for Holocaust Testimonies at Yale University. We assess transcription quality across multiple languages 
including English, French, German, Hebrew, Yiddish, Ladino, Slovak, and American Sign Language (with English 
voice-over), using human-reviewed captions as ground truth. Our analysis reveals a mean Word Error Rate (WER) 
of 15.28%, with 90.9% of testimonies achieving "Fair" or better quality (WER ≤25%). We identify systematic error 
patterns including challenges with disfluencies, interrupted speech, and language-specific orthographic 
conventions, particularly in Ladino, where Whisper's normalization to modern Spanish orthography creates 
systematic divergences from traditional Judeo-Spanish spelling. For Hebrew and Yiddish, we evaluate specialized 
models from ivrit-ai and find promising results for heritage language preservation. Our findings demonstrate that 
current ASR technology can substantially accelerate Holocaust testimony transcription while highlighting the need 
for domain-specific fine-tuning and post-processing for optimal results.  

Keywords: Holocaust testimonies, automatic speech recognition, Whisper, oral history, Ladino, Yiddish, Hebrew, 
digital humanities 

1. Introduction 
The Fortunoff Video Archive for Holocaust 
Testimonies at Yale University holds over 4,500 
testimonies comprising more than 12,000 hours of 
recorded interviews in 20 languages. Testimonies 
serve as both a research source and as a 
memorial to survivors and victims of the 
Holocaust. In both contexts, the archive has a 
responsibility to make testimonies accessible, and 
transcripts are an important piece of this. 
Creating transcripts has many challenges. 
Historically, transcripts required cultural heritage 
institutions to manually transcribe audiovisual 
recordings with their own staff, or to contract out 
to vendors that utilize audio speech recognition 
(ASR). Manual transcription takes dozens of 
hours, and vendor costs, whether it involves 
human review, reach into the thousands of dollars 
(Bailey-Tomecek, 2025; Rodriguez & Brown, 
2023). As a result, many institutions such as the 
Fortunoff Archive have historically been unable to 
transcribe their materials at scale. This landscape 
has changed with the advent of newer open-
source ASR applications that use AI speech-to-
text like OpenAI’s Whisper. 
Cultural heritage institutions have been exploring 
the use of Whisper because of its general 
accuracy and lower cost of business. (Rodriguez 
& Brown, 2023). However, Whisper’s accuracy is 
dependent on features of the recording itself. 
(Graham & Roll, 2024; Lynema & Dunn, 2025). 

 
1 http://lts.fortunoff.library.yale.edu/ 

Holocaust testimonies have unique 
characteristics that can potentially impact 
Whisper’s results. 
This paper evaluates Whisper’s efficacy with 
Holocaust testimonies from the Fortunoff Archive. 
We compared raw transcripts from Whisper to 
human-edited ground truth ones for 1,847 
testimonies in eight languages. Along with 
evaluating Whisper’s general capabilities, we 
examined the specific needs and challenges of 
Hebrew, Yiddish, and Ladino testimonies in the 
corpus, including using specialized models for 
Hebrew and Yiddish from the ivrit-ai project. 
Based on these results, we recommend a 
workflow for creating and editing ASR transcripts 
for Holocaust testimonies. 

2. Related Work 
2.1 Automatic Speech Recognition for 

Oral History 
Complete transcription has long been a goal for 
many cultural heritage institutions, to provide 
better accessibility, as well as enhance 
searchability (Rao et al., 2025). Additionally, 
transcripts can provide opportunities for digital 
humanities scholars for research and analysis, 
such as the Fortunoff Archive’s Let Them Speak: 
In Search of the Drowned1 project and Critical 
Editions series.2 Institutions have tried many 
vendor-based audio speech recognition (ASR) 
products, including 3play, Trint, Rev, Amazon 
Transcribe, Google speech-to-text, Kaldi, 

2 https://editions.fortunoff.library.yale.edu/ 
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Microsoft Stream, and Sonix (Bailey-Tomecek, 
2025; Dunn et al., 2024; Lundgard, 2024; Lynema 
& Dunn, 2025; Myntti & Steed, 2019; Rao et al., 
2025, Rodriguez & Brown, 2023). The efficacy of 
these services varied and were dependent on the 
quality of the source recordings as much as the 
service itself. It was also impacted by language 
used. (Bailey-Tomecek, 2025; Lundgard, 2024, 
Myntti & Steed, 2019; Rodriguez & Brown, 2023). 
The emergence of large-scale pretrained models 
has transformed the landscape. Whisper was 
trained on 680,000 hours of multilingual audio and 
demonstrates strong zero-shot performance 
across languages and domains (Radford et al., 
2022). Institutions such as Emory University have 
reported as much as a 35% decrease in labor time 
for correcting Whisper output versus fully human-
edited transcripts (Rao et al., 2025). For 
specialized applications, fine-tuned variants have 
shown substantial improvements. The ivrit-ai 
project achieved state-of-the-art results for 
Hebrew and Yiddish ASR through crowdsourced 
training data collection (Marmor et al., 2025).   

However, Whisper’s accuracy has been 
demonstrated to be dependent on the quality of 
the recording itself; the volume, gender, speech 
rate and accent of the speaker; and the presence 
of background noise or music (Graham & Roll, 
2024; Lynema & Dunn, 2025). Depending on the 
type of recording, institutions like Indiana 
University reported word error rates between 1-
8% for educational recordings, which utilize a 
professionally recorded English language 
speaker, and 20-40% for field recordings, which 
were done in less-than-ideal conditions with 
speakers with non-standard accents. (Lynema & 
Dunn, 2025). Similarly, Emory University reported 
word error rates between 5.24% for educational 
recordings to 24.01% for variety television shows 
that contain musical performances among other 
features. (Rao et al., 2025).  

Historically, a drawback of Whisper for oral history 
collections such as the Fortunoff Archive is that it 
is not necessarily trained on corpora that have the 
speech qualities of oral histories (e.g. accents, 
disfluencies, halting speech), nor have domain-
specific information (e.g. placenames in Europe 
that may not be commonly referred to in an 
English-language corpus). Researchers at 
University of West Bohemia Pilsen working with a 
similar collection of testimonies held by the USC 
Shoah Foundation’s Visual History Archive 
sought to bridge that gap using a fine-tuned, 
monolingual Wav2Vec that trained from multiple 
corpora and utilized text from the Common Crawl 
project to build a robust vocabulary that would 
contain less common entities for Czech, English, 
and German language materials. The results 
were more accurate than transcripts utilizing XLS-
R and Whisper models. (Lehečka et al., 2023). 
However, Whisper continues to improve in 

accuracy and is attractive to institutions due to its 
wide availability and ease of use. 

After reviewing available literature and feedback, 
the majority consensus is that Whisper is accurate 
enough for at least topical research purposes, if 
not for full accessibility, and institutions consider it 
a realistic solution for large scale transcription of 
collection materials (Dunn et al., 2024; Harbert, 
2025; Lundgard, 2024; Lynema & Dunn, 2025; 
Rao et al., 2025, Rodriguez & Brown, 2023). 

2.2 Challenges in Testimony 
Transcription 

Holocaust testimonies from the Fortunoff Archive 
provide significant challenges for modern ASR 
platforms. These include: 

• Condition of the original carriers and 
associated impact on digitization. Most 
of the testimonies were recorded on 
magnetic tape formats. Magnetic tape 
has a limited lifespan, on average lasting 
15 years. The tape degradation will 
impact audio quality in digitization 

• Surrounding environment during the 
recordings. Many testimonies were 
recorded in non-studio environments, 
both indoors and outdoors, with 
background noise, and may have lacked 
professional audio recording equipment 

• Elderly speakers. Most testimonies were 
recorded when survivors were in their 
60s-90s, with age-related voice 
characteristics 

• Emotional speech. Testimonies 
frequently include crying, pauses, and 
voice breaking during traumatic 
recollections 

• Language switching: Survivors often 
mix languages, e.g. they may use the 
language(s) spoken at the time of the 
recalled event rather than the primary 
language of the interview 

• Non-native accents for English and 
Hebrew testimonies: Many survivors 
speak English and Hebrew as second or 
third languages, with accents and 
pronunciations that are not standard for a 
native speaker 

• Disfluencies: As testimonies are 
unscripted, survivors will pause, stutter, 
repeat words multiple times in a row, and 
use fillers (um, eh, uh) 

• Less well-known locations and 
context-specific jargon: Names of 
camps, geographic locations, and 
institutions are less likely to be 
recognized by ASR. Additionally, 
survivors may use ghetto and camp 
specific jargon. 
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3. Dataset 
3.1 The Fortunoff Video Archive 
The Fortunoff Video Archive for Holocaust 
Testimonies holds over 4,500 testimonies 
recorded between 1979-2024. The testimonies 
were recorded in 20 languages throughout North 
America, South America, Europe, and Israel. 
Testimonies range from 30 minutes to over 40 
hours in length, with an average length of one and 
a half hours. Interviews were unscripted and 
unguided by the interviewers except for 
occasional, clarifying questions based on the 
survivor’s discussion. 
For this study, we analyzed a subset of 1,847 
testimonies for which both Whisper-generated 
transcripts and human-reviewed captions were 
available. The distribution by primary language is 
shown in Table 1. 

 

Language Code Count Percentage 

English eng 1,699 91.9% 

Unknown -- 71 3.8% 

German ger 35 1.9% 

French fre 25 1.4% 

Hebrew heb 5 0.3% 

Ladino lad 5 0.3% 

Yiddish yid 4 0.2% 

American 
Sign 
Language 

sgn 2 0.1% 

Slovak slo 1 0.05% 

Total -- 1,847 100% 

Table 1: Testimony distribution by language 

3.2 Ground Truth Captions 
Most ground truth captions were created by 
several vendor products and later corrected by 
archive staff. Vendors either used a hybrid of ASR 
with human editors employed by the vendor or 
purely ASR. These include 3play for English 
(hybrid), Trint for English, German, French, and 
Slovak (ASR only), Verbit for Hebrew (hybrid), 
and Sonix for all languages except Yiddish and 
Ladino. (ASR only). Yiddish and Ladino captions 
were created manually by scholars associated 
with archive projects. Yiddish transcripts were 
created in the Elan editor, which includes time 
synchronization while Ladino transcripts were 
transcribed without time synchronization and later 
aligned using Sonix’s forced alignment tool with 
the Spanish model. 

The archive’s style guide includes the following: 

• Diarization, either with the speaker 
names, or general labels like “interviewer” 
or “subject” 

• Verbatim transcription, including 
disfluencies (e.g. "uh", "um"). Grammar 
and phrasing are not normalized or 
corrected as the archive prioritizes fidelity 
to the speaker. Mispronunciations are not 
documented in the text 

• Notation of interrupted speech or false 
starts with em-dashes (e.g., "I was—") 

• Bracketed annotations for non-verbal 
sounds using all-caps (e.g. [LAUGHS], 
[CRYING]) 

• Bracketed annotations for unclear or 
inaudible speech using all-caps (e.g. 
[INAUDIBLE]) 

• Bracketed annotations for words and 
phrases that the transcriptionist thinks are 
being used, but not completely certain of, 
using question marks directly after the 
opening bracket and directly before the 
closing bracket (e.g. “[? He said ?]”) 

Ground truth captions may have errors that 
contribute to false error rates. These include: 

• Time misalignment in the vendor’s editing 
platform. Most of the editing platforms 
used by the archive’s vendors do not 
show any sort of timestamping beyond 
line break/paragraph levels. If more than 
a couple of words need to be edited, it can 
accidentally misalign individual syllables 
or even pin an entire sentence to one 
timestamp 

• Time misalignment by manual 
transcriptionists. While Elan provides 
time-synchronization, some amount of 
misalignment still can happen. 

• Choices by human editors. Some editors 
corrected grammar when asked not to, or 
did not transcribe sections of audio, e.g. 
conversation with crew members. These 
were corrected by archive staff whenever 
found, but may have been missed in other 
transcripts 

Ladino transcripts present additional challenges 
as ground truth captions due to the language’s 
Romanized orthography not being fully 
standardized. (Kohen & Kohen-Gordon, 2000) 
Choices by one transcriptionist may not be the 
same as another. 

3.3 ASR System Configuration 
We employed Whisper using the faster-whisper 
implementation with the large-v3-turbo model 
variant for optimal speed-accuracy tradeoffs. For 
Hebrew and Yiddish testimonies, we utilized 
specialized models from the ivrit-ai project: 

• Hebrew: ivrit-ai/whisper-large-v3-turbo-
ct2 
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• Yiddish: ivrit-ai/yi-whisper-large-v3-turbo-
ct2 

These models were fine-tuned on crowdsourced 
Hebrew and Yiddish audio data, achieving 
substantially lower word error rates than the base 
Whisper model on these languages. 
As Ladino lacks a dedicated model, but shares a 
strong common root with Old Castilian Spanish, 
we utilized Whisper’s Spanish language model. 
This choice was influenced by past success with 
forced alignment of Ladino transcripts with 
testimony audio using Sonix’s Spanish model 
(Bailey-Tomecek, 2025).  

4. Methodology 
4.1 Evaluation Metrics 
We compute the standard Word Error Rate 
(WER) metric using Python's 
difflib.SequenceMatcher. For each testimony, we: 

1. Parse both ASR output and ground truth 
VTT files 

2. Clean ground truth text by removing 
speaker labels and technical annotations 

3. Normalize both texts to lowercase with 
punctuation removed 

4. Normalize number representations (e.g., 
"fourteen" → "14") 

5. Filter common disfluencies (e.g., "um") 
that may differ by transcription convention 

6. Calculate WER as (substitutions + 
deletions + insertions) / 
total_reference_words 

WER is the standard metric in speech recognition 
evaluation, where values below 20% are 
generally considered good for conversational 
speech. Note that WER can exceed 100% when 
the output contains significantly more words than 
the reference (due to insertions or hallucinations). 

4.2 Word-Level Error Analysis 
We categorize word-level errors into three types: 

• Missed words: Present in ground truth but 
absent from ASR output 

• Extra words: Present in ASR output but 
absent from ground truth (potential 
hallucinations) 

• Replaced words: Words that differ 
between transcripts 

We further annotate errors using spaCy's part-of-
speech tagger to identify patterns across word 
categories (nouns, verbs, proper nouns, function 
words, etc.). 

5. Results 
5.1 Overall Performance 
Across 1,847 analyzed testimony segments, we 
observed the following aggregate statistics: 

Metric Value 

Mean WER 15.28% 

Median WER 13.81% 

Standard Deviation 10.92% 

Minimum 0.00% 

Maximum 191.04% 

Total Words 12,070,412 

Total Errors 1,917,171 

Table 2: Overall WER Statistics 

These results indicate that Whisper achieves 
approximately 85% word-level accuracy on 
Holocaust testimonies, a figure that compares 
favorably with human inter-annotator agreement 
on complex transcription tasks. The maximum 
WER exceeding 100% indicates cases where 
ASR output contained significantly more content 
than the reference, typically due to language 
mismatches or audio-transcript misalignment 
(see below). 

5.2 Quality Distribution 
We categorized testimonies into quality tiers 
based on WER. These categories are based on 
the complexity of the problem space. 

Quality 
Tier 

WER 
Range 

Count Percentage 

Excellent 0-15% 1,074 58.1% 

Good 15-20% 427 23.1% 

Fair 20-25% 179 9.7% 

Poor 25-30% 82 4.4% 

Very 
Poor 

>30% 85 4.6% 

Table 3: Quality Distribution 

Notably, 90.9% of testimonies fall within the "Fair" 
quality tier or better (WER ≤25%), suggesting that 
Whisper outputs can serve as useful first drafts for 
human review. The majority (58.1%) of 
testimonies achieve "Excellent" quality with WER 
≤15%. 

5.3 Performance by Language 
Language significantly impacts ASR 
performance: 
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Language Cou
nt 

Mean 
WER 

Min Max 

Sign Langu
age (voice-
over) 

2 4.12% 1.87% 6.37% 

Slovak 1 11.28
% 

11.28
% 

11.28
% 

Hebrew 5 13.12
% 

9.01% 19.26
% 

Unknown 71 13.15
% 

1.74% 61.69
% 

English 1,69
9 

15.44
% 

0.00% 191.0
4% 

French 25 16.02
% 

6.92% 27.71
% 

German 35 20.42
% 

10.96
% 

44.70
% 

Ladino 5 80.51
% 

73.49
% 

102.8
6% 

Yiddish 4 111.7
1% 

103.0
6% 

132.0
2% 

Table 4: Performance by Primary Language 

Sign language testimonies with voice-over 
achieve the best results (4.12% WER), as these 
contain professionally narrated English 
translations. Hebrew testimonies using the ivrit-ai 
fine-tuned model perform well (13.12% WER). 
English testimonies, comprising the majority of 
the corpus, achieve strong performance at 
15.44% mean WER. 

German testimonies exhibit higher WER 
(20.42%), potentially due to: 
• Historical German variants and dialectal 

features 
• Code-switching between German narrative 

and English interviewer questions 

Heritage languages present significant 
challenges. Ladino testimonies show 80.51% 
WER due to Whisper's orthographic normalization 
to modern Spanish (discussed in Section 6.4).                                                                                                                                                                                                                                                                                                                                                                             

5.4 High-WER Case Analysis 
Extreme WER values (>80%) typically indicate 
systemic issues rather than poor ASR 
performance: 

• Script mismatch: Hebrew-script 
languages (Hebrew, Yiddish) compared 
against Latin-script ASR output, or vice 
versa 

• Language mismatch: Testimonies 
conducted in unmodeled languages 
(Ladino) where Whisper defaults to the 
closest supported language 

• Orthographic conventions: Ladino 
testimonies where Whisper outputs 
modern Spanish orthography rather than 
traditional Judeo-Spanish spelling 

• File mismatches: In some cases, ground 
truth captions corresponded to different 
testimony segments than the ASR output 

When excluding heritage language testimonies 
(Ladino and Yiddish) where specialized models 
are needed, mean WER drops to approximately 
13.36%. 

6. Error Analysis 
6.1 Disfluencies Handling 
The most significant source of WER stems from 
differential handling of disfluencies. Ground truth 
captions meticulously transcribe verbal fillers 
following archival guidelines, while Whisper tends 
to omit or normalize them. 

Disfluency Missed 
(GT > 
ASR) 

Extra 
(ASR > 
GT) 

Net 
Differnce 

uh, 4,978 311 -4,667 

um, 1,118 0 -1,118 

uh-- 1,029 0 -1,029 

yeah. 583 459 -124 

mm-hmm. 499 370 -129 

eh, 397 0 -397 

ok. 370 0 -370 

mhm. 360 0 -360 

um-- 296 0 -296 

mm-hm. 286 0 -286 

Table 5: Disfluency Discrepancies (Top 10) 

The pattern is consistent: Whisper systematically 
under-represents verbal fillers compared to 
verbatim ground truth transcription. This is by 
design, as Whisper is optimized for readability 
rather than forensic transcription. For Holocaust 
testimony applications where preserving speech 
patterns may be analytically important, post-
processing to restore disfluencies may be 
desirable. 

Further work still needs to be done in the 
identification of disfluency in non-English 
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languages. These affect the presented WER, but 
for downstream applications, we map these to a 
single standardized form. This allows us to 
represent these sounds in a unified way. 

6.2 Interrupted Speech 
Ground truth captions use em-dashes to indicate 
interrupted or self-corrected speech (e.g., "I 
was—I mean, we were"). These interrupted forms 
are heavily represented in missed word statistics: 

Pattern Missed Count 

the-- 2,485 

I-- 1,636 

a-- 1,410 

to-- 1,127 

in-- 791 

was-- 730 

and-- 692 

Table 6: Interrupted Speech Markers 

Whisper typically completes or omits interrupted 
words rather than preserving the interruption 
marker. This represents a fundamental difference 
in transcription philosophy—verbatim vs. 
normalized—rather than an ASR error per se. 

6.3 Function Word Variation 
High-frequency function words dominate both 
missed and extra word categories: 

Word Missed Extra Net 

the 5,427 4,597 -830 

and 4,019 3,238 -781 

a 3,290 3,298 +8 

I 3,364 2,870 -494 

to 2,795 2,525 -270 

Table 7: Functional Word Errors 

The near-balance of missed and extra function 
words, combined with the high "replaced word" 
count (1.3M total), suggests that many apparent 
errors are actually timing/segmentation 
differences. When text from adjacent segments is 
considered, the effective error rate decreases 
substantially. 

6.4 Ladino Orthographic Normalization 
The most linguistically interesting error pattern 
emerges in Ladino (Judeo-Spanish) testimonies. 
Whisper, trained primarily on modern Spanish, 
systematically normalizes Ladino orthography: 

 

Ladino 
(Ground 
Truth) 

Whisper 
(Modern 
Spanish) 

Pattern 

katorze 14 / catorce k → c 

anyos años ny → ñ 

kuando cuando k → c 

deportasyon deportación syon → cíon 

famiya familia y → i 

ermana hermana ∅ → h 

klasika clásica k → c 

djudya judía dj → j 

ke que k → qu 

kozas cosas k → c, z → s 

skola escuela sk → esc 

avlava hablaba v → b, ∅ → h 

munchos muchos n deleted 

djidyos judíos dj → j 

Table 8: Ladino Orthographic Mappings 

These are not ASR errors in the conventional 
sense as Whisper correctly recognizes the 
spoken words but outputs them in modern 
Spanish orthography rather than romanized 
Ladino spelling. This creates high WER despite 
semantic accuracy. 
The implications are significant for heritage 
language preservation: 

• Phonetic accuracy: The underlying 
speech is correctly recognized 

• Orthographic loss: Distinctive Ladino 
spelling conventions are erased 

• Cultural significance: Ladino orthography 
carries historical and cultural meaning 
that normalization destroys 

For Ladino testimony transcription, we 
recommend: 

• Using the ASR output as a phonetic guide 
• Post-processing with Ladino-specific 

spelling rules 
• Training specialized Ladino ASR models 

on available corpora 
6.5 Hebrew and Yiddish Performance 
For Hebrew testimonies, we utilized the ivrit-ai 
whisper-large-v3-turbo-ct2 model, which was 
fine-tuned on crowdsourced Hebrew audio. 
Qualitative analysis shows strong performance: 
Ground Truth:   ,בסובוטיצה ביוגוסלביה  נולדתי  אני 

הונגריה-שזו עיר גבול יוגוסלביה  . 

Whisper:        ,שזו  אני נולדתי ביוגוסלביה, בסובוטיצה
הונגריה. -עיר גבול, יוגוסלביה  
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The ivrit-ai model correctly handles: 
• Hebrew script and diacritics 
• Place names (סובוטיצה / Subotica) 
• Historical dates in Hebrew 
• Natural speech patterns 

For Yiddish, the ivrit-ai yi-whisper-large-v3-turbo 
model, trained on Yiddish audio data, shows 
promising semantic results. However, upon 
review by a Yiddish transcriptionist, it is clear that 
the ivrit-ai corpus is built on modern spelling and 
pronunciation conventions that do not always 
align with YIVO-standard conventions that more 
closely matches period Yiddish (B. Sadock, 
personal communication, March 17, 2026). The 
WER may improve if the raw output is converted 
to be more in line with YIVO standards. We are 
exploring using Gemini 3.1 Pro to resolve this 
challenge. 

7. Discussion 
7.1 Implications for Testimony 

Transcription 
Our findings suggest that Whisper provides a 
strong foundation for accelerating Holocaust 
testimony transcription. With 90.9% of testimonies 
achieving ≤25% WER and 58.1% achieving 
excellent quality (≤15% WER), ASR outputs are 
in line with other institutions that reported time 
savings using Whisper and can serve as usable 
first drafts (Rao et al., 2025). However, several 
caveats apply: 

• Verbatim requirements: If verbatim 
transcription is required (preserving all 
disfluencies and interruptions), Whisper 
outputs require substantial post-editing 

• Heritage languages: Ladino, Yiddish, and 
other heritage languages need 
specialized models or post-processing 

• Quality control: Approximately 5% of 
testimonies with very poor performance 
(WER >30%) require human transcription 
or specialized handling 

7.2 Recommendations for 
Implementation 

Based on our analysis, we recommend the 
following pipeline for Holocaust testimony ASR: 

• Language detection: Automatically 
identify primary language(s) in each 
testimony 

• Model selection: Use language-specific 
fine-tuned models where available (ivrit-
ai for Hebrew/Yiddish) 

• Post-processing: Apply domain-specific 
corrections: 

o Restore common disfluencies 
based on audio analysis 

o Apply heritage language 
orthographic conventions 

o Standardize Holocaust-specific 
terminology 

• Quality scoring: Compute confidence 
scores to prioritize human review for low-
confidence segments 

• Human review: Focus human effort on 
proper nouns, dates, and low-confidence 
passages 

7.3 Limiting Factors on Study 
This study has several limitations: 

• Language coverage: Our quantitative 
analysis focuses primarily on English 
testimonies; other languages require 
further study 

• Ground truth variation: Transcription 
guidelines may have evolved over time, 
introducing inconsistencies in ground 
truth 

• Model versions: Whisper continues to 
improve; newer versions may show 
different error patterns 

• Semantic accuracy: Our WER metric 
captures word-level accuracy but not 
semantic accuracy—correctly transcribed 
content in different words would register 
as errors 

• Hallucinations: Hallucinations certainly 
appear as a result of this process. We are 
currently developing solutions to identify 
and flag these hallucinations, including 
running the model over the same video 
multiple times to identify disfluency 

7.4 Future Work 
Several directions merit further investigation: 
• Fine-tuning on Holocaust testimonies: 

Training domain-specific models on available 
transcribed testimonies 

• Ladino ASR development: Creating the first 
dedicated Ladino speech recognition model 

• Named entity recognition: Developing 
specialized NER models for Holocaust-
related names, places, and terminology 

• Multimodal analysis: Incorporating visual 
information from video testimonies to improve 
transcription accuracy 

8. Conclusion 
This paper presents the first large-scale 
evaluation of automatic speech recognition on 
Holocaust testimonies, analyzing 1,847 testimony 
segments from the Fortunoff Video Archive 
across 11 languages. We find that OpenAI's 
Whisper achieves approximately 84% word-level 
accuracy (16.3% mean WER), with 90.9% of 
testimonies achieving WER ≤25% and suitable for 
human review with ASR assistance. 
Our error analysis reveals that apparent errors 
often reflect differences in transcription 
philosophy rather than ASR failures—particularly 
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for disfluencies and interrupted speech that 
Whisper normalizes but archival guidelines 
preserve. For heritage languages like Ladino, 
Whisper's orthographic normalization to modern 
standards presents both an opportunity (phonetic 
accuracy) and a challenge (loss of traditional 
spelling). Languages without dedicated model 
support (Yiddish without specialized models) 
require alternative approaches. 
Specialized models, such as those from the ivrit-
ai project for Hebrew and Yiddish, demonstrate 
that targeted fine-tuning can substantially improve 
performance on underrepresented languages. 
We encourage the development of similar 
resources for Ladino and other Holocaust-
relevant languages. 
As archives worldwide work to make Holocaust 
testimonies more accessible, ASR technology 
offers a crucial tool for scaling transcription 
efforts. Our findings provide a foundation for 
implementing ASR pipelines while highlighting the 
need for domain expertise, quality control, and 
respect for the linguistic heritage embedded in 
survivors' own words. 
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Appendix 
Software configuration:  

• ASR Engine: faster-whisper 1.0.0 
• Base Model: openai/whisper-large-v3-

turbo 
• Hebrew Model: ivrit-ai/whisper-large-v3-

turbo-ct2 
• Yiddish Model: ivrit-ai/yi-whisper-large-

v3-turbo-ct2 
• Text Processing: spaCy 3.7 

(en_core_web_sm) 
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• Evaluation Framework: Custom Python 
implementation using difflib 

The Fortunoff Video Archive testimonies are 
available through Yale University Library with 
appropriate access permissions. Information 
about accessing the collection is available on their 
website: https://fortunoff.aviaryplatform.com/. 
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Abstract
Large-scale corpora of Holocaust testimonies preserve vast amounts of historical, emotional, and narrative
information, but their size and complexity can make accurate, systematic analysis challenging. This paper presents a
cross-modal computational analysis of emotional and thematic trajectories in the CORHOH corpus, containing 500
Holocaust survivor testimonies as a language resource for computational analysis. We segment each testimony into
ten segments and apply sentiment analysis, emotion recognition, and topic modeling to each of these segments
to reveal how theme and emotion evolve over time in Holocaust testimonies. Results reveal a sharp decline from
pre-war life in wartime and camp experiences, with sentiment and emotion remaining negative in post-war segments.
Emotion analysis reveals decreasing joy and increasing sadness and fear during segments related to deportation and
concentration camps, with limited emotional recovery. Topic modeling identifies coherent themes that align closely
with sentiment and emotional patterns. We systematically examine correlations between sentiment, emotion, and
topic trajectories, which demonstrate many strong associations between topic and emotion. This work demonstrates
that combining sentiment analysis, emotion recognition, and topic modeling can reveal systematic patterns in large
oral history corpora, and shows the value of computational approaches for studying historical narratives like the
Holocaust.

Keywords: Emotion Analysis, Sentiment Analysis, Topic Modeling, Holocaust, Testimonies

1. Introduction

Major efforts have been made to collect and digitize
testimonies of Holocaust survivors, creating vast
corpora of important information. This presents
challenges, making it difficult to attend to all tes-
timonies while preserving their narrative integrity
and emotional dimensions (Wagner et al., 2024b;
Ifergan et al., 2024). Advances in computational
linguistics and natural language processing (NLP)
offer new possibilities to understand these narra-
tives at scale while respecting the integrity and
uniqueness of each story.

Holocaust testimonies are a unique type of lan-
guage resource as first-person oral narratives that
document historical trauma at a large scale. By
treating Holocaust testimonies as language re-
sources rather than simply historical documents,
we can apply NLP to reveal patterns across hun-
dreds of documents while preserving the integrity
of these testimonies. This work demonstrates how
computational linguistic methods can systemati-
cally extract insights from Holocaust testimony cor-
pora, validating their status as valuable language
resources for historical research and NLP method-
ological development.

NLP has increasingly been applied to Holocaust
testimonies as language resources to extract in-
sights more efficiently and effectively than tradi-
tional reading. Work has focused on topic-based
segmentation to identify narrative structures (Wag-

ner et al., 2024b), topic modeling with BERTopic
(Ifergan et al., 2024), and analyzing character de-
velopment trajectories (Shizgal et al., 2025). Re-
search has also focused on spatial trajectory map-
ping (Wagner et al., 2024a). Blanke et al. (2019)
applies sentiment analysis to Holocaust testimonies
and finds that testimonies unsurprisingly have neg-
ative sentiment. However, less work has been done
on the emotional and effective dimensions of Holo-
caust testimonies as they occur over time.

Sentiment analysis identifies positive or negative
attitudes in text, while emotion analysis identifies
specific emotions such as sadness, anger, or joy
(Plaza-del Arco et al., 2024). In narrative contexts
such as Holocaust testimonies, sentiment and emo-
tion analysis can reveal narrative trends and struc-
ture correlating to narrative progression, and assist
in narrative understanding (Min and Park, 2019;
Zad and Finlayson, 2020). Understanding emo-
tional trajectories in Holocaust testimonies can be
a new side to thematic and narrative understand-
ing, revealing how Holocaust victims and survivors
retell their histories and construct meaning.

We apply sentiment analysis, emotion recogni-
tion, and topic modeling to the CORHOH (Text
CORpus of HOlocaust Oral Histories), consisting
of over 500 oral histories from Holocaust survivors.
The purpose of this study is to (1) explore how sen-
timent evolves over the temporal arc of Holocaust
testimonies, (2) find how emotion characterizes dif-
ferent phases of the survivors’ testimonies, and (3)
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Figure 1: Distribution of CORHOH testimony
lengths in words

discover what thematic topics occur with different
sentiment and emotional patterns through cross-
modal trajectory alignment. We also aim to encour-
age and continue the computational research of
Holocaust testimonies and provide methodologies
applicable to other oral history collections.

2. Data

2.1. CORHOH Corpus
We use the CORHOH (Text CORpus of Holocaust
Oral Histories) (Jaff, 2025), which consists of 500
oral histories in English, with each narrative from
one survivor. The transcripts have been prepro-
cessed and annotated, making them suitable for
topic modeling and sentiment analysis. We further
isolate the survivor’s speech for analysis, which
is labeled in CORHOH. Testimonies ranged from
1,365 to 78,514 words, with an average of 16,598
words in a testimony. Figure 1 visualizes the distri-
bution of the length of testimonies.

2.2. Resource Evaluation and Challenges
As a language resource, the CORHOH was very
well suited to this research. Its scale of 500 testi-
monies provided significant volume for stable and
meaningful results. The pre-processed, speaker-
isolated transcripts allowed us to analyze survivor
speech without extensive preprocessing, and the
English-language format of all testimonies ensures
compatibility with all models used in the analysis.
The diversity of survivor experiences and emotions
also strengthened the generalizability of our find-
ings across different Holocaust experiences.

The CORHOH also had several challenges as
a language resource. The variety of testimo-
nial length, ranging from 1,365 to 78,514 words,
meant that equal-length segmentation produced

segments of substantially different sizes, which
may introduce noise into segment-level compar-
isons. The testimonies also contain features char-
acteristic of spoken languages, such as false starts,
self-corrections, repetition, hesitation, and informal
connective structures. A representative example
of this is "he regist-. . . because he was the big
shot. He was at that time a Polish officer." Stan-
dard NLP models are not designed to handle such
text, and their presence may degrade classification
accuracy.

2.3. Data Preprocessing
To track the emotional and thematic trajectories
of testimonies, we divided each testimony into 10
equal segments based on word count. We do
this for multiple reasons. The substantial varia-
tion in testimony length makes narrative-phase-
based segmentation impractical without ground-
truth phase boundary annotations, which are not
available at this scale. Equal-length segmentation
enables direct comparison between testimonies of
segment-level scores at equivalent relative posi-
tions in the narrative arc. We acknowledge that
narrative phases do not fall neatly at fixed word-
count percentages, and that this introduces some
noise into segment-level interpretations.

3. Methodology

Using a multifaceted computational approach to
analyze sentiment, emotion, and topic in Holocaust
survivor testimonies, we applied multiple NLP tech-
niques to each segment to capture distinct ele-
ments of the narratives.

3.1. Sentiment Analysis
We employed two methods for sentiment analysis:
lexicon-based and deep-learning approaches, ap-
plied to each segment.

We used Valence Aware Dictionary and sEn-
timent Reasoner (VADER) from nltk (Hutto and
Gilbert, 2014), a lexicon-based sentiment analy-
sis tool that is specifically designed for social me-
dia texts but performed well on many text types.
We included VADER as a lexicon-based base-
line to contrast with transformer-based sentiment
models and to examine how genre mismatch af-
fects sentiment estimation in Holocaust testimonies.
We also employed the DistilBERT model fine-
tuned on the Stanford Sentiment Treebank (SST-
2) (distilbert-base-uncased-finetuned-
sst-2-english) (Sanh et al., 2019) using the
HuggingFace Transformers library. Both models
output a score between -1 (negative sentiment)
and 1 (positive sentiment) for each segment. In
both models, we applied the sentiment scoring
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function to each testimony segment and averaged
the scores across all segments at a given position
in the testimony to identify the overall sentiment
and its overall trajectory. Both models contain a
significant risk of domain mismatch as they were
trained on movie reviews and social media texts.
These domains do not represent the complex, spo-
ken, trauma-centered language of Holocaust testi-
monies and may affect the reliability of sentiment
scores.

3.2. Emotion Analysis

In order to reveal more emotional dimensions than
sentiment analysis, we use a multi-class emotion
recognition model.

We used the emotion-english-
distilroberta-base (Hartmann, 2022)
model from HuggingFace Transformers, a
DistilRoBERTa-based classifier that has been
fine-tuned to recognize seven emotions: anger,
disgust, fear, joy, neutral, sadness, and surprise.
This model was fine-tuned on data from social
media sources, representing a domain mismatch
when applied to Holocaust testimonies. This
mismatch should be considered when interpreting
emotion, given the trauma-specific language of
the CORHOH corpus. For each segment, we
obtained probability scores for each of the seven
emotions and assigned the emotion with the
highest probability to the text. Next, we calculated
the percentage of text at each narrative segment
that is of a certain emotion and used this data to
analyze how different emotions evolve throughout
the narrative arcs of Holocaust testimonies.

3.3. Topic Analysis

To analyze the thematic content of the testimonies
and to see how emotions and sentiment correlate
with direct topics, we use BERTopic (Grootendorst,
2022), a neural topic modeling model that uses
transformer-based embeddings and clustering al-
gorithms.

We used the Sentence-BERT model (all-
MiniLM-L6-v2) (Wang et al., 2020) to pro-
duce meaningful embeddings that capture con-
textual information from the text. The embed-
dings were reduced using UMAP (McInnes et al.,
2018) with n_neighbors as 25, n_components
as 5, min_dist as 0.0, metric as co-
sine, and random_state as 42. Docu-
ments were clustered using HDBSCAN (McInnes
et al., 2017) with min_cluster_size as 25,
min_samples as 10, metric as euclidean,
cluster_selection_method as eom (excess
of mass), and prediction_data as True. Then,
we used CountVectorizer to generate interpretable

topic representations with stop_words as En-
glish to remove common English stop words from
topic analysis, min_df as 2, max_df as 0.95,
ngram_range as (1,2), and top_n_words as 10.
Finally, we reduced the topics to 5 using BERTopic’s
topic reduction functionality to ensure themes were
manageable and coherent.

3.4. Cross-Modal Trajectory Alignment
To examine the relationship between sentiment,
mood, and topic over time, we calculate Pear-
son correlation coefficients, integrating sentiment,
mood, and topics at the segment level. Instead of
analyzing these features independently, we quan-
tify how emotional and thematic signals vary across
the progression of testimonies.

Using the mean sentiment scores from Distil-
BERT, mean emotion scores, and topic prevalence,
we measure the alignment between these modali-
ties using a correlation-based analysis. DistilBERT
sentiment scores are used because transformer-
based models capture contextual and implicit de-
tails in narrative text and are conceptually aligned
with the embedding-based topic representations
generated by BERTopic. We compute the Pear-
son correlation coefficients between sentiment and
topic, and emotion and topic, to assess sentiment-
topic alignment and emotion-topic alignment, re-
spectively. These correlations quantify the strength
and direction between emotional signals and the-
matic content across the testimonies. As we ana-
lyze alignment over 10 segments, correlation coef-
ficients are interpreted as indicators of effect size
rather than statistical tests.

This cross-modal trajectory alignment analysis
enables us to analyze Holocaust testimonies with
greater depth, integrating both emotion and theme,
and complementing our trajectory analyses of sen-
timent, emotion, and topics independently.

4. Results

4.1. Sentiment Analysis
We first look at the trajectory of sentiment in the
Holocaust testimonies using VADER and Distil-
BERT independently (Figure 2). Despite extremely
different model architectures, both models exhibit
a very similar temporal pattern of sentiment, but
the sentiment output is very different. As expected,
given the domain mismatch, VADER classifies the
sentiment as positive throughout the entire testi-
mony. All subsequent sentiment analysis, therefore,
focuses on DistilBERT results. DistilBERT classi-
fies the sentiment as negative throughout the entire
testimony, with the exception of the first segment,
which mainly corresponds to pre-war life. This di-
vergence reflects the limitations of VADER when
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Figure 2: Trajectory of sentiment in Holocaust sur-
vivor testimonies using VADER and Transformer-
based models

applied to domain-specific language and context-
dependent sentiment (Villanueva-Miranda et al.,
2025). Both models show a rapid decrease in
sentiment from the first and second segments, as
the testimony transitions in themes of deportation
and forced movement. In DistilBERT, sentiment
remains extremely negative, ranging from -0.67 to
-0.55 from the third to the eighth segment. In the
final two segments, sentiment increases to -0.47 to
-0.35, while not recovering to pre-war life, reflecting
long-term impacts rather than emotional resolution.
The similar sentiment trajectories but varying over-
all sentiment shows that while trajectories may be
robust to model choice, overall sentiment may not
be robust.

4.2. Emotion Analysis

We now analyze the emotional trajectories of the
Holocaust sentiments using DistilRoBERTa-base
(Figure 3). Clear phases of emotion are observed,
with joy and sadness being prevalent in the first seg-
ment, corresponding to pre-war life. Surprisingly,
sadness and joy are of relatively equal prevalence
in the first segment, and both decrease in preva-
lence in the second and third segments. In the sec-
ond segment, fear is the most common sentiment
other than neutrality, and fear declines throughout
the testimonies but remains highly prevalent even in
the last segments. Conversely, sadness increases
in the last segments. Neutrality and surprise both
remain highly prevalent throughout the entire tes-
timony, with scores from 0.17 to 0.25 across seg-
ments. The prevalence of sadness, fear, and lack
of joy in the later segments reveals the absence of
emotional recovery in Holocaust trajectories, and
the high prevalence of fear and surprise through-
out the central testimonies highlights the traumatic
and emotional experiences throughout these testi-
monies.

Figure 3: Trajectory of emotion in Holocaust sur-
vivor testimonies using DistilRoBERTa-base

Figure 4: Topic distribution over time in Holo-
caust survivor testimonies excluding outliers using
BERTopic

4.3. Topic Analysis

We look at the topics identified by BERTopic across
the testimonies (1). The five topics identified were
(0) deportation, forced movement, and camp tran-
sitions; (1) pre-war life, family, and early education;
(2) community, cultural life, and social relationships;
(3) camp conditions, illness, and survival practices;
and (4) flight, rescue networks, and post-war dis-
placement. In the first segment, pre-war life was
the most prevalent by far, with prevalence decreas-
ing in the following segments. Next, deportation
and forced movement, and community and cultural
life rise in the second segment and remain preva-
lent throughout the entire narrative. Camp condi-
tions increase in prevalence throughout the first
four segments, then remain constant throughout
the remainder of the narratives. Rescue networks
increase in prevalence throughout the narratives,
with prevalence greatest in the final segments. This
topic analysis closely mirrors the historical chronol-
ogy of Holocaust survivor experiences.
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Topic Interpretive Label Representative
High-Weight Terms

0 Deportation, Forced
Movement, and Camp
Transitions

wagon; Birkenau; Vil-
nius; Russian army;
kapos; running away;
Krakow

1 Pre-War Life, Family,
and Early Education

cheder; father; 1918;
1935; grades; congre-
gation; governess

2 Community, Cultural
Life, and Social Rela-
tionships

congregation; theatre;
lesson; relationships;
compete; culture;
Radom

3 Camp Conditions, Ill-
ness, and Survival
Practices

Birkenau; latrine;
epidemic; inoculated;
doctors; coffee beans;
barracks

4 Flight, Rescue Net-
works, and Post-War
Displacement

Vichy; Portugal; Lis-
bon; OSE; passen-
gers; State Depart-
ment; Le Chambon

Table 1: Interpretive labels and representative high-
weight terms for topics identified using BERTopic

4.4. Cross-Modal Trajectory Alignment

4.4.1. Sentiment-Topic Alignment

To examine how sentiment relates to topic analy-
sis in the trajectory of Holocaust testimonies, we
look at the correlation coefficients between sen-
timent and topic prevalence (Table 2). With only
ten data points, these coefficients should be inter-
preted as indicators of effect size, and results with p
> 0.05 should be treated with caution. Strong neg-
ative correlations existed between sentiment and
most topics. Pre-war life showed a strong negative
correlation of -0.964, indicating that as sentiment
becomes more negative throughout testimonies,
discussion of pre-war life decreases dramatically.
This reflects the progression from positive pre-war
memories to negative memories of deportation and
concentration camp conditions.

Deportation and forced movement also had a
strong negative correlation with sentiment, indi-
cating that in narratives of deportation, sentiment
reaches extremely low values. Community and cul-
tural life showed a moderate negative correlation
of -0.753, showing that as discussions of commu-
nity became less prevalent, sentiment decreased.
Camp conditions and post-war displacement both
produced non-significant results, and given the
small number of segments, no meaningful associa-
tion between these topics and sentiment trajectory
should be inferred.

Topic Label Pearson r p-value
Pre-war Life -0.964 0.000
Deportation -0.931 0.000
Camp Conditions -0.244 0.497
Community and Cultural Life -0.753 0.012
Post-war Displacement -0.343 0.333

Table 2: Correlation of average sentiment scores
with topic prevalence across narrative segments.

4.4.2. Emotion-Topic Alignment

We now look at the emotion-topic alignment across
the narrative segments to see how topic and emo-
tion relate in Holocaust testimonies (Figure 5). As
with the sentiment-topic alignment analysis, these
correlations are computed across only ten seg-
ments and should be interpreted as descriptive
effect-size indicators rather than statistically robust
findings. This analysis reveals emotional associa-
tions with different phases of the testimonies. Pre-
war life showed a strong positive correlation with
joy (r = 0.97) and strong negative correlations with
anger (r = -0.91), disgust (r = -0.87), and fear (r =
-0.83). This reflects the emotional positivity of pre-
war life, which is characterized by family life and
childhood experiences. Deportation and forced
movement topics had strong positive correlations
with fear (r = 0.83), disgust (r = 0.94), and anger (r
= 0.87), while having strong negative correlations
with sadness (r = -0.93) and joy (r = -0.91), show-
ing the traumatic experiences of forced displace-
ment and separation. Camp conditions demon-
strated strong positive correlations with disgust (r =
0.86) and negative correlations with both joy (-0.73)
and sadness (-0.70). Community and cultural life
showed moderate positive correlations with fear
(r = 0.47) and anger (r = 0.43) and a moderate
negative correlation with joy (r = -0.42), potentially
showing that community was still a primary area
of fear during the Holocaust. Flight and post-war
displacement had a moderate negative correlation
with joy (r = -0.45) and a moderate positive correla-
tion with surprise (r = 0.42), revealing that joy does
not recover as survivors speak about their post-war
experiences.

5. Discussion

We conduct a computational analysis of Holocaust
testimonies from the CORHOH, revealing system-
atic emotional and thematic trajectories in Holo-
caust survivor testimonies. We applied sentiment
analysis, emotion analysis, and topic modeling
to 500 testimonies and examined how these di-
mensions evolve over narrative progression. Testi-
monies exhibit a sharp decline in sentiment from
pre-war life to wartime segments and remain neg-
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Figure 5: Heatmap showing correlations between
emotion and topic prevalence across Holocaust
testimony narrative segments

ative in post-war segments. Emotionally, joy de-
creases and fear increases during wartime seg-
ments. Cross-modal trajectory alignment reveals
strong correlations between topics, such as a cor-
relation of 0.97 between pre-war topics and joy.

Unexpectedly, joy and sadness were balanced
in pre-war life, likely reflecting bittersweet pre-war
memories. Sadness negatively correlated with de-
portation topics while fear, disgust, and anger had
strong positive correlations, suggesting that sur-
vivors recall deportation through trauma and anger
rather than sadness. Camp conditions negatively
correlated with joy and sadness, potentially indicat-
ing emotionally detached and traumatic language
when speaking about camp conditions.

Future work can replace fixed-length narrative
segmentation with topic-based segmentation to al-
low emotion and sentiment analysis to align more
with narrative structure and topics. Using differ-
ent, finer emotion models or models fine-tuned for
historical or trauma-related corpora could enrich
emotion modeling. Survivor-level trajectory cluster-
ing could also reveal distinct emotional types rather
than corpus-level averages.

We use fine-tuned transformer models in this
work instead of more recent large language mod-
els (LLMs) with zero-shot or few-shot prompting.
At a scale of 500 testimonies divided into ten seg-
ments each, LLM-based inference would introduce
substantial computational cost. Fine-tuned models
also offer greater reproducibility, as their outputs
are deterministic, whereas LLM results may vary
across runs and API versions. Future work should
explore whether zero-shot or few-shot prompting
with LLMs allows for better-suited emotion or senti-
ment classifications for trauma-domain oral history
text, given the domain mismatch limitations of the
models used in this study.

Methodologically, this work demonstrates that
analyzing sentiment, emotion, and topic in combi-
nation provides richer insights than analyzing these

dimensions independently. Cross-modal alignment
provides a richer lens to understanding how sur-
vivors tell their narratives over time. Beyond Holo-
caust trajectories, this methodology is applicable
to other testimonies and oral histories where emo-
tional and thematic structures are central.

6. Conclusion

This paper presents a computational analysis of
Holocaust testimonies using sentiment analysis,
emotion analysis, topic analysis, and cross-modal
trajectory alignment. We analyze 500 testimonies
from the CORHOH and segment each testimony in
ten segments for trajectory analysis.

We find that Holocaust testimonies often follow a
path from pre-war life to deportation, camp experi-
ences, to post-war displacement, with an absence
of emotional recovery. By using a cross-modal tra-
jectory alignment, this work shows that emotional
expression is often closely related to topics across
narratives.

These findings demonstrate the potential of com-
putational methods to create large-scale analyses
of oral histories while preserving narrative integrity
and emotional dimensions, and offer a transferable
method for studying other trauma-centered histori-
cal corpora. This study also furthers the inclusion
and use of Holocaust testimonies as language re-
sources in NLP.

7. Limitations

Several limitations should be considered in this
study. First, equal-length segmentation may not
align completely with narrative boundaries. Sec-
ond, this study does not manually validate the emo-
tion or sentiment labels assigned by the automated
models, and given the domain mismatch between
model training data and the CORHOH corpus, sys-
tematic misclassification is possible. Third, seven
emotions may not be enough to capture fine trauma-
specific emotions in the context of the Holocaust
testimonies. Fourth, the correlation-based cross-
modal analysis is descriptive rather than causal.
With only ten segments, the correlations must be
interpreted as indicators of the association and ef-
fect size, not as statistically robust claims.

8. Ethics

Ethical considerations are vital in the computational
analysis of Holocaust testimonies. We treat the tes-
timonies as records of individual human experience
rather than as data points. Aggregating testimonies
into corpus-level trajectories risks decreasing the
diversity of individual survivor experiences, so we
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present our findings as patterns rather than defini-
tive feelings or memories of survivors. We acknowl-
edge that sentiment and emotion classification tools
may misclassify or misrepresent the experiences
described, given the trauma-centered language of
much of these testimonies. De Bruyne (2023) high-
lights that there is low diversity in emotion concep-
tualization in emotion recognition, so the seven
emotions used in this study likely do not capture
the fine-grained emotions in the testimonies. Mo-
hammad (2022) cautions that transferring emotion
and sentiment analysis models to unseen domains
may result in poor accuracy. These limitations risk
misrepresenting survivor experience and should
continue to be improved upon with future work. The
goal of this work is to support historical understand-
ing and encourage computational engagement with
Holocaust testimonies as language resources, not
to reduce survivor narratives to emotional or the-
matic labels.
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