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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.
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1. Introduction nition (ASR) technologies to make them accessible
for further processing (Lehecka et al., 2023).
With the advent of Transformers, Natural Language In this paper, we present XLM-RoBERTa-malach,

Processing (NLP) has made significant improve- ~a multilingual Transformer based on the XLM-
ments in general-domain and domain-specific set- RoBERTa architecture (Conneau et al., 2020),
tings. However, most language models have been ~ domain-adapted to Oral Holocaust Testimony. It
trained on modern text and do not generalize well  is named after the Hebrew word for "angel”, or
to historical documents, which come with addi- Multilingual Access to Large Spoken ArCHives.
tional challenges, such as orthographic reforms,  The following sections describe the foundations of
entity drift, noisy inputs, and a lack of resources ~ domain adaptation and Holocaust-related NLP, the
(Ehrmann et al., 2023). acquisition and augmentation of training data via

While language models domain-adapted to 18th ~ @utomatic speech recognition and machine trans-
to 20th century text have been shown to outper- lation, the training process, and finally, NER exper-
form general-domain models in the Named Entity ~ iments in testimonies showing the outperformance
Recognition (NER) downstream task in documents ~ Of general-domain models.
from the same time period (Schweter et al., 2022), While we are not able to publish the dataset itself
and NER in Holocaust survivors’ testimonies has ~ due to the licensing of the source data, the domain-
become of interest (Dermentzi and Scheithauer, adapted model is available on Hugging Face' un-
2024), no language model adapted specifically to ~ der the MIT license. The source code of the NER
mid-20th century languages and Holocaust-related ~ €xperiments is available on GitHub®.
terminology does yet exist. With the increasing
number of digitized documents, such a model be- 2. Related Work
comes an interesting candidate to assist with the
processing of large archives, at potentially better 2.1, Domain-Specific Language Models
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 pon_—Eninsh_Ianguages, ex_ist onlyinoral i alach
form, which is very different from written documen- ®https://github.com/chbridges/
tation and often requires Automatic Speech Recog-  01ach-ner

Language models such as BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019) are powerful

"https://huggingface.co/ufal/
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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 (Strakova 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 (Caubriere 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 (Lehecka et al., 2023).
First steps in NER in testimonial data have
been taken by Anuradha Nanomi Arachchige et al.

(20283), who labeled English testimonies from the
United States Holocaust Memorial Museum?, For-
tunoff Video Archive?, and the Wiener Holocaust
Library® 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 Editions® 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, splitinto languages’ or into multilingual train-
ing/validation/test data®.

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

Shttps://www.testifyingtothetruth.co.
uk

6https://www.ehri—project.eu/
ehri-online-editions/

"nttps://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 Archive®, 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 (Svec et al., 2025)'°, 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

%https://vha.usc.edu
https://uwebasr.zcu.cz
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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 (Lehelka et al., 2023). For Dutch, we
utilized a publicly available Wav2Vec 2.0 model
fine-tuned on the Corpus Gesproken Nederlands
(CGN) dataset!". 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 Universitat Berlin.'2

"https://huggingface.co/GroNLP/
wav2vec2-large-xlsr-53-ft—-cgn
"2Transcripts 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 Svec 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 x1m-
roberta_punctuation_fullstop_truecase
model'® (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-MT'#, 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.
Bhttps://huggingface.co/
1-800-BAD-CODE/x1m-roberta_punctuation_
fullstop_truecase
“https://huggingface.co/google/
madlad400-3b-mt
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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]
; Czech 195
\ Dutch 25
: EHRI-6  English 81
EHRI-9 (713.5) Germar_1 356
(874) : Hur.19ar|an 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.

We adapt the large-sized XLM-RoBERTa model'®
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 model'®, which uses Adam optimiza-
tion (Kingma and Ba, 2017) with g; = 0.9,8, =

Continued Pretraining Setup

1shttps ://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,¢ = 1e-6, and 0.01 weight decay, a peak learn-
ing rate of 4e~* 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 20966 29210 29404 2.4187 2.6592 5.3259
Malach 1e-5 2.8023 3.1704 29022 2.0254 2.8285 2.8797 2.4003 25914 4.0910
Support [K] 195 356 81 3.5 45 25 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.

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.

xlmfrobertaflargefehrifnerfallw,
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.

Experimental Setup

"https://huggingface.co/ehri-ner/
xlm-roberta-large—-ehri-ner-all
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The training is repeated 3 times using 3 different
random seeds, so that not only the overall and tag-
wise mean F; scores can be reported, but also their
95% confidence intervals.

5.2. Results

Mean F, 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 F; 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% F, 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 F; 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


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

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 F; scores (%) and their 95%
confidence intervals on the EHRI-NER dataset.
The compared models are xIm-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 F; 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.
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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 (Brtickner 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.



+ 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. l.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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