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Abstract

Automatic Speech Recognition (ASR) for Hebrew faces signif-
icant challenges due to limited resources and rich morphology.
While recent advances have improved high-resource languages
ASR, Hebrew still lacks robust open-source solutions. Through
crowdsourcing efforts, we created a dataset of 314 hours of tran-
scribed speech, which we used to train a new Hebrew ASR
model based on the Whisper architecture. Our model demon-
strates up to 29% reduction in error rates compared to existing
Whisper solutions, particularly excelling in producing verba-
tim transcriptions. Additionally, we introduce a new evaluation
dataset designed specifically for Hebrew ASR assessment. By
making both the model and methodology freely available, we
provide a framework that can be adapted for developing ASR
systems in other under-resourced languages. This work repre-
sents a step toward making speech technology more accessible
in different languages.

Index Terms: speech recognition, Hebrew ASR, crowdsourc-
ing, under-resourced languages, open-source models, Whisper
architecture

1. Introduction

Automatic Speech Recognition (ASR) has become an impor-
tant technology in our digital world, enabling essential appli-
cations, such as virtual assistants and real-time transcription,
allowing accessibility tools for the hearing impaired and auto-
mated customer service systems. Traditional ASR systems used
algorithmic approaches to tackle speech recognition challenges
but often struggled with limited generalization in different lan-
guages, which significantly affected their real-world effective-
ness [1, 2, 3, 4]. In Hebrew, early ASR systems faced unique
challenges due to the language’s distinctive characteristics, in-
cluding rich morphology and the absence of written vowels in
most texts. Examples of traditional tools in Hebrew include the
DARPA-funded BBN Hebrew recognizer from the 1990s [5],
and the subsequent HMM-based systems [6]. Recent advances
in deep learning and neural architectures have made advance-
ments in Hebrew ASR in the last decade [7]. The emergence
of foundation model-based ASR systems, such as Whisper [8]
and VALL-E [9], has revolutionized the field of speech recog-
nition by offering open-source multilingual capabilities. The
OpenAl Whisper system [8] leverages an extensive corpus of
subtitle data for its training process. The results on applications
in high-resource languages, such as English, Spanish, and Man-
darin, are accurate and thus useful: the system demonstrates a
nuanced understanding of written language conventions. Whis-
per is powerful in its ability to produce high-quality transcrip-
tions that incorporate proper capitalization and punctuation, ef-
fectively bridging the gap between spoken and written language
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forms.

However, Whisper’s effectiveness encounters certain con-
straints when dealing with other languages [10, 11], including
Hebrew. In the next section, we will elaborate on the specific
challenges in using Whisper for Hebrew speech.

2. Current Challenges in Hebrew ASR

The first challenge in creating efficient ASR in Hebrew is the
limited amount of available speech data and linguistic resources
(e.g., pronunciation dictionaries and annotated datasets), since
Hebrew is spoken daily by less than 10 million people [12].
The other challenge is linguistic. Hebrew has rich morphology,
making the words highly variable due to its root-and-pattern
system and extensive affixation, where a single root can gener-
ate numerous word forms through the addition of prefixes, suf-
fixes, and internal vowel patterns, which significantly increases
the vocabulary size and makes it more challenging for ASR sys-
tems to handle out-of-vocabulary words and recognize all pos-
sible word forms accurately. For example, consider the base
word msmrt (mishmeret, ”shift”), which can generate numerous
variations through the systematic addition of prefixes, suffixes,
and internal vowel patterns. Simple inflectional morphology
produces forms such as msmrwt (mishmarot, ’shifts”) for plu-
ral and possessive forms like msmrty (mishmarti, “my shift”),
while the addition of prefixes creates variations such as hmsmrt
(hamishmeret, ’the shift”) and Imsmrt (lemishmeret, “to/for a
shift”). The complexity compounds when multiple affixes com-
bine, generating forms like wimsmrwtyhm (ulemishmeroteihem,
”and to their shifts”), sbmsmrtk (shebemishmartecha, "’that is in
your shift”’) which incorporates multiple grammatical elements
into a single word. These differences from Latin languages are
not problematic, but place challenges when trying to use the
same tools and measurements in languages like Hebrew. We
suggest enhancing existing benchmarking datasets to include
comprehensive coverage of morphological variations, ensuring
that both train and test sets reflect the full range of prefix-suffix
combinations and vowel patterns that occur in natural Hebrew
speech.

Recent work has made advancements in Hebrew ASR de-
velopment due to the challenges mentioned above. Turetzky
et al. [13] introduced HebDB, a substantial weakly supervised
dataset comprising approximately 2,500 hours of natural He-
brew speech across diverse speakers and topics. Their work in-
cluded both self-supervised and fully supervised baseline ASR
systems. While HebDB represents a step in Hebrew ASR re-
search by providing a large-scale training dataset and baseline
models, we identify two critical areas needed to further their
work. First, we introduce the ivrit.ai crowd-transcribe dataset of
manually corrected transcriptions comprising hundreds of hours
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of speech, addressing the need for high-quality evaluation data
that can serve as a reliable benchmark for testing ASR systems.
We adopted a crowdsourcing-based approach, both for collect-
ing a large-scale dataset and for engaging the target community
in the annotation process. This strategy follows former trends
in language and speech technologies, where contributions from
non-expert users have enabled the creation of valuable resources
in a cost-effective and scalable manner [14, 15]. Second, we
present an enhanced ASR architecture that leverages state-of-
the-art transformer-based models (Whisper), specifically opti-
mized for Hebrew. While our work focuses on developing He-
brew ASR, the methodology can serve as a blueprint for devel-
oping ASR systems in other under-resourced languages. Our
approach of combining community efforts with modern models
demonstrates a practical path forward for languages that cur-
rently lack robust ASR solutions. By making our methodology
and tools openly available, we aim to make speech technology
more accessible across different languages and communities.

To sum up, the current work presents three contributions
to Hebrew ASR. First, we introduce the largest manually ver-
ified and corrected, openly licensed Hebrew speech dataset to
date (ivrit.ai crowd-transcribe), providing a robust foundation
for ASR development. Second, we demonstrate a new open-
source Hebrew-Whisper model that achieves state-of-the-art
performance while remaining freely available to the research
and industrial community. Finally, addressing the limitations
observed in existing multilingual corpora, we propose a new
test set specifically designed for evaluating Hebrew ASR mod-
els, better reflecting modern spoken Hebrew.

3. Datasets
3.1. The Full ivrit.ai Corpus

The ivrit.ai corpus is presented in [16]. Since its original pub-
lication, the corpus has expanded and currently encompasses
approximately 15,000 hours of audio content that spans diverse
domains, topics, and speakers. The corpus marks a significant
step in the available Hebrew speech corpora, as can be seen in
Table 1 in the original paper, and has recently been used for
new Hebrew speech developments [17, 18]. For labeling and
training use, the ivrit.ai corpus was segmented as follows: First,
the long audio segments were split into short segments of 2-29
seconds. This was done using Silero VAD [19] to identify the
different segments, then utilizing £ fmpeg to generate a match-
ing mp3 file for each segment. Silero VAD was chosen due to
its efficiency: a lightweight process that can operate on a single
CPU for the entire dataset of 15K hours. The choice of segment
durations was made to ensure that the segment is long enough
to be legible (at least 2 seconds), and fits into Whisper’s max-
imum segment duration (30 seconds) [8]. The ivrit.ai corpus
is not manually transcribed. In the current work, we manually
transcribed the speech segments from the ivrit.ai corpus, creat-
ing the sub-dataset ivrit.ai crowd-transcribe.

3.2. The Sub Dataset: ivrit.ai crowd-transcribe

The ivrit.ai crowd-transcribe' was created in a crowd-sourcing
process, by asking the Hebrew-speaking community to help
manually transcribe the ivrit.ai corpus. 2,100 volunteers par-
ticipated in the effort through an interface (see Figure 1),> con-

Inttps://huggingface.co/datasets/ivrit—-ai/
crowd-transcribe-v4

>The interface available at: http://serve.ivrit.ai and
its source code available at: https://github.com/ivrit-ai/
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Manually Corrected and Editable Transcript

Figure 1: Screenshot of the User Interface for Correcting Auto-
matic Transcriptions.

taining a random speech segment from the ivrit.ai corpus, ac-
companied by its automated transcription, created by Whisper
large-v2. In addition, the interface presents the transcription
in an editable format, asking the volunteer to correct the tran-
scription if needed. The volunteer then can submit the corrected
transcription or ask to skip to another segment if they had diffi-
culties understanding it (and report the reason for skipping).

The segments were retrieved from the ivrit.ai corpus into
the crowd-transcribe interface. The randomization occurs at
the individual segment level. Selection probability for each
segment is proportional to its source’s total duration in hours:
normalizing the number of segments multiplied by the average
length shows that we select episodes from each podcast pro-
portionally to the podcast’s share of total hours. About 10% of
segments undergo re-transcription. This is intended to enable
in-depth verification of transcription by comparing between two
or more transcribers. Additionally, we store and release infor-
mation for each transcription, such as browser type, number of
times the volunteer listened to the segment, number of playback
pauses, and a unique identifier for the volunteer so we can check
the quality of different segments transcribed by the same volun-
teer. All manual transcriptions were stored in a PostgreSQL
database for further usage.

The final ivrit.ai crowd-transcribed sub-dataset contains a
total of 246 hours of Hebrew speech, composed of 169,376 seg-
ments. Segments length ranged between 0.10-28.98 seconds
(mean: 5.22s, SD: 4.54), taken from 47 ivrit.ai sources across
diverse domains: science, tech, medicine, history, economics,
interviews, politics, Jewish studies, psychology, family rela-
tions, self-development, lifestyle, sports, news, politics and en-
trepreneurship. Of the 5,310 speakers across all segments, we
obtained demographic data about 3,561 (67%) through Wiki-
data. Of the identified speakers, 1,194 (33%) were women.
Speakers were aged 20-90 years old. 72% of the identified
speakers were native Hebrew speakers, and the others speak
other languages as their first language: Arabic, English, Rus-
sian, Amharic, Spanish, German, and French. To ensure rig-
orous evaluation, we implemented a strict train-test split (90%-
10%), completely excluding all segments from one randomly
selected podcast, lengthened 25.45 hours from the training data,
thus the training set of ivrit.ai crowd-transcribe includes 220.55
hours (151,849 segments). In addition to the crowd-transcribe
dataset, we included in the training dataset 93.7 hours (14,508
segments, mean: 23.27, SD: 7.8) of Hebrew audio contributed

crowd-transcribe.



Corpus Hours Domain Source Description
ivrit.ai Evaluation Set 2 hours Informal conversa- Part of ivrit.ai test- Audio is segmented
(eval-d1) tion between two set (not included in into approximately
persons the train-set) 5-minute chunks. Ver-
batim transcription.
SASpeech [20] 4 hours Economics and  Narrative podcast Audio segments are
Politics podcast several seconds in
length. Verbatim tran-
scription.
FLEURS [21] 2 hours Read speech - The Hebrew subset of
FLEURS
Mozilla Common Voice 2 hours Read speech - The Hebrew test-set of
(version 17.0) [22] the corpus
Kan subtitles [23] 1.7 hours Broadcast content “Kan” Youtube  Subtitles transcription.
subtitles channel (news)

Table 1: Overview of Hebrew Speech Test Datasets

by commercial news media along with its corresponding subti-
tles, which was not part of the original ivrit.ai dataset. In total,
314.2 hours of fully annotated Hebrew speech were used in the
current training.

4. Model Architecture and Training
Pipeline

We used the basic Whisper architecture to fine-tune the model.
Specifically, Whisper’s Large v2 model was used, as it showed
a better starting point for Hebrew STT compared to Whisper’s
Large v3 model in our initial results testing. Training was
performed on a single H100 GPU with 80GB of VRAM, via
vast.ai, for 2 epochs. The batch size was set to 8.

4.1. Experimental Setup

We evaluated the models across multiple datasets, as shown in
Table 1. In addition to the FLEURS [21] multilingual dataset,
widely used for ASR evaluation, the other test sets are used for
the first time here for evaluation purposes, to the best of our
knowledge. To enhance the evaluation options, we created a
verbatim oriented test set, eval-d1, based on two hours from the
ivrit.ai crowd-transcribe test set. Both reference transcription
and the transcription output from each model were normalized
by the BasicNormalizer from the original OpenAl source
code (for removing symbols, punctuation, etc.), such that the
final results compared only the text. We used the common mea-
sure word error rate (WER) to evaluate the results.

5. Results

As can be seen in Table 2, the ivrit.ai Whisper model demon-
strates performance improvements across datasets, marking a
significant advancement in Hebrew ASR technology. Specifi-
cally, the model achieves the lowest WER across all benchmark
datasets in comparison to other Whisper-based models, with a
particularly strong performance on spontaneous conversational
speech, as in the eval-d1 and the SASpeech datasets. However,
one commercial model (AWS Transcribe Batch) showed the
best performance on the FLEURS, Common Voice and KAN
datasets. We discuss the differences and possible reasons in the
next section.
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6. Discussion

We present ivrit.ai Whisper: a new ASR model based on the
Whisper architecture, designed for better performance in tran-
scribing Hebrew speech into text. Our model training is based
on 220.5 audio hours, collected from recorded content, and an
additional 93.7 audio hours with subtitles retrieved from media
content. We aimed to address issues related to the limited He-
brew resources by collecting a large corpus for free use. We did
not address the issues derived from Hebrew’s special linguistics
directly, but enhanced the available data for training and the op-
tions to explore it by testing the various Hebrew-capable mod-
els on diverse datasets, including a new transcribed evaluation
dataset (eval-d1). The new model demonstrates 8-29% reduc-
tion in error rates compared to other Whisper versions, marking
an advance given the challenging nature of spontaneous Hebrew
speech recognition. Importantly, WER is a metric that’s sensi-
tive to different types of errors, which have varying significance
in Hebrew [24, 25]. For example, defective and full spelling
(for example, §lhn/Swlhn: *table’ written with and without the
vowel letter w), isn’t necessarily considered an error but rather a
preference, yet it counts as an error in the WER metric just like
complete word substitutions do. Additionally, writing numbers
in digits versus words (for example, 5 or “five”) and the nature
of the transcription used as ground truth has an effect: manual
transcriptions that emphasized disfluencies (i.e. when speakers
repeated word fragments or said “um”) received lower scores
when the model tended to omit such segments and only repre-
sent complete words (similar to subtitles).

The improvement was not uniform across all tested
datasets, with specifically lower performance on the Kan
dataset. The Kan dataset includes speech from traditional me-
dia (mostly news), along with their subtitles as a transcription.
The superior performance of the new model on verbatim tran-
scriptions (eval-d1 and SASpeech), compared to edited content,
suggests that our model has developed a capability to capture
natural speech patterns, including common disfluencies and lin-
guistic variations specific to spoken Hebrew. However, since
our training dataset also included 93.7 hours of news media
and subtitles, other variables may influence the results. Fur-
thermore, ASR applications may also differentiate between pro-
ducing exact transcription versus what might be considered a
”clean” transcription, often prioritizing readability and com-



Model ivrit-ai/eval-d1 | SASpeech | FLEURS | common_voice | KAN
Open Source Models

ivrit.ai Whisper 6.2 8 24.1 20.7 11.3
OpenAl Whisper Large v2 8 9.8 26.6 23.3 16.4
OpenAl Whisper Large v3 9.6 9.4 26.2 23.1 13.4
OpenAl Whisper Large v3 8.5 10.4 28.9 28 15.6
Turbo

Commercial (Not Open Source) Models
AWS Transcribe Batch (Dec 6.9 8.6 23* 14.1* 9*
2024)*
AWS Transcribe Stream (Dec 8.1 9 28.7 20 13.1
2024)*
Google Speech (Jan 2025)* 21.2 18.9 38.5 38 29.2

Table 2: Word Error Rate (WER) Comparison Across Speech Models and Datasets. The best model per dataset is bolded. Models
marked with * are proprietary, non-reproducible, and thus limited for direct comparison.

prehension over verbal accuracy, frequently omitting disfluen-
cies, hesitations, and making grammatical corrections. Future
work may produce different sub-models for different ASR use
cases, according to their purpose [26]. Our work joins a grow-
ing body of research in natural language processing and speech
recognition that has leveraged crowdsourcing. We did so on
two levels: first, by collecting the ivrit.ai corpus through vol-
untary contributions from content creators, in a manner similar
to efforts such as Common Voice [27] and UncommonVoice
[28]; and second, by inviting the community expected to bene-
fit from the effort to assist in annotating the data. Our approach
is comparable to other annotation initiatives that have used non-
expert contributors for labeling tasks [14, 15], and we similarly
found that non-expert work can be highly effective. However,
we differ from those works, as our contributors were not paid,
but volunteered; and although we turned to the general public,
our participants were domain-experts in the Hebrew language.
This is different from paid platforms like AMT, where workers
are often unfamiliar with low-resource languages—a limitation
noted in previous research [15]. Our study is thus closer to Un-
common Voice [28], which also engaged volunteers from a spe-
cific community of interest, but the dataset we compiled and the
model we refined are substantially larger in scale. The data col-
lection strategies, model adaptation techniques, and evaluation
frameworks developed in this study could potentially extend be-
yond Hebrew to benefit other languages with limited resources.
This work demonstrates how targeted fine-tuning with carefully
curated data can significantly improve speech recognition for
languages traditionally underserved by mainstream ASR tech-
nologies.

The AWS Transcribe Batch commercial model showed the
best performance on three datasets. However, we cannot ana-
lyze or explain their advantages as they do not detail their train-
ing data, the model architecture, or the training process. Fur-
thermore, they provide their services at a cost, while we aimed
to provide free access to a state-of-the-art ASR model.

6.1. Limitations and Future Directions

Despite the improvements and contributions the new model
showed, our work has several limitations. First, although the
ivrit.ai dataset represents an advancement in Hebrew speech
datasets, containing more than 15,000 hours of Hebrew speech,
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the subset used for developing the model was smaller, contain-
ing 314 hours of manually transcribed audio, due to limited bud-
get and reliance on volunteers. Importantly, even this dataset
is larger than former datasets used for similar tasks. Another
limitation is that we did not use a validation set or conduct hy-
perparameter optimization in our approach, though our evalu-
ation on multiple unseen datasets suggests good generalization
capability. Future work should incorporate a formal validation
set and systematic hyperparameter optimization to potentially
achieve better performance. Future work may also enhance the
dataset by collecting more manually transcribed data. In addi-
tion, we may implement data augmentation strategies, includ-
ing the addition of background noise types, audio stretching,
and other perturbations to improve model robustness. Future
research could also investigate whether synthetic data gener-
ated through text-to-speech systems can supplement or replace
portions of manually transcribed data while maintaining com-
parable performance. This approach could potentially provide
a cost-effective way to expand the training dataset. Better per-
formance may come from enhancing its quality: Our current
method of segmenting continuous speech into shorter chunks,
while practical for training, can lead to loss of important contex-
tual information and may affect the model’s ability to maintain
coherence across longer utterances. Future work may also de-
velop improved methods for handling continuous audio, main-
taining time-code alignment, and preserving contextual infor-
mation across longer speech segments. More broadly, our work
would benefit from a wider demographic representation of di-
verse accents, ages, and genders as speakers.

6.2. Conclusion

We aimed to develop an improved, freely accessible ASR sys-
tem for Hebrew speech recognition, based on the Whisper ar-
chitecture. Our approach demonstrates that specialized open-
source models can effectively handle languages with rich mor-
phology despite limited resources. The methodology we devel-
oped - combining community efforts, data curation, and archi-
tectural adaptation - provides a practical framework for devel-
oping ASR systems in other under-resourced languages. This
work thus contributes not only to Hebrew ASR but also to
making speech technology more accessible across different lan-
guages and communities.
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