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Abstract—EmbeddingGemma 2, a multimodal embedding
model, shares its 305M-parameter audio encoder with
Gemma 4 E2B, whose language model reads the encoder’s
outputs to transcribe speech. We ask how far this encoder,
left completely frozen and without the language model, can be
turned into a multilingual CTC recogniser by small trained
layers. Vesper-IndicEAR keeps the encoder unchanged and trains
11.8M parameters on top: residual adapters on its upper six
layers, self-conditioned intermediate CTC over a shared phonetic
inventory, a script-factored CTC output that predicts one of 11
writing systems and then a sub-word within it, and utterance-
and frame-level language identification (LID) that report the
language without routing the transcript. The model transcribes
11 Indian languages and English, including code-switched speech
with each word in its own script. Trained in two stages (about
4 GPU-hours for a 4-language pilot and 6 for the full run,
processing 8,356 hours of permissively licensed audio streamed
from the Hugging Face Hub), it identifies the language of 97.8%
of FLEURS development utterances and reaches 7.2/13.0% CER
on LibriSpeech test-clean/test-other. On speaker-disjoint Indic
test sets, scored on identical clips with a script-normalised CER,
it reaches 21–32%, against 3–11% for two dedicated Indic
recognisers, and leads only on the mean of the MUCS code-
switched set. The same encoder read by Gemma 4’s language
model reports far lower error on Hindi, and linear probes show
its states are less linearly decodable than an ASR-trained CTC
encoder’s, so the limit lies mainly in how much a small reader on
frozen states can extract. A frozen embedding encoder therefore
supports a working multilingual recogniser with language ID,
but not a competitive one without a stronger reader or encoder
adaptation. We release the model, the training framework and a
benchmark of per-clip outputs for every system.

Index Terms—speech recognition, frozen encoders, adapters,
CTC, code-switching, Indian languages, language identification

I. INTRODUCTION

Speech recognisers are usually built on encoders trained
for recognition, either supervised on transcribed speech [1],
[2] or self-supervised and then fine-tuned [3], [4], [5]. A
different kind of audio encoder has recently become widely
available: the audio towers of multimodal embedding models.
EmbeddingGemma 2 [6], [7] embeds speech, text and images
into one space so that a spoken query can retrieve a passage
by meaning. Its audio tower is the 305M-parameter encoder of
Gemma 4 E2B, a Conformer based on the Universal Speech
Model whose continuous outputs Gemma 4’s language model
reads for speech tasks [8], [9]; in a sampled comparison
of the released weights, the tower’s tensors are identical in
the two models except the output projection. The encoder

therefore carries speech information. The question is whether
it can be read without the language model, by small layers
on top of an encoder that an application may already run
for retrieval. If so, one frozen encoder could serve retrieval,
language identification and transcription together, and adding
a language would mean training a few tens of megabytes of
output layers rather than a new model.

Indian languages are a demanding test of this idea. The
eleven languages we target use ten writing systems (nine
Brahmic scripts and Perso-Arabic), plus Latin for English.
Speakers switch between their language and English within
a sentence, and transcription conventions differ on whether
those English words are written in Latin or native script.
Hindi and Urdu are largely one spoken language written in
two scripts. Most public transcribed speech comes from a few
large collections of read, prompted and extempore speech [10],
[11], [12].

We set three questions:

1) Feasibility. Can a frozen embedding-model audio tower,
with only small trained layers, transcribe 11 Indian
languages and English?

2) Script and language. Can a single output layer write
each word in its correct script, and report the language,
without a language picker in front of the recogniser?

3) Gap. How far is the result from dedicated Indic recog-
nisers on the same clips, and where does the gap come
from?

The answers are: yes; mostly, with Hindi–Urdu the main
exception; and far: on the Indic test sets its error is 3 to 7
times that of the better dedicated model.

Contributions:

• A recipe for ASR on a frozen embedding encoder
(Section III): staged execution of the unmodified tower
with residual adapters, self-conditioned phonetic CTC, a
script-factored CTC output over 11 scripts, LID heads
that report but do not route, and decode-time script rules.

• An account of what each part adds: linear probes
of the frozen tower layer by layer and against two
other encoders (Section VI-A), an ablation of the trained
components on a fixed 12-language set (Section VI-B),
and the effect of the decode-time rules (Section VI-C).

• A speaker-disjoint comparison on identical clips
with two dedicated Indic recognisers under one script-



normalised metric (Section VI-D), released with every
system’s per-clip output as a benchmark.

• A streaming training framework that trains on 53 Hub-
hosted streams without downloading the corpora, and
a record of the failure modes we met: input-pipeline
starvation, side effects of speaker exclusion, Hindi–Urdu
script competition, and a scoring artefact that briefly
made an early model look competitive (Section VII,
Appendix D).

We are not the first to train recognisers on this encoder
(Section II). What this work adds is a single multilingual,
multi-script model with language ID on the fully frozen tower
and without its language model, an explicit factorisation of the
output by script, and a careful measurement of how far that
approach goes.

II. RELATED WORK

Frozen encoders and parameter-efficient adaptation:
Self-supervised speech encoders are routinely evaluated
frozen, with light task heads reading their layers [13], and their
layers differ markedly in how much phonetic information they
expose. Bottleneck adapters [14] and low-rank updates [15]
adapt a frozen network with few parameters; in speech,
per-language adapters were used for large-scale multilingual
recognition [16], and adapters on a frozen Universal Speech
Model come within a fraction of a point of full fine-tuning [9].
Our encoder is also USM-based [8], but its released form is
part of an embedding model, and in Gemma 4 its outputs are
read by a language model rather than a CTC layer; we measure
how far a CTC reader gets without that model.

Recognition on the EmbeddingGemma 2 audio tower:
In October 2026, community models fine-tuned or probed
its audio tower for single-language recognition, among them
Hindi, Malayalam and Bangla CTC models on the Hugging
Face Hub [17], [18], [19], and a study on Saudi and Gulf
Arabic compared frozen and adapted variants [20]. These
works establish that the tower can be adapted to one language
at a time. We study the fully frozen tower across 12 languages
and 11 scripts in one model, with language identification
and code-switching, and compare it on identical clips with
dedicated Indic recognisers.

Multilingual and code-switched output layers: A single
end-to-end model over nine Indian languages was shown to
work, but on artificially concatenated Tamil–Hindi utterances
it “picks one of the two scripts and sticks with it” [21]. For
bilingual Mandarin–English code-switching, outputs have been
factorised by language with language-aware encoders and con-
ditional factorisation [22], [23], auxiliary CTC objectives con-
ditioned on language identity have improved massively mul-
tilingual recognition [24], and bilingual streaming recognisers
have been trained jointly with language identification [25].
For Indian languages, a common label set maps the Brahmic
scripts to one phonetic inventory [26], [27], [28], and reduced,
shared target sets have been studied for Hindi–English code-
switching [29]. IndicConformer [10], [30] uses one output
head per language, selected by a language identifier given at

TABLE I
TRAINED PARAMETERS. THE 305M-PARAMETER ENCODER IS FROZEN.

Component Parameters

Residual adapters, layers 7–12 (rank 128) 1.59M
Phonetic CTC + self-conditioning, layers 6, 9 0.34M
Script-factored output (11 scripts, 8,964 pieces) 9.20M
Utterance LID (12 languages) 0.40M
Frame LID (13 classes) 0.27M

Total 11.8M (45 MB)

inference. Our output layer predicts p(script) p(piece | script)
over all 11 scripts at every frame, with no language picker,
which is a class-factored softmax [31] applied to scripts. We
use the shared phonetic inventory only as an intermediate
target, with self-conditioning [32], [33] as in hierarchical
multilingual CTC [34].

Indic speech recognition: Dedicated Indic recognisers
have improved quickly with large transcribed collections: In-
dicWav2Vec [35], the IndicVoices corpus and IndicConformer
models [10], and SraVaani [36], a 430M-parameter FastCon-
former model with a TDT decoder [2], [37]. Evaluation is
complicated by script conventions for English words; script-
normalised scoring has been proposed to separate script choice
from recognition errors [38], and IndicContextEval evaluates
how audio language models use context on speech in eight
Indian languages [39]; we use its audio and references as
one of our test sets. We adopt a script-normalised CER
(Section V) after finding that strict scoring had inflated an
early comparison in our favour.

III. MODEL

Figure 1 shows the model. The only trained parts are the
11.8M parameters in orange; Table I lists them.

A. Frozen encoder

The encoder is the audio tower of
google/embeddinggemma-2 at revision 914f7f89 [6],
[7]: a USM-based Conformer [40], [9], [8] with two
downsampling convolutions to 25 frames per second (40 ms),
12 layers of width 1,024 with 8 attention heads, and chunked
attention with chunk size 12, left context 13 and no right
context. It has 305M parameters. The tower’s output projection
to the 1,536-dimensional embedding space and the model’s
text and vision parts are not used.

We run the tower in two stages with its own modules and
mask functions, so nothing in it is re-implemented: layers 1–6
without gradient, and layers 7–12 with adapters attached by
forward hooks. Padded input frames are zeroed and padded
attention keys are masked, so batched computation is exact
per utterance; attention sees nothing beyond the current 12-
frame chunk, so long audio can be transcribed in overlapping
windows.



16 kHz
audio

(any of 12
languages,

or
code-

switched)

Log-mel +
conv

subsampler
25 frames/s

Conformer
layers 1–6
run without

gradient

Conformer
layers 7–9
+ residual
adapters

Conformer
layers 10–12

+ residual
adapters

Script-factored
CTC output
p(s) p(y | s)

Decode-time
script rules

(a) (b) (c), Alg. 1

Text, each
word

in its own
script;

language and
code-switch

spans

Phonetic
CTC

layer 6,
80 units

Phonetic
CTC

layer 9,
80 units

intermediate CTC loss and self-conditioning (B zero-initialised)

Learned
layer mix

(6 and 12),
per head

Utterance LID
attentive

statistics pooling
→ 12 languages

Frame LID
non-speech or 1
of 12, per frame

language posterior

language spans

dotted: stop-gradient, so LID never changes transcription training

frozen EmbeddingGemma 2 tower (305M)

trained (11.8M)

decoding only, no parameters

Fig. 1. Vesper-IndicEAR. The EmbeddingGemma 2 audio tower runs unchanged (grey). Trained parts (orange) are residual adapters inside layers 7–12,
self-conditioned phonetic CTC heads after layers 6 and 9, the script-factored CTC output on layer 12, and two language-ID heads reading stop-gradient states
of layers 6 and 12. Decode-time rules (dashed) use the utterance-LID posterior to restrict which scripts may appear; they have no parameters and can be
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B. Trained components

Residual adapters: In each of layers 7–12, a bottleneck
adapter [14] reads the block’s second half-step feed-forward
output z and adds

Aℓ(z) = W ↑
ℓ SiLU

(
W ↓

ℓ LN(z)
)

(1)

to it, before the block’s clamp and output normalisation
(Fig. 2a), with W ↓

ℓ ∈ R128×1024. W ↑
ℓ is zero-initialised, so

training starts from the exact frozen encoder. Adapters go only
on the upper half because the probes of Section VI-A show
the transcription-relevant information growing towards the top
of the tower.

Self-conditioned phonetic CTC: After layers k ∈ {6, 9},
an intermediate CTC head [32] predicts a shared inventory
of 80 phonetic units (82 outputs with blank and a word
boundary), and its posterior is fed back into the residual
stream [33]:

pk = softmax
(
Wk LN(h

(k))
)
, h(k) ← h(k)+Bk pk, (2)

with Bk zero-initialised. The units are ISO 15919-style labels
shared by the Brahmic scripts through their common ISCII
block layout [41], [42], Indian-accent spelling rules for English
(retroflex t/d, w→v), and a lossy consonant-skeleton romani-
sation for Urdu. Sharing one inventory lets related languages
share acoustic targets in the middle of the encoder, as in
hierarchical multilingual CTC [34]. The phonetic units are
never the output: a shared inventory can merge words that
sound alike but are spelled differently, so the transcript always
comes from the script-factored output.

Script-factored CTC output: Each script has its own
SentencePiece unigram model [43], [44]: 1,024 pieces for
Devanagari and Latin and 768 for each of the other nine
scripts, trained with the script’s full character inventory as

required characters so that any word in it can be spelled. The
output layer reads ht = LN(h

(12)
t ) and factorises each piece

y through its script s(y) (Fig. 2b):

log p(y | ht) = log p
(
s(y) | ht

)
+ log p

(
y | s(y), ht

)
, (3)

where p(s | ht) is a softmax over the CTC blank (script class
0) and the 11 scripts, and p(y | s, ht) is a softmax over the
pieces of script s only. The result is one normalised distribu-
tion over blank and all 8,960 pieces (8,964 outputs including
blank and three special tokens that are never emitted), trained
with ordinary CTC [45]. Compared with a flat softmax, scripts
do not compete for probability mass piece by piece, the script
of every emitted piece is explicit (which the decode-time rules
use), and a script can be added with its own rows without
touching the others.

Language identification as an output, not a router: Two
LID heads each read their own learned softmax-weighted mix
of the layer-normalised states of layers 6 and 12, taken under
stop-gradient, so they cannot change transcription training.
The utterance head applies attentive statistics pooling [46]
and a two-layer MLP (hidden size 256) to predict one of
12 languages; for code-mixed rows the target is the matrix
language. The frame head predicts, per 40 ms frame, non-
speech or one of the 12 languages. On monolingual rows every
valid frame gets the utterance language; on code-mixed rows
with word-level language labels, the head is trained with CTC
over the sequence of language runs (blank = non-speech), so
it learns where switches occur without forced alignment. The
transcript never depends on these heads except through the
optional script rules below.

C. Training objective
The loss is

L = 0.85LCTC + 0.15Lphon + 0.1Lutt + 0.2Lframe, (4)
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where Lphon is the mean of the two intermediate CTC losses.
The utterance-LID loss uses label smoothing 0.1 [47] and
class-balance weights proportional to h

−1/2
c for hc planned

training hours of language c; the frame-LID loss is un-
weighted. The pilot stage (Section IV) used weights 0.3 for
the phonetic and 0.1 for the frame-LID loss. Time and feature
masks in the style of SpecAugment [48] are applied to the
layer-6 states during training (masked values take the utterance
mean), on top of the waveform augmentation of Section IV.

D. Decode-time script rules

Greedy and prefix-beam [49] CTC decoding can apply three
rules without retraining (Algorithm 1). (a) Within a word, the
script may change only from Latin into a piece that starts with
a full Indic letter (an English stem with an Indic suffix), and a
combining mark may never follow a piece of another script; a
Latin piece glued to an Indic word is treated as a missed word
boundary and starts a new word. (b) Only Latin, the script of
the most likely utterance-LID language, and up to two further
Indic scripts whose languages have posterior above 0.15 are
allowed. (c) Devanagari and Perso-Arabic never mix in one
utterance: the script whose languages have the larger total LID
posterior is kept, with ties broken by the decoded evidence for
each script. A caller who knows the language can pass it as
a hint, which replaces the LID posterior in (b) and (c). Latin
always stays allowed, so code-switching into English is never
removed by the rules.

IV. DATA AND TRAINING

A. Training data

All training data is CC BY or CC0 and is streamed from the
Hugging Face Hub at pinned revisions (Table II). Only devel-
opment and evaluation sets are downloaded. MUCS 2021 [50]

Algorithm 1 Decode-time script rules (greedy CTC)
Require: frame log-probs log p(y | ht), utterance LID posterior

q(ℓ), optional language hint ℓ̂
1: if ℓ̂ given then q ← onehot(ℓ̂)
2: S ← {Latin, script(argmaxℓ q)} ∪ {script(ℓ) : ℓ ∈

topIndic scripts
2 (q), q(ℓ) > 0.15} ▷ (b)

3: if Devanagari ∈ S and Perso-Arabic ∈ S then ▷ rule (c)
4: drop the one with smaller

∑
ℓ: script(ℓ)=· q(ℓ)

5: end if
6: mask every piece whose script /∈ S
7: for t = 1, . . . , T do ▷ rule (a)
8: yt ← argmaxy log p(y | ht) over pieces allowed after the

current word’s script (rule (a))
9: end for

10: return collapse repeats, remove blanks, detokenise

TABLE II
TRAINING SOURCES AND PLANNED HOURS BEFORE SPEAKER EXCLUSION.

ALL STREAM FROM THE HUB AT PINNED REVISIONS.

Source Languages, licence Hours

IndicVoices [10] 11 Indic, CC BY 4.0 3,300
Kathbath [11] 11 Indic, CC BY 4.0 1,345
Vaani, transcribed [12] 10 Indic + en, CC BY 4.0 599
LibriSpeech [51] en, CC BY 4.0 120
People’s Speech [52] en, CC BY 2.0–4.0 subsets 80
VoxPopuli [53] en, CC0 60

Total (53 streams) 5,504

(CC BY-SA) is used for evaluation only, and no non-
commercial data is used.

Transcript conventions: Indic words are written in their
native script and English words in Latin script. IndicVoices
[gloss] and Vaani {gloss} English annotations replace
the native-script word only when the native word sounds like



the English gloss. Kathbath writes English loanwords in native
script, so its transcripts go through a loanword normaliser that
rewrites them in Latin.

Mixture: The mixture has 53 streams, one per source and
language plus code-mixed-only streams. Rows of 0.5–20 s are
drawn by temperature sampling [54] (α = 0.5) within pinned
per-language shares (Fig. 11); code-mixed rows are 15% of
draws and non-speech negatives a fixed 2%.

Speaker-disjoint protocol: Every speaker of every de-
velopment and evaluation set is removed from training. For
Kathbath, whose “test-known” speakers are by design also
training speakers, this removes 49% (Bengali) to 100% (Odia)
of training rows. Our Kathbath scores are therefore speaker-
disjoint, unlike those of models trained on Kathbath’s training
speakers.

B. Two-stage training

Pilot: Hindi, Tamil, Kannada and English, from the
frozen encoder with newly initialised heads: 7,423 steps over
2,664 h of audio in about 4.3 A100-hours. Its CER on its own
speaker-disjoint development set fell from 22.9 to 16.2.

Full run, warm-started: All 12 languages, starting from
the pilot’s final weights: 13,394 steps over 8,356 h of audio
in about 6 GPU-hours on one RTX PRO 6000 (96 GB). The
pilot’s Devanagari, Latin, Tamil and Kannada tokenizers and
their output rows are kept unchanged; the seven new scripts get
their own tokenizers and new output rows initialised with bias
−2 and trained at three times the base learning rate. Adapters,
phonetic and LID heads continue from the pilot; the optimiser
and schedule restart.

Optimisation: AdamW [55], weight decay 0.001, gra-
dient clipping 1.0, bfloat16 autocast; a step whose gradient
norm is not finite is skipped. The full run used peak learning
rate 6 × 10−4 with 300 warm-up steps and cosine decay to
5× 10−5. Batches have a dynamic budget of 71,676 encoder
frames (about 48 minutes of padded audio), chosen by an
autotuner that targets 85% of GPU memory on probe batches.
Half of the rows are augmented on the GPU before the log-
mel: additive noise, babble, reverberation (RT60 0.3–0.9 s from
128 synthetic room impulse responses), speed perturbation
(0.9/1.1) [56], 8 kHz band-limiting, and GSM, Opus or AMR
codecs on 15% of clips. Appendix B lists every setting for
both stages.

C. Streaming input pipeline

The mixture is 0.7–1.1 TB of audio against about 190 GB of
free disk on the training machine, so nothing is downloaded
in advance (Fig. 3). Each stream reads Parquet shards from
the Hub through a bounded shard cache and parses, length-
checks and filters rows on its own read-ahead thread. A
planner draws from the streams by temperature into a shuffle
buffer and duration-bucketed batches. Rows are decoded in
parallel on free-threaded CPython 3.14 [57], without the global
interpreter lock; training uses PyTorch [58] and the encoder
implementation of Hugging Face Transformers [59]. The input
state is part of every checkpoint, so a resumed run sees exactly

the rows it would have seen. After the fixes described in
Appendix D, the GPU was 93–99% busy at about 35,000
encoder frames per second, or about 1,390 hours of audio
per GPU-hour.

V. EVALUATION PROTOCOL

Held-out sets: Kathbath clean and noisy test (unseen-
speaker and test-known splits) [11], IndicVoices valida-
tion [10], Vaani test [12], IndicContextEval [39], MUCS 2021
Hindi and Bengali test [50], LibriSpeech test-clean and test-
other [51], VoxPopuli English test [53], Svarah (Indian-
accented English) [60], and FLEURS development [61], with
six acoustic corruptions of it. FLEURS test was never read
during development. No speaker of these sets appears in
training (Section IV).

Compared systems: IndicConformer 600M multilin-
gual [30] (revision 2a77d305, CTC decoder, given the
language as it requires) and SraVaani-1.0 [36], [62] (revision
f5dd5358, automatic language; it does not support Urdu).
Each runs its repository’s own inference code at the pinned
revision. Vesper-IndicEAR is run in two modes: automatic,
where its own LID drives the script rules, and language
given, where the clip’s language is passed as a hint, matching
IndicConformer’s input. Both use greedy decoding with the
rules of Section III-D. MUCS results in Table IV are on the
full test sets; all comparisons with the baselines are on the 300-
clip subsets below. For the comparison, every system decodes
the same first 300 clips per language of each set, and we
release the clip list, the references where their licences allow,
and every system’s per-clip transcript.

Script-normalised CER: IndicVoices and Vaani refer-
ences write English words in Latin script, whereas Indic-
Conformer and SraVaani write them in native script. Strict
CER counts that as an error. Our script-normalised CER
(sn-CER) accepts an English word in either script, scoring
each hypothesis against the closest whole-reference variant,
in the spirit of SN-WER [38]. Before scoring, a fold re-
moves spelling conventions that are not recognition errors:
Malayalam chillus, Bengali khanda ta, the Marathi eyelash
ra, Urdu heh variants, tatweel and short-vowel marks, NFKC
presentation forms, and native digits. For English-only sets
sn-CER equals CER.

VI. RESULTS

A. What the frozen tower already encodes

Before training anything larger, we trained a linear CTC
probe on each layer of the frozen tower, one language at
a time, on 3–10 hours (7 on average) of FLEURS training
speech per language (a LayerNorm and linear layer over a
256-piece SentencePiece unigram vocabulary per language, 6
epochs), and scored it on FLEURS development (Fig. 4). The
best Indic probe reaches 16.1–27.1% CER (median 22.7) and
English 29.4%. For all languages the best layer is 11 or 12: the
information a CTC reader can use grows towards the top of the
tower, which motivated adapters on the upper half. On English
we ran the same probe on two other encoders: the best layer
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of the encoder of Parakeet-TDT-0.6B-v3 [63], [2], [37], an
ASR-trained FastConformer, reaches 18.2% and that of w2v-
BERT 2.0 [64] 39.3%. The EmbeddingGemma 2 tower thus
sits between a self-supervised encoder and an ASR-trained
CTC encoder: its states carry the content, but less of it is
linearly decodable (11 CER points behind on English), which
bears on the gap discussed in Section VII-B.

B. What each trained component adds

On a fixed 12-language set (FLEURS training, 88 h, 10
epochs; FLEURS development for scoring) we added the
trained components one at a time to the frozen tower (Ta-
ble III). Adapters bring the largest gain, from 36.2 to 27.7
mean CER over 11 languages. Self-conditioned phonetic CTC
did not lower CER at this data scale but reduced script errors;
the script-factored output had the lowest CER (27.6) and the
fewest script errors (10.0% of words in the wrong script). Each
variant ran with one seed and with its own autotuned batch
and learning rate (from 111,806 frames, 2.4 × 10−3 and 880
steps for v1 to about 20,000–24,000 frames, 1.0–1.1 × 10−3

and 3,540–4,390 steps for v2–v4, all 10 epochs), so differences
of under one point between v2 and v4 should not be read as
significant; the script-error reduction guided the choice more

TABLE III
ABLATION ON FLEURS (12 LANGUAGES, 88 H). MEAN CER AND

SCRIPT-ERROR RATE (SHARE OF WORDS IN THE WRONG SCRIPT) OVER 11
LANGUAGES EXCLUDING URDU; SYNTHETIC CODE-SWITCH: CER OVER

SIX CONCATENATED LANGUAGE PAIRS (URDU–ENGLISH EXCLUDED).

Variant (cumulative) CER Script Urdu Code-
err. CER switch

v1 linear CTC on layer 12 36.2 13.9 55.3 33.9
v2 + adapters, layers 7–12 27.7 11.2 76.7 27.3
v3 + phonetic self-cond. 28.2 10.5 75.7 28.5
v4 + script-factored output 27.6 10.0 81.7 27.4

than CER. We chose v4 and added the LID heads. Urdu is
excluded from the means because, once adapters are added,
it is mostly written in Devanagari: Hindi and Urdu share
their acoustics and their scripts compete (Section VII-A). Two
further variants, CR-CTC consistency regularisation [65] and
a factored transducer head, are implemented in the released
framework but were not evaluated in this study.

C. Decode-time script rules

The final model makes many script errors when decoded
without constraints: on FLEURS development 20.2% of words
over all 12 languages are in the wrong script, 64.8% for Urdu.
The rules of Section III-D halve that and lower CER from
28.7 to 24.8 (Table IV), with the largest effect on Urdu, Hindi
and Gujarati. English is unaffected. On a synthetic set of
concatenated sentences in two languages, however, the rules
raise CER (for Hindi+English from 16.7 to 30.8). A likely
cause, which we have not analysed further, is that rule (b) is
decided once per utterance from a single LID posterior, so on
these artificial inter-sentential pairs it can remove the script of
one of the two halves. Natural intra-sentential code-switching
into English is not affected in the same way, because Latin
is always allowed; on MUCS the rules lower CER for both
Hindi (49.6→45.6) and Bengali (43.9→41.9). Per-frame use
of the frame-LID head is the natural fix and is left to future
work.
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Fig. 5. Held-out sn-CER by evaluation family, as in Table V.

TABLE IV
EFFECT OF THE DECODE-TIME SCRIPT RULES ON THE FINAL MODEL

(FLEURS DEVELOPMENT UNLESS NOTED; CER, AND SCRIPT-ERROR
RATE IN PARENTHESES).

Unconstrained Rules (a)–(c)

All 12 languages 28.7 (20.2) 24.8 (9.4)
Hindi 31.7 (21.0) 26.2 (9.8)
Urdu 63.5 (64.8) 44.4 (31.1)
Gujarati 36.4 (28.3) 29.6 (11.6)
English 17.2 (0.4) 17.2 (0.0)

MUCS Hindi test 49.6 45.6
MUCS Bengali test 43.9 41.9
Synthetic Hindi+English pairs 16.7 30.8

D. Held-out comparison with dedicated recognisers

Table V and Fig. 5 compare the systems on identical
clips. Vesper-IndicEAR reaches 21–32% sn-CER on the Indic
sets, three to seven times the error of the better dedicated
model, and leads only on the MUCS mean, a set of code-
switched lecture and tutorial speech on which all systems
score poorly; per language it leads on MUCS Bengali (34.2
against 46.4) but trails slightly on MUCS Hindi (52.9 against
51.7). Of 65 (set, language) pairs it is better than the better
baseline in one, in both modes (MUCS Bengali). Passing the
language helps mainly where the automatic LID is wrong:
Urdu (Section VII-A), Hindi on IndicContext (28.7→23.9)
and Punjabi on Vaani (29.8→24.1). Errors vary widely by
language (Fig. 6). On Kathbath, Gujarati, Malayalam and Odia
are clearly harder than Hindi, Bengali, Tamil and Telugu, but
the ranking changes across sets (Gujarati is among the easiest
on IndicVoices and Vaani), so it reflects the data as much as
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Fig. 6. Vesper-IndicEAR (automatic language) sn-CER per language and
evaluation family.

the language.

E. English, language identification and robustness

English is recognised at 7.2/13.0% CER on the full Lib-
riSpeech test sets, but more weakly on accented and spon-
taneous speech (Table VI). The utterance LID is correct on
97.8% of FLEURS development utterances; its only material
confusion is Urdu speech labelled Hindi (Fig. 7), which
bounds the automatic script choice for Urdu. Acoustic cor-
ruption degrades the model steeply, and reverberation most of



TABLE V
HELD-OUT SCRIPT-NORMALISED CER (%), MEAN OVER THE LANGUAGES EVERY SYSTEM SUPPORTS (URDU EXCLUDED, AS SRAVAANI HAS NO URDU).

EVERY SYSTEM DECODES THE SAME 300 CLIPS PER LANGUAGE PER SET; LOWER IS BETTER, BEST IN BOLD. VESPER-INDICEAR NEVER SAW THESE
SETS’ SPEAKERS; THE BASELINES MAY HAVE TRAINED ON SOME OF THESE SOURCES. PER-LANGUAGE RESULTS ARE IN APPENDIX A.

Vesper-IndicEAR IndicConformer SraVaani

Test set automatic language given 600M 1.0 Languages

Kathbath clean, unseen speakers 21.0 20.9 3.4 3.2 10
Kathbath clean, test-known speakers 20.5 20.4 3.3 3.1 10
Kathbath noisy, unseen speakers 24.9 24.6 4.3 4.4 10
IndicVoices validation 24.3 23.9 7.7 7.4 10
Vaani test 24.8 24.1 10.9 8.4 10
IndicContext 32.4 31.6 5.2 5.3 7
MUCS 2021 (Hindi, Bengali) 43.5 42.9 49.0 49.3 2

TABLE VI
ENGLISH RECOGNITION AND UTTERANCE LANGUAGE IDENTIFICATION.

English test set CER (%)

LibriSpeech test-clean / test-other (full) 7.2 / 13.0
VoxPopuli test 12.8
FLEURS development 17.2
Vaani English test 16.9
Svarah (Indian-accented English) 25.6

Utterance LID, FLEURS development
accuracy / macro-F1 (12 languages) 97.8 / 97.1
F1 Hindi / Urdu / all others 84.7 / 85.5 / ≥98.9
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Fig. 7. Utterance-LID confusion on FLEURS development (row-normalised,
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all (Fig. 8): with RT60 0.9 s CER rises from 24.8 to 46.2,
and with RT60 0.6 s reverberation plus point noise at 10 dB to
53.2. Reverberation augmentation in training, which can only
shape the adapters and heads, did not remove this weakness.

VII. ANALYSIS

A. Hindi and Urdu: one spoken language, two scripts

Hindi and Urdu speech differ mostly in vocabulary register,
and our training data separates them only by the script its
transcribers used. The full-run mixture initially gave Urdu

0 10 20 30 40 50 60
CER (%), FLEURS dev, 12 languages
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Noise, 10 dB SNR

Noise, 5 dB SNR

Babble, 10 dB SNR
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Reverb 0.6 s + noise

24.8

30.2

35.2

33.0

38.3

46.2

53.2

Fig. 8. CER under acoustic corruption of FLEURS development (all 12
languages, decode-time rules on).

7.5% of draws and Hindi 4.5%, since Hindi had already
been trained in the pilot. After step 2,000 the model began
writing Hindi speech in Urdu script: Hindi CER on the run’s
development set rose from 24.8 to 44.5 by step 3,000 while
Urdu fell from 49.0 to 29.6 (Fig. 9); on 30 Hindi clips, 11
utterances mixed both scripts. Two fixes followed. Decode
rules (a) and (b) lowered Hindi CER on those clips from 50.7
to 41.0, and rule (c), which forbids mixing the two scripts in
one utterance, to 39.7. From step 3,427, Hindi’s share of draws
was raised to Urdu’s; Hindi recovered to 23.3 by step 4,000
and the balance tipped back towards Devanagari. For the final
model, the utterance LID recognises 95% of FLEURS Hindi
utterances but labels 25% of Urdu ones as Hindi (Fig. 7),
which bounds the automatic script choice: in automatic mode
Urdu reaches 54–74% sn-CER on Kathbath and Vaani, and
passing the language brings it to 32–50% (Appendix A). A
model that is meant to serve both scripts needs either a script
preference from the user or a stronger, register-aware language
decision.

B. Why the gap to dedicated models

The gap is large and consistent across test families (Ta-
ble V). In our judgement the causes are, roughly by weight:

1) Reading the frozen encoder without its language
model. The encoder carries much more than our reader
extracts: read by Gemma 4 E2B’s language model, it
reports 10.1% WER on FLEURS Hindi [8], whereas
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Vesper-IndicEAR reaches 40.8% WER with the lan-
guage given on 84 FLEURS Hindi test clips (Ap-
pendix E; the text normalisation differs, so the compar-
ison is indicative only). Its states are also less linearly
decodable than those of an ASR-trained CTC encoder:
the best linear probe trails Parakeet’s by 11 CER points
on English (Section VI-A). Six rank-128 adapters and
CTC heads recover part of this; a deeper or autoregres-
sive reader, or adapting the upper encoder layers, are the
natural next steps.

2) Training data. About 8,400 hours of audio were pro-
cessed, much of it seen more than once, whereas
SraVaani was pre-trained on 31,255 hours of unlabelled
Vaani audio, aligned with images, and fine-tuned on
31,263 hours of labelled speech from 24 datasets [36],
and IndicConformer on the IndicVoices collection and
other corpora [10].

3) Speaker-disjoint Kathbath. Our training saw few Kath-
bath speakers (Section IV); dedicated models typically
train on Kathbath’s training speakers, and its test-known
split shares them by design. Kathbath is nevertheless
where the gap is widest, so this explains only part of it.

4) Tokenisation. Marathi averages about 3.4 Devanagari
pieces per word, against 1.4 for Hindi, because the
Devanagari tokenizer was trained in the pilot on Hindi
text only and kept for the warm start.

MUCS is the exception: it is code-switched lecture and tutorial
speech on which all systems score poorly. Our training on
code-mixed IndicVoices and Vaani rows may help there, but
we have not isolated the cause.

C. A scoring artefact we nearly reported

An early comparison of the pilot model scored strict CER
and showed it ahead of IndicConformer on Vaani and MUCS.
Almost all of that lead came from IndicConformer writing
English words in native script while our references write them
in Latin; over the same ten languages, IndicConformer’s In-
dicVoices and Vaani errors are 16.4 and 24.9 under strict CER
against 7.7 and 10.9 under sn-CER. Script-normalised scoring
removed the lead. Comparisons between Indic recognisers
trained with different conventions for English words should
report a script-normalised metric beside strict CER or WER.



TABLE VII
COMPUTE FOR THE TWO TRAINING STAGES.

Pilot Full run

GPU A100 80 GB RTX PRO 6000, 96 GB
Training time ≈4.3 GPU-h ≈6 GPU-h (6.9 h wall)
Compute units (Colab) ≈55 ≈67 (incl. prep, eval)
Audio per GPU-hour ≈620 h ≈1,390 h
Peak GPU memory ≈76 GB ≈95 GiB

D. Training dynamics and cost

Each run was monitored on its own speaker-disjoint de-
velopment set with unconstrained decoding (not FLEURS).
The pilot’s development CER fell from 22.9 to 16.2 over
7,423 steps. The full run added eight languages and seven
scripts and reached a macro development CER of 25.1 at
step 13,000, most of the gain coming in its first 4,000 steps
(Appendix C). Most lost time came from the input pipeline,
not the model: before per-stream read-ahead and parallel
decoding, the GPU was about 15% busy; afterwards 93–
99% (Appendix D). The whole project used about 55 Colab
compute units for the pilot and about 67 for the full run
including data preparation, restarts and evaluation (Table VII);
per hour of audio processed, the RTX PRO 6000 was about
40% cheaper than the A100 once the pipeline kept it busy.

VIII. LIMITATIONS AND RESPONSIBLE USE

Vesper-IndicEAR has several times the error of dedicated
Indic recognisers and is not suitable for production transcrip-
tion, captions with legal or medical weight, or any decision
about a person. Automatic LID labels much of the Urdu
speech as Hindi, so it is written in Devanagari unless the
language is given. Reverberant and far-field audio degrade it
sharply. Its training data comes from a few collections of read,
prompted and extempore speech, so other domains, accents
and recording conditions will be worse than the numbers here.
Output has no punctuation, casing or inverse text normalisa-
tion, and word times are approximate (40 ms frames, no forced
alignment). Accuracy varies widely by language and likely by
dialect, gender and recording conditions, which we did not
measure. Our comparison uses 300 clips per language per set
and the baselines’ public checkpoints at pinned revisions; the
baselines may have trained on some of the test sources, while
Vesper-IndicEAR never saw their speakers. The encoder is
used under its licence (Apache-2.0); Google’s model card asks
that deployments follow the Gemma Prohibited Use Policy.

IX. CONCLUSION

The audio encoder of a multimodal embedding model, left
frozen and read without the language model it was built to
feed, supports a working multilingual recogniser for 11 Indian
languages and English with 11.8M trained parameters, a single
script-factored output and language identification that reports
without routing. It does not come close to dedicated Indic
recognisers: its error is three to seven times theirs on speaker-
disjoint test sets. The same encoder read by Gemma 4’s

language model does far better on Hindi, and its layers are
less linearly decodable than an ASR-trained CTC encoder’s,
so the limit lies mainly in how much a small reader on frozen
states can extract rather than in what the encoder holds. For an
application that already runs such an embedding model, the
result is a cheap multilingual transcription and language-ID
capability from one shared encoder. For competitive accuracy,
the next steps are a stronger reader on the same encoder or
adaptation of its upper layers, measured at matched data.

RELEASE

The model package (frozen tower, trained weights, tokeniz-
ers and a checksummed manifest) is at https://huggingface.
co/rahulsharmavishwakarma/vesper-indicEAR; the training
framework, recipe and run records at https://github.com/
rahulsharmavishwakarma/indicear; and the benchmark with
every system’s per-clip output at https://huggingface.co/
datasets/rahulsharmavishwakarma/vesper-indic-bench. All are
Apache-2.0, with dataset attributions in the repositories.
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APPENDIX A
PER-LANGUAGE RESULTS

Table VIII gives every (set, language) pair behind Table V.

APPENDIX B
HYPERPARAMETERS

Table IX lists the settings of both stages; the exact command
lines and per-step logs are in the released run records.

APPENDIX C
TRAINING CURVES AND INPUT DATA

Two data-steering changes were applied during the full run
without changing its configuration, so it resumed rather than
restarted: from step 1,079 the Kathbath Malayalam, Odia,
Urdu and Gujarati streams were no longer drawn (after speaker
exclusion, Malayalam would have been repeated about 310
times), and from step 3,427 Hindi’s share was raised from
4.5% to about 7.5%, equal to Urdu’s (Section VII-A).

APPENDIX D
ENGINEERING RECORD

Table X records every problem that cost time or compute,
and Fig. 12 shows its effect on throughput. The main lesson
is to load-test a streaming loader on the target machine, with
every stream and the real speaker exclusion, before a long run.

APPENDIX E
ADDITIONAL COMPARISON ON PUBLIC BENCHMARK CLIPS

The public Vesper ASR benchmark [66] records transcripts
of other speech models on public clips. We decoded the clips
it shares with our languages and scored every system with one
scorer (same normalisation, strict script), each on the clips all
systems cover (Fig. 13). On FLEURS Hindi, Nemotron 3.5
ASR [67] and Qwen3-ASR [68] are two to three times more
accurate; on English, Vesper-IndicEAR is far behind every
model in the benchmark; on 16 MUCS Hindi–English clips
it has the lowest CER, consistent with Section VI-D, but 16
clips are too few to rank systems.
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TABLE VIII
PER-LANGUAGE HELD-OUT SN-CER (%), 300 CLIPS PER LANGUAGE PER SET. A: VESPER-INDICEAR AUTOMATIC; G: LANGUAGE GIVEN; IC:

INDICCONFORMER 600M (LANGUAGE GIVEN); SV: SRAVAANI-1.0 (NO URDU). BEST PER ROW IN BOLD.

Kathbath clean Kathbath clean, known Kathbath noisy IndicVoices

Language A G IC SV A G IC SV A G IC SV A G IC SV

Hindi 16.9 16.6 2.5 2.2 16.9 16.7 2.4 2.2 21.4 20.6 3.3 3.2 18.4 17.0 4.9 4.7
Bengali 16.2 16.2 2.2 1.9 19.9 19.7 2.2 2.0 20.1 20.0 3.0 3.1 19.2 18.9 3.4 3.5
Telugu 18.5 18.5 3.7 3.5 17.6 17.6 3.8 3.6 23.8 23.8 4.4 4.6 33.8 33.5 10.7 11.3
Malayalam 28.4 28.4 3.6 3.2 29.4 29.4 3.2 2.8 31.0 30.8 3.6 3.4 29.1 29.0 10.2 9.6
Marathi 17.7 17.7 4.3 4.0 17.0 17.0 4.8 4.5 19.7 19.4 4.2 4.3 27.7 27.3 6.9 6.2
Gujarati 32.2 31.9 3.2 3.2 28.0 27.9 2.9 2.8 36.1 35.5 4.7 5.3 22.1 21.8 6.4 7.3
Punjabi 19.6 18.9 3.7 3.7 17.8 17.3 3.5 3.5 24.4 23.8 5.3 5.9 16.3 16.2 5.5 5.3
Odia 25.3 25.3 3.6 3.5 25.2 25.2 3.6 3.6 30.0 30.0 4.4 4.5 28.5 28.1 9.7 9.0
Urdu 53.9 32.5 2.6 – 57.0 34.4 2.6 – 68.0 41.8 2.4 – 27.0 20.4 2.7 –
Tamil 17.3 17.2 4.2 3.8 16.2 16.1 3.8 3.3 18.6 18.4 4.5 4.1 24.1 24.1 9.1 8.3
Kannada 18.0 17.8 2.7 2.9 17.1 17.1 3.0 2.9 24.3 24.1 5.2 5.2 23.8 23.7 10.4 9.1

Vaani IndicContext MUCS

Language A G IC SV A G IC SV A G IC SV

Hindi 14.7 14.2 6.4 3.8 28.7 23.9 5.9 6.2 52.9 52.0 51.7 51.9
Bengali 22.9 22.5 8.7 4.5 25.5 25.4 3.4 3.2 34.2 33.9 46.4 46.8
Telugu 21.2 21.2 7.3 6.6 26.6 26.6 3.6 3.6 – – – –
Malayalam 28.7 28.7 9.9 9.0 38.1 38.1 7.1 7.5 – – – –
Marathi 26.7 26.5 11.1 9.4 38.4 38.0 5.2 5.5 – – – –
Gujarati 17.8 17.7 5.1 3.5 34.7 34.3 2.4 2.2 – – – –
Punjabi 29.8 24.1 8.9 10.6 – – – – – – – –
Odia 24.5 24.5 12.9 10.3 34.7 34.7 9.0 9.2 – – – –
Urdu 74.2 50.2 19.2 – 47.2 43.4 13.1 – – – – –
Tamil 28.0 27.9 18.4 8.3 – – – – – – – –
Kannada 33.3 33.3 20.2 18.7 – – – – – – – –

TABLE IX
TRAINING SETTINGS OF THE TWO STAGES. BATCHES ARE DYNAMIC FRAME BUDGETS AT 25 ENCODER FRAMES PER SECOND OF AUDIO.

Pilot (pilot-v4lid) Full run (full_warm)

Languages hi, ta, kn, en 11 Indic + en
Initialisation frozen encoder, new heads pilot final (step 7,423)
Batch 67,045 frames (≈45 min padded audio) 71,676 frames (≈48 min), 2 micro-batches from step ≈350
Packing (real/padded frames) 0.48 0.784
Steps / audio processed 7,423 / 2,664 h 13,394 / 8,356 h
Learning rate 1.83× 10−3, 300 warm-up, cosine to 5% 6× 10−4, 300 warm-up, cosine to 5× 10−5

New output rows – learning rate ×3, bias −2
Loss weights (phon., utt. LID,
frame LID)

0.3, 0.1, 0.1 0.15, 0.1, 0.2

Optimiser AdamW, weight decay 0.001, gradient clip 1.0, seed 0; non-finite gradient norm skips the step (full run)
Precision bfloat16 autocast (a 21-step resume on an Apple GPU used float16 with gradient scaling)
Augmentation weights (50% of
rows clean)

noise .25, babble .20, reverb .175, reverb + point
noise .175, speed .15, 8 kHz .05

reverb .30, reverb + point noise .175, noise .20, babble .15, speed
.125, 8 kHz .05

Augmentation detail SNR 5–20 dB; RT60 0.3–0.9 s, 128 synthetic RIRs; speed 0.9/1.1; GSM/Opus/AMR on 15% of clips; on the GPU,
seeded per row

Hidden-state masking 2 time masks per 100 frames (width ≤10), 2 feature masks (width ≤64) on layer-6 states
Checkpoints every 500 steps or 10 minutes; development evaluation every 1,000 steps
Hardware A100-SXM4 80 GB RTX PRO 6000 Blackwell Server Edition, 96 GB, 48 vCPU
Software CPython 3.14 free-threaded, PyTorch 2.14.1 (CUDA 13.0), transformers 5.20.2
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TABLE X
PROBLEMS MET DURING TRAINING, WITH CAUSE AND FIX. EACH COST TIME OR COMPUTE, AND MOST WOULD RECUR ON A NEW RUN.

When Symptom Cause Fix

Pilot cuFFT out of memory in GPU aug-
mentation

band-limiting by large FFTs power-of-two FIR convolution; retry on cuFFT memory
errors

Pilot compute balance ran out; machine and
disk lost

billing lapse checkpoints were already synced; the tokenizer was not,
and was rebuilt and verified; the sync now includes it

Pilot model reported ahead of
IndicConformer

strict CER counted native-script English as errors script-normalised CER (Section V)

Full, prep load average 620 on 48 vCPUs each ffmpeg call spawned 66 threads one thread per ffmpeg call
Full, prep a killed preparation stage was marked

done
graceful SIGTERM exits with status 0 a stage is done only if its report is newer than its start

Full, prep text pass took about 2 h one serial pass over every stream parallel text pass, sampled shards for the tokenizer: 13 min
Full, step 0 loss stuck at about 29.7 new-script bias −40; Adam moves a bias by about

the learning rate per step
bias −2

Full, step 0 GPU idle one thread read rows for all 53 streams at ≈266×
real time, ≈740× needed

per-stream read-ahead threads

Full, steps 0–99 GPU about 15% busy each batch decoded on one thread rows decoded and augmented in parallel
Full, step 99 resume took 4.5 min streams restored one by one parallel restore, eager read-ahead
Full, steps 99–
1,079

GPU 60–90% busy; Hub rate-limit
errors

speaker exclusion left Kathbath Malayalam with 6%
of its rows; the stream looped and re-downloaded
shards

stop drawing those streams; a stream that accepts no row
in a full pass stops

Full, step 3,000 Hindi development CER 24.8→44.5 Urdu drew 7.5% of rows, Hindi 4.5% decode rule (c); Hindi rebalanced from step 3,427
Full, any step risk of a non-finite step in bfloat16 no guard without gradient scaling a non-finite gradient norm skips the step
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