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(a) Prompt-based context integration.
Whisper’s decoder is conditioned on
contextual text via (Prompt1) a prior
transcription or (Prompt2) a retrieved
similar sentence, improving zero-shot
dialectal transcription.
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more proxy transcriptions guide the selec-
tion of the closest hypothesis from a non-
autoregressive ASR model’s n-best list under
WER, consistently outperforming top-1 de-
coding and approaching the oracle.

Figure 1: Overview of the context-aware decoding strategies studied in this work.

Abstract

Zero-shot ASR for Arabic remains challeng-
ing: while multilingual models perform well
on Modern Standard Arabic (MSA), error rates
rise sharply on dialectal and accented speech
due to linguistic mismatch and scarce labeled
data. We study context-aware decoding as
a lightweight test-time adaptation paradigm
that conditions inference on external side in-
formation without parameter updates. For
promptable encoder–decoder ASR (e.g., Whis-
per), we incorporate context through (i) de-
coder prompting with first-pass hypotheses and
(ii) encoder/decoder prefixing with retrieved
speech-text exemplars, complemented by sim-
ple prompt reordering and optional speaker-
matched synthetic exemplars to improve ro-
bustness in informal and multi-speaker set-
tings. To extend contextual adaptation beyond
promptable architectures, we introduce proxy-
guided n-best selection for CTC ASR: given
one or more external proxy hypotheses, we

select from a model’s n-best list by minimiz-
ing text-level distance to the proxies, enabling
contextual inference without direct prompting.
Across ten Arabic conditions spanning MSA,
accented MSA, and multiple dialects, the best-
performing context-aware variants yield aver-
age relative WER reductions of 22.29% on
MSA, 20.54% on accented MSA, and 9.15%
on dialectal Arabic. For CTC ASR on our Com-
mon Voice MSA testbed, proxy-guided selec-
tion reduces WER by 15.6% relative and re-
covers a substantial fraction of oracle n-best
gains, showing that external-context guidance
can also benefit non-promptable ASR.

1 Introduction

Large-scale multilingual ASR has substantially
improved recognition for high-resource lan-
guages (Sekoyan et al., 2025; Pratap et al., 2023;
Babu and et al., 2021). Models such as Whis-
per (Radford et al., 2023) achieve strong perfor-
mance on languages including English and Mod-
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ern Standard Arabic (MSA) (Abdelali et al., 2023).
However, performance on dialectal Arabic remains
markedly lower (Team et al., 2025; Talafha et al.,
2024, 2023), reflecting phonological, lexical, and
syntactic differences from MSA (Ali et al., 2016a),
as well as orthographic variability, code-switching,
and persistent data mismatch. Since collecting suf-
ficient labeled speech for each variety is costly and
often infeasible (Jurafsky and Martin, 2025), zero-
shot ASR (i.e., inference without dialect-specific
supervised adaptation or parameter updates) is a
practical necessity. Consequently, dialectal Arabic
continues to exhibit high error rates on benchmarks
such as Casablanca (Talafha et al., 2024).

In this work, we explore context-aware decoding
as an umbrella term for lightweight, training-free
test-time adaptation strategies for zero-shot Arabic
ASR. The core idea is to condition decoding on ex-
ternal side information available at inference time,
such as first-pass hypotheses or retrieved in-domain
exemplars, to steer recognition without retraining.
We study three inference-time interfaces: decoder
prompting for Whisper, encoder/decoder prefixing
with aligned speech–text context for Whisper, and
proxy-guided n-best selection for non-promptable
CTC ASR. In this framing, direct prompting serves
primarily as a contextual baseline, while our main
additions are the robustness analysis of prompt re-
ordering, speaker-consistent prefixing, and the ex-
tension of external-context guidance to CTC rerank-
ing.

Importantly, context-aware inference need not
rely on promptable architectures. To extend the
same principle to non-autoregressive ASR, we pro-
pose proxy-guided n-best selection for encoder-
only CTC models, such as Omnilingual ASR (Om-
nilingual et al., 2025). In this setting, one or
more external ASR hypotheses act as proxies that
guide selection from the model’s n-best list using
text-level distance metrics. This yields a simple,
training-free mechanism for contextual adaptation
even when direct prompting is unavailable.

We evaluate our methods on ten Arabic condi-
tions spanning MSA, accented MSA, and multi-
ple regional dialects. Across conditions, context-
aware decoding improves over Whisper and Seam-
lessM4T (Barrault et al., 2023) baselines, yielding
average relative WER reductions of 22.29% on
MSA, 20.54% on accented MSA, and 9.15% on
dialectal Arabic. Proxy-guided n-best selection
provides additional gains for CTC ASR, reducing
WER by 15.6% relative on MSA and recovering a

substantial fraction of oracle n-best improvements.
Our results suggest that these context-aware strate-
gies provide a practical way to improve zero-shot
ASR in dialect-rich, low-resource settings.

2 Related Work

The persistent performance gap between ASR sys-
tems on high-resource languages and low-resource
dialects has motivated a wide range of adaptation
strategies. Prior work has shown that even state-of-
the-art multilingual models such as Whisper and
SeamlessM4T perform poorly in zero-shot dialec-
tal settings (Talafha et al., 2024; Abdelali et al.,
2023). In particular, Whisper is prone to halluci-
nated, repetitive, or boilerplate outputs when de-
coding speech from unseen dialects or informal
domains (Talafha et al., 2023). Approaches based
on model distillation, such as uDistil-Whisper (Wa-
heed et al., 2024b), attempt to address these is-
sues but remain limited by their reliance on pseudo-
labels generated by teacher models that themselves
underperform on dialectal speech.

More recently, test-time adaptation through con-
textual prompting has emerged as a promising alter-
native to fine-tuning. Suh et al. (2024) demonstrate
that injecting manually written or automatically
generated textual prompts into Whisper’s decoder
can significantly improve domain-specific tran-
scription. Complementarily, Wang et al. (2024b)
propose Speech-based In-Context Learning (SICL),
which adapts Whisper at inference time by concate-
nating retrieved speech examples to the encoder
input and prepending their transcripts as decoder
prefixes, achieving large relative WER reductions
on unseen Chinese dialects. These methods en-
able adaptation without gradient updates and are
particularly attractive for low-resource and multi-
lingual settings. Our work builds on this line of re-
search by extending prompt- and prefix-based con-
textualization to Arabic dialectal ASR and by in-
troducing additional mechanisms—such as prompt
reordering, modality-specific retrieval, and speaker-
conditioned synthesis—to improve robustness in
multi-speaker and informal scenarios.

Beyond prompting, decoding-time alternatives
to standard beam search have also been explored.
Sample-based Minimum Bayes Risk (MBR) de-
coding selects hypotheses that maximize agree-
ment within an n-best list and has been shown to
outperform beam search for autoregressive ASR
models such as Whisper (Jinnai, 2025). How-
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ever, MBR relies exclusively on internal hypoth-
esis structure and does not incorporate external
contextual signals. Moreover, its applicability to
non-autoregressive encoder-only architectures re-
mains limited. Relatedly, Cheng (2024) investigate
confidence- and similarity-based hypothesis selec-
tion strategies at decoding time, highlighting the
potential of decision-level interventions without re-
training. These approaches, however, do not exploit
external proxy transcriptions as a source of con-
textual guidance. More broadly, our work is also
related to contextual biasing, retrieval-augmented
ASR, and ASR rescoring/reranking, but differs in
focusing on simple, training-free inference-time
interfaces for zero-shot Arabic ASR rather than
learned adaptation modules or full rescoring mod-
els.

Our work builds on the general insight that test-
time contextual information can meaningfully im-
prove ASR, while addressing limitations of prior
methods. In addition to prompt- and prefix-based
adaptation for encoder–decoder models, we in-
troduce proxy-guided n-best selection for non-
autoregressive CTC ASR systems, such as Omnilin-
gual ASR. By leveraging external ASR hypotheses
as proxies and selecting the closest candidate under
text-level distance metrics, our approach provides a
simple yet effective decision-level adaptation mech-
anism that complements existing prompting and
reranking techniques, and extends context-aware
decoding to architectures that do not support tex-
tual prompts.

3 Methodology

We study context-aware decoding as a training-free
test-time adaptation paradigm for ASR. Given an
input utterance, we obtain auxiliary context from
sources available at inference time (e.g., first-pass
hypotheses or retrieved exemplars) and incorporate
it into decoding without updating model parame-
ters. As summarized in Figure 1, we instantiate
context-aware decoding through three complemen-
tary mechanisms, depending on where context en-
ters the inference pipeline: (i) decoder prompting
(§ 3.1) for promptable encoder–decoder ASR, (ii)
encoder-decoder prefixing (§ 3.2) with aligned
speech–text exemplars, and (iii) decision-level
reranking (§ 3.3) for non-autoregressive CTC
ASR via proxy-guided n-best selection.

Throughout, we use Whisper to instantiate
prompt- and prefix-based integration, and we ex-

tend the same principle to non-promptable archi-
tectures by applying proxy-guided selection to Om-
nilingual. Unless otherwise stated, all retrieval in-
dices are fixed before evaluation and do not include
ground-truth transcripts from evaluation sets.

3.1 Prompt-Based Context Integration

Prompt-based context integration leverages the
ability of promptable encoder–decoder ASR mod-
els to condition decoding on external textual side
information. We instantiate this strategy using
Whisper (Radford et al., 2023), a multilingual en-
coder–decoder Transformer whose autoregressive
decoder accepts optional prompt region (i.e., a pre-
fix of text tokens) that biases generation without
modifying model parameters.

As illustrated in Figure 1a, Whisper decodes au-
dio conditioned on a structured token sequence con-
sisting of (i) a prompt region (if provided), (ii) task-
specific tokens (language and transcription mode),
and (iii) the output sequence. We inject contextual
text immediately after the designated prompt region
(i.e., |PREV| token), so that lexical and semantic
cues can influence decoding while preserving the
standard Whisper inference pipeline. We consider
two sources of textual context: (i) a first-pass tran-
scription of the target utterance produced by an
auxiliary ASR system, and (ii) a retrieved sentence
selected from a fixed reference text index using the
first-pass hypothesis as a query (Figure 1a, Prompt1
and Prompt2). Both variants aim to bias decoding
toward lexical choices that better match the target
variety without supervised adaptation.

First-pass transcription prompting. We use
first-pass hypotheses generated by SeamlessM4T
(SM4T) (Barrault et al., 2023) as prompts, moti-
vated by its strong zero-shot performance on some
Arabic dialects (Waheed et al., 2024b). The in-
tuition is that exposing Whisper to dialectal lexi-
cal forms at inference time can bias the decoder
toward outputs that better reflect the target vari-
ety, even when the first-pass output is imperfect.
Because Whisper’s autoregressive decoder may
treat prompts as coherent text to be continued, we
also explore simple prompt reordering heuristics
intended to reduce prompt continuation behavior
while preserving lexical content. Concretely, given
a prompt token sequence, we apply either (a) ran-
dom permutation of word tokens or (b) reversal at
the word level. These transformations preserve the
multiset of prompt words but disrupt sequential co-
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herence. Their empirical impact, including effects
on hallucination, is analyzed in Section 4.1.

Retrieval-based prompting. To reduce sensi-
tivity to noisy first-pass transcriptions, we alter-
natively retrieve a similar sentence from a fixed
human-written text index and use it as the prompt.
Retrieval operates purely in the text domain: given
a first-pass hypothesis, we compute its embedding
using a shared feature extractor and retrieve the
nearest neighbor sentence under cosine similarity.
In our experiments, the reference index is con-
structed from the text side of a corpus containing ap-
proximately 500K speech–text pairs (Waheed et al.,
2024b). This setup is attractive in low-resource
settings because it relies only on text at inference
time and does not require paired contextual audio.
Unlike first-pass prompting, we do not reorder re-
trieved prompts: retrieval is intended to preserve
semantically and lexically aligned structure, and
reordering would change the retrieval signal itself
rather than merely disrupt prompt continuation.

3.2 Prefix-Based Context Integration
Prefix-based context integration extends prompt-
based conditioning by injecting context into both
the encoder and decoder of Whisper using aligned
speech-text exemplars. Rather than providing
text alone, this method prepends a contextual au-
dio segment and its transcript to the test utter-
ance, enabling the model to exploit complementary
acoustic and linguistic cues throughout the full en-
coder–decoder pipeline. Our approach is inspired
by SICL (Wang et al., 2024b), which demonstrates
effective test-time conditioning without parameter
updates.

As illustrated in Figure 1b, given a test utter-
ance with audio input x, we construct a contextual
prefix consisting of a contextual audio xctx and
its transcript pctx. The concatenated waveform
xctx ⊕ x, separated by a fixed 1-second silence, is
fed to Whisper’s encoder. On the decoder side, we
prepend pctx to the decoder token history and then
generate the target transcript autoregressively:

ŷ = argmax
y

T∏

t=1

P (yt | [pctx;y<t], xctx ⊕ x; θ) .

Here [pctx;y<t] denotes concatenation of the
fixed contextual transcript prefix and the previously
generated tokens. We consider three sources of
contextual prefixes.

Retrieved exemplar prefixing. We retrieve a
semantically similar utterance from a reference
speech-text collection and use its aligned pair
(xctx,pctx) as context. We retrieve candidates us-
ing character-level TF–IDF similarity (Section 5.2),
which is robust to orthographic variability in dialec-
tal Arabic. Unlike typical SICL setups, retrieved
and test utterances in our data may come from
different speakers, and we observe that speaker
mismatch can destabilize conditioning and degrade
decoding quality.1

Speaker-conditioned synthesis for prefix audio.
To mitigate speaker mismatch, we synthesize the
contextual audio to match the target speaker while
keeping the contextual text fixed. Specifically,
given a contextual transcript pctx, we generate
speaker-conditioned speech x̃ctx using a pretrained
TTS model (XTTS (Casanova et al., 2024)) condi-
tioned on a speaker embedding extracted from the
test utterance. We use XTTS only as a speaker-
conditioned synthesizer to reduce speaker mis-
match in the contextual audio prefix; we do not
treat it as a claim about best-in-class Arabic dialect
TTS. Because the contextual waveform is gener-
ated from text, this variant avoids requiring paired
contextual speech at inference time (beyond the test
utterance itself) while providing a single-speaker
prefix that reduces acoustic discontinuities.

Self-prefixing. Finally, instead of retrieving ex-
ternal exemplars, we optionally construct a contex-
tual prefix directly from the test utterance: we ob-
tain a first-pass hypothesis for the utterance, treat it
as pctx, and synthesize x̃ctx via the same speaker-
synthesis procedure. This self-prefixing variant
yields a speaker-consistent contextual prefix with-
out relying on external audio data.

3.3 Proxy-Guided n-Best Selection for
Non-Autoregressive CTC ASR

The preceding methods exploit the promptable
encoder–decoder structure of Whisper. In con-
trast, many ASR systems are non-autoregressive
encoder-only CTC models that do not support
textual prompting or encoder-decoder prefixing.
To extend context-aware decoding to this set-
ting, we introduce proxy-guided n-best selection,
a decision-level, training-free adaptation strategy
that leverages external ASR hypotheses to rerank
the model’s candidates (Figure 1c).

1https://github.com/openai/whisper/
discussions/434
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We instantiate this approach using Omnilin-
gual ASR (Omnilingual et al., 2025), a multilin-
gual CTC-based system. Given an audio input
x, the model produces an n-best list of candi-
date transcriptions {h1, . . . , hn} via its standard
CTC beam search. In parallel, an auxiliary ASR
system (e.g., SM4T) generates a proxy transcrip-
tion g for the same utterance. We then select the
final hypothesis by minimizing a text-level dis-
tance between the candidate and the proxy: ĥ =
argminhi∈H d(hi, g), where d(·, ·) denotes a text-
level distance such as WER, CER, or 1−BLEU.
This procedure leaves the CTC model, objec-
tive, and beam-search decoding unchanged and ex-
ploits proxy information purely as a post-decoding
reranker. While we present the single-proxy case
for clarity, the method naturally extends to multi-
ple proxies by aggregating distances across proxies
(Section 5.3).

4 Experiments

We evaluate context-aware decoding on ten Ara-
bic conditions spanning MSA, accented MSA,
and diverse dialectal speech. Experiments cover
Common Voice 15.0 (CV) (Ardila et al., 2019),
FLEURS (Conneau et al., 2023), the MGB broad-
cast benchmarks (Ali et al., 2016b, 2017, 2019),
and five curated conversational dialect datasets (in-
house data in Waheed et al. (2024a)). Dataset
details are in Appendix A.1. All results use a
shared text normalization pipeline (Appendix A.2);
we also keep decoding hyperparameters fixed
within each model family across all method vari-
ants. Because our methods target two ASR ar-
chitectures, we report Whisper-based results and
CTC-based results separately. We first analyze
prompt- and prefix-based context integration for
Whisper (Section 4.1), summarized in Table 1, fol-
lowed by proxy-guided n-best selection for non-
autoregressive CTC models (Section 4.2). All num-
bers follow standardized text normalization (Ap-
pendix A.2).

4.1 Context-Aware Decoding for Whisper

Table 1 reports WER/CER for zero-shot Whisper
decoding. We compare the standard Whisper-large-
v3 baseline against prompt-based and prefix-based
context-aware variants, and include SeamlessM4T
(SM4T) (Barrault et al., 2023) as a strong stan-
dalone baseline. Unless stated otherwise, retrieval
indices (text or speech-text) are fixed before eval-

uation and exclude evaluation transcripts to avoid
leakage.

Baselines. Consistent with prior work (Waheed
et al., 2024b), SM4T outperforms Whisper on most
dialectal conditions, while both models achieve
substantially lower error rates on MSA than on
dialectal Arabic, highlighting the persistent gap
between standard and non-standard varieties.

MSA and accented MSA. On MSA and ac-
cented MSA, prompt-based integration can yield
large gains only when prompt structure is carefully
controlled. Direct prompting with first-pass tran-
scriptions frequently triggers prompt continuation
and hallucinations failures, particularly for incom-
plete or weakly constrained utterances. In such
cases, Whisper may over-interpret the prompt as
a coherent text to be continued rather than auxil-
iary context, producing empty outputs or boiler-
plate filler. In Arabic, recurring hallucinations in-
clude phrases such as �

èA
	
J
�
®Ë @ ú




	
¯ @ñ»Q

�
�
�
�@ (“subscribe

to the channel") or Q�® 	J�¯ ú


æ�
	
�A
	
K
�
éÔg

.
Q
�
K (“Translated

by Nancy Kangar"), consistent with prior obser-
vations on Arabic Whisper failures (Talafha et al.,
2023).2

Prompt reordering strategies—random shuffling
or reversing the prompt—substantially suppress
hallucination behaviors by disrupting sequential
coherence. Across MSA and accented MSA, re-
versed prompts yield the most reliable improve-
ments, outperforming both standard Whisper and
direct prompting while minimizing the abovemen-
tioned common hallucination patterns. To better
understand this effect, qualitative examples are pro-
vided in Appendix A.6.

Retrieval-based prompting provides modest
MSA gains when lexical alignment between the
prompt and target utterance is strong, but degrades
under domain mismatch (notably on FLEURS).
Prefix-based methods are effective only when
speaker characteristics are aligned: using retrieved
audio without adaptation offers limited benefit,
whereas speaker-consistent synthesized prefixes
yield consistent improvements on MSA. Overall,
prompt reversal emerges as the most robust adap-

2Similar artifacts have been reported across languages
(e.g., subtitle tags or generic markers), suggesting a broader
weakness of autoregressive decoding rather than a language-
specific phenomenon; see, e.g., https://gist.github.
com/riotbib/3b3c5f817b55b68801d14b8bdb02df09
and https://medium.com/@lehandreassen/
who-is-nicolai-winther-985409568201.
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Language
Condition

Baselines Ours: Prompt-based (←) Ours: Prefix-based (→)

SM4T W-v3 W←FPT W←Rand W←Rev W←SMms W←SSea W→SSea
No-TTS

W→SSea
TTS

W→Pt
TTS

MSA

CV15.0 WER/
CER

11.12/
3.55

15.55/
5.06

10.40 /
3.18

12.01/
3.93

12.12 /
3.88

13.69/
4.59

12.69/
4.29

15.67/
7.45

11.26/
3.46

10.28/
3.29

MGB2 WER/
CER

17.35/
8.73

16.02/
7.64

47.61/
36.61

16.7/
9.09

15.01/
7.66

17.28/
7.48

16.51/
7.24

17.15/
7.94

14.66/
5.97

14.26/
6.36

Avg MSA WER/
CER

14.24/
06.14

15.79/
06.35

29.01/
19.90

14.36/
06.51

13.57/
05.77

15.49/
06.04

14.60/
05.77

16.41/
07.70

12.96/
04.72

12.27/
04.83

Accented MSA

Fleurs WER/
CER

7.66/
4.0

9.2/
2.77

17.34/
12.56

7.36/
3.73

7.31/
3.76

12.18/
3.93

12.21/
4.34

11.56/
4.69

10.22/
3.60

9.31/
2.72

External Dialects

MGB3 WER/
CER

31.48/
15.75

35.9/
17.67

63.47/
50.14

31.62/
15.98

31.14/
15.26

37.15/
18.43

35.45/
17.47

35.45/
17.22

34.22/
15.90

33.51/
18.64

MGB5 WER/
CER

77.43/
43.62

79.16/
45.1

76.04/
45.66

69.37/
35.55

69.89/
35.49

76.90/
42.02

75.23/
40.37

74.35/
38.90

73.70/
37.13

68.21/
33.96

Avg Ext WER/
CER

54.46/
29.69

57.53/
31.39

69.76/
47.90

50.50/
25.77

50.52/
25.38

57.03/
30.23

55.34/
28.92

54.90/
28.06

53.96/
26.52

50.86/
26.30

Casa-Dialects

ALG WER/
CER

86.89/
45.5

78.6/
37.81

77.83/
39.19

73.07/
31.26

73.13/
30.38

76.59/
34.70

74.68/
34.17

76.87/
36.57

74.53/
31.28

70.08/
31.85

JOR WER/
CER

38.29/
12.01

40.79/
13.55

37.34/
12.12

37.52/
12.25

37.34/
12.12

38.01/
13.39

35.90/
12.59

36.96/
13.61

35.00/
11.79

36.04/
14.10

PAL WER/
CER

48.82/
16.49

50.38/
17.52

46.12/
14.98

46.55/
14.9

46.12/
14.96

45.28/
16.48

45.24/
16.69

44.38/
16.65

42.94/
14.92

52.78/
27.16

UAE WER/
CER

51.79/
19.75

55.03/
22.98

49.1/
18.13

49.45/
18.48

48.98/
18.05

50.22/
21.01

48.32/
20.06

51.02/
23.26

47.90/
19.03

51.91/
24.53

YEM WER/
CER

70.22/
28.97

62.51/
24.42

60.74/
23.49

60.35/
22.97

60.21/
23.28

64.82/
26.51

62.60/
25.47

63.32/
27.30

60.73/
23.01

64.70/
30.56

Avg Int WER/
CER

59.20/
24.54

57.46/
23.26

54.23/
21.58

53.39/
19.97

53.16/
19.76

54.98/
22.42

53.35/
21.80

54.51/
23.48

52.22/
20.01

55.10/
25.64

Avg All WER/
CER

44.11/
19.84

44.31/
19.45

48.60/
25.61

40.40/
16.81

40.13/
16.48

43.21/
18.85

41.88/
18.27

42.67/
19.36

40.52/
16.61

41.11/
19.32

Avg Dia WER/
CER

57.85/
26.01

57.48/
25.58

58.66/
29.10

52.56/
21.63

52.40/
21.36

54.98/
22.42

53.35/
21.80

54.51/
23.48

52.22/
20.01

55.10/
25.64

Table 1: WER (↓) and CER (↓) across various Arabic speech conditions using baseline and context-aware Whisper
decoding strategies. Baseline models are SM4T: SeamlessM4T and W-v3: Whisper-large-v3. Our prompt-based
methods (←) inject contextual text into the decoder using W←FPT: first-pass transcriptions. ←Rand: randomly
shuffling the prompt’s words and←Rev: reversing the prompt word’s order. ←SMms and←SSea retrieve similar
sentences based on Meta’s Massively Multilingual Speech (MMS) or SM4T, respectively. Prefix-based methods
(→) concatenate contextual (speech, text) pairs at the encoder/decoder inputs. W→SSea No-TTS uses retrieved
contextual speech directly; W→SSea TTS uses speaker-conditioned synthesized contextual speech; and W→Pt
TTS denotes self-prefixing, where the test utterance’s first-pass hypothesis is treated as pctx and synthesized into a
speaker-consistent contextual prefix.

tation strategy for accented MSA, while speaker-
consistent prefixing is most effective on MSA.

External dialectal datasets (MGB-3/5). Whis-
per performs poorly on external dialectal bench-
marks, with baseline WERs of 35.90% on MGB-3
(Egyptian) and 79.16% on MGB-5 (Moroccan), re-
flecting severe dialect and domain mismatch. First-
pass direct prompting exacerbates this issue on
MGB-3, increasing WER to 63.47%, as Whisper of-
ten treats the prompt as ground truth and produces
empty or boilerplate outputs. On MGB-5, direct
prompting yields only marginal gains (76.04%).

Prompt reordering substantially mitigates these
failures. Random shuffling reduces WER to

31.62% on MGB-3 and 69.37% on MGB-5, while
reversing achieves the best result on MGB-3
(31.14%) and comparable performance on MGB-
5 (69.89%). These gains indicate that disrupting
prompt syntax discourages prompt-continuation ar-
tifacts in highly mismatched dialectal settings.

Retrieval-based prompting yields limited bene-
fits. MMS-based retrieval slightly degrades MGB-
3 performance and provides only marginal gains on
MGB-5, while SM4T-based retrieval narrows this
gap but remains consistently weaker than prompt
reordering. Prefix-based methods are more stable
on dialects: prefixing with raw retrieved audio pro-
vides modest gains but remains sensitive to speaker
mismatch. In contrast, speaker-consistent, synthe-
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sized prefix improves robustness, reducing WER
to 34.22% on MGB-3 and 73.70% on MGB-5. The
strongest prefix-based result is obtained by self-
prefixing, which reduces MGB-5 WER to 68.21%
(≈14% relative improvement). Averaged across
both datasets, prompt reordering remains the most
effective strategy.

Casa-Dialects. Across five dialectal test sets
(Algerian, Jordanian, Palestinian, Emirati, and
Yemeni), Whisper performs substantially worse
than on MSA, with an average WER/CER of
57.46/23.26 compared to 15.79/6.35 on MSA. Er-
ror rates vary widely across dialects, with Alge-
rian being the most challenging (78.60/37.81) and
Jordanian the least (40.79/13.55), reflecting a com-
bination of linguistic divergence and domain mis-
match.

Prompting with SM4T first-pass hypothesis re-
duces the average error to 54.23/21.58, with gains
concentrated in dialects closer to MSA, such as
Jordanian (37.34/12.12), Palestinian (46.12/14.98),
and Emirati (49.10/18.13). Prompt-reordering fur-
ther improves robustness: shuffling is particularly
effective for Algerian, reducing WER to 73.07%,
while reversing yields the best overall average
(53.16/19.76), corresponding to a relative WER
reduction of nearly 7.5% over Whisper’s baseline.

Retrieval-based prompting provides limited ben-
efits. Retrieval using SM4T transcripts yields
a modest improvement (53.35/21.80), whereas
MMS-based retrieval is less effective, again indi-
cating that lexical overlap with the greatest variety
(i.e., MSA) plays a larger role than semantic sim-
ilarity alone. Prefix-based methods show mixed
behavior. Prefixing with retrieved audio degrades
performance (54.51/23.48), often due to speaker
mismatch. In contrast, speaker-consistent, synthe-
sized prefixes substantially improve stability and
yield the best overall performance across Casa-
Dialects, averaging (52.22/20.01, ≈9% relative
WER reduction), including improvements on diffi-
cult dialects such as Algerian (74.53/31.28). Self-
prefixing achieves the largest gains on Algerian,
yielding a ≈4.5% WER reduction over retrieval-
based prefixing.

4.2 Proxy-Guided n-Best Selection for CTC
ASR

We next evaluate whether external proxy transcrip-
tions can improve decoding for non-promptable,
non-autoregressive (CTC) ASR models. Experi-
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Figure 2: WER of Omnilingual ASR (CTC) on MSA as
a function of beam size. Proxy-guided n-best selection
(Nearest) consistently outperforms top-1 decoding and
recovers a large fraction of the oracle n-best gains.

ments use Omnilingual ASR (omniASR_CTC_1B)3

with a CTC objective on Common Voice MSA as a
controlled testbed with stable decoding behavior.

For each utterance, the CTC model produces
an n-best list using beam search with beam sizes
B ∈ {2, . . . , 10}. In parallel, auxiliary ASR sys-
tems generate first-pass transcriptions that serve as
external proxies. For a given beam size, we select
candidates whose text is closest to the proxy un-
der a distance metric d ∈ {WER,CER, 1−BLEU},
which we refer to as Nearest selection. As an upper
bound, we also report an Oracle that selects the
hypothesis with the lowest WER to the reference.

Figure 2 plots WER as a function of beam size
for top-1 decoding, proxy-guided Nearest selec-
tion, and the Oracle. Top-1 decoding remains fixed
at 20.58% WER across all beam sizes, indicat-
ing that increasing the beam primarily expands
lower-ranked alternatives while leaving the highest-
scoring hypothesis unchanged for most utterances.
In contrast, proxy-guided selection consistently re-
duces error rates: at beam size 2, Nearest lowers
WER to 19.00%, and at beam size 10 it reaches
17.36%, corresponding to a 15.7% relative reduc-
tion over top-1 decoding.

The Oracle curve highlights the remaining head-
room in the n-best list. At beam size 10, the Ora-
cle achieves 13.49% WER, indicating that proxy-
guided selection recovers 70% of the oracle im-
provement. Results are consistent across WER-
, CER-, and BLEU-based distances, with WER-
based selection performing marginally better, sug-
gesting that proxy transcriptions provide a robust

3https://github.com/facebookresearch/
omnilingual-asr
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guidance signal largely insensitive to the specific
similarity metric. Runtime overhead is measurable
but bounded: on a single NVIDIA A10 GPU, auxil-
iary ASR passes remain sub-second to low-second
depending on utterance length, while XTTS is the
most expensive component; full per-component
timings and approximate compute are reported in
Appendix A.9.

5 Discussion

This section provides additional analysis to clar-
ify (i) the effect of speaker-conditioned TTS on
prefix-based context, (ii) design choices for text re-
trieval in prompt-based conditioning, and (iii) when
multi-proxy guidance helps proxy-guided n-best
selection.

5.1 Impact of Speaker-Conditioned TTS on
Prefix-Based Decoding

Prefix-based context integration can use either a
real contextual waveform xctx (retrieved from a
speech–text collection) or a synthetic contextual
waveform x̃ctx generated by speaker-conditioned
TTS from the same contextual transcript pctx. A
natural concern is that TTS artifacts might de-
grade Whisper’s recognition accuracy by introduc-
ing acoustic mismatch or unnatural prosody.

To assess this effect, we compare prefix-based
decoding using real versus TTS-generated con-
textual audio on three datasets (CV15, MGB-3,
and FLEURS). Figure 4 (Appendix) shows that
replacing real contextual speech with synthesized
speech yields a non-trivial but bounded degrada-
tion: +6.79 WER points on CV15, +4.98 on
MGB-3, and +1.05 on FLEURS. Averaged across
datasets, the degradation is 4.27 WER points and
3.41 CER points. We interpret this as a feasibility
result rather than a claim of TTS fidelity: speaker-
conditioned synthesized context remains a practical
fallback when matched contextual speech exem-
plars are unavailable, but it is not a drop-in substi-
tute for real contextual audio.

5.2 Retrieval Representations: Why
Character-Level TF–IDF Works Best

For prompt retrieval, we evaluate four representa-
tions for measuring similarity between a first-pass
hypothesis and candidates in a fixed text index:
(i) character-level TF–IDF, (ii) dense text embed-
dings, (iii) speech-derived embeddings, and (iv)
speaker embeddings. We compare these choices

using downstream ASR performance after injecting
the retrieved sentence as a decoder prompt.

As shown in Table 4 (Appendix; see also Ap-
pendix A.5), character-level TF-IDF is the most
effective retrieval representation, reducing WER
from 22.84% (standard Whisper decoding) to
17.89%. In contrast, dense text embeddings reach
20.04% WER, while speech- and speaker-based
embeddings are less effective (24.78% and 27.16%
WER, respectively). TF-IDF’s strength lies in lexi-
cal overlap, robustness to orthographic variation,
and low cost, making it effective for dialectal Ara-
bic and noisy hypotheses. In addition, TF-IDF op-
erates purely in the text domain and is computation-
ally inexpensive, motivating its use as the default
prompt-retrieval method in our experiments.

5.3 Multi-Proxy Interpolation for
Proxy-Guided n-Best Selection

Quantitative trends. We extend proxy-guided
n-best selection by interpolating guidance signals
from multiple auxiliary ASR systems. Given two
proxy transcriptions p1 and p2, we score each can-
didate hypothesis h using a weighted sum of dis-
tances: d(h) = αd(h, p1) + (1 − α) d(h, p2),
where d(·, ·) denotes a hypothesis-to-hypothesis
normalized word-level edit distance (WED; i.e.,
WER-style edit distance computed between two
strings) and α ∈ [0, 1] controls the contribution
of each proxy. We then select the hypothesis with
the lowest interpolated score. Figure 3 (Appendix)
summarizes interpolation behavior on MSA and di-
alectal test sets. Single-proxy selection already im-
proves over top-1 CTC decoding across all datasets,
and multi-proxy interpolation yields additional
gains that are modest but stable. For example, on
CV (MSA), top-1 decoding yields 20.58% WER,
single-proxy selection reduces WER to 17.36%,
and interpolation further reduces WER to 17.34%.
This additional improvement is small relative to the
remaining gap to the oracle (13.49%), but consis-
tent across a range of interpolation weights. Similar
trends hold for dialectal Arabic. See Appendix A.8
for details and for a discussion illustrated with ex-
amples of why interpolation helps.

6 Conclusion

We studied a set of lightweight, training-free
context-aware decoding strategies for zero-shot
Arabic ASR. Across MSA, accented MSA, and
diverse dialectal conditions, our methods improve
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recognition without parameter updates or architec-
ture changes by injecting contextual side informa-
tion at inference time. For promptable encoder–
decoder ASR (Whisper), structured prompt- and
prefix-based integration can substantially reduce
error rates: prompt reordering mitigates prompt-
continuation hallucinations, and speaker-consistent
prefixing improves stability when contextual ex-
emplars differ in speaker characteristics. Be-
yond promptable architectures, we showed on
a controlled Common Voice MSA testbed that
proxy-guided n-best selection can also benefit non-
autoregressive CTC ASR, consistently outperform-
ing top-1 decoding and recovering a substantial
portion of the available oracle n-best improvement.
Using multiple auxiliary proxies provides small
but reliable additional gains in our interpolation
sweeps, suggesting that different ASR systems
offer complementary error signals. Future work
will explore: (i) prompt-aware fine-tuning to re-
duce hallucinations; (ii) retrieval and prompting
for code-switching and domain mismatch; and (iii)
stronger proxy reranking (e.g., LLM-based) and ex-
tending contextualization to emerging promptable
ASR backbones.

Limitations

Despite the consistent gains from context-aware
decoding, several limitations remain. These lim-
itations were most salient in settings with strong
mismatch (e.g., retrieval under domain shift on
FLEURS and highly mismatched dialectal broad-
cast speech) and may affect scalability, latency, and
generalization in real deployments.

1. Computation and latency overhead. Our
methods add per-utterance steps beyond stan-
dard decoding, including (i) generating first-
pass hypotheses with an auxiliary ASR,
(ii) feature extraction and nearest-neighbor
search for retrieval, and (iii) optional speaker-
conditioned TTS for constructing contextual
prefixes. These components increase compute
and introduce measurable latency overhead
(see Appendix A.9 for per-component tim-
ings), which may be undesirable for stream-
ing, real-time, or edge scenarios. Simi-
lar overhead has been reported for retrieval-
augmented or kNN-augmented Whisper de-
coding (Wang et al., 2024a; Nachesa and Nic-
ulae, 2024; Shen et al., 2025).

2. Sensitivity to auxiliary component qual-
ity. The effectiveness of contextual prompt-
ing, prefixing, and proxy-guided selection
depends on the quality of auxiliary signals.
Noisy proxy hypotheses can mislead prompt-
ing or reranking (e.g., exacerbating prompt-
continuation artifacts under direct prompt-
ing), and TTS artifacts (pronunciation errors,
prosody mismatch, or limited dialectal cov-
erage) can reduce the usefulness of synthe-
sized prefixes. While our analyses suggest
that speaker-conditioned synthesis is reason-
ably robust on the evaluated sets, stronger mis-
match or lower-quality TTS may degrade per-
formance.

3. Limited effective prompt budget. Prompt-
able ASR models impose practical limits on
how much context can be supplied at inference
time. In common Whisper implementations,
only a bounded number of prompt tokens are
effectively used during decoding (often on
the order of a few hundred tokens), which
constrains the benefit of long contextual in-
puts.4 Some toolchains expose larger context
windows, but a nontrivial portion is reserved
for task tokens and decoding context.5 This
limitation motivates future work on selective
prompting and compact, structured contextual
cues.

4. Dialect and domain coverage. Although
we evaluate across multiple datasets and di-
alects, Arabic remains underrepresented in
public ASR resources. Several dialects (e.g.,
Sudanese, Mauritanian, Iraqi) are not covered
in our experiments, and existing benchmarks
may exhibit domain, genre, or demographic
skew. Consequently, the magnitude of gains
may vary when transferring to unseen dialects,
spontaneous conversational speech, or heavy
code-switching.

5. Retrieval dependence and scalability. Re-
trieval quality depends on corpus composi-
tion, normalization, and the similarity func-
tion. Lexical retrieval (e.g., character-level
TF–IDF) can be sensitive to tokenization and
spelling variation, while semantic or acous-

4https://platform.openai.com/docs/guides/
speech-to-text

5https://github.com/huggingface/transformers/
issues/27445
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tic retrieval may overemphasize particular do-
mains or speaker traits. Moreover, scaling
to larger corpora can improve recall but in-
creases indexing and search-time costs, which
may further impact deployment constraints.

6. Incomplete exploration of prompting and
reranking strategies. Our study focuses on
TF–IDF-based retrieval and simple prompt re-
ordering (reverse/shuffle), as well as distance-
based proxy reranking. Many alternatives re-
main to be explored, including confidence-
weighted or selective prompting, structured
prompts that explicitly encode dialect or topic,
learned rerankers, and LLM-based context
generation that produces more constrained,
dialect-aware cues (Suh et al., 2024).
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A Appendix

A.1 Datasets

Common Voice 15.0 (CV15). A crowd-sourced
dataset of read Arabic speech (Ardila et al., 2019).
Utterances written in MSA, the formal variety used
widely across the Arab world in news broadcasts,
education, and official contexts.

MGB-2/3/5. This collection comes from the Ara-
bic Multi-Genre Broadcast (MGB) challenges (Ali
et al., 2016b, 2017, 2019), which feature speech
from real-world broadcast content. MGB-2
(around 1,200 hours) contains MSA with other di-
alects mixed in. MGB-3 (≈6 hours) focuses on
Egyptian dialect, while MGB-5 (≈6 hours) fo-
cuses on Moroccan Arabic. We present MGB-3
and MGB-5 as external dialectal data. We manu-
ally validated MGB samples and found errors like
omissions, mismatches, and typos.

FLEURS. The Arabic portion of FLEURS (Con-
neau et al., 2023). Features read speech sourced
from news and web content. The speech is in MSA
but spoken with an Egyptian accent, as known as
accented MSA (Waheed et al., 2024c; Talafha et al.,
2023).

Casa-Dialects. In-House dataset presented in Wa-
heed et al. (2024a) covering five underrepresented
Arabic dialects: Algerian (ALG), Jordanian (JOR),
Palestinian (PAL), Emirati (UAE), and Yemeni
(YEM), representing four major regions (North
African, Levantine, Gulf, and Yemeni). Na-
tive speakers annotated segments from YouTube-
sourced local TV series. The resulting corpus con-
tains 10,567 utterances and 121,293 words, totaling
over 13 hours of speech. Detailed statistics are pro-
vided in Waheed et al. (2024a).

A.2 Preprocessing

Some of the datasets include inconsistencies in
formatting and script usage. For instance, certain
utterances are fully marked with diacritics while
others, sometimes from the same source, lack them
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Figure 3: Deviation in WER (percentage points) relative to single-proxy Whisper selection as a function of
interpolation weight α, across MSA (Common Voice) and dialectal Arabic test sets. Negative values indicate
improvement. Multi-proxy interpolation consistently improves over single-proxy selection and remains stable across
a wide range of α, approaching the oracle bound without requiring careful tuning.
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Table 2: Examples of top retrieved sentences using different extractors. TF-IDF consistently preserves surface
forms, while dense and acoustic features tend to retrieve semantically related but lexically or contextually divergent
content. Sample size=1000

entirely. To ensure consistency across all inputs,
we apply a standard preprocessing pipeline inspired
by Talafha et al. (2023). Specifically, we remove
all punctuation except the % and @ symbols, strip
diacritics, Hamzas, and Maddas, and convert East-
ern Arabic numerals to their Western equivalents
(e.g., 29 to 29). Additionally, since our focus is
not on code-switching, we exclude any Latin-script
tokens from the data.

A.3 Model Settings

All experiments were conducted using the trans-
formers and datasets libraries from HuggingFace.
All audio segments were resampled to a sampling
rate of 16kHz. Evaluations were performed on a
single computing node equipped with 8 A10 GPUs
(24GB each). For ASR systems, we employed:

Whisper: whisper-large-v37 (1.55B parame-
ters), SeamlessM4T: seamless-m4t-v2-large8

(2.3B parameters), MMS: mms-1b-all9 (1B
parameters), and Omnilingual: omniASR_CTC_1B
10 (1B parameters)

For the retrieval-based components, we adopted
the following extractors: TF-IDF: Character-level
n-gram features using analyzer="char_wb" and
ngram_range=(3, 5). Sentence Embeddings:
We used an off-the-shelf Arabic sentence encoder,

7https://huggingface.co/openai/
whisper-large-v3

8https://huggingface.co/facebook/
seamless-m4t-v2-large

9https://huggingface.co/facebook/mms-1b-all
10https://github.com/facebookresearch/

omnilingual-asr
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11, Speech Embeddings: Extracted from the final
hidden states of the whisper-large-v3 encoder.
Speaker Embeddings: Derived from speaker
verification with ECAPA-TDNN embeddings12

trained on Voxceleb dataset (Desplanques et al.,
2020). All models were used with their default
hyperparameter settings unless otherwise specified.

A.4 Effect of Reversed Prompting on
Hallucination and Output Fidelity

Table 3 presents manually selected examples illus-
trating the impact of reversed prompting on tran-
scription quality. In each case, we compare the
output of Whisper when conditioned on a stan-
dard SM4T-based prompt versus a reversed version
of the same prompt. The examples highlight fail-
ure modes such as hallucinated phrases or overly
short outputs in the standard prompt condition. Re-
versed prompting consistently recovers content that
is more faithful to the reference transcription, with
substantially lower WER.

Example 1

Reference �Ë @ 	áÓ ¨ñ
	
K Aî

�
DÓQK.

�
éJ
ÊÒªÊË ù¢«@ A

	
��
@ð

Whisper+prompt
ú



	
¯
�
èQ�

�
J»

�
HAJ


	
¯ñ

�
�
�
��Ó

Whisper+Rev 	áÓ ¨ñ
	
K Aî

�
DÓQK.

�
éJ
ÊÒªÊË ù¢«@ A

	
��
@ð

WER (prompt) 1.00
WER (Rev) 0.14

Example 2

Reference ZA
	
�
�
®Ë@

	
¬Q£ 	áÓ @YJ


�
®Ó iJ.�@ C

�
JÓ ú



æ�AJ
�Ë@ H. A¢

	
mÌ'@ �Ë @

	
à@

Whisper+prompt
ÉK.

Whisper+Rev ZA
	
�
�
®Ë@

	
¬Q£ 	áÓ @YJ


�
®Ó iJ.�@ C

�
JÓ ú



æ�AJ
�Ë@ H. A¢

	
mÌ'@

	
à@

WER (prompt) 1.00
WER (Rev) 0.10

Example 3

Reference ø


@
�
é
�
®K
Q¢Ë@ è

	
YîE. ú



×ñºmÌ'@ ÉÒªË@ Q�.«ð 2011 Pñ

�
J�X Q�.«

Whisper+prompt
�
èA
	
J
�
®Ë @ ú




	
¯ @ñ»Q

�
�
�
�@

Whisper+Rev �
é
�
®K
Q¢Ë@ è

	
YîE. ú



×ñºmÌ'@ ÉÒªË@ Q�.«ð 2011 Pñ

�
J�X Q�.«

WER (prompt) 1.00
WER (Rev) 0.11

Table 3: Manually selected examples showing how re-
versed prompting mitigates hallucinations and improves
WER.

A.5 Qualitative Analysis of Retrieval Modes

We manually analyzed 1,000 samples from the
CV15 dev set to better understand the behavior
of different retrieval extractors. Table 2 presents

11https://huggingface.co/
Omartificial-Intelligence-Space/
Arabic-mpnet-base-all-nli-triplet

12https://huggingface.co/speechbrain/
spkrec-ecapa-voxceleb

Mode WER/CER

Vanilla 22.84/9.65
TFIDF 17.89/7.96
Text Embedding 20.04/7.83
Speech 24.78/11.08
Speaker 27.16/13.26

Table 4: WER/CER using different feature extractors
for text retrieval on CV15 (sample size = 1000).

six representative query sentences along with the
top matches returned by each method. TF-IDF
consistently retrieved sentences with higher
token-level overlap with the reference, resulting in
more aligned surface-level matches. In contrast,
dense text embeddings often returned semantically
related but lexically divergent paraphrases, while
speech and speaker embeddings frequently
retrieved contextually unrelated content due to
acoustic or speaker similarity. It is important
to note that retrieval comparisons are based on
the first-pass transcription, which serves as the
input to the retrieval system. These qualitative
observations align with our quantitative results,
where TF-IDF achieved the lowest WER and CER
on CV15 (17.89 / 7.96; n=1000; see Table 4).
For example, when querying with the sentence
( @Y 	

« ú



�
GA
�
K 	áË Aî

	
E @ 	áºÒÖÏ @ 	áÓ), TF-IDF retrieves

the closely related (ú



�
GA
�
J� Aî

	
E @ 	áºÒÖÏ @ 	áÓ),

maintaining both structural and lexical
overlap. In contrast, the text embedding
method returns ( @Y 	

« A
	
Jë

	
àñº

�
K 	áË ÕË), se-

mantically related but lexically distinct,
while the speech-based method yields the
more generic ( A 	JªÓ ú




�
GA
�
K

	
à@ É

	
�
	
¯B@ 	áÓ AÖß.P),

and the speaker-based method retrieves
( @Q�


	
JÓ Ag. @Qå�ð é

	
K
	
XAK. é<Ë @ úÍ@ AJ
«@Xð), which shares

little contextual relevance. A similar pattern is seen
for the query ( �éÊ¾ �

�ÖÏ @ Q�.º
�
K ½

	
K @), where TF-IDF

returns the precise phrase ( �éÊ¾ �
�ÖÏ @

�
I�Ë A

	
K @),

while speech and speaker retrievals yield vague
or acoustically aligned but semantically distant
matches.

A.6 Qualitative Analysis of Hallucination
Suppression

. We manually inspected 30 development sam-
ples where sentence-level WER dropped from ≥1
to 0 after prompt reversal. Hallucinations oc-
cur most often for incomplete utterances, back-
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Figure 4: Comparison between the performance of
Whisper on real speech vs. TTS-generated speech
across different language settings (sample size=1000).

ground music, voice-over segments, or multi-
speaker dialogue. For example, the truncated ut-
terance �Ë @ 	áÓ ¨ñ

	
K Aî

�
DÓQK.

�
éJ
ÊÒªÊË ù¢«@ A

	
��
@ð (“It

also gave the whole process a kind of") lacks se-
mantic closure and usually triggers hallucinations
under direct prompting. Prompt reordering, particu-
larly reversal, suppresses these failures by reducing
prompt-continuation tendencies (Table 3).

A.7 TTS Efficiency

We measure the performance of the TTS model by
transcribing its synthetic output and comparing it
with real speech under three conditions (i.e., MSA,
Dialect, Accented MSA). See Figure 4.

A.8 Impact of Proxy Interpolation on CTC
Decoding

In dialectal Arabic, interpolation improves over the
stronger single-proxy baseline by approximately
0.5-2.0 WER points depending on the dialect. Per-
formance is broadly stable across α, with best val-
ues often occurring in the mid-to-high range (ap-
proximately α ∈ [0.5, 0.9] in our sweeps). For
Algerian, where the CTC baseline WER is very
high (80.15%), improvements are noise-limited;
nevertheless, both single- and multi-proxy selec-
tion consistently outperform top-1 decoding.

Why interpolation helps. Table 5 presents rep-
resentative cases in which interpolation selects hy-
potheses that are closer to the reference than both
top-1 decoding and single-proxy selection. Across
MSA and dialects (Jordanian, Palestinian, Emi-
rati, Yemeni, Algerian), we observe that top-1 and
single-proxy choices can share error modes, while

interpolation is able to favor lower-ranked candi-
dates that avoid these shared substitutions. For
instance, in the MSA example, both top-1 decod-
ing and Proxy 1 introduce an orthographic substi-
tution in the main verb (( �

IJ.ª
�
K → �

IJ.ª£)), while

Proxy 2 corrects the verb but substitutes Xñ
�
Q̄Ë @ with

Xñ»QË@, altering meaning. Interpolation resolves
this trade-off by selecting a lower-ranked beam
(rank 3) that preserves both the correct verb form
and the intended meaning. Similar behavior ap-
pears across dialects: in Jordanian speech, top-1
and proxy-based selections may alter noun inflec-
tion ( �éÊ 	ª �

� → ú


Î
	
ª
�
�), whereas interpolation selects

a higher-rank beam (rank 8) that restores the correct
form. In Palestinian examples, phonetically similar
but incorrect substitutions (e.g., È@ñ�¯



@ → ø



@ñ
�
¯


@) are

avoided by selecting lower-probability candidates
(rank 10). In Emirati and Yemeni speech, top-1
and proxy-based outputs can introduce consonant
or verb-prefix errors, while interpolation favors
mid-ranked hypotheses (ranks 5–8) that recover
grammatical verb forms. For Algerian, interpola-
tion can likewise correct dialect-specific distortions
by selecting a lower-ranked beam (rank 3). Overall,
these examples suggest that combining comple-
mentary proxy signals can steer selection toward
candidates that are more linguistically coherent
than those favored by any single proxy.

A.9 Latency and Compute Summary
Table 6 reports per-component latency for auxiliary
ASR, XTTS, and full prompt/prefix/proxy-guided
configurations across utterance-length bins on a sin-
gle NVIDIA A10 GPU, together with an aggregate
compute summary for the reported experiments.
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Variety Jordan

Reference Q�
º
	
®
�
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éÊ
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�
� ø



Aë , Qº

	
¯


@ ø


YK. ú
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�
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�
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Î
	
ª
�
� ø



Aë Qº

	
¯


@ ø


YK. ú



Í Èñ
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¯


@ ø


YK. ú
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®
�
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�
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�
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@

α-Rank 8

Variety Palestine

Reference È@ñ
�
¯
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��
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g , ÕºJ
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��


@ ÕºJ
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g ÕºJ
Ê

	
g
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@

�
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��


@ ÕºJ
Ê

	
g ÕºJ
Ê

	
g

α-Rank 10

Variety UAE
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�@ ÐAK
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B@ 	áÓ ÐñK
 ú




	
¯

	
à@


ú



�
æ
	
JK. AK


�
I

�
¯Y� AÓ

NP-1 	áj. �Ë@ ú
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α-Rank 8

Variety Algeria

Reference ú


æ
�
� Èñ

�
®K.

	
­Ê¾

�
J�

	
� ú




	
G @P ú




�
GBñÓ ½�@P

�
��
Qå�º

�
KAÓ

Rank-1 ú


æ
�
� É¾K.

	
­Ê¾

�
J�

	
� ú




	
G @P ú




�
æËñÓ ½�@P

�
��
Qå�º

�
K AÓ

NP-1 ú


æ
�
� É¾K.

	
­Ê¾

�
J�

	
� ú




	
G @P ú




�
æËñÓ ½�@P

�
��
Qå�º

�
K AÓ

NP-2 Zú


æ
�
� É¾K.

	
­Ê¾

�
J�

	
� ú




	
G @P ú




�
æËñÓ ½�@P

�
��
Qå�º

�
K AÓ

α-Selected ú


æ
�
� É¾K.

	
­Ê¾

�
J�

	
� ú




	
G @P ú




�
æËñÓ ½�@P

�
��
Qå�º

�
K AÓ

α-Rank 3

Variety Yemen

Reference ? @
	
Yºë éK. Éª

	
®
�
JK.

�
��
ËRank-1 @

	
Yºë éJ


	
¯ Éª

	
®
�
JÓ

�
��
ËNP-1 @

	
Yºë éJ


	
¯ Éª

	
®
�
JÓ

�
�Ë

NP-2 @
	
Yºë éJ


	
¯ Éª

	
®
�
JÓ

�
��
Ë

α-Selected @
	
Yºë éJ


	
¯ Éª

	
®
�
JK.

�
��
Ë

α-Rank 5

Variety MSA - CV

Reference ÐñJ
Ë @ È@ñ£ QK
Qå�Ë @ ú



	
¯ Xñ

�
Q̄Ë @ 	áÓ

�
IJ.ª

�
K

Rank-1 ÐñJ
Ë @ È@ñ£ QK
Qå�Ë @ ú



	
¯ Xñ

�
Q̄Ë @ 	áÓ

�
IJ.ª£NP-1 ÐñJ
Ë @ È@ñ£ QK
Qå�Ë @ ú




	
¯ Xñ

�
Q̄Ë @ 	áÓ

�
IJ.ª£NP-2 ÐñJ
Ë @ È@ñ£ QK
Qå�Ë @ ú




	
¯ Xñ»QË@ 	áÓ

�
IJ.ª

�
K

α-Selected ÐñJ
Ë @ È@ñ£ QK
Qå�Ë @ ú



	
¯ Xñ

�
Q̄Ë @ 	áÓ

�
IJ.ª

�
K

α-Rank 3

Table 5: Qualitative examples across MSA and Arabic
dialects where α-interpolation recovers linguistically
correct hypotheses missed by rank-1 and single-proxy
selection by promoting lower-ranked beams. Rank-1
denotes the top ASR hypothesis; NP-1/NP-2, nearest
to Proxy 1/2; α-Selected, interpolated choice; α-Rank,
beam rank; CV, Common Voice.
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Model / Configuration Ultra-Short Short Medium Long Extreme

Whisper 268.60 436.94 880.71 928.89 683.87
SeamlessM4T 498.39 566.85 544.65 927.58 1389.58
XTTS 1700.00 3100.00 3500.00 7200.00 9700.00
Omni-CTC 64.90 64.82 65.56 109.46 314.58
Prompt: Whisper + FPT (SM4T) 766.99 1003.79 1425.36 1856.46 2073.45
Prefix: Whisper + FPT (SM4T) + XTTS 2466.99 4103.79 4925.36 9056.46 11773.45
Omni-CTC + (Proxy-Seamless) 563.30 631.67 610.21 1037.04 1704.16
Omni-CTC + (Proxy-Whisper) + (Proxy-Seamless) 831.90 1068.61 1490.92 1965.93 2388.03

Table 6: Latency breakdown (ms) across utterance-length bins on a single NVIDIA A10 GPU.
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