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Figure 1: Phonikud: Hebrew G2P conversion for fast, phonetically accurate Hebrew TTS. Hebrew writing
normally omits vowels, creating a speed-accuracy tradeoff for TTS: large models ( , top) trained on raw Hebrew
text are more phonetically accurate but slow, while small models trained on vocalized text ( , middle) produce
pronunciation errors because added vowel marks still omit critical features like stress placement. Phonikud (green)
enables both speed and phonetic accuracy through enhanced vocalization (Vocalized+ above) augmenting standard
vowel marks with additional symbols indicating phonetic features such as stress, followed by conversion to standard
IPA phonemes. This enables training small TTS models with phonetically accurate outputs suitable for real-time
applications.

Abstract

Real-time text-to-speech (TTS) for Modern He-
brew is challenging due to the language’s ortho-
graphic complexity. Existing solutions ignore
crucial phonetic features such as stress that re-
main underspecified even when vowel marks
are added. To address these limitations, we in-
troduce Phonikud, a lightweight, open-source
grapheme-to-phoneme (G2P) system that out-
puts fully-specified IPA transcriptions for He-
brew text. Our approach adapts an existing dia-
critization model with lightweight adaptors, in-
curring only negligible additional latency. We
also contribute ILSpeech, a novel dataset of He-
brew speech with expert-annotated IPA tran-
scriptions that serves both as the first bench-
mark for Hebrew G2P and as essential train-
ing data for TTS systems. Experimental results
demonstrate that Phonikud achieves substan-
tially higher accuracy in Hebrew G2P compared

to prior methods, and that G2P preprocess-
ing enables training of effective real-time He-
brew TTS models with superior speed-accuracy
trade-offs. We release all code, data, and mod-
els at https://phonikud-paper.netlify.
app to advance Hebrew TTS research.

1 Introduction

Despite the Modern Hebrew language being spo-
ken by approximately nine million people (Lewis,
2009), it currently lacks an open-source real-time
text-to-speech (TTS) system with adequate perfor-
mance. TTS systems for important applications
such as screen readers for visually impaired users
and for smart home technology must run in real-
time on resource-constrained devices. However,
applying standard techniques to Hebrew is chal-
lenging due to the language’s opaque orthography,
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Figure 2: The Phonikud grapheme-to-phoneme pipeline. Phonikud converts unvocalized Hebrew text into
fully-specified IPA in two steps: First, an enhanced diacritization module adds standard vowel marks and enhanced
phonetic symbols to each letter of the text. This is done with a frozen (ice symbol above) base diacritization
model, which is a character-level encoder model, and its per-character prediction head for standard vowel diacritics.
This is augmented with an additional trainable (fire symbol above) linear adaptor serving as a head for predicting
enhanced diacritics. Second, a rule-based transformation module converts this text with enhanced diacritics, which
disambiguate its phonetic content, into IPA. This output may be used to train small, real-time TTS models.

which is difficult to parse directly for the small TTS
models needed to achieve low latency (as we show
in Section 5).

The Hebrew script omits phonetic features such
as vowel sounds, leaving them to be inferred from
context. For instance, in Hebrew the word 790 may
be read as /'sefer/ (“book™), /sa'par/ (“barber”), /sa'-
far/ (“he counted”), or /sfar/ (“suburb”). A system
of optional diacritics (nikud) may be used to indi-
cate these features, but they are mostly confined
to pedagogical texts such as dictionaries. More-
over, the pronunciation of a Hebrew word cannot
be unambiguously determined even when vowel
diacritics are provided. For example, 7’2 may
be read as either /'bira/ (“beer”) or /bi'ra/ (“capital
city”). This phonetic underspecification challenges
TTS systems, which must receive normal (unvo-
calized) Hebrew text as input and output correctly-
pronounced Hebrew audio.

One approach to Hebrew TTS maps unvocalized
Hebrew text directly to audio (Roth et al., 2024;
Zeldes et al., 2025). This may achieve high qual-
ity given a large model with sufficient capacity to
capture the complexities of Hebrew orthography.
However, such models are computationally inten-
sive and incur high latency, making them unsuitable
for real-time applications. Conversely, small TTS
models struggle to predict accurate pronunciation
from unvocalized Hebrew. Existing approaches pre-
dict vowel diacritics directly (Sharoni et al., 2023;
Pratap et al., 2024), but this does not fully resolve
ambiguity (as in the example above), leading to
inaccurate pronunciations in TTS outputs.

To bridge this gap, we propose a lightweight
grapheme-to-phoneme (G2P) pipeline, Phonikud,
to resolve the phonetic ambiguities in written
Hebrew, enabling the training of small, low-
latency TTS models for Hebrew speech synthesis.



Specifically, we adapt an existing state-of-the-art
(SOTA) model for predicting Hebrew vowel diac-
titics (Shmidman et al., 2023), adding lightweight
adaptors to predict additional phonetic features such
as stress and shva realization (see Section 2) needed
for disambiguation. A rule-based module converts
these outputs into the International Phonetic Al-
phabet (IPA). We show that this allows effectively
training small, real-time-capable TTS models.

As an additional contribution to enable our goal,
we contribute the novel ILSpeech dataset and bench-
mark, consisting of high-quality Hebrew speech
recordings along with Hebrew text and expert-
annotated IPA transcriptions. This serves both as an
additional training resource for Hebrew TTS, which
currently has a dire lack of available open data, as
well as a benchmark for evaluating the novel task
of G2P for Hebrew text.

In summary, our key contributions are:

* A lightweight, open-source G2P model aug-
menting an existing Hebrew diacritizer to ac-
curately transcribe Hebrew text in IPA.

* Results demonstrating that G2P is beneficial
for training real-time TTS systems for Hebrew,
along with comparisons to existing systems.

e [LSpeech, a novel dataset and benchmark
of Hebrew speech recordings, Hebrew and
IPA transcriptions, enabling TTS training and
benchmarking Hebrew G2P.

We release! our data, code, and trained models
to spur development of real-time Hebrew TTS sys-
tems.

2 Phonetic Underspecification in Hebrew

Hebrew is normally written without vowel marks
(unvocalized text), but even when these are added
(vocalized text) it is still underspecified for various
phonetic features that are needed for accurate TTS.
These may be split into three primary issues:

Stress. Hebrew has lexical stress, which is only
partially predictable from word shape and part of
speech (Graf and Ussishkin, 2003). As illustrated
by the minimal pair /'txina/ (“tahini”) vs. /txi'na/
(“grinding”), both spelled 1J°TID, stress is not indi-
cated in the orthography even when vowel marks
are provided.

'https://phonikud-paper.netlify.app

Shva. The vowel mark known as shva is polyvalent,
being either silent or pronounced as /e/ depend-
ing on context. The latter case occurs subject to
complex morpho-phonological rules with many ir-
regularities in loanwords (Weinberg, 1966). For
example, in {17172 /be'london/ (“in London”) the
shva vowel between the first two consonants is pro-
nounced, while in *3*73722 /blon'dini/ (“blonde™) it
is silent.

Irregular words. Infrequently, words may deviate
from regular pronunciation rules. A notable case
is loanwords containing the phoneme /w/, written
identically to /v/. For example, 17133°8 /'pingwin/
(“penguin”) is indistinguishable from the hypothet-
ical form */'pingvin/. Other examples of irregu-
lar spellings include TI’?’?N? /'jala/ (“come on”) and
oW’ /jisa'xar/ (“Issachar”™).

These sources of ambiguity motivate our approach
of augmenting existing diacritization with addi-
tional phonetic features before converting to IPA.

3 Method

Our Phonikud system is illustrated in Figure 2. As a
G2P pipeline, Phonikud takes unvocalized Hebrew
text as input and outputs fully-specified IPA tran-
scriptions, which can then be used to train efficient
Hebrew TTS systems. We proceed to describe the
two key components of this system — an enhanced
diacritization module (Section 3.1) and rule-based
IPA conversion module (Section 3.2) — followed by
the novel procedure used for training the system’s
learnable components (Section 3.3).

3.1 Enhanced Diacritization

Strong, efficient models have already been devel-
oped to add vowel diacritics to Hebrew text, achiev-
ing high accuracy on this standard vocalization
task (Shmidman et al., 2023). Rather than learn-
ing to transcribe from scratch, we leverage this ex-
isting capability while extending it to predict ad-
ditional phonetic features needed for disambigua-
tion. Our key insight is to augment an existing
character-level encoder-based diacritization model
with lightweight prediction heads to extend the set
of symbols which it may predict.

We add three additional symbols that can be pre-
dicted for each character position, with logits output
by new, trainable MLP prediction heads. We freeze
the base encoder model and all existing prediction
heads for standard vowel diacritics, while adding
and training only the added weights for each new
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enhanced diacritic. This approach offers several
advantages: training is extremely lightweight, infer-
ence predicts both standard and enhanced diacritics
in parallel with minimal runtime overhead com-
pared to the base diacritizer, and performance on
standard diacritization remains constant since the
base model is frozen.

The three enhanced diacritics we introduce are:
(1) a superscript angle indicating a stressed syllable
(e.g. DU’?2), (2) a subscript line indicating a shva
vowel pronounced as /e/ (e.g. 1T"NR?), and (3) a
vertical bar indicating the end of a cliticized pre-
fix (e.g. TP|A*). The first two of these directly
indicate missing phonetic features, while the last
one aids dictionary matching of irregular words (as
they may have prepended clitics). The graphemes
used to visually indicate these diacritics include
traditional symbols from Biblical texts, which do
not appear in ordinary texts.

3.2 Rule-Based IPA Conversion

After generating enhanced vocalized forms (e.g.
D17?), the phonemic representation can be unam-
biguously determined. We apply a deterministic,
rule-based algorithm to convert this to standard IPA
(e.g. /'lexem/). While TTS models may be trained
directly on enhanced Hebrew orthography, we find
that IPA conversion significantly benefits model
training.

In addition to the advantage of using IPA sym-
bols already recognized by pre-trained TTS models
(rather than needing to re-map to the Hebrew al-
phabet), this also addresses several orthographic
complexities of Hebrew:

Many-to-one mappings.  Multiple Hebrew
graphemes frequently map to a single phoneme.
For example, the Hebrew letters U and N both rep-
resent /t/, and three distinct vowel symbols may
map to /e/.

Non-moneotonic sequences. Some Hebrew words
are parsed non-monotonically (not in a linear or-
der), such as 117 (“smell”) representing /'reax/ (not
*/'rexa/, which would be the reading in linear order).

Dual-function letters. The Hebrew letters 1 and ’
may function as vowels or consonants depending on
orthographic context. Words such as 3110 /si'vug/
(“classification”) require complex logic to infer that
the first occurence of the grapheme 1 represents

2Pronounced /'lexem/ (“bread”).
3Pronounced /meti'xa/ (“stretch™).
“Pronounced /ha'kod/ (“the code™), with prefixed /ha-/

the consonant /v/ while the second coalesces to the
vowel /u/.

Irregular words. As discussed in Section 2, irreg-
ular words may require dictionary lookup to deter-
mine the correct pronunciation.

By addressing these in this IPA conversion stage,
Phonikud efficiently simplifies the representation
used for TTS training, leading to concrete perfor-
mance gains.

3.3 Training Procedure

A fundamental challenge in our approach is the
lack of existing ground-truth (GT) annotations for
Hebrew phonetic features like lexical stress. To
address this limitation, we employ a human-in-the-
loop procedure to distill knowledge from existing
resources along with manual refinement. In partic-
ular, we semi-automatically annotate a large-scale
Hebrew corpus to indicate stress placement, prefix
boundaries, and shva realization. We then distill
this knowledge into our model by fine-tuning it on
this pseudo-GT.

To produce large-scale data with pseudo-GT
annotations, we adopt the IsraParlTweet corpus
consisting of 5SM sentences of Hebrew text (Mor-
Lan et al., 2024). We leverage Dicta’s’ morpho-
phonological analysis API which returns stress
placement and prefix boundaries for Hebrew words
in isolation; applied to each word in the corpus,
this produces partial annotations, although the API
lacks many words and is frequently inaccurate. As
shva realization is partially predictable, we also ap-
ply a set of known rules to automatically annotate it
within words. As this procedure is frequently inac-
curate, we correct many cases of errors via manual
expert annotation, by sorting words types by fre-
quency and correcting the most common items.

Our results show that training on this pseudo-GT
data leads to superior performance on predicting the
phonetic representation of Hebrew texts to existing
approaches.

4 ILSpeech

We introduce ILSpeech, a high-quality Hebrew
speech dataset with expert-annotated phonetic tran-
scriptions. This dataset serves two primary pur-
poses: (1) establishing a benchmark for Hebrew
G2P systems by providing ground-truth phonetic
transcriptions for systematic evaluation, and (2) sup-
plying high-quality training data for Hebrew TTS

*https://dicta.org.il
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Model WER WER_, CER| 211071

Phonikud (Ours) 0.20 0.15 0.04 | 'boker 'tov
Diacritizers™

DictaBERT 0.38 0.24 0.08 | bo'ker 'tov
Nakdimon 0.40 0.27 0.09 | bo'ker 'tov
Multilingual G2P

eSpeak NG 1.00 0.96 0.47 vvkr tov
Goruut 1.00 0.95 048 | boser tiof
CharsiuG2P 1.00 0.99 0.71 | bo:?ab té:b

Table 1: G2P evaluation and example. We calculate
G2P performance on our ILSpeech benchmark, using
unvocalized Hebrew as input and evaluating error rates
relative to ground-truth IPA transcription. WER_; in-
dicates word error rate while disregarding mismatched
stress. We also illustrate the output applied to a Hebrew
phrase (with GT /'boker 'tov/).

*Using our IPA conversion rules with defaults for ambiguous
features like stress.

development. Our dataset contains approximately
two hours of studio-quality speech from two native
Hebrew speakers (~1.5K sentences), representing
a proof-of-concept that may be extended with addi-
tional speakers and content as needed.

ILSpeech provides time-aligned transcriptions
with two parallel tiers: (1) unvocalized Hebrew text,
and (2) expert-annotated IPA transcriptions. The
latter fully specifies phonetic features such as stress
that are ambiguous in vocalized Hebrew text. To
the best of our knowledge, this is the first open
Hebrew audio corpus containing full IPA transcrip-
tions, newly enabling evaluation of Hebrew G2P
systems on previously unmeasurable features such
as stress placement and shva realization.

The dataset addresses a critical gap in Hebrew
speech resources. While several Hebrew audio
corpora exist, they lack the phonetic detail neces-
sary for G2P evaluation. In addition, existing cor-
pora are mostly small-scale (Izre’el et al., 2001;
Azogui et al., 2016; Marmorstein and Matalon,
2022; Sharoni et al., 2023), while the only open
large-scale corpora contain low-quality recordings
without proper segmentation (Marmor et al., 2023;
Turetzky et al., 2024), unsuitable for high-quality
TTS training. As such, ILSpeech provides an impor-
tant contribution with high-quality recording data
along with expert phonetic annotations necessary
for rigorous G2P evaluation.

We release ILSpeech under permissive licensing
with requirements for ethical use to support open
research in Hebrew speech technology.

Model WER CER RTF  #Params
Phonikud (Ours)
Piper 0.17 0.06  0.09 20M
StyleTTS2 0.13 0.04 0.50 90M
Open Models
One-Stage:
MMS 023 0.07 0.21 36M
SASPEECH 020 0.08 0.16 28M
Robo-Shaul ~ 0.21  0.08 1.58 23M
Two-Stage:
LoTHM 0.10 0.03 84.75 211M
HebTTS 0.19 0.08 2544 428M
Proprietary Models
Google 0.11 0.04 4.08 —
OpenAl 0.11  0.03 1.60 —

Table 2: TTS Comparison. Above we measure the per-
formance of TTS models trained using our Phonikud
G2P conversion (top), existing open models for Hebrew
(middle), and proprietary models available via cloud
APIs (bottom). Accuracy metrics (WER, CER) are cal-
culated by applying an ASR system to synthesized audio
and comparing the output transcripts to the original in-
put text. Latency (RTF) is measured using a consistent
hardware setup for open models, and via external APIs
for proprietary models. Our method allows for training
models with a superior trade-off between accuracy and
run-time.

5 Results

Results of our Phonikud G2P system are shown
in Table 1, evaluated relative to the ground-truth
IPA annotations in ILSpeech. This tests generaliza-
tion as these were not present in the G2P training
data (Section 3.3). We calculate word- and char-
acter error rates (WER, CER); we also calculate
WER when disregarding stress (WER_;) as this
is the a common failure case of alternative meth-
ods. As there lack existing G2P systems designed
explicitly for Hebrew with fully-specified IPA (e.g.
with stress), we compare to the following baselines:
Firstly, we concatenate the existing SOTA Hebrew
diacritizers DictaBERT (Shmidman et al., 2023)
and Nakdimon (Gershuni and Pinter, 2022) with
our IPA conversion rules. As these output vocalized
text without our enhanced diacritics disambiguating
features like stress, we use reasonable defaults such
as always predicting final stress (the most common
stress pattern in Hebrew). In addition, we compare
to existing open-source multilingual G2P libraries
which ostensibly support Hebrew: eSpeak NG®,
Goruut’, and CharisuG2P? (Zhu et al., 2022).
®https://github.com/espeak-ng/espeak-ng

"https://github.com/neurlang/goruut
8https://github.com/lingjzhu/CharsiuG2P
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Figure 3: Speed-accuracy trade-off. Runtime (x-axis,
log-scaled) vs. error rate (y-axis) comparison of our
method (red) against open-source (blue) and proprietary
( ) TTS models. The lower-right direction (gray
arrow) reflects better overall performance. Our method
achieves a superior speed-accuracy trade-off, with our
lightest model achieving the best latency and lower error
rate than most open models.

Model WER CER
Ours 0.26  0.09
-enhanced diacritization  0.27 0.10
-IPA conversion 0.54 0.23
-vowel diacritics 0.58 0.32

Table 3: Ablation study. We report performance of
downstream TTS training when removing key parts of
our full system. Our full system (line 1) is implemented
with Piper trained for approximately thirty minutes, for
a light-weight comparison. We compare our full system
to omitting enhanced diacritization (line 2), further omit-
ting IPA conversion (line 3, i.e. training on vocalized
Hebrew text), and to further omitting vowel diacritics
(line 4, i.e. training directly on unvocalized Hebrew text).
Each ablation leads to further degraded performance.

As seen there, our system outperforms all of these
baselines: Our system for disambiguating features
such as stress improves performance significantly
relative to diacritizers used with our IPA conversion
rules, while existing multilingual G2P systems are
nearly unusable for Hebrew due to lack of dictio-
nary support for common words (eSpeak NG) and
extensive hallucinations in neural models (Goruut,
CharsiuG2P). Our pipeline still does does perfectly
match the GT IPA annotations in many cases, and
we provide an analysis of this in the appendix, show-
ing that these stem from both occasional mistakes in
predicting features such as stress, as well from lim-
itations of the base diacritization model on which
our model is built (see Section 7.1). In the appendix
we also provide results of all of these G2P meth-
ods applied to a standard Hebrew text for visual
comparison.

We also evaluate our method’s utility for down-
stream TTS by comparing models trained with
Phonikud G2P to baseline approaches. In Ta-
ble 2, we report performance of our method applied
to train multiple open-source TTS architectures:
a light-weight Piper” model, as well as a larger
StyleTTS2 (Li et al., 2023) model. We fine-tune ex-
isting English TTS checkpoints for these models on
audio from ILSpeech along with IPA transcriptions
calculated with Phonikud (not using the manual
IPA annotations, to fairly evaluate the effect of our
G2P pipeline). We compare to various existing
Hebrew TTS systems. Among open-source mod-
els, MMS (Pratap et al., 2024), the SASPEECH
baseline (Sharoni et al., 2023), and Robo-Shaul!?
are light-weight and use a two-stage approach (dia-
critizing text followed by speech synthesis) while
the large models LoTHM (Zeldes et al., 2025) and
HebTTS (Roth et al., 2024) take unvocalized He-
brew text as input directly. We also compare to
the proprietary TTS models offered by Google'!
and OpenAl 2, which support Hebrew. Following
standard practice (Roth et al., 2024), we calculate
error rates (WER, CER) by applying an automatic
speech recognition (ASR) system to generations
and comparing to the original input text. We also
report real-time factor (RTF) values to measure la-
tency of each system (including diacritization time,
when relevant); for all open systems this is calcu-
lated on a consistent, CPU-only hardware setup to
match edge computing use cases, while for propri-
etary models this uses their cloud inference APIs.
Following prior work (Roth et al., 2024; Zeldes
et al., 2025), we evaluate on a random subset of
the SASPEECH (Sharoni et al., 2023) dataset, not-
ing that this is out-of-distribution for our model
but in-distribution for the SASPEECH baseline and
RoboShaul models.

From these results, we see that our system
achieves a superior trade-off between speed and ac-
curacy relative to prior approaches, as our Phonikud
G2P system enables training more compact models
while preserving phonetic accuracy. We illustrate
this trade-off visually in the Pareto frontier analysis
in Figure 3. Note that this holds both when compar-
ing to open models run on local hardware, as well
as when comparing to proprietary systems run via
external API, supporting the value of our method

*https://github.com/rhasspy/piper
nttps://github.com/maxmelichov/Text-To-speech
"'Gemini 2.5 Flash TTS
"2GPT-40 mini TTS
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for real-time use cases. Qualitative audio compar-
isons are provided in the supplementary material,
illustrating effects such as stress placement that are
not directly captured in our automatic, quantitative
metrics.

We ablate key parts of our system in Table 3,
illustrating the necessity of our full model. All set-
tings use a base Piper model and are trained for
a fixed number of iterations (approximately thirty
minutes) for a light-weight comparison. Omitting
our enhanced diacritics leads to generated speech
with incorrect realizations of ambiguous phonetic
features such as stress (not fully represented in auto-
matic metrics which are based on ASR results that
do not indicate stress placement). Training directly
on Hebrew text without our rule-based IPA conver-
sion stage makes the TTS task significantly more
challenging, leading to degraded performance with
the same number of training steps. This is even
more challenging when the Hebrew text is unvocal-
ized, leading the model to incorrectly infer vowels,
producing unusable generations. Audio results for
our full model and each ablation are provided in the
supplementary material.

6 Related Work

Hebrew TTS. Early Hebrew TTS systems relied
on rule-based formant synthesis (Laufer, 1975),
while modern approaches are mainly learning-
based. Some use two-step pipelines that add vowel
diacritics before speech synthesis (Sharoni et al.,
2023; Pratap et al., 2024), but this fails to resolve
key phonetic ambiguities such as lexical stress
placement. Others adopt an end-to-end approach,
predicting speech directly from raw, undiacritized
Hebrew text (Roth et al., 2024; Zeldes et al., 2025),
but these require large models with high computa-
tional overhead, unsuitable for real-time use. We
strike a middle ground by using a two-stage ap-
proach for computational efficiency while predict-
ing IPA directly to ensure phonetic accuracy.

G2P conversion. Many languages have opaque
orthographies, requiring TTS systems to resolve
pronunciation ambiguities. Grapheme-to-phoneme
conversion simplifies the learning process for TTS
systems by offloading this disambiguation from the
text synthesis model (Fong et al., 2019; Hexgrad,
2025). This may handle a variety of language-
dependent issues, such as homograph disambigua-
tion in English (e.g. lead as a verb vs. noun) (Plou-
jnikov and Ravanelli, 2022), predicting underspeci-

fied tone in Thai (Rugchatjaroen et al., 2019), and
inferring vowels in Arabic (Elmallah et al., 2024;
Kharsa et al., 2024) and Hebrew (Gershuni and
Pinter, 2022; Shmidman et al., 2023). However,
existing Hebrew vocalization systems and open-
source G2P tools do not specify crucial phonetic
features such as stress, while our method generates
fully-specified phonetic transcriptions.

7 Conclusion

We have presented a new open-source Hebrew G2P
system, Phonikud, and have shown that it newly en-
ables the training of small, real-time Hebrew TTS
models, which are needed for edge computing ap-
plications. Our experiments show our system com-
pare favorably to existing solutions in both qual-
ity and runtime performance. We have also intro-
duced the novel ILSpeech dataset and benchmark
for Hebrew G2P evaluation and TTS training. We
release our data, code, and trained models to en-
able applications and research. We envision future
work building upon our contributions to further
improve Hebrew TTS performance while retain-
ing low latency. Additional promising directions
include fine-grained prosody control, support for
code-switching, extensive logic for expanding sym-
bols such as dates and addresses, semi-automated
IPA annotation to increase the scale of ILSpeech,
and extensions to other languages facing related
phonological and orthographic challenges.

7.1 Limitations

As our method builds on existing models, we in-
herit a number of their limitations. The Hebrew
diacritization model may output inaccurate produc-
tions, leading to incorrect IPA transcriptions. It
does not support user selection among alternative
vocalizations, which may be desirable in ambigu-
ous cases. The diacritization model adheres to the
conventions of formal written Hebrew, which may
diverge from spoken norms (e.g. formal /sig'ri/ vs.
informal /sge'ri/ for ™10 “close! (f.)”). Finally,
when using our full pipeline, the prosodic quality
of synthesized voice is constrained by the inher-
ent trade-offs of real-time TTS models due to their
limited capacity.

Ethics Statement

TTS is a dual-use technology: it enables valuable
applications such as assistive tools for visually im-
paired users, but can also misused to generate disin-



formation or low-quality synthetic content. As with
other generative models, responsible use is essen-
tial. We believe our work represents an important
step towards making language technologies more
accessible for lower-resourced languages such as
Hebrew, while also acknowledging current limita-
tions in representation. Our proposed dataset, like
prior resources for Hebrew, cover a narrow set of
speakers and styles, lacking adequate coverage of
sociolinguistic variation such as the Mizrahi He-
brew accent. We anticipate that future work will
increase this coverage to support more equitable
and inclusive voice technologies.
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