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Abstract

Streaming multilingual speech recognition benefits from unified systems that produce numbers in their written
form ‘34’ rather than their spoken form ‘thirty-four. By generating digits directly, these systems eliminate the
post-processing latency inherent in cascaded architectures that require a separate inverse text normalization (ITN)
step. Arabic presents a formidable challenge for ITN; the system must not only determine the correct numerical
value but also navigate complex rules for gender, number, and case marking that are determined by the counted
noun. For instance, the digit ‘7’ (as in ‘47’) exhibits gender polarity: it must take a masculine form if modifying
a feminine noun (e.g., Halala) and a feminine form if modifying a masculine noun (e.g., Riyal). While Arabic
dialects typically exhibit simplified numeral systems by omitting case and gender markers, they vary significantly in
verbalization patterns. This study explores the efficacy of a unified streaming Automatic Speech Recognition (ASR)
system with integrated ITN features, comparing it against a traditional cascaded approach utilizing a post-processing
rule-based ITN module. We utilize a FastConformer cache-aware streaming model trained on English and a diverse
Arabic corpus spanning Modern Standard (MSA), dialectal, and Classical Arabic, while maintaining diacritics where
contextually appropriate. We evaluate the system using Word Error Rate (WER) for ASR accuracy and exact
match for ITN capability. Our results demonstrate that integrating ITN does not degrade core ASR performance
and that the unified model achieves accuracy competitive with cascaded systems across Arabic variants. However,
error analysis reveals that the primary failures in ITN are rooted in diacritization, gender polarity, and orthographic
variation, highlighting the challenges of Arabic’s unique linguistic features in end-to-end modeling.

Keywords: Arabic Text Normalization, Inverse Text Normalization, Diacritization, Dialectal Arabic, Gender
Polarity, Streaming Multilingual ASR

1. Introduction have multiple spellings across MSA and dialects
(1).

High-quality multilingual automatic speech recog-
nition (ASR) requires language-specific data and (1)
techniques. Streaming ASR benefits from uni-
fied systems that produce numbers in their written
form (34) instead of their spoken form (thirty four),
as they eliminate the post-processing latency in-
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herent in cascaded systems where a separate in- ©s  [tala:tal

verse text normalization (ITN) step is applied to <Y [tala:ta]

convert numbers from their spoken form to dig-

its. English ASR has attained the quality of human 6 [tala:ta]

transcribers not only in recognition tasks (Amodei

et al., 2015; Xiong et al., 2017; Saon et al., 2017) This orthographic inconsistency poses a chal-
but also in unified ASR with ITN (Nguyen et al.,  lenge for ASR models, as a single pronunciation

2023; Tang et al., 2025). However, the pursuit  may correspond to multiple valid spellings, mak-
of precise and efficient speech recognition mod-  ing it difficult to learn a consistent mapping from
els for languages with rich morphology and a sub-  speech to text for dialectal Arabic.
stantial number of spoken variants, such as Arabic, Furthermore, Arabic writing omits key informa-
presents significant challenges (e.g., Al-Sughaiyer  tjon about pronunciation, which increases ambigu-
and Al-Kharashi, 2004; Soudi et al., 2007; Habash,  ity. Such writing systems are sometimes referred
2010; Alkuhlani and Habash, 2011; El-kholy and  to as defective. In Arabic, consonants and long
Habash, 2011; Inoue et al., 2022). vowels are written, while short vowels are omitted,
Unlike Modern Standard Arabic (MSA), the  exceptin educational and religious materials. Dia-
spoken dialects lack a standardized orthography.  critics can be added to disambiguate meaning. For
Much of the written data in dialectal Arabic is de- example, the consonantal skeleton .= <x.m.s>
rived from informal communication channels, such ~ can yield several distinct readings depending on
as social messaging and social media, with incon-  diacritization and grammatical context (2).
sistent orthography. For example, 3 <6.1a.6a> can  An ITN system must map (2a—d) to the digit 5 and
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(2) e <x.m.s>

a. um [xamsu] ‘five’ (hom.)
b. iz [xamsatu] ‘five’ (nom. fem.)
(o um [xamsi] ‘five’ (gen.)
d. w [xamsati]  ‘five’ (gen. fem.)
e. .~ [xums] ‘onefifth’ (1/5)

(2e) to the fraction 1/5, yet without diacritics the
input is ambiguous.

Defective scripts are problematic for ASR, mak-
ing mapping from pronunciation to spelling more
difficult (Habash, 2010; Habash et al., 2013).

For Arabic, ITN systems must not only deter-
mine the correct numerical value, but the numeral
must also show the appropriate gender, number,
and case marking with the counted noun. For ex-
ample, 47 is structured by coordinating the digit
part first ‘seven’ followed by the coordinate parti-
cle wa ‘and’ and the tens part ‘forty’. The digit
for ‘seven’ can be either masculine or feminine de-
pending on the noun it modifies. If it modifies a
feminine noun, such as s ‘Halala,” it must show
the opposite gender, that is, masculine. However,
if it modifies a masculine noun, Ji, ‘Riyal,” it must
be feminine. This rule of agreement is known
as polarity, whereby a masculine-counted noun
agrees with a feminine numeral and vice versa
(Algassas, 2017).

While MSA enforces gender polarity, Arabic di-
alects diverge in their number verbalization. Najdi
Arabic preserves gender polarity (Gadalla, 2023).
Hijazi Arabic, by contrast, does not (Bardeas,
2009; Gadalla, 2000) (3b):

(3)

a. )M & j
balajez rarbaf
shirt-F.PL four.M

g [polarity] )

‘Four shirts’
2 d
balajez farbaf-a
shirt.F.PL four-F
L[agreement]J

[Najdi]
b.

‘Four shirts’ [Hijazi]
This variation means that an ITN system cannot
assume a single set of normalization rules.

This paper examines the interaction between
these challenges: gender polarity, dialectal vari-
ation in number verbalization, and diacritization
within a unified Arabic ASR and ITN pipeline.
We compare unified (E2E) and cascade ITN ap-
proaches using a FastConformer cache-aware
streaming model (Rekesh et al., 2023; Noroozi
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et al., 2024) trained on English and across Stan-
dard, dialectal, and classical Arabic. Through ASR
evaluation and ITN error analysis, we show that (i)
integrating ITN does not degrade ASR accuracy,
(i) the unified model achieves competitive ITN ac-
curacy compared to the cascade system, and (iii)
the dominant ITN errors stem from diacritization,
gender polarity, and orthographic variation rooted
in Arabic morphosyntax.

2. Related Work

Multilingual ASR has predominantly relied on rule-
based ITN applied as a post-processing step after
ASR decoding. However, for streaming applica-
tions, cascade ITN introduces additional latency.
Gaur et al. (2023) proposed a hybrid on-device
system combining a streaming transformer tag-
ger with category-specific WFSTs, reducing model
size while maintaining accuracy across 16 semi-
otic classes. Microsoft's FOUR-IN-ONE system
(Nguyen et al., 2023) consolidates ITN, punctu-
ation, capitalization, and disfluency removal into
a single transformer tagger, matching or outper-
forming task-specific models. More recently, As-
semblyAl’s Universal-2-TF (Tang et al., 2025) in-
troduced a two-stage neural model that jointly han-
dles ITN, punctuation, and capitalization in a single
architecture.

The alternative—end-to-end (E2E) ITN—trains
the ASR model directly on written-form transcripts
so that numbers are output as digits without post-
processing. Salazar et al. (2024) compared cas-
cade and E2E approaches for numeric expression
formatting, using LLM-generated data synthesized
with TTS to adapt an E2E model. Their results
showed that E2E models achieve competitive ac-
curacy with lower latency and inference cost com-
pared to cascade systems.

Multilingual ASR with ITN remains limited, and
no prior work has compared E2E and cascade ITN
for Arabic. Our work addresses this gap.

3. System Architecture

3.1. ASR Model

The ASR component employs a cache-aware
streaming FastConformer architecture with a
hybrid CTC/RNNT decoder (Noroozi et al., 2024).
This architecture adapts the FastConformer
(Rekesh et al., 2023) for streaming applications by
constraining both look-ahead and past contexts in
the encoder and introducing an activation caching
mechanism that converts the non-autoregressive
encoder into an autoregressive recurrent model
during inference.



A 600M-parameter multilingual model pre-
trained on 40 languages serves as the base
model. The model employs subword encoding
via Byte Pair Encoding (BPE) with a universal to-
kenizer supporting 40 languages (Sennrich et al.,
2016). It handles Arabic script with diacritical
marks as part of the output vocabulary, where
diacritics are treated as separate tokens following
their associated base characters, consistent with
Unicode encoding order.

3.2. Arabic ITN with WFSTs

The ITN component is a rule-based normalizer
developed using weighted finite-state transducers
(WFSTs) with Pynini, a Python library for WFST
grammar development (Gorman, 2016). The li-
brary is integrated into NVIDIA's NeMo text pro-
cessing toolkit (Zhang et al., 2021).

The current WFST-based ITN system is deter-
ministic and context-independent, meaning it does
not have access to any contextual information out-
side the numerical token. The grammar accounts
for gender agreement within numeral expressions
and defaults to the nominative case and feminine
gender. Additionally, it targets MSA and does not
account for dialectal variation in numeral verbaliza-
tion.

4. Evaluation

To evaluate unified against a cascade approach,
we fine-tuned two models from the same 600M-
parameter multilingual base model. The baseline
model was fine-tuned in the transcripts in their
original spoken form. The unified model was fine-
tuned on the same data after applying the NeMo
text processing ITN module for both Arabic and En-
glish. Both models use the RNNT decoder at infer-
ence with a chunk size of (0.56 s).

The training data comprises approximately 7600
hours of Arabic speech, with MSA constituting
roughly 30%, dialectal Arabic approximately 20%,
and classical Arabic 10%, and the remaining 40%
are unclassified variants and approximately 80000
hours of English. Both models were fine-tuned on
24 A100 GPUs with noise augmentation applied to
20% of the training data at signal-to-noise ratios of
7.5and 12.5 dB.

For ASR evaluation, both models were
tested on four openly available Arabic datasets:
Casablanca, Common Voice, MGB-2, and SADA
from the Open Universal Arabic ASR Leaderboard
(Wang et al., 2024) and three internal custom En-
glish evaluation datasets—LibriSpeech, Tedlium2,
and SPGISpeech. For Arabic, WER and CER
were computed using the Open Universal Arabic
ASR Leaderboard evaluation protocol, which
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normalizes text by removing punctuation and
diacritics, collapsing hamza and madda vari-
ants, and converting Eastern Arabic numerals
to Western Arabic numerals before calculating
edit distance. Since the unified model outputs
digits while the leaderboard references are in
spoken form, we apply NeMo text normalization
to the unified model’s predictions to convert digits
back to spoken form before WER calculation,
ensuring a fair comparison. For English, WER
was calculated using the standard formulation
after punctuation removal. For ITN evaluation,
we compare two configurations: (1) unified,
where the ITN model’s output is evaluated directly,
and (2) cascade, where the baseline model’s
spoken-form output is post-processed by the
NeMo ITN module. For Arabic, 2,768 samples
containing numerical expressions were extracted
from internal ASR evaluation test sets by selecting
utterances with Arabic number words, running
ITN on the ground-truth transcripts, and diffing
to extract (spoken form, written form). Because
the written-form references are generated by the
deterministic WFST grammar, which defaults to
feminine gender and nominative case in MSA, the
gold standard represents one conventionalized
surface form rather than the uniquely correct
realization. For English, the evaluation set was
created from the Google text normalization corpus
(Sproat and Jaitly, 2017), which was synthesized
into audio using NVIDIA’'s MagpieTTS Multilingual
model (Neekhara et al., 2024). The ITN metric
used is the exact match, which measures whether
the model’s output contains the expected form for
each numerical expression.

4.1. ASR Results

Table 1: ASR results: baseline vs. unified. WER /
CER (%).

Baseline Unified

Test Set WER CER WER CER
Arabic

Casablanca 73.73 38.60 73.53 39.07
Common Voice 27.58 8.19 26.66 7.97
MGB-2 26.95 11.63 26.86 11.59
SADA 52.17 31.24 51.44 30.25
Average 45.11 22.42 44.62 22.22
English

LibriSpeech 7.09 3.00 7.27 3.09
Tedlium2 539 3.00 575 3.32
SPGI 754 3.85 797 4.01
Average 6.67 3.28 7.00 3.47




Table 1 compares ASR performance between
the baseline and unified models. For Arabic,
the unified model achieves an average WER of
44.62% versus 45.11% for the baseline, with CER
remaining nearly identical (22.22% vs. 22.42%).
The unified model matches or slightly improves
over the baseline on all four test sets. For English,
the average WER increases from 6.67% to 7.00%,
and CER rising from 3.28% to 3.47%. These re-
sults indicate that training on ITN transcripts does
not significantly degrade ASR accuracy on general
speech domains for either language, confirming
that the unified approach can integrate ITN capa-
bility without sacrificing speech recognition quality.

4.2. ITN Results

To evaluate ITN accuracy, the accuracy of ASR
ITN output to the expected written form for each
numerical expression is measured using the exact
match metric. We compare three configurations:
(1) baseline, which outputs numbers in spoken
form and is evaluated against the spoken-form ref-
erence; (2) cascade, where the baseline output is
post-processed by the NeMo ITN module; and (3)
unified, where the model is trained directly on ITN
transcripts. Results are reported in Table 2.

Table 2: ITN evaluation: baseline vs. cascade vs.
unified.

System Corr. Total Acc.%
Arabic
Baseline 2,144 2,768 77.46
Cascade 2,057 2,768 74.31
Unified 2,066 2,768 74.64
English
Baseline 3,947 4,247 92.94
Cascade 3,452 4,247 81.28
Unified 3,518 4,247 82.83

For Arabic, the baseline model achieves 77.46%
exact match against reference, while the cascade
system, which applies the WFST-based ITN mod-
ule as post-processing, achieves 74.31%. The uni-
fied model slightly outperforms cascade (74.64%
vs. 74.31%)

For English, the baseline achieves 92.94% accu-
racy. The cascade system achieves 81.28% and
the unified model 82.83%, a 1.5% advantage for
the unified approach.

An error analysis of the 702 Arabic errors from
the unified system reveals that in 66.7% of cases
the model outputs the number in its spoken form
rather than converting it to digits. Three major er-
ror types emerge:
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Diacritics (27.9% of errors): the model pro-
duces the normalized number with diacritization.
For example, for target 5, the model maps it to the
spoken form .= xamsa; however, when the sur-
rounding context is fully diacritized, the model pro-

P

duces a diacritized variant i..< xamsati as in &
rtﬁ w i qj; ‘That happened five days ago,” and
does not extend ITN to the diacritized form.
Gender mismatch (22.7% of errors): the model
outputs the spoken form with the wrong gender
marking. For example, for target 3, the expected
spoken form is &M fala:0 (masculine), but the
model produces % fala:0a (feminine).
Orthographic variation (10.8% of errors): the
model outputs the spoken form in a different ortho-
graphic form instead of the ITN digit form. For ex-
ample, for target 1000, the expected spoken form
is _ 2alf with hamza, but the model produces 3!
alf without hamza, as in e il 4w f Ja
‘If a champion encouraged, continue after a thou-
sand voices.” This indicates that spelling and or-
thographic variation in the training data prevents
the model from consistently recognizing numeral
tokens for ITN conversion.
The remaining errors include partial ITN (11.1%),
where only part of a compound numeral is con-
verted (e.g., ¢l ,T ‘quarters’ kept as text in 3/4),
which could be attributed to the streaming decod-
ing effect; and number missing (9.1%), where the
numerical content is absent from the prediction en-
tirely.

5. Leveraging LLMs for Arabic
TN/ITN

Large language models (LLMs) leverage vast
amounts of text data to learn intricate linguistic pat-
terns and generate contextually relevant outputs.
Unlike rule-based models, LLMs possess the flex-
ibility to adapt to diverse linguistic contexts and
capture nuanced language features, making them
promising candidates for TN/ITN tasks in Arabic
and other languages. Zhang et al. (2023) reported
a major success for LLMs in handling text normal-
ization in English, achieving a 40% lower word er-
ror rate compared to rule-based systems.

LLM-based TN/ITN suffers the production of
unrecoverable errors: outputs that are linguisti-
cally plausible but factually incorrect (Gorman and
Sproat, 2016).

A hybrid strategy combining WFSTs for deter-
ministic, high-confidence transductions with LLMs
for context-dependent cases could serve as a pre-
processing pipeline for generating higher-quality
ITN training data, enabling the unified model
to learn from more accurate and context aware



transcripts covering dialectal variants, diacritized
forms, and gender-inflected numerals.

6. Conclusion

We compared unified (E2E) and cascade ITN ap-
proaches within a multilingual streaming ASR sys-
tem for Arabic and English. Our results show
that training on written-form transcripts does not
degrade ASR performance: the unified model
achieves comparable WER and CER to the base-
line across both languages. For ITN accuracy,
the unified model slightly outperforms the cas-
cade for both Arabic (74.64% vs. 74.31%) and
English (82.83% vs. 81.28%), while eliminating
the latency of post-processing. Error analysis re-
veals that the dominant Arabic ITN failures stem
from diacritization mismatches (27.9%), gender
polarity errors (22.7%), and orthographic varia-
tion (10.8%). These findings point toward dialect-
sensitive, context-aware normalization strategies
as a direction for future work, such as enriching
training data with dialectal variants or leveraging
LLMs for context-dependent normalization.

7. Limitations

The Arabic ITN evaluation corpus was constructed
by filtering utterances containing number words
from existing test sets, which may not fully capture
the range of naturally occurring Arabic numerical
expressions. The English evaluation set was syn-
thetically generated using TTS, introducing acous-
tic artifacts that may affect ASR accuracy. Ad-
ditionally, the WFST-based ITN grammar covers
only cardinal numbers, decimals, fractions, and
money, excluding date, time, and measure expres-
sions.
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