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Abstract

India’s tribal (Janjatiya/Adivasi) languages re-
main absent from public ASR evaluation, de-
spite their importance for oral history, ecolog-
ical knowledge, and cultural continuity. We
present AdiDhwani, a preservation-oriented
ASR benchmark for Bhili (ISO 639-3: bhb),
India’s largest non-scheduled language, and
Mundari (ISO 639-3: unr), a Vulnerable
North Munda language. The benchmark
comprises 56.5 hours of community-validated
Bhili speech and 11.7 hours of Mundari
speech with fixed evaluation splits and repro-
ducible baselines. We evaluate multilingual
ASR under zero-shot transfer, target-language
fine-tuning, donor-language initialization, syn-
thetic supervision, and KenLM-assisted de-
coding. Target-language supervision substan-
tially improves WER, yet lower edit distance
does not always reflect better documenta-
tion fidelity: models replace attested Bhili
forms with Hindi cognates or delete gram-
matically meaningful Mundari suffixes while
still achieving competitive scores. We intro-
duce Hindi-Normalization Bias (HNB) and its
alignment-constrained variant (HNBA), Mor-
phological Fragmentation Rate (MFR), and
Suffix Deletion Rate (SDR) as preservation-
oriented diagnostics beyond WER. Human
transcriber baselines show that these gaps
are not fixed limits. AdiDhwani provides
the first controlled ASR evaluation frame-
work for these two under-documented Indian
languages and supports language-preserving
speech recognition research in endangered-
language settings.

1 Introduction

Automatic speech recognition (ASR) has ad-
vanced rapidly through multilingual pretraining,
large-scale weak supervision, and shared evalu-
ation benchmarks (Besacier et al., 2014; Pratap
et al., 2024; Radford et al., 2023). Yet these

*Equal contribution.

gains remain unevenly distributed. Languages
with substantial digital resources continue to bene-
fit most, while many tribal, Indigenous, and under-
documented languages remain missing from pub-
lic ASR evaluation (Panayotov et al., 2015; Wang
et al., 2021; Joshi et al., 2020; Conneau et al.,
2023). This absence is not only a matter of bench-
mark coverage. For many communities, speech
recordings are primary records of oral history, eco-
logical knowledge, ritual practice, and collective
memory (Etman and Beex, 2015). Without reli-
able transcription, such recordings remain difficult
to search, annotate, archive, or reuse for language
documentation and revitalization (Cox, 2011; Bird,
2020; Nekoto et al., 2020).

Tribal Languages. We focus on two under-
documented Indian tribal languages: Bhili and
Mundari.1 Bhili (ISO 639-3: bhb) is a Western
Indo-Aryan language spoken across Gujarat, Ra-
jasthan, Madhya Pradesh, and Maharashtra. With
approximately 10.4 million speakers, it is India’s
largest non-scheduled language.2 Its sustained
contact with Hindi, Gujarati, and Marathi makes
cross-lingual transfer plausible, but also creates
the risk that ASR systems normalize community-
attested Bhili forms toward dominant Hindi vari-
ants. Mundari (ISO 639-3: unr) is a North Munda
language of the Austroasiatic family and is clas-
sified as Vulnerable by UNESCO.3 Its agglutina-
tive morphology, checked consonants, and multi-
script usage differ sharply from the Indo-Aryan

1Speaker counts are approximate 2011 Census lower-
bound estimates; ISO 639-3 codes and language-family
classifications follow Glottolog. Bhili Glottolog entry:
https://glottolog.org/resource/languoid/id/bhil1251.
Mundari Glottolog entry: https://glottolog.org/resource/
languoid/id/mund1320.

2Bhili speaker-count reference: https://en.wikipedia.
org/wiki/Bhil.

3Mundari UNESCO vulnerability source: https:
//unesdoc.unesco.org/ark:/48223/pf0000397158.
locale=en.
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languages that dominate existing Indic ASR re-
sources (Anderson, 2015; Osborne et al., 2012).
Evaluation Gap. WER and CER are useful for
comparing recognition accuracy, but they do not
distinguish ordinary transcription errors from er-
rors that reduce documentary fidelity (Kim et al.,
2021; Lignos and Marcus, 2013). A system may
lower WER by replacing a Bhili form with a Hindi
cognate, or by recognizing a Mundari stem while
deleting suffixes that encode grammatical mean-
ing. In both cases, transcript becomes less useful
as a linguistic record even when edit distance im-
proves.
Overview of AdiDhwani. To address these gaps,
we introduce AdiDhwani, a paired ASR bench-
mark for Bhili and Mundari with 56.5 hours of
quality-controlled Bhili speech and 11.7 hours
of quality-controlled Mundari speech, collected
through community-centered field workflows. To
our knowledge, no existing resource provides
evaluation-ready ASR splits, reproducible base-
lines, and preservation-oriented diagnostics for
both languages (Table 1).
The benchmark provides fixed speaker-disjoint

splits, a deterministic transcript-preprocessing
pipeline applied identically to references and
hypotheses, and reproducible baselines. The
pipeline is language-preserving: it never rewrites
community-attested Bhili or Mundari forms to-
ward Hindi. We evaluate ASR models under
five regimes: transfer, target-language fine-tuning,
donor-language initialization, synthetic supervi-
sion, and KenLM-assisted decoding. Beyond
WER and CER, we report human transcriber base-
lines, the CER/WER ratio, and four preservation-
oriented diagnostics: Hindi-Normalization Bias
(HNB), its alignment-constrained variant (HNBA),
Morphological Fragmentation Rate (MFR), and
Suffix Deletion Rate (SDR). These metrics mea-
sure whether ASR outputs preserve community-
attested lexical and morphological forms rather
than only reducing edit distance.

Contributions.

1. We introduce AdiDhwani, the first controlled
ASR benchmark for Bhili and Mundari,
with community-validated transcripts, fixed
speaker-disjoint splits, and reproducible base-
lines.

2. We describe a documentation-oriented data
workflow combining bilingual elicitation, au-

tomatic target–translation segmentation, and
maker–checker–superchecker adjudication
with community and expert review.

3. We provide a controlled evaluation across
transfer, target-language fine-tuning, donor-
language initialization, synthetic supervision,
and KenLM-assisted decoding.

4. We introduce HNB, HNBA, MFR, and
SDR as preservation-oriented diagnostics for
documentation-relevant ASR failures not cap-
tured by WER or CER alone.

2 Related Work

Multilingual and Indic ASR bench-
marks. Large multilingual resources such
as FLEURS (Conneau et al., 2023), ML-
SUPERB (Shi et al., 2025), and Common
Voice (Ardila et al., 2020) have broadened
ASR evaluation beyond traditionally high-
resource languages. Within the Indian context,
IndicSUPERB/Kathbath (Javed et al., 2023),
IndicVoices (Javed et al., 2024a), Vistaar and
IndicWhisper (Bhogale et al., 2023), LA-
HAJA (Javed et al., 2024b), Vaani (Pulikodan
et al., 2026), the Microsoft Indic speech cor-
pus (Srivastava et al., 2020), and OpenSLR4

have expanded speech-resource coverage across
several Indic languages. However, most existing
benchmarks still focus on scheduled or compara-
tively well-resourced languages. Recent efforts
such as MunTTS (Gumma et al., 2024) have
started to address speech technology for Mundari,
but both Bhili and Mundari continue to lack
evaluation-ready ASR benchmarks with fixed
splits, reproducible baselines, and diagnostics
tailored to language-documentation settings.

Cross-lingual transfer and auxiliary supervi-
sion. Cross-lingual transfer is widely used for
low-resource ASR. Multilingual models such as
XLS-R (Babu et al., 2022), Whisper (Radford
et al., 2023), and SeamlessM4T (Communication
et al., 2023) provide strong initialization with lim-
ited target-language data, but may bias outputs to-
ward dominant or better-resourced pretraining lan-
guages (Li et al., 2024). Low-resource machine
translation exhibits analogous drift toward higher-
resource related languages (Xu et al., 2020); in our
ASR setting, this appears as Hindi-normalization,

4https://www.openslr.org/
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Table 1: Coverage of Bhili/Mundari in major multilin-
gual and Indic ASR resources. #L: languages covered;
Eval: paired transcripts with reusable evaluation splits.
†Unaligned audio only; no transcripts or baselines.

Resource #L Bhi Mun Eval

FLEURS 102 7 7 3
IndicVoices 22 7 7 3
IndicSUPERB 12 7 7 3
Vistaar 12 7 7 3

Vaani 54 3h† 7 7

AdiDhwani (ours) 2 56.5h 11.7h 3

where community-attested Bhili forms may be re-
placed by Hindi-like cognates (Dhasmana et al.,
2026). Synthetic speech and external language
models are also widely used in low-resource
ASR (Moslem, 2024; Thai et al., 2019; DeRenzi
et al., 2025; Heafield, 2011; Liu et al., 2024), al-
though gains depend on the match between aux-
iliary and target data (Bhatt and Bolonyai, 2011).
We therefore evaluate donor-language initializa-
tion, synthetic supervision, and KenLM-assisted
decoding as controlled conditions.

Evaluation beyond WER. WER and CER re-
main essential for standard ASR comparison, but
they do not always capture errors that matter
for language documentation (Kumar et al., 2026).
Where the target language is in sustained contact
with a dominant language, as Bhili and Mundari
both are with Hindi (Appendix B), ASR systems
may replace target-language forms with dominant-
language cognates (Meyer et al., 2020; Koenecke
et al., 2020); in morphologically rich languages,
they may fragment agglutinated words or omit
suffixes carrying grammatical meaning (K et al.,
2025). Such errors may incur only a small edit-
distance penalty while reducing the value of the
transcript as a linguistic record. To make these fail-
ure modes directly measurable, we report four di-
agnostics (Section 4): dominant-language substi-
tution in the hypothesis (HNB) or at the aligned
reference position (HNBA), fragmentation of ag-
glutinated forms (MFR), and deletion of suffixal
material (SDR). A related but distinct line of work
on endangered and Indigenous language technol-
ogy (Le Ferrand et al., 2024) emphasizes consent,
provenance, community benefit, and access gov-
ernance (Bird, 2020; Mager et al., 2018; Nekoto
et al., 2020; Duncan et al., 2024); these principles
shape the collection and adjudication protocol in
Section 3 rather than the diagnostics themselves.

3 Data Collection & Audio Preprocessing

Unlike a generic speech corpus, AdiDhwani pre-
serves both target-language speech needed for
ASR and an aligned Hindi translation tier used for
annotation, auditability, and linguistic analysis.

Bilingual Elicitation. We collect speech using
a bilingual prompt-and-translate protocol: each
speaker first produces a target-language utterance
and then provides its Hindi translation in the same
recording, after a long pause.

usrci︸︷︷︸
Bhili/Mundari

pause−−−−→ uhii︸︷︷︸
Hindi translation

The Hindi translation gives annotators an aligned
semantic reference, while the target-first ordering
discourages code-mixing in the segment used for
ASR training. The translation tier is not used for
ASR training or evaluation, but is retained as lin-
guistic metadata for annotation, auditability, and
future lexical analysis. Full field-recording and
segmentation details are in Appendix C.

Segmentation& Filtering. Let x denote the raw
continuous recording of a single elicitation item,
comprising the target-language utterance, the inter-
vening pause, and the Hindi translation. Although
the pause was part of the recording instruction, it
was not a fixed-duration acoustic marker: because
sessions took place in community field settings
rather than studios, realized pause length, speaker
loudness, microphone distance, device gain, and
background noise all varied across speakers and
sessions. Splitting at a fixed offset would there-
fore truncate target-language speech after short
pauses and retain Hindi translation after long ones.
We instead detect silence intervals with energy-
basedVAD and take the longest as the target–Hindi
boundary:

s∗ = arg max
s∈S(x)

dur(s), (1)

where S(x) is the set of silence intervals returned
by the VAD. The audio before s∗ is retained as the
target-language segment. Segmentation and filter-
ing serve distinct purposes: segmentation isolates
the target-language segment used for ASR train-
ing and evaluation, whereas filtering is a subse-
quent quality-control step applying duration and
SNR thresholds, boundary padding, and peak nor-
malization. Manual verification of a 10% sample
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Figure 1: WER (%) on Bhili (55h) and Mundari (11h) before any fine-tuning, with best fine-tuned WER as dashed
reference. Whisper-large-v3 achieves 74.5% and 89.6% WER respectively; MMS-1B and SpeechT5 hallucinated,
scores reflect bad recognition.

Table 2: Corpus statistics for training and held-out test
splits after segmentation and quality filtering.

Lang. Split Utt. Dur. (h) Mean (s)

Bhili Train 19,000 55.0 10.5
Test 558 1.5 10.2

Mundari Train 7,500 11.0 5.3
Test 500 0.7 5.1

from each session yielded a boundary error rate
below 3%, indicating that automatic segmentation
was reliable for constructing the target-language
speech corpus. Algorithm 1 in Appendix C states
the full procedure.

Annotation and Quality Control. Transcrip-
tion follows a maker-checker-superchecker work-
flow involving community speakers and expert lin-
guistic review. This is necessary because both
languages present preservation-specific ambigui-
ties: Bhili annotation is affected by Hindi-cognate
normalization, while Mundari annotation requires
consistent treatment of agglutinated forms and suf-
fixal material. Superchecker intervention was re-
quired for 12.4% of Bhili utterances and 18.7%
of Mundari utterances. Rather than treating these
only as transcription errors, we view them as ev-
idence of the sociolinguistic and morphological
pressures that ASR systems must also handle. An-
notation guidelines are detailed in Appendix D.

Auxiliary Synthetic Speech. No production-
quality TTS system was available for Bhili and
Mundari. We therefore generated auxiliary syn-
thetic audio with Hindi Google TTS at a reduced
speaking rate of 0.8, producing 12 h for Bhili and
3 h for Mundari. Synthetic audio is used only for
training and never appears in development or test
sets. We analyze its intelligibility, artifacts, and
downstream effect in Appendices G, H and J.

4 Preservation-Oriented Evaluation

WER and CER are necessary for ASR compari-
son, but they treat all errors as linguistically equiv-
alent. This is insufficient for preservation-oriented
ASR, where a system may reduce edit distance
while producing transcripts that are less faithful
to the target language (Thomason and Kaufman,
2023; Myers-Scotton, 2002). We therefore report
WER and CER for recognition accuracy, their ra-
tio ρ as a compact summary of how the two re-
late, and four preservation diagnostics proposed in
this work-HNB, HNBA, MFR, and SDR that tar-
get documentation-relevant failures directly. Con-
struction details for diagnostics are in Appendix E.

WER, CER, and the CER/WER Ratio. For
each language ℓ ∈ {Bhili,Mundari}, WER
measures word-level disagreement and CER mea-
sures character-level disagreement between the ref-
erence yℓi and the hypothesis ŷℓi of model f ; i in-
dexes the utterance. Alongside these, and follow-
ing work that advocates reporting character- and
word-level error jointly for multilingual and mor-
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phologically complex ASR (Morris et al., 2004; K
et al., 2025), we report their ratio

ρℓ(f) =
CERℓ(f)

WERℓ(f)
(2)

We treat ρ as a derived summary of two quanti-
ties we already report, not as one of the preser-
vation diagnostics proposed in this work; unlike
HNB, HNBA, MFR, and SDR (below), it intro-
duces no new measurement and carries no fixed
threshold. Its value is comparative: a lower ρ indi-
cates that word errors tend to involve small charac-
ter differences—word-boundary mistakes, lexical-
selection errors, or orthographic variants, whereas
a higher ρ indicates that word errors are more of-
ten accompanied by substantial character-level dis-
agreement. ρ helps indicate whether residual er-
rors are more likely to respond to language-model
rescoring or to require stronger acoustic modelling.
Across our post-LM systems Bhili stays lower
(0.31–0.40) and Mundari higher (0.47–0.48); by
midpoint, this is roughly one-third more character-
level disagreement per word error for Mundari,
consistent with its higher MFR and SDR (Sec-
tion 6) and with the differing Bhili/Mundari re-
sponses to KenLM rescoring in Table 4.

Hindi-Normalization Bias. Let Bℓ
i be the mon-

itored set for reference utterance i: a curated sub-
set of target-language reference tokens flagged as
at risk of Hindi-cognate substitution, rather than
the full transcript vocabulary. Each token t ∈ Bℓ

i

is one for which an approved Hindi alternative
could plausibly surface in ASR output; these to-
kens are extracted from the bilingual target–Hindi
tier by pointwise mutual information and con-
firmed by community reviewers (Appendix E). Let
HindiAltℓ(t) denote the approved Hindi-cognate
alternatives for t. Define

hℓ(t, ŷ
ℓ
i ) = 1

[
∃z ∈ HindiAltℓ(t) : z ∈ ŷℓi

]

For model f , Hindi-Normalization Bias is

HNBℓ(f) =

∑
i

∑
t∈Bℓ

i
hℓ(t, ŷ

ℓ
i )∑

i |Bℓ
i |

(3)

Because HNB may count incidental Hindi alter-
natives, we also report an alignment-constrained
variant. For the hypothesis token t̂ aligned to ref-
erence token t, define

ha,ℓ(t, t̂) = 1
[
t ∈ Bℓ

i ∧
t̂ ∈ HindiAltℓ(t)

]

Then

HNBAℓ(f) =

∑
i

∑
(t,t̂)∈align(yℓi ,ŷℓi )

ha,ℓ(t, t̂)

∑
i |Bℓ

i |
(4)

Thus, HNBAℓ ≤ HNBℓ. These diagnostics are
orthogonal to WER: a model may lower edit dis-
tance by producing a phonologically close Hindi
cognate while increasing dominant-language nor-
malization.

Morphological Fragmentation and Suffix Dele-
tion. For both languages, we measure whether
ASR hypotheses preserve agglutinated morphol-
ogy. Let Aℓ

i be the set of agglutinated reference
tokens in utterance i for language ℓ, identified us-
ing a community-validated suffix inventory. For
an agglutinated reference token r, let t̂r denote
the hypothesis token aligned to r under the same
WER edit-distance traceback used for HNBA,with
t̂r = ε when r is deleted.
For an agglutinated token r, define

Mℓ(r, ŷ
ℓ
i ) =



stemℓ(r) ∈ ŷℓi ∧
∃s ∈ suffixesℓ(r) : s ∈ ŷℓi ∧
t̂r ̸= r




Then

mℓ(r, ŷ
ℓ
i ) = 1

[
Mℓ(r, ŷ

ℓ
i )
]

The condition t̂r ̸= r excludes the case where
the model reproduces r as a single correct token,
which would otherwise be miscounted as fragmen-
tation whenever the stem and a suffix both appear.
Morphological Fragmentation Rate is

MFRℓ(f) =

∑
i

∑
r∈Aℓ

i
mℓ(r, ŷ

ℓ
i )∑

i |Aℓ
i |

(5)

Fragmentation captures cases where the stem and
suffix are recognized but not preserved as a single
agglutinated word.
Define the stem-preservation condition

Sℓ(r, ŷ
ℓ
i ) =

[
stemℓ(r) ∈ ŷℓi ∨
t̂r starts with stemℓ(r)

]
,

and the suffix-deletion condition

Dℓ(r, ŷ
ℓ
i ) =

[
∄s ∈ suffixesℓ(r) :
s ∈ ŷℓi ∪ {t̂r}

]

Then

dℓ(r, ŷ
ℓ
i ) = 1

[
Sℓ(r, ŷ

ℓ
i ) ∧Dℓ(r, ŷ

ℓ
i )
]
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Figure 2: Target-language data scaling for Bhili and Mundari. WER is plotted against effective target-language
hours, computed as α times the full training set size. The dashed curve is a power-law fit to Whisper-Medium;
Bhili benefits from more data, while Mundari peaks before full-data training.

The suffix deletion rate is

SDRℓ(f) =

∑
i

∑
r∈Aℓ

i
dℓ(r, ŷ

ℓ
i )∑

i |Aℓ
i |

. (6)

SDR captures the more damaging case where
the lexical stem survives but grammatical suffix
material is lost. Together, MFR and SDR expose
documentation-relevant errors that may be hidden
by WER and CER, detailed in Appendix E.

5 Experimental Setup

Evaluation Protocol. We evaluate all systems
on the fixed held-out test sets using a common
transcript-preprocessing and scoring pipeline, with
deterministic Unicode and orthographic normal-
ization and consistent word-boundary conventions
applied to both references and hypotheses, and
dataset splits as shown in Table 2. WER is the
primary ASR metric, with CER reported as a sec-
ondary character-level metric. We also report the
CER/WER ratio and the preservation-oriented di-
agnostics defined in Section 4. Hyperparameters,
and condition-wise results are provided in Ap-
pendix K and H along with human transcriber
baselines in Appendix D.6.

Model Families. We evaluate models in both
zero-shot and supervised settings. For zero-
shot evaluation we cover the major publicly
available multilingual speech paradigms–encoder-
decoder ASR, CTC-style recognition, and unified
speech/text models–using Whisper-large-v3 (Rad-
ford et al., 2023), SeamlessM4T-v2 (Communica-
tion et al., 2023), MMS-1B (Pratap et al., 2024),

and SpeechT5 (Ao et al., 2022). For supervised
adaptation we fine-tune two complementary fam-
ilies: XLS-R 300M/1B (Babu et al., 2022) with
CTC decoding, which supports the donor, acoustic-
similarity, and KenLM analyses, and Whisper
Tiny/Base/Small/Medium, which supports scaling
comparisons across model size and target-data
fraction. Since neither Bhili nor Mundari has an
official Whisper language token, we use the Hindi
token for all Whisper fine-tuning and decoding as
mentioned in Appendix K.

Adaptation Regimes. We compare five adap-
tation regimes. First, we evaluate zero-shot
transfer from multilingual ASR models. Sec-
ond, we perform target-language fine-tuning,
varying the target-language data fraction α ∈
{0.2, 0.4, 0.6, 0.8, 1.0}, the proportion of the avail-
able target training set used, so that α=1.0 is the
full split. This corresponds to 11–55 effective
target-language hours for Bhili and 2.2–11 hours
for Mundari, and drives the scaling analysis in Ap-
pendix H.2. Third, we evaluate donor-language
initialization: donor checkpoints are first trained
on a candidate donor language and then adapted to
the full target-language training split. Fourth, we
test synthetic supervision through synthetic-only
and synthetic-to-real training paths. We also eval-
uate the best XLS-R models with 5-gram language
modeling. Full results are in Appendix H.

Donor Selection & Language-Model Decod-
ing. We first shortlist donor languages using
geographic and linguistic proximity, then rank
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them using layer-wise acoustic similarity com-
puted from XLS-R hidden states. This compares
donor and target representations across acoustic
(L1–6), phonetic (L7–12), and linguistic (L13–
24) layers, giving a script-independent estimate of
transfer compatibility. A candidate donor must
also be instantiable as a controlled transfer condi-
tion: either sufficient transcribed speech to adapt
XLS-R, or an established checkpoint for that lan-
guage. This requirement, rather than genealogi-
cal distance, is why the Rajasthani varieties are ab-
sent from our candidate set despite belonging to the
same Western Indo-Aryan continuum as Bhili; va-
rieties such asMarwari andMewari are themselves
under-resourced by the criteria that motivate this
benchmark. Appendix F.4 reports a zero-shot rep-
resentational probe for Marwari together with the
limitation that no fine-tunable donor checkpoint
exists for these varieties. Donor initialization is
evaluated primarily with XLS-R 300M CTC (Ta-
ble 3); we additionally report Whisper-Medium in
AppendixH.6 as an encoder–decoder architectural-
sensitivity comparison. For CTC systems, we also
train a 5-gram KenLM using only target-language
training transcripts; development or test text are ex-
cluded from LM training. During decoding, CTC
and LM scores are combined by shallow fusion.
We do not apply KenLM toWhisper because its au-
toregressive decoder already provides an implicit
language model. Full donor analysis is in Ap-
pendix F & H.

Table 3: Donor-transfer WER (%) using XLS-R 300M.
Lower is better; the best donor for each language is
shown in bold.

Language Donor WER (%)

Bhili Hindi 45.33
Marathi 57.91

Mundari Hindi 64.13
Santali 77.81

6 Results and Analysis

We organize the results into two complementary
analyses. We first compare recognition perfor-
mance across five adaptation regimes and iden-
tify the best-performing configuration for each lan-
guage. We then apply the preservation-oriented di-
agnostics in Section 4 to examine whether gains in
WER/CER also preserve documentation-relevant
linguistic forms.

Zero-Shot Transfer. Whisper-large-v3 and
SeamlessM4T produce valid Devanagari hypothe-
ses, but remain far from usable accuracy (Figure 1).
Whisper-large-v3 obtains 74.48% WER on Bhili
and 89.62% WER on Mundari. MMS-1B and
SpeechT5 often collapse into hallucinated or
unstable outputs, showing that large multilingual
pretraining does not guarantee graceful degrada-
tion on unseen under-documented languages. We
therefore treat zero-shot performance as a stress
test rather than a viable documentation system.

Target-Language Supervision. Fine-tuning
sharply reduces WER for both languages, but the
best use of target data depends on the resource
setting (Figure 2). For Bhili, which has 55 hours
of real speech, Whisper-Medium improves with
more target-language data and reaches its best
staged result at α=1.0 with 36.62% WER. For
Mundari, which has only 11 hours of real speech,
Whisper-Medium performs best at α=0.8 with
54.68% WER, while full target-only training
degrades. Thus, target-language supervision is
essential, but the optimal mixing ratio is not fixed:
full target training helps in the 55-hour setting but
can overfit in the 11-hour setting. We fit a power-
law curve WER = a ·h−b to the Whisper-Medium
results to summarize this scaling trend.

Effect of Synthetic Supervision. Synthetic-
only training is substantially worse than staged
real-data fine-tuning for both languages, indicat-
ing that TTS speech cannot replace real commu-
nity speech. However, synthetic pretraining has
language-dependent effects after real-data adapta-
tion and LM decoding (Figure 3). For Bhili, where
55 hours of real speech are available, synthetic pre-
training hurts the final LM path. For Mundari,
where only 11 hours of real speech are available,
the 3-hour synthetic stage becomes useful after
KenLM rescoring. Synthetic speech is therefore
most useful under severe data scarcity, and only
when evaluated as part of a complete training-and-
decoding pipeline.

Donor transfer depends on acoustic compatibil-
ity. Layer-wise donor analysis selects Hindi and
Marathi as plausible donors for Bhili, and Hindi
and Santali as plausible donors for Mundari as
shown in Table 3, while rejecting Gujarati and Ben-
gali despite geographic proximity (Appendix F). In
downstreamCTC transfer, Hindi is the only consis-
tently helpful donor, including for Mundari even
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Figure 3: Best WER per training configuration for Bhili and Mundari, ordered weakest to strongest; stars mark the
best system per language. Real-data fine-tuning with KenLM gives 22.3% for Bhili; Syn→Org+LM gives 37.5%
for Mundari.

Table 4: Effect of KenLM shallow-fusion rescoring on real-only and synthetic-to-real training for Bhili andMundari.
The largest WER reductions are 21.74 pp for Bhili (Original+LM) and 27.66 pp for Mundari (Syn→Org+LM),
which also achieves the best final Mundari WER (37.52%). Syn→Org: synthetic pre-training followed by real-
data fine-tuning; Original: real-data only; +LM: KenLM shallow-fusion rescoring.

Language Path WER pre-LM WER post-LM ∆WER CER post-LM CER/WER

Bhili Syn→Org+LM 39.00 32.91 −6.09 10.35 0.31
Bhili Original+LM 44.06 22.32 −21.74 8.83 0.40
Mundari Syn→Org+LM 65.18 37.52 −27.66 17.91 0.48
Mundari Original+LM 62.01 42.74 −19.27 20.17 0.47

though Santali is genealogically closer. This sug-
gests that acoustic representation similarity is a bet-
ter predictor of ASR transfer than language-family
membership alone.
Language-Specific Pipelines. We apply
KenLM (Heafield, 2011; Liu et al., 2024) rescor-
ing to the strongest XLS-R 1B CTC systems
under two paths: real-data-only training and
synthetic-to-real training. Table 4 shows that
KenLM improves WER in all configurations, but
the best post-LM path differs by resource condi-
tion. For Bhili, real-data-only training followed
by KenLM is best, reaching 22.32% WER and
8.83% CER; it outperforms the Syn→Org+LM
path by 10.59 WER points. With 55 hours of
real speech, synthetic pre-training provides no
additional benefit, suggesting that the acoustic
mismatch from synthetic data may limit the gains
from LM rescoring. For Mundari, the pattern

reverses. Although Syn→Org is worse than
real-only training before LM, it becomes the best
system after rescoring, reaching 37.52% WER
and 17.91% CER. Under the 11-hour constraint,
synthetic pre-training appears to produce hypothe-
ses that are easier for the LM to rerank, even when
the acoustic model alone is weaker. Thus, LM
rescoring is not merely a uniform post-processing
step; its effectiveness depends on the training
path and available real-data resources. Detailed
analysis is provided in Appendix H.
WER/CER Error Profiles. The CER/WER
ratio separates word-level errors from deeper
character-level acoustic confusion (Table 17). For
Bhili, the lower ratios (0.31–0.40) indicate that
many remaining errors involve lexical choice, or-
thographic variation, or word-boundary decisions
that can be partly corrected by LM rescoring. For
Mundari, both paths have higher ratios (0.47–
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0.48), showing that many word errors also involve
substantial character-level disagreement. KenLM
therefore reduces WER, but it cannot fully address
errors caused by limited acoustic evidence, espe-
cially for Mundari.
Preservation Fidelity Beyond WER. The
preservation diagnostics in Table 5 show that
strong ASR performance under WER does not
necessarily imply faithful language documenta-
tion. For Bhili, the best system reaches 22.32%
WER, while HNB remains 18.70% and alignment-
constrained HNBA remains 17.09%. The small
gap between HNB and HNBA indicates that many
Hindi-normalized forms are direct substitutions
at the aligned reference position, rather than inci-
dental Hindi words elsewhere in the hypothesis.
Thus, even a relatively accurate transcript may
silently shift community-attested Bhili forms
toward dominant Hindi variants. For Mundari, the
best system still has 1.92% MFR and 4.47% SDR,
showing that agglutinated forms are sometimes
fragmented or reduced to stems without their
suffixal material. Since such suffixes can encode
grammatical information, these errors reduce the
transcript’s value as a linguistic record even when
the lexical stem is recognized. Human transcriber
baselines are substantially stronger, with 11.24%
WER for Bhili and 14.31% for Mundari, showing
that these gaps are not inherent limitations of the
languages. The best system by WER is therefore
not necessarily the one that best preserves the
language.

Table 5: Preservation-oriented diagnostics for the best
ASR system per language and human transcriber base-
lines. Lower is better for all metrics; values are percent-
ages.

Lang. WER HNB HNBA MFR SDR

bhb (Human) 11.24 8.38 7.89 0.11 1.20
bhb 22.32 18.70 17.09 0.62 3.40
unr (Human) 14.31 10.17 9.18 0.32 2.17
unr 37.52 21.24 17.41 1.92 4.47

Metric orthogonality. A key observation is that
the preservation diagnostics are not redundant with
WER. Although Bhili has a 15.20 pp lower WER
than Mundari, its alignment-constrained Hindi-
normalisation bias is only 0.32 pp lower (17.09%
vs. 17.41%). This means that better recognition
accuracy does not necessarily remove dominant-
language substitution at the token positions that
matter for documentation. Conversely, Mundari

shows higher MFR and SDR, indicating a differ-
ent failure mode: morphology is more often split
or deleted even when the model recovers part of
the lexical form. Human baselines reduce all four
preservation errors, showing that these diagnostics
capture real system limitations rather than unavoid-
able ambiguity in the data.

Linguistic Error Diagnostics. Beyond aggre-
gate WER and CER, we analyze character-, word-,
and utterance-level errors to diagnose the best ASR
systems more precisely. The analysis separates
normalisation artefacts, such as ZWNJ omission
and visarga–colon mismatch, from documentation-
relevant errors, including nukta loss, vowel-length
confusion, Hindi postposition over-generation,
and suffix deletion. Table 5 further com-
pares each best system with human baselines us-
ing preservation-oriented diagnostics for Hindi-
normalisation bias, alignment-constrained bias,
morphological fragmentation, and suffix deletion.
These analyses help identify whether remaining
errors are associated with Unicode normalisation,
acoustic modelling, LM rescoring, or limited lin-
guistic diversity in the training data. Detailed anal-
yses are provided in Appendices F, H, I.3, & J.

7 Conclusion

We introduce AdiDhwani, a preservation-oriented
ASR benchmark for Bhili and Mundari, built
through community-driven data collection and val-
idation, with speaker-disjoint splits and repro-
ducible baselines. Target-language supervision
and language-model rescoring substantially im-
prove recognition, although the best training strat-
egy differs by resource condition: real-only train-
ing performs best for Bhili, while synthetic-to-
real training with LM rescoring performs best
for Mundari. Crucially, lower edit distance does
not always correspond to better linguistic preser-
vation: strong ASR systems still exhibit Hindi-
normalisation bias in Bhili and suffix deletion in
Mundari. We therefore complement WER and
CER with HNB, HNBA, MFR, SDR, and the
CER/WER ratio to expose preservation-relevant
errors obscured by aggregate recognition metrics.
These findings motivate evaluating ASR for under-
documented languages not only by recognition ac-
curacy, but also by how faithfully systems preserve
linguistically meaningful forms.
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Limitations

AdiDhwani is an initial benchmark for Bhili and
Mundari, and several limitations remain. Al-
though the corpus covers multiple districts and
speaker groups, it does not capture the full so-
ciolinguistic diversity of either language. Our
donor analysis is also restricted to varieties with
instantiable ASR conditions, which excludes the
Rajasthani varieties most closely related to Bhili
(Appendix F.4). Most recordings are read speech,
with limited coverage of conversational and spon-
taneous interaction. Both languages are released
primarily in Devanagari despite broader multi-
script usage, particularly for Mundari. In addition,
our experiments focus on fixed test sets and ag-
gregate metrics, which limits fine-grained analy-
sis across dialects, demographics, and downstream
documentation settings. Future releases should ex-
pand speaker diversity, speech domains, script cov-
erage, and community-led evaluation.

Ethics Statement

All participants were informed about the goals of
the project, the recording process, and the intended
research and documentation uses of the collected
speech prior to participation. Instructions and con-
sent procedures were provided in locally under-
standable languages, and informed verbal and writ-
ten consent was obtained from all speakers. Partic-
ipants were compensated in accordance with pre-
vailing local daily wages to recognize their time,
linguistic expertise, and contribution to the corpus.
The benchmark was developed in collaboration

with community linguists, educators, and local lan-
guage practitioners, who contributed to prompt
selection and the handling of culturally sensitive
content. Transcription quality followed a maker-
checker-superchecker workflow with expert adju-
dication and correction logging to improve consis-
tency and accountability. We frame AdiDhwani
as a documentation-oriented research resource in-
tended to support future work in language preser-
vation, education, and community-centered speech
technology.
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Hosting and access. Code and evaluation re-
sources are available at https://github.com/
misniitdelhi-ai/AdiDhwani. The Bhili and
Mundari speech recordings, transcripts, and fixed
data splits are hosted at https://huggingface.co/
datasets/misniitd/AdiDhwani, where access in-
structions and conditions of use are documented.

License and governance. The speech record-
ings and transcripts are released under CC BY-
NC-SA 4.05. Access and reuse follow the con-
sent and community-governance conditions docu-
mented with the dataset release.

Released artifacts. The release comprises: (i)
train and test splits with audio and correspond-
ing transcripts; (ii) WER/CER scoring code, in-
cluding the micro-averaging convention and deter-
ministic Unicode normalization; (iii) implementa-
tions of HNB, HNBA, MFR, and SDR, together
with their associated lexical and morphological re-
sources; and (iv) training and decoding configu-
rations, including the KenLM order and shallow-
fusion weight.

B Linguistic Background of Bhili and
Mundari

This section provides linguistic context for the
preservation-oriented evaluation used in AdiD-
hwani. For both languages, the central risks are
dominant-language normalization toward Hindi
and the loss of agglutinated morphology, espe-
cially suffixal material.

B.1 Bhili Linguistic Profile

Bhili (bhb) is a Western Indo-Aryan language con-
tinuum spoken across tribal regions of Gujarat, Ra-
jasthan, Madhya Pradesh, and Maharashtra. The
benchmark covers 56.6 hours of Bhili speech from
12 speakers across two districts. Because Bhili is
in sustained contact with Hindi and other regional
Indo-Aryan languages, it shares substantial phono-
logical and lexical overlap with them. This overlap
is useful for cross-lingual ASR transfer, but it also
creates a preservation risk: amultilingual ASR sys-
tem may replace a community-attested Bhili form
with a more frequent Hindi cognate while incur-
ring only a small edit-distance penalty.

5https://creativecommons.org/licenses/by-nc-sa/4.
0/

B.2 Mundari Linguistic Profile

Mundari (unr) belongs to the Munda branch of
the Austroasiatic family and is spoken across
the Chota Nagpur Plateau region of eastern In-
dia. Jharkhand is its principal linguistic region,
with substantial speaker communities also found in
Odisha, West Bengal, and Bihar, and smaller pop-
ulations in Chhattisgarh (Anderson, 2015). The
benchmark contains 11.7 hours of Mundari speech
from seven speakers across two districts. Un-
like Bhili, whose main ASR challenge is Indo-
Aryan contact and Hindi-like lexical substitution,
Mundari presents a strongly morphological chal-
lenge. Its agglutinative structure allows multiple
grammatical categories to be encoded within a sin-
gle surface word, so ASR systems may recognise a
stem while fragmenting the word or silently delet-
ing suffixal material.

B.3 Contact, Script, and Evaluation
Implications

Hindi contact affects both languages, but in dif-
ferent ways. In Bhili, it creates a direct risk of
lexical normalization. In Mundari, it affects tran-
scription practice and bilingual elicitation, but the
larger structural challenge is preserving morphol-
ogy. Both languages are represented in the bench-
mark using a consistent Devanagari-based tran-
scription layer, a benchmark design decision rather
than a complete representation of community writ-
ing practices. For Bhili, a system can reduceWER
by substituting a Hindi-like cognate instead of the
community form; for Mundari, a system can recog-
nise a stem while deleting suffixes that carry gram-
matical meaning. This is why WER alone is insuf-
ficient for endangered-language ASR evaluation,
motivating the diagnostics introduced in Section 4.

C Field Recording Protocol

The Bhili and Mundari corpora were collected
through community-centered fieldwork in native-
speaker communities. Community coordinators
and local language practitioners supported speaker
recruitment, consent procedures, and session orga-
nization. Speakers were informed about the pur-
pose of the recordings, the intended research and
documentation uses of the data, and the role of the
Hindi translation tier. Written and verbal consent
were obtained in locally accessible languages be-
fore recording.
Recordings were captured at 16 kHz, 16-bit
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mono using directional microphones. Sessions
were conducted in semi-controlled field conditions
such as schools, community halls, and outdoor
gathering spaces. Because the data were collected
in natural community environments rather than
studios, the recording protocol included real-time
quality monitoring and post-hoc quality filtering
for noise, clipping, and segmentation failures.
Data collection used a custom Android-based

recording platform designed for low-resource and
intermittently connected field environments. The
platform supports offline-first recording, local en-
crypted storage, delayed synchronization, and in-
tegrated quality flagging by field annotators. This
allowed field teams to continue recording in loca-
tions with unreliable network access while preserv-
ing metadata and session-level quality notes.

C.1 Voice Activity Detection and Boundary
Detection

We apply energy-based voice activity detection
independently to each recording. Short-time en-
ergy is computed using 25ms windows with a
10ms hop. A frame is labelled silent if its en-
ergy falls below a file-adaptive threshold, defined
as 40 dB below the 99th-percentile frame energy
for that recording. Adjacent silent frames are
merged into contiguous silence intervals. A file-
adaptive threshold is used because field recordings
vary in speaker loudness, microphone distance, de-
vice gain, and background noise as shown in algo-
rithm 1. Because the realized pause is variable
rather than fixed, and each file contains exactly
one target–translation pair, segmentation reduces
to identifying the acoustic boundary between the
target-language utterance and the Hindi translation.
Let S(x) = {s1, . . . , sk} be the set of silence inter-
vals detected in recording x. We select the longest
silence interval between two audio samples:

s∗ = arg max
s∈S(x)

dur(s). (7)

The audio before s∗ is retained as the target-
language utterance, while the audio after s∗ is re-
tained as Hindi translation metadata. In verified
files, this maximum-pause rule was unambiguous
in over 97% of cases.

C.2 Quality Filtering and Manual
Verification

After segmentation, extracted target-language seg-
ments pass four filters: utterances shorter than

Algorithm 1 Silence-based segmentation of bilin-
gual field recordings.
Require: Raw recording x containing one target–translation

pair
Ensure: Target-language utterance usrc, or Reject
1: Apply energy-based VAD to x
2: Extract silence intervals S(x) = {s1, . . . , sk}
3: Select s∗ = argmaxs∈S(x) dur(s)
4: usrc ← audio before s∗
5: uhi ← audio after s∗
6: Preserve uhi as translation metadata
7: Reject if dur(usrc) /∈ [0.5, 20] seconds
8: Estimate SNR for usrc
9: Reject if SNR(usrc) < 10 dB
10: Add 50ms silence padding at both boundaries
11: Peak-normalize usrc to −3 dBFS
12: return filtered usrc

0.5 s are removed; utterances longer than 20 s are
removed; utterances with estimated SNR below
10 dB are discarded; and accepted utterances are
padded with 50ms of silence at both boundaries.
All accepted utterances are peak-normalized to
−3 dBFS to reduce variation caused by speakers,
devices, microphone distance, and field sessions
while preserving speech content.
A random 10% sample from each recording

session was manually inspected by a fluent com-
munity member or trained reviewer. Review-
ers checked that (i) the retained segment con-
tained only target-language speech, (ii) no target-
language speech was truncated at segment bound-
aries, and (iii) the Hindi translation tier was sepa-
rated correctly. The estimated boundary error rate
was below 3% across sessions. Corrected bound-
aries from this verification sample were not used
to tune the automatic segmentation procedure, so
the reported error rate provides a conservative es-
timate of segmentation quality on the unverified
portion of the corpus.

D Annotation Guidelines and
Adjudication

Target-language prompts were produced from
Hindi source sentences drawn from public datasets
and translated by experts with more than 20 years
of experience in the respective languages. The
translated text was validated by senior supercheck-
ers before being used for audio recording. Fi-
nal transcripts were then produced and adjudicated
through a community-centered annotation work-
flow.
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D.1 Annotator Profiles and Training

Annotation was carried out by trained local anno-
tators, community language practitioners, and se-
nior reviewers. For Bhili, twelve trained annota-
tors and two senior supercheckers participated in
the final transcription process. ForMundari, seven
trained annotators and one senior superchecker par-
ticipated. Annotators were selected based on lan-
guage competence, familiarity with local speech
varieties, and ability to follow shared transcrip-
tion conventions. Before contributing to the bench-
mark, annotators completed a one-week training
programme followed by a 100-utterance calibra-
tion phase. Training covered the recording pro-
tocol, annotation interface, orthographic conven-
tions, common sources of disagreement, and pro-
cedures for flagging uncertain cases.

D.2 Prompt Design

Prompts were developed to reflect community-
relevant language use rather than isolated generic
sentences. The prompt inventory was intention-
ally weighted toward governance and welfare ac-
cess, since many practical translation needs in
these communities involve public schemes, rights,
local administration, and access to services. Ed-
ucation was kept as a second major domain be-
cause school communication, learning materials,
and employment-related language are frequent use
cases for community-facing translation. The re-
maining prompts cover agriculture, healthcare,
oral history, and ecological knowledge, ensuring
that the benchmark also captures everyday and
documentation-oriented language use.
Community linguists reviewed the prompts

for lexical authenticity, domain relevance, and
cultural appropriateness. Prompts with unnat-
ural phrasing, ambiguous local terminology, or
domain-inappropriate wording were revised or re-
moved before translation. This process ensured
that the benchmark evaluates socially grounded
language use rather than only surface-level sen-
tence translation. Tables 6 and 7 summarize the
domain distribution of accepted prompts after re-
view and filtering.
For endangered and under-documented lan-

guages, these domains are not peripheral to speech
and translation technology evaluation. They are
central to the documentation settings that the
benchmark is intended to support, including ac-
cess to public information, educational participa-

Table 6: Bhili prompt distribution by documentation do-
main. Counts cover all 19,558 elicitation prompts and
show the intended balance across public services, edu-
cation, agriculture, health, oral history, and ecological
knowledge.

Domain Topic Count

Governance/Welfare Schemes, rights, services 9,779
Education School, learning, employment 3,912
Agriculture Crops, irrigation 1,467
Healthcare Symptoms, nutrition 1,467
Oral history Testimony, festivals 1,466
Ecological knowledge Environment, local knowledge 1,467

Total – 19,558

Table 7: Mundari prompt distribution by documenta-
tion domain. Counts cover all 8,000 elicitation prompts,
with emphasis on governance and welfare topics.

Domain Topic Count

Governance/Welfare Schemes, rights, services 4,000
Education School, learning, employment 1,600
Agriculture Crops, irrigation 600
Healthcare Symptoms, nutrition 600
Oral history Testimony, festivals 600
Ecological knowledge Environment, local knowledge 600

Total – 8,000

tion, oral histories, ecological knowledge, local
administration, agricultural work, and community-
facing communication.

D.3 General Transcription Principles

We followed the same transcription principles for
both languages. Annotators were asked to preserve
the speaker’s lexical choice whenever it was intel-
ligible, rather than replacing it with a more for-
mal or dominant-language equivalent. They were
also asked not to normalize speech toward Hindi
or another familiar regional form. Repetitions, hes-
itations, and self-repairs were retained when they
were acoustically clear and belonged to the target
utterance. When a segment of audio was unclear,
annotators marked it for review instead of guess-
ing. We also encouraged consistent word bound-
aries across recurring forms so that similar spo-
ken formswere represented consistently in the tran-
scripts.
These principles are important because replac-

ing Bhili forms with Hindi cognates, or omitting
weakly articulated Mundari suffixes, would make
the transcript less faithful to the target language.
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D.4 Language-Specific Guidelines
For Bhili, annotators were instructed to keep
community-attested forms when speakers pro-
duced them, even if a Hindi-like form would be
more familiar to an outside transcriber. This was
necessary because Bhili is in sustained contact
with Hindi and other regional languages, and many
forms are phonologically close to Hindi cognates.
For Mundari, annotators were instructed to pre-

serve suffixes and agglutinated forms when they
functioned as a single phonological and grammati-
cal unit. The guidelines discouraged splitting an
agglutinated form into multiple orthographic to-
kens unless the speaker clearly produced the mate-
rial as separate words. Weakly articulated suffixes
were not omitted when they were recoverable from
the audio and consistent with the utterance. Un-
certain cases were escalated to the checker or su-
perchecker rather than silently simplified.

D.5 Maker–Checker–Superchecker
Workflow

Transcription followed a three-stage workflow.

Maker. The maker recorded the target-language
audio or produced the first transcript. The maker
could consult the Hindi translation tier for seman-
tic orientation, but the transcript itself had to reflect
the target-language speech.

Checker. The checker independently reviewed
the maker transcript against both the target-
language audio and the Hindi translation tier.
The checker flagged uncertain words, possible
Hindi-normalized forms, unclear suffixes, code-
switching, repetitions, and cases where the audio
did not match the intended prompt.

Superchecker. The superchecker resolved dis-
agreements, adjudicated ambiguous forms, and
maintained consistency with community-validated
spelling and morpheme-boundary conventions.

D.6 Human Transcriber Baseline
To establish an achievable-performance reference
for the preservation diagnostics, we collected in-
dependent human transcriptions of the evaluation
data. Five transcribers for Bhili and two for
Mundari re-transcribed the complete held-out test
set for each language: 558 utterances (1.5 h) for
Bhili and 500 utterances (0.7 h) for Mundari, as re-
ported in Table 2. Human and system outputs are
therefore evaluated on exactly the same utterances.

Transcribers were fluent community speakers who
worked from audio alone, without access to the
Hindi translation tier, elicitation prompt, or system
outputs, and followed the transcription principles
in Appendices D.3 and D.4.
Human transcripts were scored against the

superchecker-adjudicated reference using the
same normalization and scoring pipeline as the
ASR systems, including the identical monitored-
token set Bℓ and suffix inventory Aℓ. Because the
reference itself was produced through the maker–
checker–superchecker workflow described in
Appendix D.5, the human baseline measures
agreement with the adjudicated transcription
convention rather than an absolute performance
ceiling. We therefore interpret it as evidence that
the observed preservation gaps are not intrinsic to
the languages, rather than as a theoretical lower
bound on achievable error.

E Preservation Metric Construction and
Calibration

This section describes how the preservation-
oriented diagnostics introduced in Section 4 are
constructed and calibrated. The formal metric
definitions are given in Equations 3–6; here we
provide the lexicon, suffix-inventory, alignment,
and interpretation details needed to reproduce the
measurements. These diagnostics are not substi-
tutes for WER and CER. Instead, they identify
documentation-relevant errors that edit distance
alone may obscure.

E.1 Hindi-Cognate Lexicon Construction
For each utterance i, the monitored set Bℓ

i con-
tains community-reviewed target-language tokens
for which a Hindi alternative could plausibly ap-
pear in ASR output. These tokens are selected
from the bilingual target–Hindi elicitation tier and
then reviewed by language consultants.
For each Hindi token h and target-language to-

ken t, we first estimate their association using
pointwise mutual information:

PMI(h, t) = log
p(h, t)

p(h)p(t)
. (8)

A candidate Hindi alternative is retained when

c(h, t) ≥ 2 and PMI(h, t) ≥ 0.5.

Hindi function words are removed before review,
since they frequently produce false positives in
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short utterances. The remaining mappings are
manually checked by community experts. Dur-
ing this review, we remove cases where the Hindi
and target-language forms do not represent a
documentation-relevant substitution. The result-
ing set is used as HindiAltℓ(t) in Equations 3
and 4. This monitored set is distinct from the full
transcript vocabulary, which contains all reference
words, and from the suffix inventory used forMFR
and SDR (Appendix E.3, Suffix Inventory Con-
struction), which targets agglutinated morphology
rather than Hindi-normalization.

E.2 Alignment-Constrained Hindi
Normalization

The unconstrained HNB score counts whether a
Hindi alternative appears anywhere in the hypothe-
sis. This captures broad Hindi drift, but it can also
count incidental Hindi words that are not direct
substitutions for the monitored reference token. To
separate these cases, HNBA uses the reference–
hypothesis alignment produced by the WER edit-
distance traceback.
In HNBA, a Hindi-normalization event is

counted only when the hypothesis token aligned
to a monitored reference token is one of that to-
ken’s approved Hindi alternatives. Insertions and
unrelated Hindi words elsewhere in the hypothesis
therefore affect HNB but not HNBA. By construc-
tion,

HNBAℓ(f) ≤ HNBℓ(f),

because every alignment-constrained substitution
is also an unconstrained Hindi-alternative occur-
rence, but not every unconstrained occurrence is
aligned to the monitored reference token.

E.3 Suffix Inventory Construction

For MFR and SDR, agglutinated reference to-
kens are identified using community-validated suf-
fix inventories. The Bhili inventory contains more
than 30 suffixes. The Mundari inventory contains
more than 25 suffixes, including endings, direc-
tional suffixes, and subject-focus markers.
A reference token r is treated as agglutinated

only if a known suffix can be removed while leav-
ing an attested stem of at least two characters.
Cases are excluded when the stem boundary is am-
biguous, when the remaining form is not an at-
tested stem, or when the analysis is rejected by
the superchecker. This conservative filtering re-
duces the chance that ordinary lexical variation is

mistaken for morphological fragmentation or suf-
fix deletion.

E.4 Morphological Error Classification
For each agglutinated token r ∈ Aℓ

i , we compare
the reference token with the aligned hypothesis to-
ken and with the full hypothesis string.
MFR counts cases where the stem and suffixal

material are both present in the hypothesis but are
not preserved as the original agglutinated word.
This typically corresponds to word-boundary er-
rors, where the ASR system recognizes parts of the
form but splits or rearranges the morphology.
SDR counts the more severe case where the lexi-

cal stem survives but the suffixal material is absent.
Stem preservation is allowed either as a standalone
hypothesis token or as the prefix of the aligned
hypothesis token. Suffix deletion is counted only
when no known suffix for r appears in the aligned
token or elsewhere in the hypothesis. Thus, SDR
focuses on cases where the transcript preserves lex-
ical identity while losing grammatical information
encoded by the suffix.

E.5 Calibration and Interpretation
A useful ASR system for language documentation
should reduce WER and CER while also avoid-
ing increases in HNB, HNBA, MFR, and SDR.
HNB and HNBA are interpreted as dominant-
language substitution rates over the monitored to-
ken set. A small HNB–HNBA gap indicates that
most Hindi alternatives are direct aligned substitu-
tions. A larger gap indicates more incidental Hindi
co-occurrence in the hypothesis.
MFR and SDR measure different forms of mor-

phological degradation. MFR captures fragmen-
tation of agglutinated forms, while SDR captures
loss of suffixal grammatical material. We treat
SDR as the more damaging error type because
the transcript may appear lexically plausible while
omitting grammatical information important for
documentation.

F Donor Language Selection

This appendix describes how donor languages
were selected for cross-lingual ASR transfer. Ge-
ographic proximity and language-family member-
ship are useful starting points, but they are not suf-
ficient predictors of ASR transfer. A nearby lan-
guage may still have poor acoustic compatibility
with the target language, while a dominant con-
tact language may provide stronger acoustic repre-

38887



sentations because of larger training resources or
stronger phonetic overlap.

F.1 Candidate Donor Languages

For Bhili, we considered Hindi, Marathi, and Gu-
jarati. Hindi was included because of sustained
contact and shared Indo-Aryan structure as shown
in Table 9. Marathi was included because some
Bhili-speaking regions are in contact with Marathi.
Gujarati was included as a geographically adjacent
contrastive donor. Rajasthani varieties were con-
sidered but could not be instantiated as donor con-
ditions; see Appendix F.4.
For Mundari, we considered Hindi, Santali, and

Bengali as shown in Table 10. Hindi was included
because of contact, and the availability of stronger
Hindi ASR resources. Santali was included be-
cause it is genealogically closest among the can-
didates, as both Santali and Mundari belong to
the Munda branch of Austroasiatic. Bengali was
included as a geographically relevant contrastive
donor.

F.2 Layer-wise Acoustic Similarity Method

We rank candidate donors using layer-wise acous-
tic similarity computed from XLS-R 300M hid-
den states. For each language a separate model
was trained and used to get the token representa-
tion. For each candidate donor, the same target-
language audio is encoded by the donor-adapted
XLS-R model. The resulting hidden representa-
tions are compared with the corresponding target-
language representations using cosine similarity
as shown in Table 8. Layers are grouped into
four zones: CNN feature encoder, acoustic zone
(L1–6), phonetic zone (L7–12), and linguistic zone
(L13–24). The phonetic zone is themost useful sig-
nal for donor suitability in our experiments.

Table 8: Donor selection decisions based on XLS-
R 300M representational similarity. Donors with
phonetic-zone similarity above 0.6 are retained as trans-
fer candidates; Gujarati (0.067) and Bengali (0.063)
are rejected despite regional proximity, confirming that
phonetic-layer similarity predicts transfer utility better
than geography.

Target Donor Acoustic Phonetic Justification
(L1–6) (L7–12)

Bhili Hindi 0.838 0.751 Shared family, contact, Devanagari
Bhili Marathi 0.833 0.673 Regional contact, retroflex/nasal inventory
Mundari Santali 0.867 0.825 North Munda, shared phonation types
Mundari Hindi 0.841 0.870 Contact language, shared transcription script

Bhili Gujarati (rejected) 0.168 0.067 Low phonetic similarity
Mundari Bengali (rejected) 0.157 0.063 Low phonetic similarity

F.3 Donor Similarity Results

Table 9: Layer-zone cosine similarity between Bhili au-
dio and candidate donor languages using XLS-R 300M
hidden states. Scores are averaged over the CNN fea-
ture encoder, acoustic layers (L1–6), phonetic layers
(L7–12), and linguistic layers (L13–24). Higher simi-
larity indicates stronger donor compatibility; Hindi is
the closest donor across all zones.

Donor CNN Acoustic Phonetic Linguistic
(L1–6) (L7–12) (L13–24)

Hindi 0.982 0.838 0.751 0.392
Marathi 0.911 0.833 0.673 0.259
Gujarati 0.262 0.168 0.067 0.014

For Bhili, Figures 6 and 7, Hindi has the high-
est similarity across all zones, including a phonetic-
zone similarity of 0.751. Marathi is also plausible,
with a strong phonetic-zone score of 0.673 and an
acoustic-zone score close to Hindi. Gujarati, de-
spite geographic adjacency, has very low acoustic
and phonetic similarity and is treated as a rejected
donor.
For Mundari, Figure 8, 9, both Santali and

Hindi are plausible donors. Santali has the high-
est acoustic-zone similarity, which is expected be-
cause Santali and Mundari are both Munda lan-
guages. Hindi has the highest phonetic-zone and
linguistic-zone similarity, likely reflecting con-
tact effects, shared Devanagari transcription in the
benchmark, and stronger Hindi acoustic represen-
tations. Bengali has low phonetic-zone similarity
and negative linguistic-zone similarity, so it is re-
jected despite regional proximity.
Across both target languages, donors with

phonetic-zone similarity above approximately 0.6
behave as plausible transfer candidates, while
donors below 0.1 are weak candidates. We treat
this as a practical heuristic for this benchmark, not
as a universal threshold. Layer-wise similarity is
used as a donor-selection signal, not as a guarantee
of downstream improvement. Final donor choice
should still be validated through target-language
adaptation.

F.4 Rajasthani Varieties as Candidate Donors
Bhili sits within the Western Indo-Aryan contin-
uum alongside the Rajasthani varieties, so related-
ness alone would make Marwari, Mewari, Dhund-
hari, Hadothi, or Shekhawati plausible donors. We
exclude them on grounds of experimental instan-
tiability rather than linguistic distance, and report
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Table 10: Layer-zone cosine similarity between
Mundari audio and candidate donor languages using
XLS-R 300M hidden states. Scores are averaged over
the CNN feature encoder, acoustic layers (L1–6), pho-
netic layers (L7–12), and linguistic layers (L13–24).
Higher scores indicate stronger donor compatibility;
Hindi and Santali are close in lower layers, while Hindi
remains strongest in the higher linguistic zone.

Donor CNN Acoustic Phonetic Linguistic
(L1–6) (L7–12) (L13–24)

Hindi 0.985 0.841 0.870 0.432
Santali 0.982 0.867 0.825 0.362
Bengali 0.236 0.157 0.063 −0.009

here both the resource constraint and a partial
probe of the one variety for which any evaluation
is currently possible.

Instantiability constraint. The procedure in
Appendix F adapts XLS-R to a candidate donor,
encodes Bhili audio with the donor-adapted model,
and compares the resulting representations against
Bhili’s own. This requires either enough tran-
scribed speech to fine-tune XLS-R, as for Hindi,
Marathi, Gujarati, Santali, and Bengali, or an es-
tablished open-source checkpoint for the variety
in question; our Hindi donor adapter, for refer-
ence, was trained on 100 hours of transcribed
speech. Neither condition currently holds for any
Rajasthani variety. To our knowledge no tran-
scribed corpus is distributed through OpenSLR, In-
dicVoices, Vistaar, or IndicSUPERB, and no es-
tablished XLS-R checkpoint exists. Project Vaani
has collected Marwari speech, but the publicly re-
ported transcribed portion remains under approx-
imately 10 hours, well short of what is needed
to train a donor adapter under the same protocol.
Treating “Rajasthani” as a single donor would fur-
ther conflate dialect mixture, corpus provenance,
and transcription convention with linguistic relat-
edness.
The constraint is itself informative. These vari-

eties are extremely low-resource by exactly the cri-
teria that motivate AdiDhwani: they are candidate
targets for the methodology described here rather
than usable donors, and could serve as donors only
after the corpus-construction effort this paper un-
dertakes for Bhili and Mundari.

Zero-shot representational probe. Marwari is
the only Rajasthani variety for which we could ob-
tain speech at all; Mewari and the remaining va-

rieties have no publicly available audio and can-
not be probed. For Marwari, what remains fea-
sible without a donor adapter is a probe within a
fixed representation space. We encode Bhili, Mar-
wari, and Gujarati audio through our fine-tuned
Bhili model andmeasure layer-wise cosine similar-
ity to Bhili’s own representations, using the layer
zones defined in Appendix F. Because all three
languages pass through a single Bhili-adapted en-
coder rather than through separate donor-adapted
models, these values are not comparable with
Tables 9 and 10; only the ordering among the
three languages is interpretable. Cosine similar-
ity between speech representations is dominated
by a shared speech-like component that inflates all
scores, so we additionally report a mean-centred
variant in which themean representation across the
compared languages is subtracted at each layer be-
fore similarity is computed. Table 11 reports the
outcome. In the phonetic zone (L7–12), the zone
that proved most discriminative for donor selec-
tion (Appendix F), Marwari falls below Gujarati,
the donor already rejected in Table 8 and mean-
centring preserves the ordering while widening the
gap. The margin is small, so we read the two mea-
surements as agreeing in direction rather than as
establishing a precise distance; the probe yields no
evidence that Marwari is more acoustically com-
patible with Bhili than a candidate we reject on the
same zone.

Table 11: Zero-shot representational probe: phonetic-
zone (L7–12) similarity to Bhili audio for Marwari, rel-
ative to Gujarati, with all languages encoded by the fine-
tuned Bhili model. Marwari falls below the already-
rejected Gujarati donor under both the raw and the
mean-centred computation. Because a Bhili-adapted
rather than donor-adapted encoder is used, these values
are not comparable with Tables 9 and 10.

Comparison Raw Mean-centred

Marwari vs. Gujarati (phonetic) −0.94% −2.3%

The probe measures representational proximity
within a Bhili-adapted space and is not equivalent
to the donor-adapted measurement used for the
retained candidates, which cannot be performed
for Marwari without a fine-tunable checkpoint. It
therefore constrains the plausibility of these vari-
eties as donors without settling the question: their
transfer utility remains untested, and we leave it to
future work once dialect-labelled speech resources
become available.
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G Synthetic Speech Analysis and HNB
Risk

Synthetic speech is not treated as a substitute for
real community speech. It is evaluated as auxiliary
supervision for low-resource ASR adaptation.

G.1 Synthetic Data Generation and
Intelligibility

At corpus construction time, no production-quality
TTS system was available for Bhili, Mundari, or
Santali. We therefore generated auxiliary speech
using Google Hindi TTS with the voice hi-IN-
Wavenet-A. The speaking rate was reduced to
0.8× to improve intelligibility and reduce deletion
errors in synthesized speech. For Bhili, we synthe-
sized 12 hours of auxiliary speech from approxi-
mately 4,000 filtered sentences. For Mundari, we
synthesized 3 hours from approximately 2,000 fil-
tered sentences. Synthetic utterances are used only
in training experiments and never appear in devel-
opment or test sets.
We assessed the synthetic audio using mean

opinion score (MOS) ratings collected from native
speakers under controlled listening conditions. Six
raters evaluated the Bhili set and three theMundari
set, with 250 samples rated per language on a five-
point scale. Both sets were rated as intelligible:
4.86± 0.08 for Bhili and 3.92± 0.21 for Mundari.
Raters noted, however, that the accent was mis-
matched in both languages, describing the output
as a Hindi speaker reading Bhili or Mundari text.
Intelligibility therefore does not imply accent fi-
delity, and we treat the synthetic audio as auxiliary
supervision rather than as a substitute for commu-
nity speech.

G.2 Hindi TTS and Normalization Risk

Using Hindi TTS introduces a preservation risk:
it may encourage Hindi-like pronunciations or de-
coder priors. This risk is most important where
many target forms are phonologically close to
Hindi cognates. We therefore interpret synthetic
supervision through both recognition and preserva-
tion metrics. A synthetic training path is not con-
sidered a pure gain unless it improves WER/CER
without worsening preservation behavior. Mor-
phological structure is a second risk: Hindi TTS
does not reliably realize agglutinated suffixal ma-
terial, so training on synthetic speech may under-
represent exactly the forms that MFR and SDR are
designed to measure.

Table 12: Zero-shotWER (%) on Bhili andMundari be-
fore target-language adaptation. Lower is better. More
than 100%WER for MMS-1B and SpeechT5 indicates
degenerated, hallucinated or near-empty decoding out-
puts.

Model Bhili Mundari

Whisper-large-v3 74.48 89.62
SeamlessM4T-v2 86.84 94.77
MMS-1B 101 106
SpeechT5 124 117

H Expanded Results & Data Analysis

H.1 Zero-Shot Baseline Analysis

We first evaluate four pre-trained multilingual
ASR systems in a zero-shot setting, without fine-
tuning on the target languages. This establishes
a baseline for how off-the-shelf systems behave
on previously unseen tribal languages. Results are
shown in Figure 1 and Table 12.
A key observation is that low WER does not

always indicate successful recognition. The near-
zero WER for MMS-1B (101%) and SpeechT5
(124%) should not be interpreted as strong perfor-
mance. Instead, it reflectsmodel collapse: the sys-
tems often output hallucinated strings, repeated to-
kens, or a single familiar word. This produces ar-
tificially low edit distance while failing to recog-
nize the utterance. This is an important negative
result. Although MMS-1B was trained on 1000+
languages, it fails on Bhili and Mundari because
these languages are absent from its training data.
These results show that large-scale multilingual

pretraining does not guarantee graceful degrada-
tion on unseen languages. SeamlessM4T and
Whisper-large-v3 perform poorly (74–95%WER),
but they still produce coherent output in related
languages, making them plausible starting points
for fine-tuning. By contrast, the collapse behavior
of MMS-1B and SpeechT5 makes them unsuitable
fine-tuning candidates for zero-resource tribal lan-
guages in this setting.

H.2 Scaling Law Analysis

Methodology: Because we do not have separate
incremental training runs at different corpus sizes,
we use the alpha hyperparameter as a proxy for
effective target-language data. At α = 0.2, target-
language data contributes 20% of the training mix;
at α = 1.0, it contributes 100%. This corresponds
to the following effective hours:
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• Bhili: 11h, 22h, 33h, 44h, 55h (at α =
0.2, 0.4, 0.6, 0.8, 1.0)

• Mundari: 2.2h, 4.4h, 6.6h, 8.8h, 11h

We fit a power-law curve WER = a · h−b to
theWhisper-Medium results, as shown in Figure 2,
Table 13 & 14.

Bhili Scaling Behavior: For Bhili (55 hours to-
tal), Whisper-Medium follows a near-consistent
downward trend, as reported in Figure 2. The
curve does not saturate within 55 hours, suggest-
ing that Bhili has not yet reached a data wall. The
fitted power-law exponent b ≈ 0.09 and 0.16 are
consistent with findings in low-resource NLP (Ak-
era et al., 2025). This suggests that collecting
even 20–30 additional hours of Bhili speech would
likely yield meaningful gains.

Mundari Scaling Behavior: For Mundari (11
hours), the trend is less stable, especially for
wav2vec2. Whisper-Medium performs best atα =
0.8 (54.68%) and then degrades at α = 1.0
(56.93%). With only 11 hours of real data, training
entirely on target-language data is harmful. The
model benefits from the regularization introduced
by donor-language mixing; more details are pro-
vided in Appendix F.
This points to a language-resource-dependent

optimal alpha. For the higher-resource setting,
Bhili (55h), α = 1.0 is optimal. For the lower-
resource setting, Mundari (11h), α = 0.8 helps re-
duce overfitting.

Architectural Scaling Differences: Over-
all, the results point to a language-resource-
dependent optimal alpha. For the higher-
resource setting, Bhili (55h), α = 1.0 is optimal.
For the lower-resource setting, Mundari (11h),
α = 0.8 helps reduce overfitting. The scaling
behavior also differs by architecture: Whisper
models benefit more consistently from additional
target-language data, whereas wav2vec2 models
show non-monotonic behavior, especially on
Mundari. Wav2vec2-1B is worse than Wav2vec2-
300M on Mundari at most alpha values (62.01 vs.
66.17 at α = 0.2, changing to 68.24 vs. 72.09 at
α = 1.0). Larger CTC models may overfit faster
in scarce-data settings because they have more
capacity to memorize the small training set. This
architecture-dependent scaling behaviour mirrors
findings for African low-resource ASR, where
the relative ranking of pretrained models shifts

with the amount of available target-language
data (Nahabwe et al., 2025).

H.3 Alpha Sensitivity Analysis

Figure 5 shows that the optimal value of α de-
pends on both the language and the model fam-
ily. For Bhili, the two wav2vec2 models perform
best with a mixed training regime: Wav2vec2-1B
reaches its best WER at α = 0.6 (44.06%), and
Wav2vec2-300M peaks at α = 1.0 (46.53%). In
contrast, Whisper models benefit from using all
available target-language data. Whisper-Medium
achieves its best result at α = 1.0 (36.62%), as
does Whisper-Small (39.55%). This indicates that,
in the 55-hour Bhili setting, Whisper can use ad-
ditional target-language supervision more effec-
tively than the CTC-based wav2vec2 models.
For Mundari, the preferred mixing ratios shift

toward lower values, which is consistent with the
much smaller 11-hour training set. Wav2vec2-
300M is best at α = 0.4 (66.17%), while
Wav2vec2-1B performs best at α = 0.2 (62.01%).
This unusually low optimum suggests that the
larger CTC model is highly sensitive to overfit-
tingwhen exposed to too little target-language data.
Whisper models are more stable, with their best
results occurring broadly around α = 0.8. Over-
all, wav2vec2 requires more donor-language mix-
ing for Mundari, whereas Whisper can tolerate a
larger share of target-language data before overfit-
ting.

Sensitivity Range: The WER range across al-
phas, computed as worst minus best, indicates how
sensitive each model is to the mixing ratio. Re-
sults are summarized in Table 14. Whisper mod-
els are more sensitive to alpha than wav2vec2
models, as shown by their larger ranges. This
means that choosing a poor alpha value has a
higher cost for Whisper. A likely reason is that the
Whisper decoder balances target-language genera-
tion against cross-lingual knowledge, and alpha di-
rectly changes this balance, as shown in Figure 12.
These results provide a systematic alpha sensitivity
study for staged fine-tuning of large multilingual
ASR models on tribal languages, showing that the
optimal value is not always 1.0.

H.4 Model Size vs. WER: Pareto Efficiency

Figure 4 compares model size against the best
WER obtained by each model family. At
comparable parameter counts, Whisper consis-
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Table 13: WER (%) under staged target-language fine-tuning for Bhili and Mundari. The fraction α denotes the
proportion of available target-language training data used in each stage: α=1.0 corresponds to 55 hours for Bhili
and 11 hours for Mundari. Lower WER is better; the best value for each model and language is shown in bold.

Bhili Mundari

Arch. Model 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

XLS-R
300M 53.72 47.99 46.62 48.22 46.53 75.48 66.17 67.00 73.03 72.09
1B 49.73 45.71 44.06 46.47 47.68 62.01 64.37 64.49 71.20 68.24

Whisper

Tiny 60.84 56.87 55.29 51.90 51.36 73.49 68.76 67.44 65.06 65.12
Base 56.41 52.94 50.94 48.75 46.12 69.25 65.10 62.36 60.91 61.63
Small 51.22 46.84 43.86 42.17 39.55 68.25 62.55 59.71 57.89 57.09
Medium 47.94 44.76 41.21 38.37 36.62 63.88 58.09 55.19 54.68 56.93

Figure 4: Model parameter count (log scale) versus best WER for Bhili (left) andMundari (right); squares = XLS-R
CTC, circles = Whisper seq2seq, dashed line = Pareto frontier. Whisper-Small (244M, 39.6%) is Pareto-efficient
over XLS-R 1B (1B params, 44.1%), showing architecture matters more than scale.

Figure 5: WER heatmap across data-mixing ratios α ∈ {0.2, 0.4, 0.6, 0.8, 1.0} for all models on Bhili (left) and
Mundari (right); yellow borders mark the per-model optimal α, darker cells indicate lower WER. No single α is
universally optimal: Whisper prefers α=1.0 for Bhili but α=0.8 for Mundari.

tently gives better WER than wav2vec2 for
Bhili. Around the 300M scale, Wav2vec2-
300M achieves 46.53% WER, while Whisper-
Small reaches 39.55%. Around the 1B scale,
Wav2vec2-1B reaches 44.06%, while Whisper-

Medium reaches 36.62%. For Mundari, the gap is
smaller but the same pattern holds at the medium
scale: Wav2vec2-1B reaches 62.01%, compared
with 54.68% for Whisper-Medium.

The Pareto frontier also favors Whisper. For
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Figure 6: Layer-wise cosine similarity between Bhili audio and Hindi, Marathi, and Gujarati donor representations
across all 25 XLS-R 300M layers. Hindi is the strongest donor (phonetic-zone similarity 0.751); Gujarati drops to
0.067 after the CNN encoder despite geographic adjacency and is rejected.

Table 14: WER range (pp) across α ∈
{0.2, 0.4, 0.6, 0.8, 1.0} per model, measuring sen-
sitivity to the data-mixing ratio. Whisper models show
larger ranges than XLS-R (up to 11.67 pp), meaning
a poorly chosen α imposes a higher cost for seq2seq
than CTC architectures.

Model Bhili range Mundari range

XLS-R 300M 7.19 9.31
XLS-R 1B 5.67 9.19
Whisper Tiny 9.48 8.43
Whisper Base 10.29 8.34
Whisper Small 11.67 11.16
Whisper Medium 11.32 9.20

Bhili, Whisper-Small (244M, 39.55%) is Pareto-
efficient over Wav2vec2-1B (1B parameters,
44.06%), giving better WER with roughly 4×
fewer parameters. For Mundari, Whisper-Medium
(769M, 54.68%) dominates the wav2vec2 variants.
This suggests that, under the tested conditions,
model architecture matters at least as much as
parameter count: larger CTC models do not
automatically translate into better low-resource
ASR performance.
The scaling gains also show diminishing returns.

For Bhili, moving from Whisper-Base to Whisper-
Small improves WER from 46.12% to 39.55%,
a 6.57 pp gain for 170M additional parameters.
Moving from Whisper-Small to Whisper-Medium
improves WER only from 39.55% to 36.62%, a
2.93 pp gain for 525M additional parameters. This
pattern suggests that Bhili is already in a data-
bound regime: adding more speech data would
likely help Whisper-Mediummore than increasing
model size further. For Mundari, where only 11
hours of real speech are available, the data con-
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Figure 7: Zone-averaged cosine similarity between
Bhili and candidate donors across acoustic (L1–6), pho-
netic (L7–12), and linguistic (L13–24) XLS-R lay-
ers. Hindi leads all three zones; the phonetic zone is
the most discriminative for donor selection, separating
Hindi and Marathi from rejected Gujarati.

straint is even stronger.

H.5 Synthetic Data Analysis

Figure 10 shows that synthetic speech is not
a substitute for staged fine-tuning on real data.
Synthetic-only training is much worse for both lan-
guages: 74.08% WER for Bhili compared with
36.62% under staged fine-tuning, and 79.5%WER
for Mundari compared with 56.93%. These gaps
indicate substantial domain mismatch in the TTS-
generated speech. Although synthetic audio is
clean and may help the model associate acoustic
patterns with linguistic tokens, it does not capture
the coarticulation, prosody, and speaker variability
of real community speech.
Using synthetic data as a pre-training step be-

fore real-data fine-tuning (Syn→Org) gives a more
nuanced result. For Bhili with XLS-R 1B, the
staged baseline improves from 44.06% to 39.00%,
a 5.06 pp gain. This suggests that 55 hours of
real speech are sufficient for the model to correct
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Figure 8: Layer-wise cosine similarity between Mundari audio and Hindi, Santali, and Bengali donor representa-
tions across all 25 XLS-R 300M layers. Santali and Hindi are both viable donors in lower layers; Bengali collapses
below 0.1 after the CNN encoder and is rejected despite regional proximity.
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Figure 9: Zone-averaged cosine similarity between
Mundari and candidate donors. Santali leads the acous-
tic zone (0.867) via Munda-family proximity, but Hindi
leads the phonetic zone (0.870) and is the stronger
downstream transfer donor, confirming that acoustic
similarity predicts transfer better than genealogy.

much of the TTS-induced bias during fine-tuning.
For Mundari, however, the same strategy degrades
performance from 62.01% to 65.18%. With only
11 hours of real speech, the model does not have
enough target-language evidence to overcome the
acoustic bias introduced by synthetic pre-training.

The exchange rate between synthetic and real
data is therefore unfavorable in this setting. For
Bhili, the 5.06 pp gain from Syn→Org requires
12 hours of synthetic speech; based on the scaling
curve, roughly 11 additional hours of real speech
would provide a similar improvement. This makes
synthetic data approximately 1.09× less efficient
than real data in this pipeline. Overall, synthetic
speech is useful only when enough real target-
language data is available to correct TTS artifacts
during the final fine-tuning stage. Below that
threshold, as in the 11-hour Mundari setting, syn-
thetic pre-training can hurt unless it is followed by
LM integration (see Section H.7).

H.6 Transfer Learning Analysis

For Bhili, Table 15 shows that, using XLS-R
300M, Hindi is the only donor that improves over
the no-donor baseline in the reported condition.
For Mundari, Hindi outperforms Santali in down-
stream ASR transfer, even though Santali is ge-
nealogically closer to Mundari. This supports the
view that donor utility depends on acoustic rep-
resentation compatibility, checkpoint quality, and
fine-tuning stability, not family membership alone.
Mundari donor candidates are Hindi, Santali, and
Bengali.

Table 15: Donor-language initialization for Bhili using
XLS-R 300M. None is the staged fine-tuning baseline
at α=1.0 (Table 13), and Delta vs. Staged gives each
donor’s WER change relative to it. Lower is better; the
best donor is shown in bold. Hindi is the only donor that
improves on the no-donor baseline (−1.20 pp), whereas
Marathi degrades it by 11.38 pp despite regional contact
with Bhili-speaking areas.

Donor WER (%) Delta vs. Staged

None 46.53 –
Hindi 45.33 −1.20 pp
Marathi 57.91 +11.38 pp

H.6.1 Architectural Sensitivity to Transfer
For Whisper-Medium, transfer from Hindi hurts
Bhili performance (42.03% vs. staged best
36.62%). CTC-based models such as wav2vec2
benefit from donor-language transfer, while
seq2seq models such as Whisper already encode
strong cross-lingual acoustic knowledge at scale.
Additional transfer can therefore provide little
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Figure 10: WER at each pipeline stage for Bhili (left) and Mundari (right) using Whisper-Medium; delta labels
show per-transition WER change. Staged fine-tuning gives the largest single gain (−50.2 pp for Bhili; −40.1 pp
for Mundari); synthetic pretraining helps Mundari and Bhili.

Figure 11: Post-LM WER versus CER for all configurations, with CER/WER ratio lines at 0.3 and 0.5 overlaid.
Bhili systems cluster near 0.3 (word-boundary and lexical errors dominate, LM-correctable); Mundari systems
cluster near 0.5 (persistent character-level acoustic confusion, requiring more speech data).
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Figure 12: Average marginal WER improvement per effective training hour across α-transitions for Bhili (left)
and Mundari (right); positive bars indicate gain, negative bars degradation. Bhili gains remain positive across 55h;
Mundari plateaus after ∼6h and turns negative at α=1.0.

benefit or even interfere. This architectural
difference has practical implications for choosing
a fine-tuning strategy.

H.7 Language Model Integration
We evaluate language-model integration for
each language under two training paths, using
Wav2vec2 xlsr-1B as the base acoustic model
throughout. Path A (Syn→Org+LM) first trains
on 12 h of synthetic speech for Bhili or 3h of
synthetic speech for Mundari, then fine-tunes on
the full real-data split and applies LM rescoring.
Path B (Original+LM) uses only real-data fine-
tuning before LM rescoring. Results are shown in
Figures 13 and 3.
For Bhili, the Original+LM path is clearly

strongest. It reaches 22.32% WER and out-
performs Syn→Org+LM by 10.59 WER points,
the largest gap between any two configurations
in the experiment. The difference comes from
how much each path benefits from LM rescor-
ing: Original+LM improves by −21.74 pp
(44.06 → 22.32), a 49.3% relative reduction,
whereas Syn→Org+LM improves by only −6.09
pp (39.00 → 32.91), a 15.6% relative reduction.
This suggests that the acoustic model trained

on 55 hours of real Bhili speech already provides
a strong enough posterior for the LM to correct
residual word-boundary and lexical-selection er-
rors. By contrast, the Syn→Org model appears to
retain acoustic artifacts from synthetic pre-training,
leaving confusions that the LM cannot fully repair.
The CER results support this interpretation: Orig-
inal+LM achieves 8.83% CER, compared with

10.35% for Syn→Org+LM.
For Mundari, the pattern reverses. The

Syn→Org+LM path reaches 37.52% WER and
outperforms Original+LM (42.74%) by 5.22WER
points. Both paths benefit from LM integration,
but the gain is larger for Syn→Org+LM: −27.66
pp (65.18 → 37.52), a 42.4% relative reduc-
tion, compared with −19.27 pp (62.01 → 42.74),
a 31.1% relative reduction for Original+LM. Al-
though Syn→Org starts from a worse pre-LM
WER, it gives the better post-LM result.
The Mundari result suggests that synthetic pre-

training changes the hypothesis space in a way that
helps LM rescoring. TTS-generated transcripts are
likely lexically cleaner and closer to the LM train-
ing domain than spontaneous Mundari speech, so
the LM can rerank them more effectively. This is
especially useful when the acousticmodel is highly
uncertain, as in the 11-hourMundari setting, where
the high pre-LM WER leaves more room for the
LM prior to pull hypotheses toward valid word se-
quences.
Taken together, the two languages show dif-

ferent uses of LM integration. For Bhili, with
55 hours of real speech, synthetic augmentation
is unnecessary: Original+LM avoids TTS arti-
facts, operates on a cleaner acoustic posterior, and
yields the largest LM gain in the study (−21.74
pp). For Mundari, with only 11 hours of real
speech, the 3-hour synthetic stage provides vocab-
ulary bootstrapping and a cleaner hypothesis distri-
bution for rescoring. The final 37.52%WER, com-
pared with 42.74% for Original+LM, shows that in
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Table 16: Effect of KenLM languagemodel integration on Bhili andMundari ASR performance. Table showsWER
reduction (Δ WER) after LM rescoring for both training paths. For Bhili, the Original+LM path achieves 22.32%
WER with substantial −21.74 pp improvement, outperforming Syn→Org+LM by 10.59 pp. Lower CER/WER
ratios indicate word-level rather than character-level errors. All models are Wav2vec2 xlsr-1B, Ratio: CER/WER,
B: Bhili, M:Mundari.

Lang Path WER(Pre) WER(Post) ∆WER CER(Post) Ratio

B Syn→Org + LM 39.00 32.91 −6.09 pp 10.35 0.31
B Original + LM 44.06 22.32 −21.74 pp 8.83 0.40
M Syn→Org + LM 65.18 37.52 −27.66 pp 17.91 0.48
M Original + LM 62.01 42.74 −19.27 pp 20.17 0.47

sub-15h conditions synthetic pre-training can help
when followed by LM integration, even though
Syn→Org alone (65.18%) is worse than staged FT
alone (62.01%).

H.8 WER vs. CER Gap: Morphological
Complexity

The CER/WER ratio helps separate word-level er-
rors from deeper character- or phoneme-level con-
fusion. A low ratio suggests that many word errors
involve small character changes, such as boundary
errors, lexical substitutions, or orthographic vari-
ants. A higher ratio indicates that word errors are
more often accompanied by substantial character-
level disagreement.
Results are visualized in Figure 11. For Bhili,

the Syn→Org+LM path has a low CER/WER ratio
(0.31), indicating that most word errors involve rel-
atively small character-level changes. The acous-
tic model captures much of the phonetic content,
while the remaining errors are concentrated around
word boundaries, lexical choice, or orthographic
variants. The Original+LM path has a slightly
higher ratio (0.40), but it is also the best absolute
system, reaching 22.32% WER and 8.83% CER.
Its larger LM gain (−21.74 pp) suggests that the
real-data-only model produces cleaner hypotheses
that the language model can correct more effec-
tively.
ForMundari, both paths have higher CER/WER

ratios (0.47–0.48), meaning that nearly half of the
word-level error is reflected at the character level.
This points to a more acoustically difficult error
profile. Mundari’s phonological and morpholog-
ical structure, together with the limited 11-hour
training set, leaves confusions that LM rescoring
can reduce but not fully remove. Even so, the
LM provides large absolute gains (−19 to−28 pp),
because the high pre-LM WER leaves substantial
room for language-model correction.

This decomposition helps identify whether fu-
ture gains are more likely to come from better
acoustic modeling or stronger language modeling.
We treat CER/WER < 0.40 as an LM-friendly
regime, where boundary and lexical errors dom-
inate, and CER/WER > 0.45 as an acoustics-
dominated regime, where more real speech, better
donor selection, or phone-level transfer is likely to
yield higher returns than LM tuning alone.

H.9 Data Efficiency: Marginal Return per
Hour

Figure 12 compares the marginal WER reduction
obtained from each additional block of effective
target-language data. The two languages show
different data-efficiency regimes. For Bhili, the
largest gains occur early, especially between α =
0.2 and α = 0.4, where the model moves from
11 to 22 effective hours and average WER drops
sharply. After about 33 effective hours, the gains
become smaller but remain positive, indicating
that the system has not saturated within the avail-
able 55 hours.
For Mundari, the first few hours matter most.

The transition from zero-shot performance to 2.2
effective hours gives the largest marginal improve-
ment, reducingWER from roughly 90% to the first
fine-tuned operating point. After about 6 effective
hours, the gains flatten, and some models begin to
degrade. This pattern suggests that, in the 11-hour
setting, additional target-language weight can in-
crease overfitting unless it is balanced by donor-
language mixing or other regularization.
These trends have direct implications for data

collection. For a language with no transcribed
speech, even 5–10 hours can produce a large re-
duction in WER. For Mundari, collecting another
20–30 hours would likely stabilize fine-tuning, re-
duce overfitting, and make the Syn→Org pipeline
more reliable. For Bhili, the scaling curve has not
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Figure 13: LM integration results for Bhili (top row) and Mundari (bottom row) across both training paths. Left
panels show WER before and after LM for each path; right panels show post-LM CER with the CER/WER diag-
nostic ratio annotated inside each bar. Hatched bars indicate pre-LM values; solid bars indicate post-LM values.

yet flattened; extending the corpus toward 80–100
hours is likely to provide further gains and may
pushWER toward the 15–20% range under the cur-
rent power-law extrapolation.

H.10 Best System per Configuration
The strongest configuration is language-dependent.
For Bhili, Original+LM performs best, which
suggests that synthetic pre-training is unnecessary
once enough real speech is available. ForMundari,
Syn→Org+LM gives the best result, showing
that a small synthetic stage can help in the lower-
resource setting when it is followed by real-data
fine-tuning and LM rescoring. The overall com-
parison is shown in Figure 3.
The component-level gains also differ by lan-

guage. For Bhili, staged fine-tuning is the largest
single contributor (−37.86 pp), and LM rescoring
adds a further −21.74 pp. For Mundari, staged
fine-tuning again provides the largest initial gain
(−34.94 pp), but LM integration on the Syn→Org
path is especially important, adding−27.66 pp and
exceeding the gain from the Original path (−19.27

pp).
At the best operating points, Bhili reaches

22.32%WER and Mundari reaches 37.52%WER,
leaving a 15.2 pp gap. The gap is mainly ex-
plained by data quantity: Bhili has 5× more
real speech, which supports a stronger acoustic
model and gives the LM a cleaner hypothesis
space. The two languages also require different
pipelines. Bhili performs best without synthetic
data, whereas Mundari benefits from synthetic pre-
training because only 11 hours of real speech are
available. Finally, Mundari remains harder acous-
tically: its CER/WER ratio (0.47–0.48), com-
pared with Bhili’s (0.31–0.40), indicates persistent
character-level confusion that LM rescoring can-
not fully remove.

H.10.1 Language Contrast: Bhili vs.
Mundari

At their best configurations, Bhili reaches 22.32%
WER and Mundari reaches 37.52% WER, leaving
a 15.2 pp gap. This gap reflects three interacting
factors:
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Table 17: Post-LMWER, CER, and CER/WER ratio for Bhili andMundari under both training paths. Bhili’s lower
ratios (0.31–0.40) indicate LM-amenable lexical errors; Mundari’s higher ratios (0.47–0.48) indicate persistent
acoustic confusion that additional language modelling alone cannot resolve.

Language Path WER CER CER/WER

Bhili Syn→Org + LM 32.91 10.35 0.31
Bhili Original + LM 22.32 8.83 0.40
Mundari Syn→Org + LM 37.52 17.91 0.48
Mundari Original + LM 42.74 20.17 0.47

Table 18: IncrementalWER gains along the best Mundari pipeline. Staged fine-tuning contributes the largest single
reduction (−34.94 pp); KenLM rescoring on the Syn→Org path adds a further−27.66 pp, totalling a 58.1% relative
improvement from zero-shot to the best system.

Step WER (%) Gain

Zero-shot (Whisper-large-v3) 89.62 –
Staged FT (α = 0.8, Whisper-Medium) 54.68 −34.94 pp
Syn→Org FT (Wav2vec2-1B) 65.18 (parallel path)
+ LM (Syn→Org+LM path) 37.52 −27.66 pp

Total from zero-shot 37.52 −52.10 pp (58.1% relative)

1. Data quantity (primary cause): Bhili has
5× more real speech, which supports a
stronger acoustic model, gives the LM a
cleaner hypothesis space, and produces a
−21.74 pp LMgain. Mundari obtains a larger
absolute LM gain (−27.66 pp), but starts
from a much higher pre-LM WER.

2. Optimal pipeline divergence: Bhili per-
forms best without synthetic data (Origi-
nal+LM), whereas Mundari benefits from
synthetic pre-training (Syn→Org+LM). This
reflects the 11h real-data bottleneck for
Mundari.

3. Phonological complexity: Mundari’s
CER/WER ratio (0.47–0.48), compared
with Bhili’s (0.31–0.40), indicates persistent
acoustic confusion that 11h of data and LM
rescoring cannot fully resolve.

I Linguistic Metric Results and Analysis

I.1 Hindi-Normalisation Bias
Both best systems show substantial Hindi-
normalisation bias despite competitive WER
scores. For Bhili, HNB = 18.70% and HNBA
= 17.09%, meaning that roughly one in five
monitored-token positions is replaced by a Hindi
cognate rather than a community-attested Bhili
form. The small gap between HNB and HNBA

(1.61 pp) indicates that most of these errors are
aligned substitutions: the Hindi cognate appears
directly at the position of the Bhili reference token,
rather than occurring incidentally elsewhere in
the output. This points to a systematic dominant-
language prior in the acoustic or language model,
rather than random recognition noise.

For Mundari, HNB = 21.24% and HNBA =
17.41%, with a larger HNB–HNBA gap of 3.83 pp.
This wider gap likely reflects the greater typolog-
ical distance between Mundari and Hindi (Aus-
troasiatic vs. Indo-Aryan): Hindi cognates in
Mundari hypotheses are somewhat more likely to
arise from incidental acoustic similarity than from
direct aligned substitution. Even so, 17.41% of
monitored tokens are replaced by Hindi forms at
the aligned position, confirming a strong pretrain-
ing bias.

This pattern is not captured by WER or CER.
The Bhili model reaches 22.32% WER but still
Hindi-normalises nearly one in five monitored to-
kens. For language documentation, such substi-
tutions are more harmful than many random er-
rors: they replace Bhili material with fluent Hindi-
like text, which can mislead downstream users and
weaken corpus integrity.
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Table 19: Linguistic evaluation metrics for the best model per language. HNB/HNBA: Hindi-Normalisation Bias
(unaligned / alignment-constrained). MFR: Morphological Fragmentation Rate. SDR: Suffix Deletion Rate. All
values are percentages.

Language Model HNB Morphology WER
HNB HNBA MFR SDR

Bhili xlsr-1B + KenLM (55h orig.) 18.70 17.09 0.62 3.40 22.32
Mundari xlsr-1B + KenLM (3h syn.+11h orig.) 21.24 17.41 1.92 4.47 37.52

I.2 Morphological Integrity

Bhili (MFR = 0.62%, SDR = 3.40%). Mor-
phological fragmentation is rare for Bhili, with
8 cases among 1,294 agglutinated tokens. This
is consistent with Bhili’s relatively simpler suf-
fixation system and with the 55 hours of training
data, which provides greater exposure to inflected
forms. Suffix deletion is more common (44 cases,
3.40%), especially for nasal and vowel-final suf-
fixes (e.g., −ṁ, −uṁ, −ye) that are acoustically
subtle and phonologically conditioned. These suf-
fixes mark grammatical number and tense in Bhili;
omitting them can produce ungrammatical outputs
even when WER remains acceptable.

Mundari (MFR = 1.92%, SDR = 4.47%).
Mundari has higher error rates on bothmorphology
metrics. MFR = 1.92% (21 cases) reflects the de-
coder’s tendency to split agglutinated Mundari to-
kens at morpheme boundaries. For example, teko
(te+ko) is output as two tokens, te and ko. This fol-
lows from limited exposure: with only 11 hours of
realMundari data, themodel has too little evidence
that these morpheme sequences function as a sin-
gle phonological word. SDR = 4.47% (49 cases)
is dominated by loss of visarga suffixes (e.g.,−ah,
−eh,−ih), which are obligatory in Mundari nomi-
nal and verbal paradigms but have no acoustic par-
allel in the Hindi pretraining data. The model sys-
tematically removes these endings, producing bare
stems that are either ungrammatical or belong to a
different morphological category.

Interaction withWER. Table 20 shows that the
proposed metrics are not redundant with WER.
Bhili has much lowerWER thanMundari (22.32%
vs. 37.52%), yet its HNB is only 2.54 pp lower.
Conversely, Mundari has higher WER and also
worse MFR and SDR, reflecting a qualitatively
different error profile driven by data scarcity and
morphological complexity, not acoustic confusion
alone.
The near-convergence of HNBA across the two

languages (∆ = 0.32 pp), despite a 15.20 pp
WER gap, is especially important. Both systems
suppress the Hindi pretraining prior to roughly
the same degree at aligned positions, regardless
of overall recognition quality. This suggests that
dominant-language bias is partly inherited from
the pretraining regime and is not fully removed
by fine-tuning on 11–55 hours of target-language
speech, even when WER improves substantially.

I.3 Implications for Low-Resource ASR
Development

The metric analysis suggests three practical recom-
mendations:

1. Collect more morphologically diverse
training data. SDR is the main morpho-
logical failure in both languages. Targeted
collection of utterances containing inflected
forms, especially acoustically subtle suffixes,
is likely to reduce SDR more efficiently than
increasing total audio hours uniformly.

2. Address HNB at the language model
level. The small HNB–HNBA gap for Bhili
suggests that Hindi cognates enter mainly
through aligned acoustic confusion rather
than LM hallucination. For Mundari, the
larger gap suggests that the LM may some-
times promote Hindi cognates. Vocabulary-
constrained decoding that penalises out-of-
vocabulary Hindi tokens could reduce HNB
without changing the acoustic model.

3. Report HNB, MFR, and SDR alongside
WER in future benchmarks. WER alone is
not sufficient for languages under dominant-
language pressure. The near-identical HNBA
scores despite a 15.20 ppWER gap show that
WER-based model selection does not neces-
sarily minimise documentation-harm errors.
We recommend reporting HNB, MFR, and
SDR as standard supplementary metrics for
low-resource Indic ASR evaluation.
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Table 20: WER and preservation metric scores for Bhili and Mundari, with per-metric deltas. Despite a 15.20 pp
WER gap, alignment-constrained Hindi-normalisation bias differs by only 0.32 pp (HNBA: 17.09% vs. 17.41%),
showing WER-based model selection does not minimise documentation-harm errors.

Language WER HNB HNBA MFR SDR

Bhili 22.32 18.70 17.09 0.62 3.40
Mundari 37.52 21.24 17.41 1.92 4.47

∆ (Mundari – Bhili) +15.20 +2.54 +0.32 +1.30 +1.07

J Linguistic Analysis of ASR Systems

We compare two low-resource ASR systems built
on the XLS-R 1B architecture with a 5-gram
KenLM language model: Bhili, fine-tuned on
55 hours of original speech, and Mundari, pre-
trained on 3 hours of synthetic data, then fine-
tuned on 11 hours of original speech. Both lan-
guages use the Devanagari script, enabling direct
comparison of script-level error patterns.

J.1 Overall Performance
Bhili outperformsMundari by 15.2 pp inWER and
9.08 pp in CER (Table 21, Figure 14), directly re-
flecting the 5× difference in training data. Bhili’s
utterance WER distribution is right-skewed with
a mode near 0–5% and a small mean–median gap
(3.9 pp), indicating a stable system. Mundari’s
distribution is flatter and broader, with a larger
mean–median gap (9.1 pp) caused by a heavy tail
of severely erroneous utterances.

J.2 Error Type Distribution
Substitutions dominate in both models, but less
so for Mundari (69.3%) than Bhili (79.2%).
Mundari’s deletion rate (19.3%) is nearly double
Bhili’s (10.1%), indicating the model frequently
fails to hypothesize entire words, consistent with
vocabulary gaps arising from the small training
corpus.

J.3 Character-Level Error Analysis
Figure 15 shows the top-30 character substitution
pairs and Figure 16 the full character confusionma-
trices.

Bhili The most frequent error is nukta loss:
ज़→ज (×29) and ड़→ड (×21), where the diacritic
distinguishing loanword phonemes is systemati-
cally dropped. Vowel-length matra confusions fol-
low: ◌ू→◌ु (×23) and ◌ी→ि◌ (×20). The sibilant
merger श→स (×14) reflects a known Bhili dialec-
tal feature.

Mundari Errors aremore severe. The short/long
vowel pairअ→आ (×78) is by far the most frequent
single substitution — nearly three times the mag-
nitude of Bhili’s top error. Nukta loss on ड़ also
occurs at high frequency (×75). The visarga ◌ः
is heavily confused with ◌ा (×18) and आ (×12),
reflecting a systematic failure to recognise the
Mundari-specific final visarga morpheme, a sym-
bol absent fromHindi and likely under-represented
in XLS-R’s pre-training.
Figure 17 breaks substitutions by Devanagari

character category. Consonant errors dominate in
both models (Bhili: 517; Mundari: 849), followed
by vowel matra errors (Bhili: 314; Mundari: 327).
Mundari’s far higher consonant error count, de-
spite fewer reference words, underlines its overall
higher error density.

J.4 Word-Level Error Analysis
Bhili’s (Figure 18) top substitutions largely in-
volve zero-width non-joiner (ZWNJ) omission, e.g.
त् यो→त्यो (×9), an orthographic rather than pho-
netic error removable by Unicode normalisation.
Mundari’s top pairs — ओड़ोः→ओड़ोः and रअ:→रअः
(both ×11) — are similarly a normalisation arte-
fact (ASCII colon vs. Unicode visarga in the ref-
erence). The genuinely phonetic pair तनअः→तना
(×7) illustrates simultaneous vowel and visarga
deletion.
For insertions, Bhili’s model over-generates the

Hindi postpositions से (×8) and के (×7), reveal-
ing language-model bias. Mundari’s model both
deletes and inserts the postposition रे (×13 deleted;
×3 inserted), indicating systematic confusion over
agglutinative postposition placement.

J.5 Phonetic Proximity of Substitutions
Bhili’s substitutions are on average closer to the
reference (normalised edit distance 0.49 vs. 0.58),
see Figure 19, meaning errors differ in fewer char-
acters relative to word length. Both models pro-
duce a bimodal normalised-distance distribution: a
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Table 21: Global ASR performance for the best Bhili and Mundari systems. Bhili outperforms Mundari by 15.2 pp
WER and 9.08 pp CER, directly reflecting the 5× difference in training data; Mundari’s larger mean–median WER
gap (9.1 pp vs. 3.9 pp) indicates a heavier tail of severely misrecognised utterances.

Model WER CER Mean WER Median WER Total Errors

Bhili 22.32% 8.83% 20.0% 16.67% 1,513
Mundari 37.52% 17.91% 36.41% 27.27% 1,735

(a) Bhili.

(b) Mundari.

Figure 14: Global WER and CER, error-type breakdown, and per-utterance WER histogram for Bhili (top) and
Mundari (bottom). Mundari’s deletion rate (19.3%) is nearly double Bhili’s (10.1%), and its broader WER his-
togram reflects systematic vocabulary gaps from the 11h training corpus.

near-zero peak (mostly ZWNJ/visarga normalisa-
tion errors) and a peak at 1.0 (completely wrong
words), the latter more pronounced for Mundari.

J.6 Positional & Length Effects

Bhili’s error rate is essentially flat across the utter-
ance (±1.2 pp), indicating that the decoder main-
tains consistent performance. Mundari’s rate de-
creases from beginning to end. Models show flat
and decreasing WER with utterance length (Fig-
ure 21) respectively, though Mundari’s improve-
ment is more pronounced (from ∼40% to ∼20%),
suggesting that longer utterances contain more
repetitive vocabulary the language model can ex-
ploit as shown in Figure 20.

J.7 Error Severity

Bhili produces a perfect transcript for 27.6% of test
utterances (154 of 558) and falls into the Poor or
Very Poor bands for only 7.9% (44 utterances), as
shown in Figure 22 and Table 22. For Mundari,
both ends of the distribution worsen: 19.2% of ut-
terances (96 of 500) are perfect, while 28.6% (143
utterances) are Poor or Very Poor. More than one
in four Mundari utterances is therefore severely
misrecognised, and the Very Poor band alone ac-
counts for 9.6% against 1.3% for Bhili. This asym-
metry is consistent with the heavier tail reported in
Section J.1, and indicates that Mundari output re-
quires substantial post-editing before documenta-
tion use, even where its aggregate WER (37.52%)
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Table 22: Percentage of utterances per WER severity
band for Bhili and Mundari. Bhili achieves 27.6% per-
fect transcripts with 7.9% Poor or Very Poor; Mundari
has only 19.2% perfect and 28.6% Poor or Very Poor,
limiting downstream documentation usability without
post-editing.

Severity band Bhili Mundari

Perfect (0%) 27.6% 19.2%
Excellent (<10%) 8.1% 3.2%
Good (10–30%) 39.6% 32.4%
Fair (30–50%) 16.8% 16.6%
Poor (50–100%) 6.6% 19.0%
Very Poor (>100%) 1.3% 9.6%

suggests a more uniform level of degradation.

K Training & Compute Infrastructure

K.1 Compute Infrastructure.
All experiments were conducted onNVIDIAA100
(40GB) GPUs using the HuggingFace Transform-
ers library. Mixed-precision training (FP16) was
enabled throughout to reduce memory footprint.
Training time ranged from approximately 4 to 18
GPU-hours per run depending on model size and
dataset scale. All runs used the same hardware al-
location to ensure fair comparison across configu-
rations.

K.2 Hyperparameters
Table 23 summarises the training hyperparameters
for each model family. All hyperparameters were
fixed uniformly across languages and configura-
tions to prevent any model from receiving a tuning
advantage.

Wav2vec2 xlsr. The CTC-based xlsr-300M and
xlsr-1Bmodels were fine-tunedwith the feature en-
coder frozen throughout training, following stan-
dard practice. A language-specific vocabulary was
constructed from the training transcripts, retain-
ing only Devanagari Unicode characters (U+0900–
U+097F) plus a word-delimiter token. Text was
NFC-normalised and all non-Devanagari charac-
ters were removed before vocabulary extraction.
The CTC loss was computed with mean reduction,
and decoding used greedy argmax over the output
logits.

Whisper. The Whisper models were fine-tuned
end-to-end without freezing any component. The
language token was set to the closest supported

language (hindi) to initialise the decoder with a
relevant multilingual prior; the task token was
set to transcribe. Forced decoder ids were dis-
abled during fine-tuning to allow the model to
adapt its token distribution freely. Evaluation used
predict_with_generatewith beam search (beam
width 5) and a maximum generation length of 448
tokens. Model cache was disabled during training
for compatibility with gradient checkpointing.

Staged fine-tuning. For both model families,
staged fine-tuning used a linear interpolation of
target-language, controlled by the mixing ratio
α ∈ {0.2, 0.4, 0.6, 0.8, 1.0}, where α = 1.0 cor-
responds to training on target-language data only.
Donor-languages are used in full-split wherever
needed. All other hyperparameters were held fixed
across α values.

Language model integration. A 5-gram
KenLM language model (Heafield, 2011) was
trained on the target-language transcripts from
the training split and applied at decoding time
via shallow fusion. No separate hyperparameter
sweep was performed for the LM weight; a
fixed weight was used consistently across all
configurations.

L Cultural Representation and Dataset
Governance

AdiDhwani is designed around the principle
that documentation-oriented ASR should preserve
community-specific linguistic forms, not only pro-
duce fluent transcripts. The recordings include
local lexical items, ecological and agricultural
knowledge, kinship expressions, oral narratives,
and institutional vocabulary. These forms are of-
ten precisely the material that makes a speech
archive valuable for future language documenta-
tion.
The evaluation therefore includes both standard

ASR metrics and preservation-oriented diagnos-
tics. For Bhili, contact with Hindi, Gujarati,
and Marathi makes dominant-language normali-
sation an important risk; for Mundari, agglutina-
tive morphology makes suffix preservation cen-
tral to grammatical fidelity. We therefore re-
port Hindi-Normalization Bias (HNB), alignment-
constrained HNB (HNBA), Morphological Frag-
mentation Rate (MFR), and Suffix Deletion Rate
(SDR), so that culturally and linguistically mean-
ingful changes remain visible during evaluation.
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Table 23: Training hyperparameters for XLS-R and Whisper models; all runs use AdamW with FP16 mixed preci-
sion on A100 GPUs. Hyperparameters are fixed uniformly across all languages and configurations to ensure fair
comparison; the only architectural difference is CTC greedy decoding for XLS-R versus beam-search generation
for Whisper.

Hyperparameter Wav2vec2 xlsr Whisper

Batch size (per device) 8 8
Gradient accumulation steps 2 1
Effective batch size 16 8
Learning rate 1× 10−4 1× 10−5

Warmup steps 500 500
Max gradient norm (clipping) 1.0 –
Training epochs 20 20
Eval & save strategy per epoch per epoch
Best checkpoint criterion min WER min WER
Checkpoints retained best only 3
Gradient checkpointing yes no
Feature encoder frozen yes (first 6 layers) n/a

Decoding greedy (CTC argmax) beam search (beam 5)
Max generation length – 448 tokens

Dataset governance follows the same principle.
Each recording contains a target-language utter-
ance followed by a Hindi translation; only the
target-language segment is used for ASR, while
the Hindi tier supports annotation, checking, and
auditability. Transcripts are produced through
a maker–checker–superchecker workflow involv-
ing community speakers and expert linguistic re-
view. Fixed speaker-disjoint splits, deterministic
normalization, and preservation-oriented evalua-
tion make the benchmark reproducible while keep-
ing community-specific forms central to system di-
agnosis.

M Generalizing Beyond the
Bhili-Mundari Benchmark

The transferable contribution of AdiDhwani is
methodological. It provides a general eval-
uation recipe for documentation-oriented ASR:
community-validated speech, fixed evaluation
splits, reproducible adaptation baselines, and diag-
nostics that measure preservation-relevant errors
alongside WER and CER.
This framework can be applied to other under-

documented languages by adapting the diagnos-
tics to the community and language being stud-
ied. In some settings, the most important risks
may be dominant-language normalisation; in oth-
ers, they may involve morphology, tone, orthogra-
phy, word segmentation, or named entities. The
central principle is to evaluate not only whether
a system recognises speech accurately, but also
whether it preserves the linguistic forms that mat-

ter for documentation.
The broader lesson from AdiDhwani is there-

fore not a specific WER or CER value, but a
model-development workflow: validate data with
speakers, keep test sets fixed and speaker-disjoint,
compare adaptation choices empirically, and re-
port language-specific preservation diagnostics to-
gether with standard ASR metrics.
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(a) Bhili.

(b) Mundari.

Figure 15: Top-30 character substitution pairs (reference→ hypothesis) for Bhili (left) and Mundari (right). Bhili
errors concentrate on nukta loss and vowel-length matrā confusion; Mundari shows severe short/long vowel con-
fusion (×78) and systematic visarga deletion, a Mundari-specific morpheme absent from Hindi pretraining.
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(a) Bhili. (b) Mundari.

Figure 16: Character confusion matrices for Bhili (left) and Mundari (right); rows = reference, columns = hypoth-
esis, cell intensity = substitution count. Bhili shows sparse near-diagonal errors; Mundari’s denser off-diagonal
pattern reflects greater acoustic confusion from limited training data.
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(a) Bhili.
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(b) Mundari

Figure 17: Substitution error counts by Devanagari character category for Bhili (left) and Mundari (right). Conso-
nant errors dominate both languages; Mundari’s consonant error count (849) is 1.6× Bhili’s (517) despite having
fewer reference words, indicating higher per-word error density.
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(a) Bhili.

(b) Mundari.
Figure 18: Top-25 word substitution pairs for Bhili (left) andMundari (right). Most Bhili errors are ZWNJ omission
artefacts fixable by Unicode normalisation; Mundari shows genuine phonetic failures including visarga deletion.
Bhili’s model over-generates Hindi postpositions (से, के), directly evidencing Hindi-normalisation bias.
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(a) Bhili (mean edit dist. = 2.65; norm. = 0.49).

(b) Mundari (mean edit dist. = 3.25; norm. = 0.58).

Figure 19: Character edit distance (left) and normalised edit distance (right) distributions for substituted word pairs
in Bhili (norm. 0.49) and Mundari (norm. 0.58). Both show a bimodal pattern: near-zero errors are normalisation
artefacts; the peak at 1.0 (complete misrecognition) is larger for Mundari.
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(a) Bhili: beginning 19.8%, middle 18.5%, end 20.9%.
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(b) Mundari: beginning 28.3%, middle 35.3%, end 37.1%.

Figure 20: Error rate by utterance position (beginning, middle, end thirds) for Bhili (left; essentially flat at±1.2 pp)
and Mundari (right; rising by 8.8 pp end-to-end). Mundari’s increasing profile indicates the language model cannot
suppress error accumulation as hypothesis length grows.
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(a) Bhili.

(b) Mundari.

Figure 21: WER versus utterance length in words (left) and characters (right) for Bhili (top) and Mundari (bot-
tom). WER decreases with length for Mundari as the language model exploits repeated vocabulary; the effect is
(∼40%→20%), reflecting greater LM reliance.
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(a) Bhili

(b) Mundari

Figure 22: Per-utteranceWER severity bands for Bhili (top) andMundari (bottom); bar charts give utterance counts,
pie charts the corresponding proportions. Bhili is perfect for 154 of 558 test utterances (27.6%) and Poor or Very
Poor for only 44 (7.9%); Mundari is perfect for 96 of 500 (19.2%) and Poor or Very Poor for 143 (28.6%), so more
than one in four Mundari utterances requires heavy post-editing for documentation use.

38910


