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Abstract
Urdu, Punjabi, Pashto, and Sindhi, spoken by over 350 mil-
lion people, pose unique ASR challenges: closely related Perso-
Arabic scripts, unstandardized orthography, and mixed-script
named entities. We evaluate five multilingual ASR models on
two benchmarks using an 11-category error taxonomy. Script
confusion drives the majority of Whisper’s failures on three
of four languages. SeamlessM4T achieves the best results
(16.3% WER on Urdu, 22.1% on Punjabi), though still far from
production-grade accuracy. Cross-language contamination af-
fects up to 35% of output characters in lower-resource lan-
guages; rare words reach only 20–62% accuracy; and short ut-
terances are harder than long ones, reversing the high-resource
pattern. Standard WER conflates recognition errors with ortho-
graphic and Unicode variation, overstating rates by up to 3.1
points. Transliteration post-processing recovers up to 25 points
of WER without retraining. Our findings provide actionable
guidance for ASR in this language family.
Index Terms: speech recognition, low-resource languages, er-
ror analysis, South Asian languages, multilingual ASR

1. Introduction
Recent multilingual ASR models claim coverage of 100+ lan-
guages [4, 14, 15], yet the quality of that coverage varies enor-
mously. For well-resourced languages, WER has dropped below
5%; for many others, models are deployed with little understand-
ing of how or why they fail. This gap matters most where speech
technology could have the greatest impact: healthcare delivery,
government services, and digital access in regions where liter-
acy rates are low and voice is the primary interface.

Urdu, Punjabi, Pashto, and Sindhi are spoken by over 350
million people across Pakistan, India, and Afghanistan. They
share geographic and cultural proximity but differ in script, re-
source availability, and morphological structure. Critically, they
present a combination of challenges rarely encountered together
in well-studied language families. Urdu, Pashto, and Sindhi all
use Arabic script variants with overlapping but distinct character
inventories, while Punjabi uses Gurmukhi but shares vocabulary
with Hindi (Devanagari), creating opportunities for cross-script
confusion at the model level. Unicode encodes visually identical
characters with different codepoints, inflating error rates without
reflecting recognition failure. And resource levels vary dramat-
ically within the family: Urdu has hundreds of hours of training
data while Sindhi only has tens of hours, changing the nature of
errors, not just their frequency.

Prior evaluations of ASR for these languages report aggre-
gate WER on one or two benchmarks [3, 13, 17], collapsing all
these phenomena into a single number. This obscures whether
poor performance reflects acoustic recognition difficulty, script-

Table 1: Languages, datasets, and sample utterances.

Language Script Resource CV FLEURS
Urdu Arabic Mid 5,082 299
Punjabi Gurmukhi Low 587 574
Pashto Arabic Low 3,610 512
Sindhi Arabic Very Low 40 980

Lang Sample utterance
Urdu ہوئے بڑھتے کے دنیا پوری اور آلودگی ماحولیاتی

حرارت درجۂ
Punjabi ਗੁਆਢਂੀਆਂ ਨੰੂ ਕਦੇ ਵੀ ਮਾੜਾ ਲਫ਼ਜ਼ ਨਾ ਬੋਲੋ
Pashto لرئ؟ وړاندیز کوم لپاره سفر پیدل د تاسو ایا
Sindhi تفريح پسنديده ترتيبڏيڻسندن دلچسپجملنکي

آهي

level decoding failures, or evaluation artifacts. We address this
gap with three contributions:

1. A comprehensive benchmark evaluating five models spanning
three architecture families (Whisper [15], MMS [14], Seam-
lessM4T [4]) across 4 languages on 2 datasets (40 configura-
tions).

2. An 11-category error taxonomy that decomposes aggregate
WER into interpretable, actionable dimensions.

3. Concrete findings: script confusion drives Whisper’s WER
>100% on three languages; simple post-processing recovers
up to 25 pp WER; Unicode normalization reduces Pashto
WER by 3.1 pp; named entities lag non-entity words by 5–
20 pp; and resource level changes the nature of failures, not
just their frequency.

2. Experimental Setup

2.1. Languages and Datasets

Table 1 summarizes the four target languages and evaluation
datasets. We use Common Voice 22.0 [2] and FLEURS [6]
to evaluate cross-benchmark consistency. Test set sizes range
from 40 utterances (Sindhi CV) to 5,082 (Urdu CV), reflect-
ing the extreme resource disparity within this language family.
The dialectal composition of these benchmarks remains largely
undocumented in the literature: Common Voice relies on op-
tional, self-reported accent metadata with sparse coverage, and
FLEURS provides no dialect scope information for any language
subset [6, 11].



Table 2: WER (%) across all configurations. Best in bold. WER
>100% indicates wrong-script output.

SeamlessM4T Whisper
MMS M L med lg-v3

Urdu CV 31.8 22.8 17.1 35.4 21.2
FL 29.7 18.6 16.3 28.3 21.6

Punjabi CV 33.8 39.6 28.6 104.7 85.3
FL 30.2 29.1 22.1 101.2 87.8

Pashto CV 63.1 61.4 42.0 165.3 90.4
FL 43.9 57.6 43.8 103.5 89.2

Sindhi CV 37.5 59.5 55.9 144.4 103.0
FL 23.5 60.2 55.5 109.9 100.7

2.2. Models
We evaluate five models spanning three architecture families:
Whisper-medium (769M) and Whisper-large-v3 (1.5B) [15],
autoregressive encoder-decoders; MMS-1b (1B) [14], a
CTC model [9]; and SeamlessM4T-Medium (1.2B) and
SeamlessM4T-Large (2.3B) [4], encoder-decoders with lan-
guage adapters. These architectures differ in their capacity for
hallucination: CTC models cannot generate tokens beyond the
input length, autoregressive models can hallucinate freely, and
language adapters provide script-level guidance.

2.3. Evaluation Framework
We compute WER and CER using jiwer [10] as the baseline
metric. We then apply an 11-category error taxonomy post-
hoc, covering script confusion, orthographic variants, character-
level confusions, named entity accuracy, OOV/rare word ef-
fects, utterance length degradation, cross-language interfer-
ence, numeral handling, transliteration patterns, edit opera-
tion profiles, and repetition/looping behavior. Named entities
are annotated using an LLM-based pipeline (Claude Haiku 4.5
(claude-haiku-4-5-20251001)) with four entity types
(PER, LOC, ORG, MISC); entity accuracy is defined in Sec-
tion 3.4. Word frequency is computed from Common Voice
training-set transcripts.

3. Multi-Dimensional Error Analysis
Table 2 presents WER across all 40 configurations.
SeamlessM4T-Large achieves the best WER on 6 of 8
language–dataset pairs (MMS-1b wins both Sindhi pairs).
Table 3 provides a roadmap of the 11 error dimensions we
decompose below.

3.1. Script Confusion
The most dramatic failures in our evaluation stem from script
confusion: models outputting text in the wrong writing system
entirely.

Wrong-script output. Whisper-medium produces prob-
lematic output for 100% of Sindhi utterances (63% Devana-
gari, 37% garbage) and for 95% of Punjabi utterances on Com-
mon Voice, despite these languages using Arabic and Gurmukhi
scripts respectively. For Pashto, 80% of Whisper-medium’s
Common Voice outputs are problematic: 22% wrong-script and
58% garbage (Khmer script, invisible characters). Whisper-
large-v3 shows similar patterns at reduced rates. In contrast,
MMS-1b and SeamlessM4T produce near-zero script confusion

Table 3: Error taxonomy summary with key findings across 11
dimensions.

Dimension Key Finding
Script confu-
sion

Whisper: 80–100% wrong script on 3/4 lan-
guages; transliteration recovers 7–25 pp WER

Edit opera-
tions

MMS: 77–90% subs; Whisper: elevated inser-
tions

Repetitions CTC immune; autoregressive loops WER
>200%

Numerals Each architecture has a different failure mode
Orthographic
var.

Multiple valid spellings penalized as errors

Char. confu-
sions

Pashto Yeh: 11,547 Unicode artifact instances

Named enti-
ties

5–20 pp harder than non-entities; 0–80% by
model

Latin tokens 27–62% deleted; transliterations penalized
OOV/rare
words

30–45 pp gap rare vs. common

Length Short > long WER (reversed pattern)
Cross-
language

Sindhi: 12–35% contamination from Urdu

across all languages.
WER inflation from script confusion. Removing script-

confused outputs reduces Whisper-medium’s Pashto CV WER
from 165.3% to approximately 97%, representing a 68 percent-
age point inflation from script confusion alone. WER exceeding
100% is a reliable signal that a model is generating in the wrong
language, not merely producing poor transcriptions.

Post-processing transliteration. Since Whisper’s wrong-
script outputs are phonetically plausible, we test whether simple
script conversion can recover usable transcriptions. We apply
rule-based transliteration to Whisper predictions using akshara-
mukha [16] (Devanagari→Gurmukhi for Punjabi) and indo-
arabic-transliteration [8] (Devanagari→Sindhi Arabic). On
Common Voice, this reduces Whisper-medium WER by 25.0 pp
on Punjabi (104.7→79.7%) and CER by 62.5 pp, confirming
that the underlying phonetic recognition is largely intact. Sindhi
WER drops by 7.6 pp with CER falling 33.4 pp. Whisper-
large-v3 shows smaller but consistent gains (−13.3 pp WER,
−49.3 pp CER on Sindhi). These improvements require no
retraining, only string post-processing, and establish a lower
bound on recoverable accuracy lost to script confusion.

3.2. Architecture-Dependent Failure Modes

Beyond script confusion, model architecture shapes the qualita-
tive nature of errors.

Edit operation profiles. Decomposing errors into sub-
stitutions, deletions, and insertions reveals qualitatively differ-
ent failure modes (Figure 1). MMS-1b shows a substitution-
dominated profile (77–90% substitutions, 8–19% deletions, 2–
8% insertions), consistent with its CTC architecture that can-
not insert tokens beyond the input. Whisper-medium shows
markedly elevated insertions (up to 23% of errors), reflecting
hallucinated content from its autoregressive decoder. Seam-
lessM4T falls between these extremes.

Language-specific error profiles. Breaking down error
composition by language reveals that the averaged view masks
substantial per-language variation. Whisper-medium’s insertion
rate on Pashto reaches 27%, nearly double its average, while
on Urdu it drops to 13%. MMS-1b’s deletion rate on Pashto
(19%) is nearly twice its Urdu rate (10%), suggesting that lower-
resource languages trigger qualitatively different failure modes
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Figure 1: Error type composition by model, averaged across
languages. MMS is substitution-dominated (CTC); Whisper
shows elevated insertions.

even within the same architecture.
Repetition and looping. CTC-based MMS is architec-

turally immune to repetition loops (0 instances). Autoregres-
sive models (Whisper, SeamlessM4T) occasionally enter decod-
ing loops, producing catastrophic outputs with WER exceeding
200%.

Numeral handling. On FLEURS, SeamlessM4T spells out
87–89% of numerals in words; MMS attempts digit form (23%
correct, 44% incorrect); Whisper drops 21–27% of numerals en-
tirely. No model reliably handles numerals, and each architec-
ture exhibits a distinct failure mode.

3.3. Orthographic Variation and Unicode Ambiguity
A substantial fraction of measured WER reflects not recognition
failure but ambiguity inherent in these writing systems.

Unicode normalization artifacts. The top character “con-
fusion” in Pashto is Arabic Yeh ي (U+064A) versus Farsi Yeh
ی (U+06CC), totaling 11,547 instances across all Pashto con-
figurations. These characters are visually identical but occupy
different Unicode codepoints, inflating WER without reflecting
any acoustic recognition error [19]. Similar issues affect Hamza
variants, Arabic Kaf ک versus Keheh ,ك and Heh ه versus Heh
Goal .ہ

Orthographic variants. Punjabi exhibits legitimate
spelling alternations penalized by WER: gemination markers
(e.g., vich vs. vichchh, with and without gemination diacritic),
and aspirate variants. In Pashto and Urdu, optional char-
acters produce valid alternatives (e.g., multiple spellings of
“Afghanistan”) that WER treats as errors.

Cross-script character leakage. Punjabi shows
Gurmukhi-to-Devanagari character-level confusion in hundreds
of instances (e.g., ਰ → र, ◌ਾ → ◌ा), where models substitute
visually similar characters across related scripts.

These findings support reporting both raw and Unicode-
normalized WER: normalization better reflects end-user expe-
rience, while raw WER surfaces preprocessing issues for index-
ing.

Quantifying the fix: WER after Unicode normalization.
To move beyond diagnosis, we implement a Perso-Arabic char-
acter normalization step that unifies visually identical codepoint
variants (Yeh, Kaf, Heh, Hamza, and Alef variants) before WER
computation. Table 4 reports the impact on Common Voice
WER. Pashto benefits most (−3.1 pp average), consistent with
the 11,547 Yeh-variant instances documented above. Punjabi

Table 4: Average WER and CER reduction (pp) on Common
Voice after Perso-Arabic Unicode normalization (unifying Yeh,
Kaf, Heh, Hamza variants).

Language Avg ∆WER Avg ∆CER
Pashto −3.1 −1.9
Punjabi −1.6 −1.1
Sindhi −0.8 −0.3
Urdu −0.4 −0.2
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Figure 2: Named entity vs. non-entity accuracy by model and
language. Entities are consistently harder for lower-resource
languages.

sees −1.6 pp and Urdu −0.4 pp. The effect is largest for mod-
els that otherwise produce correct-script output (MMS, Seam-
lessM4T), where Unicode artifacts constitute a larger share of
measured errors. For Whisper on Sindhi and Punjabi, normal-
ization has negligible effect because the dominant errors are
script confusion, not character variants. We recommend this
normalization as a standard preprocessing step for Perso-Arabic
ASR evaluation.

3.4. Named Entities and Latin Token Handling
Named entities (proper nouns, locations, organizations) pose
distinct challenges in multilingual and multi-script contexts.

Entity accuracy varies dramatically by architecture. En-
tity accuracy is the exact-match rate of LLM-annotated refer-
ence entity tokens under jiwer alignment. SeamlessM4T-Large
achieves 65–80% entity accuracy, MMS-1b achieves 30–70%,
and Whisper-large-v3 achieves 0–72% (near-zero except Urdu).
Entities are consistently harder than non-entity words, with a 5–
20 percentage point accuracy gap in most configurations (Fig-
ure 2). Whisper’s entity failures on Sindhi and Punjabi trace
entirely to script confusion (Section 3.1): when the output is in
the wrong script, entity accuracy drops to near zero.

Latin token handling. Models overwhelmingly transliter-
ate or drop Latin loanwords present in references: 27–62% are
deleted, 9–54% transliterated to native script, and only 1–11%
preserved as-is. SeamlessM4T prefers transliteration; MMS
prefers deletion. Critically, WER penalizes correct translitera-
tions (e.g., “scroll” → native-script equivalent), revealing a fun-
damental limitation of character-matching evaluation for code-
mixed content.

3.5. Resource Level Effects
The four languages span a resource continuum from mid-
resource (Urdu) to very low-resource (Sindhi). We find that re-
source level changes the nature of failures, not just their fre-
quency.
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Figure 4: WER (%) by domain and model for Urdu. Domain
difficulty varies by 8–14 pp; the hardest domains differ by model.

Word frequency gradient. Using word frequencies com-
puted from Common Voice training transcripts (Urdu: 7,326
sentences; Pashto: 4,611; Punjabi: 800; Sindhi: 271), we ob-
serve a clear frequency–accuracy gradient (Figure 3). Rare
words (≤2 occurrences in training) are recognized at 20–62%
accuracy versus 49–94% for common words (>10 occurrences).
The gradient is steepest for Urdu (30–45 pp gap) and Pashto (30–
40 pp gap), and persists even for the lowest-resource Sindhi on
FLEURS.

Reversed length effect. Short utterances (1–5 words) yield
approximately 76% mean WER versus 46% for long utterances
(21+ words), reversing the typical high-resource pattern. In per-
length bins, a single substitution in a one-word utterance yields
100% WER, amplifying short-utterance error rates.

Cross-language contamination. Sindhi outputs contain
12–35% characters from other languages (primarily Urdu),
while Urdu shows near-zero contamination. Contamination rate
correlates inversely with resource level: the less training data
available, the more models “borrow” from better-resourced re-
lated languages (e.g., 1,600+ hours of Hindi [5] vs. Sindhi’s 271
training sentences).

Domain-level variation. We classify FLEURS and Com-
mon Voice utterances into 10 topic domains using an LLM clas-
sifier and analyze domain-level WER for Urdu (Figure 4), the
only language where all models produce correct-script output,
isolating genuine content difficulty from script confusion. WER
varies by 8–14 pp across domains: education and politics are
easiest (20–22% average), while history/culture and sports are
hardest (31–33%), likely reflecting specialized vocabulary ab-
sent from training data. Notably, the hardest domain differs by
model, likely reflecting differences in pretraining data composi-
tion.

4. Related Work
Arif et al. [3] benchmarked Whisper, MMS, and SeamlessM4T
on Urdu and identified text normalization as a key confound.
Our Unicode analysis (Section 3.3) confirms and quantifies this
across four languages. Sehar et al. [17] evaluated Whisper on
Pashto, Punjabi, and Urdu with n-shot prompting but reported

only aggregate WER; our error taxonomy reveals that Whis-
per’s poor scores on these languages are predominantly script
confusion rather than acoustic failure, a distinction invisible to
WER alone. Naseem et al. [13] benchmarked MMS for Pun-
jabi and Urdu TTS, highlighting the limited speech technology
infrastructure for these languages. Our work extends both stud-
ies by covering more models, more languages, and providing
the first systematic decomposition of why models fail, not just
how much. Prior ASR error analyses have categorized failures
for single high-resource languages [20], and recent work has
shown that WER itself is an unreliable metric across writing
systems [18]. Our 11-category taxonomy retains standard di-
mensions (edit operations, OOV effects) while adding categories
specific to multi-script low-resource settings: script confusion,
Unicode normalization artifacts, cross-language contamination,
and orthographic variation. Similar benchmarking for African
languages reveals parallel failure modes: Nahabwe et al. [12]
evaluate four ASR systems across 13 African languages and find
no single model dominates across resource levels, while Diallo
et al. [7] report Whisper variants exceeding 100% WER on Bam-
bara, the same catastrophic pattern we observe on Whisper.

5. Discussion
Our 11-dimensional analysis (Table 3) reveals that aggregate
WER systematically misattributes the nature of failures for
South Asian ASR. The dominant challenges are structural:
script confusion, Unicode inconsistencies, orthographic insta-
bility, and cross-language interference.

For model developers. Script confusion is Whisper’s dom-
inant failure mode on three of four languages, but it is en-
tangled with deeper model uncertainty for lowest-resource lan-
guages, so decoding-time fixes alone are unlikely to suffice.
Post-processing transliteration recovers up to 25 pp WER with-
out retraining. Language adapter architectures (SeamlessM4T)
are the most robust for multi-script families.

For evaluation. Report both raw and Unicode-normalized
WER for Perso-Arabic scripts, where Yeh/Kaf/Heh variants in-
flate error rates by up to 3.1 pp (Table 4). Named entity accuracy
and per-length-bin WER provide more informative diagnostics
than aggregate WER alone.

For deployment. The best FLEURS results (Urdu 16.3%,
Punjabi 22.1%, Sindhi 23.5%, Pashto 43.8%) remain well above
the sub-10% WER target for production-grade ASR in domains
such as healthcare, and all are on read-aloud speech. Real de-
ployments with spontaneous, code-mixed speech would yield
substantially higher error rates.

For the community. These challenges (script proximity,
orthographic instability, resource disparity) likely generalize to
other Perso-Arabic and Indic script families. Crowdsourcing
initiatives such as Karya [1] could help close data gaps for Sindhi
and Pashto.

Limitations. Sindhi Common Voice contains only 40 test
utterances, limiting statistical reliability. We evaluate only zero-
shot inference; fine-tuning would likely reduce many failure
modes documented here.

Conclusion. Our 11-dimensional analysis across 40 con-
figurations reveals that script confusion dominates Whisper’s
errors; that orthographic variants and Unicode artifacts are ma-
jor confounds for WER; and that resource level changes the na-
ture of failures, not just their frequency. We release our eval-
uation framework and error taxonomy to support targeted im-
provements for ASR in this underserved language family.



6. Use of Generative AI Disclosure
Generative AI tools were used only to assist in polishing the
manuscript text. Experimental design, analysis, and scientific
conclusions are the sole work of the authors.
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