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Abstract

The Whisper model, an open-source automatic speech recog-
nition system, is widely adopted for its strong performance
across multilingual and zero-shot settings. However, it fre-
quently suffers from hallucination errors, especially under
noisy acoustic conditions. Previous works to reduce hallu-
cinations in Whisper-style ASR systems have primarily fo-
cused on audio preprocessing or post-processing of transcrip-
tions to filter out erroneous content. However, modifications
to the Whisper model itself remain largely unexplored to mit-
igate hallucinations directly. To address this challenge, we
present a two-stage architecture that first enhances encoder
robustness through Adaptive Layer Attention (ALA) and fur-
ther suppresses hallucinations using a multi-objective knowl-
edge distillation (KD) framework. In the first stage, ALA
groups encoder layers into semantically coherent blocks via
inter-layer correlation analysis. A learnable multi-head atten-
tion module then fuses these block representations, enabling
the model to jointly exploit low- and high-level features for
more robust encoding. In the second stage, our KD frame-
work trains the student model on noisy audio to align its se-
mantic and attention distributions with a teacher model pro-
cessing clean inputs. Our experiments on noisy speech bench-
marks show notable reductions in hallucinations and word er-
ror rates, while preserving performance on clean speech. To-
gether, ALA and KD offer a principled strategy to improve
Whisper’s reliability under real-world noisy conditions.

Introduction
Recent progress in Automatic Speech Recognition (ASR)
has been fueled by Transformer-based encoder-decoder ar-
chitectures, such asWhisper, which effectively capture long-
range dependencies and model complex acoustic and lin-
guistic interactions (Yang et al. 2024; Tseng et al. 2024;
Radford et al. 2023; Gulati et al. 2020). However, these mod-
els remain vulnerable to hallucinations: fluent yet semanti-
cally incorrect transcriptions. Hallucinations are particularly
problematic in noisy or non-speech segments and can seri-
ously undermine trust in speech systems, since they often
escape detection by conventional metrics like the word error
rate (WER) (Atwany et al. 2025; Frieske and Shi 2024). Re-
cent research indicates that hallucinations often arise from
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misaligned internal representations in both the encoder and
decoder when faced with noisy input conditions (Atwany
et al. 2025). Many existing solutions focus on downstream
techniques, such as pre-processing using voice activity de-
tection (Bain et al. 2023), post-processing (Fang et al. 2022),
and data augmentation (Barański et al. 2025), but they do not
address the root cause in latent representations. To remedy
this, we introduce a two-stage framework that first strength-
ens encoder robustness through Adaptive Layer Attention
(ALA) and mitigates hallucinations using a multi-objective
knowledge distillation (KD) strategy.
To enhance the robustness of encoders in noisy condi-

tions, we introduce Adaptive Layer Attention (ALA), a dy-
namic fusion mechanism that utilises the hierarchical repre-
sentations present within Transformer encoders. Since each
transformer encoders comprise multiple layers, each captur-
ing different levels of phonetic, lexical and semantic infor-
mation (Barakat 2024). Therefore, relying solely on the final
layer, as traditional ASR systems do, can result in the loss
of intermediate features. ALA addresses this issue by per-
forming inter-layer correlation analysis, which groups lay-
ers into semantically coherent blocks. It then applies a learn-
able multi-head attention (MHA) mechanism (Vaswani et al.
2017) to dynamically fuse these block representations dur-
ing both training and inference time. This enables segment-
wise selection of the most informative layer block, enhanc-
ing contextual modelling under noisy conditions. By adap-
tively fusing information across the encoder hierarchy, ALA
produces richer and more stable representations, reducing
dependence on any single layer and improving overall noise
robustness.
To further reduce hallucinations beyond improvements at

the encoder level, we introduce a Multi-Objective Knowl-
edge Distillation (MOKD) strategy that supervises decoder
behaviour under noisy conditions. While the ALA en-
hances the quality of input representations, hallucinations
can still occur if the decoder misinterprets noisy segments.
To address this, we fine-tune the ALA-augmented encoder-
decoder model using a clean-speech trained ASR model as
the teacher, which provides stable representations and atten-
tion distributions. During the training of the student model
on noisy inputs, we use a composite loss function that opti-
mizes three objectives: (1) cross-entropy loss for transcrip-
tion accuracy, (2) cosine similarity loss between the teacher
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and student representations at the final encoder and decoder
layers to promote semantic and contextual alignment, and
(3) Mean Squared Error (MSE) loss on the decoder’s cross-
attention maps to transfer the teacher’s attention behavior.
Our combined framework (MOKD) first equips the en-

coder with noise-aware adaptive attention, then supervises
the decoder’s behaviour to emulate clean speech patterns.
This dual-stage design tackles hallucination at both the rep-
resentation and attention levels. Related work in distillation
for machine translation and speech recognition has shown
that transferring attention alignment between models im-
proves robustness and generalisation (Hentschel et al. 2024;
Tseng et al. 2024; Yoon 2025; Nguyen et al. 2025). Building
on these insights, our approach aligns both semantic repre-
sentations and attention behaviours across teacher and stu-
dent models. This results in improved WER and better se-
mantic consistency, measured via metrics such as SeMaS-
core (Sasindran, Yelchuri, and Prabhakar 2024) on noisy
speech datasets, while maintaining performance in clean
speech. Empirical analysis demonstrates a substantial reduc-
tion in hallucination and more stable cross-attention patterns
of the decoder. Our key contributions are:

1. We propose ALA over the Whisper encoder to enhance
robustness under noisy speech conditions by incorporat-
ing low-level features from the intermediate layers.

2. We introduce a multi-loss KD strategy that combines
cross-entropy, encoder/decoder cosine similarity, and de-
coder attention MSE to align intermediate representa-
tions with a clean teacher model.

3. We train the student model exclusively on noisy data
while distilling knowledge from a clean-data teacher, en-
abling effective generalisation in real-world noisy sce-
narios.

Related Work
Adaptive Layer Attention: Transformer architectures in
ASR often rely on final-layer encoder outputs, discarding
intermediate representations that may carry phonetic, lex-
ical, or semantic cues. Prior modalities, such as audio-
visual ASR, have explored fusing features across layers to
improve performance in noisy environments. For instance,
MLCA-AVSR applies multi-layer cross-attention fusion to
combine audio and visual embeddings at different encoder
depths, yielding robustness to noisy speech (Wang et al.
2024; Hentschel et al. 2024).
More broadly, multi-layer feature fusion has been shown

to be beneficial in vision and language modelling. While
not directly targeting ASR, these studies motivate a dynamic
combination of internal layer representations. Our ALA ex-
tends this principle within a single-modality ASR encoder.
Although recently proposed Differential Transformer archi-
tectures introduce mechanisms to reduce attention to noise
and mitigate hallucinations by amplifying relevant attention
via subtraction across attention maps, these operate at the
decoder head level rather than selectively fusing encoder
layer representations (Ye et al. 2024). ALA complements
such efforts by enriching encoder inputs before decoding.

Multi-Objective Knowledge Distillation: Knowledge dis-
tillation (KD) has been widely used to transfer robust be-
haviour from one model to another, often through hidden
states matching. In speech recognition, KD has improved
streaming or resource-constrained ASR by aligning CTC-
based teacher state alignments or token posterior outputs to
a student model (Hentschel et al. 2024).
In neural machine translation, attention alignment distil-

lation techniques, such as “Align-to-Distill” (A2D), learn
adaptive mappings between teacher and student attention
heads, surpassing heuristic layer alignment and significantly
boosting performance in low-resource scenarios (Jin et al.
2024; Inaguma and Kawahara 2021). Our MOKD frame-
work adapts these insights to ASR: we align encoder and
decoder final-layer representations and cross-attention be-
tween a clean-speech teacher and a noisy-speech student.
Our losses include encoder cosine similarity, decoder co-
sine similarity, and decoder cross-attention map MSE, com-
bined with standard token-level cross-entropy. This exhaus-
tive supervision allows the student to replicate the teacher’s
robust attention behaviour and prevent hallucinations, go-
ing beyond traditional logit-only distillation. Prior works
such as “Keep decoding parallel” show that intermediate-
layer KD, particularly between an external language model
and ASR student, can boost token accuracy in CTC-based
or attention-based systems by transferring semantic LM
knowledge at multiple levels (Jin et al. 2024; Hentschel et al.
2024). Similarly, our method leverages multi-layer internal
alignment, but specifically targets hallucination reduction by
mirroring the attention behaviour of a clean-trained teacher.
In Distil-Whisper (Gandhi, Von Platen, and Rush 2023),

the authors used a simple word error rate (WER) heuristic
to select only the highest quality pseudolabels for training.
The study notes that Distil-Whisper is less prone to halluci-
nation errors compared to the original Whisper model. Mo-
tivated by these findings, we use Distil-Whisper as one of
the baseline models for this proposed approach. In combi-
nation, ALA and KD address hallucination in Whisper from
two complementary angles: ALA enhances encoder repre-
sentations by adaptively fusing layer blocks, improving con-
textual robustness under noise; KD aligns student decoder
semantics and attention with that of a clean teacher. While
previous literature has studied layer-wise fusion or atten-
tion alignment in isolation, our approach uniquely integrates
both, yielding stronger WER reduction and hallucination
mitigation in noisy ASR tasks.

Proposed Methodology
This section presents the key components of our method-
ology: (i) Adaptive Layer Attention (ALA), which consti-
tutes Stage-1 and enhances encoder representations, and (ii)
a Multi-Objective Knowledge Distillation (MOKD) frame-
work, which forms Stage-2 and mitigates decoder hallucina-
tions under noisy conditions.

Adaptive Layer Attention Details
Transformer-based ASR models like Whisper utilise deep
encoder stacks, where each layer progressively abstracts fea-
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Figure 1: Block diagram of the proposed architecture combining Adaptive Layer Attention for encoder feature fusion andMulti-
Objective Knowledge Distillation to reduce hallucination.Efinal andDfinal represents encoder and decoder final hidden states.

tures from raw audio to linguistic representations. How-
ever, under noisy conditions, certain encoder layers capture
distorted or redundant signals, which degrade performance
when passed directly to the decoder. To overcome this, we
propose an ALA mechanism that adaptively fuses repre-
sentations from structurally similar encoder layers, ensuring
more robust and context-aware acoustic modelling.
Inter-Layer Similarity Analysis: We begin by analysing
the cosine similarity between all encoder layer outputs to
understand their functional roles under noise. The heatmap
shown in Figure 2 reveals that layers tend to group naturally:

• Layers L1–L6 exhibit high mutual similarity, forming a
block of low-level acoustic features.

• Layers L7–L11 form another block representing higher-
level semantic abstractions.

• Layer L12 diverges significantly from all others, suggest-
ing possible overfitting to noise and, notably, reflecting
its specialised optimisation for decoder input.

This motivates a selective fusion strategy that avoids pass-
ing noisy or uninformative layers (e.g., L12) into the de-
coder, while still retaining useful abstractions. Notably, this
structural pattern in encoder similarity was consistently ob-
served across all languages evaluated in the dataset section.
Adaptive Fusion via Block-Wise Attention: Let the en-
coder produce hidden states from all L layers:

E = {e1, e2, ..., eL}

We first compute pairwise cosine similarity between en-
coder layer outputs and group layers intoK coherent blocks
{B1, B2, ..., BK}, where each block contains layers with
high inter-layer similarity.

1. Mean Block Representation: To derive block-level rep-
resentations, we explored several strategies, including
weighted summation, multi-head attention, and mean
pooling (Gwak and Jung 2025). Among these, mean
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Figure 2: Heatmap for encoder inter-layer similarity on a
subset of Hindi Kathbath test dataset.

pooling yielded the best performance. Consequently, for
each block Bk, we compute a block-level representation
rk by applying the mean pooling to the hidden states of
all layers in that block:

rk =
1

|Bk|
∑

l→Bk

el (1)

This results in a set of block-wise embeddings R =

{r1, r2, ..., rK}.
2. Positional Encoding: To maintain temporal structure,

we inject positional encoding (PosEnc) (Vaswani et al.
2017) into the mean block representations:

Z = PosEnc(R) (2)

The resulting Z will then be passed to the MHA.
3. Adaptive Multi-Head Attention and Final Projection:

For each token, we use the final encoder layer’s hidden
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state as the query and attend over the block representa-
tions Z using MHA.

ht = MHA(qt, Z, Z) (3)
where qt is the projected hidden state of the final encoder
layer at position t. The attention output is then projected,
added residually to the original query, and normalised.
The resulting sequence H = {h1, h2, ..., hT } is passed
to the decoder for prediction.

Multi-Objective Knowledge Distillation Details
Once the encoder is enhanced with ALA, we further
strengthen decoder robustness using a student-teacher KD
strategy. A clean-teacher model guides a noisy-student
model, aligning their encoder and decoder representations.
Using a noisy teacher resulted in inferior performance, con-
firming the effectiveness of clean supervision for robust
ASR. The distillation framework uses multiple objectives
to align the student’s encoder and decoder with the clean
teacher’s representations.
Let (xT

, y
T
) and (x

S
, y

S
) denote the clean teacher and

noisy student input-output pairs, respectively. Here, eTt and
e
S
t are the encoder hidden states at timsestep t, while dTt and
d
S
t are the decoder hidden states at timestep t for the teacher

and student models.
Loss Functions: The student model is optimised with a
combination of four objectives:
1. Encoder Cosine Similarity Loss: We encourage align-

ment between teacher and student encoder representa-
tions using cosine similarity across the last layer:

LEnc Cos =

T∑

t=1

(
1→ cos

(
e
T
t , e

S
t

))
(4)

2. Decoder Cosine Similarity Loss: To match the contex-
tual embedding space at the decoder level, we use cosine
similarity on the last layer of the decoder:

LDec Cos =

T∑

t=1

(
1→ cos

(
d
T
t , d

S
t

))
(5)

3. Decoder Mean Squared Error (MSE) Loss: We also
apply MSE loss between the decoder cross-attention
maps of the teacher and student:

LDec MSE =

T∑

t=1

∥∥dTt → d
S
t

∥∥2
2

(6)

4. Cross-Entropy (CE) Loss: The standard CE loss is used
between the predicted token probabilities and the ground
truth transcript:

LCE = →
T∑

t=1

logPS(yt) (7)

5. Total Knowledge Distillation Loss: The final loss com-
bines all four components using tunable weighting coef-
ficients:

Ltotal = ω1LEnc Cos + ω2LDec Cos

+ ω3LDec MSE + ω4LCE (8)

We performed a grid search over the weighting coeffi-
cients ω1,ω2,ω3,ω4 (ranging from 0.5 to 2.0) revealed
that setting ω1 = 0.8 and the others to 1.0 produced the
best results. This multi-objective KD setup ensures that
the student model not only learns to mimic the teacher’s
output but also captures deeper structural similarities in
encoder and decoder spaces. This leads to reduced hal-
lucination, especially in noisy speech scenarios, where
decoder misalignment is more likely.

Experimental Setup
Implementation Details
All experiments were conducted on NVIDIA H100 GPUs.
For ALA, we used 1 GPU, and MOKD was trained in a dis-
tributed fashion using 4 GPUs. Prior work (Atwany et al.
2025) highlights that smaller Whisper variants like whisper-
tiny and Whisper-small exhibit higher word error rates and
hallucination error rates, whereas larger models such as
Whisper-medium and Whisper-large show notable improve-
ments in performance. Based on this observation, we se-
lected Whisper-small, referred to as W-S, as the base ASR
model for all fine-tuning tasks in this study. For the proposed
ALA approach, we fine-tuned the W-S model for 15 epochs
using a learning rate of 5↑10

↑5 for the base parameters and
9↑10

↑5 for the parameters of the ALAmodule. The training
included a warm-up phase of 5000 steps, followed by a co-
sine decay learning rate scheduler and 6 attention heads. For
the MOKD approach, fine-tuning was performed for 72,000
steps using a learning rate of 1 ↑ 10

↑5, with 100 warm-up
steps, and a linear learning rate decay schedule.

Dataset Details
We conducted experiments across Hindi, Arabic, French,
and English to evaluate the robustness, generalizability, and
effectiveness of our approach across diverse phonetic, syn-
tactic, and noise-resilience characteristics. For Hindi ASR,
we utilise the Kathbath train and test splits (Javed et al.
2023). Arabic and French models are trained and eval-
uated using the CommonVoice-15 dataset (Ardila et al.
2019), while for English ASR, we use LibriSpeech-100
for training and the test-clean split for evaluation (Panay-
otov et al. 2015). To replicate real-world noisy conditions
and assess hallucination behaviour, we introduce noise from
the Diverse Environments Multichannel Acoustic Noise
Database (DEMAND) (Thiemann, Ito, and Vincent 2013).
This dataset includes recordings from 18 varied acoustic set-
tings, ranging from quiet indoor environments to noisy out-
door locations, captured using a 16-channel microphone ar-
ray.
Audio files exceeding 30 seconds are segmented into

chunks no longer than 30 seconds. For each language, we
construct noisy training datasets with uniformly distributed
signal-to-noise ratios (SNRs) ranging from -8 dB to +4 dB,
and corresponding test sets with SNRs from -10 dB to +10
dB. Following (Zusag, Wagner, and Thallinger 2024), we
also include noise-only samples (without speech) labelled
with empty transcripts in 1% of the training data to further
mitigate hallucinations during training.
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Language Model SNR -10 SNR -5 SNR 0 SNR 5 SNR 10 Clean Average
Arabic Baseline-1 259.59/0.0787 233.36/0.0803 235.17/0.0818 221.85/0.0820 220.07/0.0828 213.17/0.0836 230.53/0.0815

Baseline-2 85.80/0.6421 69.68/0.7562 61.27/0.8226 57.20/0.8551 54.34/0.8739 52.26/0.8998 63.42/0.8083

W-ALA 77.51/0.6936 65.88/0.8008 58.20/0.8572 54.02/0.8863 52.06/0.8989 48.97/0.9118 59.44/0.8415
French Baseline-1 159.87/0.2912 142.05/0.3370 125.96/0.3715 116.65/0.3941 112.65/0.4049 110.44/0.4190 127.94/0.3696

Baseline-2 64.12/0.7583 39.29/0.8521 28.82/0.8994 24.42/0.9208 22.06/0.9312 19.76/0.9405 33.08/0.8837

W-ALA 57.26/0.7804 37.15/0.8645 27.23/0.9076 23.13/0.9263 20.81/0.9354 18.91/0.9438 30.75/0.8930
Hindi Baseline-1 158.00/0.0897 149.53/0.0919 145.90/0.0915 132.82/0.0914 127.86/0.0911 132.38/0.0911 141.08/0.0911

Baseline-2 42.77/0.8027 26.65/0.8946 18.05/0.9365 14.95/0.9512 13.44/0.9580 12.77/0.9638 21.44/0.9178

W-ALA 40.74/0.8257 24.15/0.9107 16.07/0.9448 13.33/0.9588 12.13/0.9636 11.41/0.9669 19.64/0.9284
English Baseline-1 40.27/0.8252 16.20/0.9237 7.11/0.9648 5.55/0.9789 4.91/0.9827 3.82/0.9853 12.97/0.9434

Baseline-2 39.64/0.8763 16.02/0.9434 7.21/0.9711 4.56/0.9810 3.91/0.9837 3.44/0.9851 12.46/0.9567

W-ALA 29.68/0.8772 11.93/0.9450 5.85/0.9727 3.98/0.9823 3.45/0.9854 3.19/0.9866 9.68/0.9581

Table 1: Comparison of Baseline-1, Baseline-2 and W-ALA models across various noise levels and clean audio for four lan-
guages. Each cell shows WER (↓) / SeMaScore (↔).

Comparison Methods

For the first stage we apply Adaptive Layer Attention (ALA)
to theWhisper encoder to improve its robustness under noisy
conditions. The second stage builds on this by introduc-
ing a multi-objective Knowledge Distillation (MOKD) strat-
egy to further reduce hallucinations and enhance transcrip-
tion quality. For comparison, we evaluate three baselines:
(1) the original pre-trained Whisper-small model from Ope-
nAI, which we call Baseline-1, (2) Whisper-small fine-tuned
on our noisy training set, Baseline-2, and (3) Distil-Whisper
(Gandhi, Von Platen, and Rush 2023), where the fine-tuned
model from Baseline-2 serves as the teacher and a distilled
student model retains all encoder layers but only two de-
coder layers (initialized from the teacher’s first and last de-
coder layers), with the encoder kept frozen. We call this
Baseline-3. To ensure a fair comparison, all baselines and
our proposed methods are trained and evaluated on the same
noisy dataset (SNR -8 to +4 dB) described in the Dataset
Details section.

Evaluation Metrics

ASR performance is conventionally evaluated using Word
Error Rate (WER in %). However, as highlighted in (Sasin-
dran, Yelchuri, and Prabhakar 2024), WER has notable lim-
itations as it fails to capture semantic similarity and does not
account for the varying importance of different word errors.
To address this, recent works (Kim et al. 2021a,b; Whet-
ten and Kennington 2023; Sasindran et al. 2023) have em-
ployed pretrained BERT-based models (Devlin et al. 2019)
to estimate the semantic distance between the reference and
hypothesis. Yet, sentence-level semantic metrics can dispro-
portionately weight certain words, reducing their reliability.
In contrast, SeMaScore (Sasindran, Yelchuri, and Prabhakar
2024) remains effective even when WER is high, particu-
larly under challenging conditions such as noisy speech. Ac-
cordingly, this work also evaluates hallucination in ASR out-
puts using SeMaScore, which ranges between 0 and 1.

Model Latency (ms) RTF Peak VRAM
Baseline-2 140 ± 10 0.021 1.5
W-ALA 152 ± 11 0.023 2.6

Table 2: Latency, RTF, and peak memory usage (in GB)
comparison between Baseline-2 and W-ALA models.

Results and Discussions
In this work, we conducted different evaluations for stage-1
and stage-2 approaches.

Stage-1 Evaluation
Table 1 presents the first stage of evaluation, where we
examine the effectiveness of the ALA mechanism across
four languages: Arabic, French, Hindi, and English, under
a range of noise conditions, from –10 dB SNR to clean
speech. Compared to both Baseline-1 and Baseline-2, the
Whisper finetuned with ALA, referred to as the W-ALA
model, consistently achieves lower WER and higher Se-
MaScore, demonstrating enhanced robustness and semantic
preservation in noisy environments. Notably, proposed W-
ALA offers significant improvements at low SNRs (e.g., -10
dB, 5dB and 0 dB), where conventional baselines degrade
sharply. On average, W-ALA reduces WER by a substan-
tial margin while simultaneously increasing cosine similar-
ity, indicating more reliable and confident predictions. These
results validate the ALA module’s ability to dynamically
prioritise acoustically informative encoder layers, improv-
ing recognition performance without compromising seman-
tic correctness.
We benchmarked the inference efficiency of the W-ALA

model against Baseline-2 on the LibriSpeech English test
set using a batch size of 1. As shown in Table 2 , W-ALA
adds only minimal overhead: latency increases by 8%, real-
time factor (RTF) by 9%. Peak VRAM usage rises by ap-
proximately 1 GB, remaining well within the capacity of
modern accelerators. Despite introducing just 0.98% more
parameters, W-ALA delivers significant gains in robustness
and accuracy (see Table 1) over Baseline-2. These results
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Language Model SNR -10 SNR -5 SNR 0 SNR 5 SNR 10 Clean Average

Arabic Baseline-2 39.64/0.8763 16.02/0.9434 7.21/0.9711 4.56/0.9810 3.91/0.9837 3.44/0.9851 12.46/0.9567

Baseline-3 83.53/0.6844 75.95/0.6038 69.77/0.6734 65.81/0.7176 63.03/0.7412 60.33/0.7628 69.74/0.6639

W-MOKD 76.32/0.7126 62.85/0.8021 55.50/0.8719 51.53/0.8973 49.97/0.9063 48.21/0.9202 57.40/0.8557

French Baseline-2 64.12/0.7583 39.29/0.8521 28.82/0.8994 24.42/0.9208 22.06/0.9312 19.76/0.9405 33.08/0.8837

Baseline-3 63.60/0.6988 47.12/0.7877 38.98/0.8301 34.02/0.8515 31.64/0.8616 28.23/0.8796 40.60/0.8181

W-MOKD 51.41/0.7690 34.42 / 0.8767 25.44/0.9152 21.40/0.9318 19.61/0.9393 17.79/0.9468 28.18/0.8965

Hindi Baseline-2 42.77/0.8027 26.65/0.8946 18.05/0.9365 14.95/0.9512 13.44/0.9580 12.77/0.9638 21.44/0.9178

Baseline-3 56.16/0.6950 54.72/0.7412 48.20/0.7755 46.53/0.7757 46.28/0.7749 47.43/0.7602 51.39/0.7544

W-MOKD 38.13/0.8455 22.67/0.9257 14.83/0.9580 12.97/0.9697 11.86/0.9644 11.23/0.9675 18.61/0.9432

English Baseline-2 39.64/0.8763 16.02/0.9434 7.21/0.9711 4.56/0.9810 3.91/0.9837 3.44/0.9851 12.46/0.9567

Baseline-3 69.75/0.7634 55.79/0.8327 44.69/0.8660 45.36/0.8892 42.47/0.8767 44.11/0.9029 50.36/0.8592

W-MOKD 26.43/0.9046 9.41/0.9726 5.72/0.9842 3.11/0.9853 3.49/0.9832 3.18/0.9836 8.56/0.9690

Table 3: Comparison of Baseline-2, Baseline-3 and W-MOKD models across various noise levels and clean audio for four
languages. Each cell shows WER (↓) / SeMaScore (↔).

highlight that W-ALA achieves improved performance with
negligible impact on runtime, memory usage and additional
parameters, making it a practical and scalable solution for
real-world ASR applications.

Stage-2 Evaluation
Table 3 presents a comprehensive evaluation of the proposed
W-MOKD model across four languages: Arabic, French,
Hindi, and English, under a range of noisy (SNR-10 to 10
dB) and clean conditions. The results demonstrate that W-
MOKD consistently outperforms Baseline-2 and the strong
Distil-Whisper baseline (Baseline-3) in both WER and Se-
MaScore across all languages and SNR levels. Notably,
the gains are more significant under severe noise (e.g., at
-10 dB). Even under clean conditions, W-MOKD yields
improvements in semantic accuracy. Moreover, W-MOKD
outperforms the W-ALA model. These results validate the
effectiveness of our two-stage architecture in enhancing
robustness and reducing hallucinations across diverse lin-
guistic and acoustic settings, particularly under challenging
noise conditions.
The average WER and SeMaScore across noise levels

show clear gains, highlighting that the proposed MOKD
framework effectively suppresses hallucinations and en-
hances semantic accuracy, particularly in challenging acous-
tic conditions. Overall, these results validate the effective-
ness of combining adaptive encoder attention with attention-
and representation-level distillation, resulting in more noise-
robust and semantically accurate ASR across multiple lan-
guages.

Analysing Encoder Block Robustness
Figure 3 presents an analysis of encoder block attention be-
haviour under noisy conditions, highlighting the robustness
of different blocks in the ALA mechanism. The heatmap
(Figure 3a) shows frame-wise attention distribution for a
noisy audio sample, where Block 0 consistently receives
the highest attention, especially during segments likely im-
pacted by noise. This indicates that Block 0 captures more

stable and noise-resilient features during inference. In con-
trast, Blocks 1 and 2 are less frequently attended, suggesting
the model relies less on deeper or more abstract representa-
tions in noisy scenarios. The accompanying bar chart (Fig-
ure 3b) shows average attention weights across the entire
dataset, reinforcing this pattern: Block 0 dominates with an
average weight of 0.586, while Blocks 1 and 2 receive sig-
nificantly lower and nearly equal attention. Together, these
results demonstrate a consistent model preference for Block
0 in noisy settings. This validates the effectiveness of Adap-
tive Layer Attention (ALA) in dynamically emphasising ro-
bust encoder features for improved ASR performance.

Stage-1 Ablation Study

In Table 4, the Stage-1 ablation study investigates various
strategies for fusing encoder representations in Whisper us-
ing ALA, conducted on the Hindi dataset at –10 dB SNR and
clean. The first method, a weighted sum across all encoder
layers, performs the worst (WER: 75.85/29.56, SeMaScore:
0.4822/0.7521) on -10 dB and clean, likely due to uniformly
treating layers without capturing their functional diversity.
Applying MHA over all encoder layers while keeping them
frozen yields a slightly better WER (52.73/15.62), indicat-
ing frozen layers cannot adapt to noise. When layers are
trainable during MHA, performance improves significantly
(WER: 45.12/14.87, SeMaScore: 0.6902/0.9290), demon-
strating that encoder layers begin learning noise-robust fea-
tures.
We further group encoder layers into three blocks based

on inter-layer similarity and experiment with MHA on first
(1,7,12), last (6,11,12), and middle (3,9,12) layers of each
block. These configurations yield improved WERs and bet-
ter SeMaScores. The best results (WER: 40.74/11.41, Se-
MaScore: 0.8257/0.9669) come from applying MHA over
mean representations from each block, highlighting the
benefit of block-level context aggregation for robust and
hallucination-resistant ASR.
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(a) Block attention across time for a sample (b) Dataset-wide average attention weights

Figure 3: Layer-wise attention behaviour for noisy speech input.

Fusion Method SNR -10 Clean
Weighted Sum 75.85/0.4822 29.56/0.7521

MHA all frozen 52.73/0.5454 15.62/0.8928

MHA all 45.12/0.6902 14.87/0.9290

MHA 1,7,12 42.23/0.7032 14.20/0.9352

MHA 6,11,12 41.91/0.7105 12.16/0.9480

MHA 3,9,12 41.53/0.7135 12.14/0.9492

MHA Mean 40.74/0.8257 11.41/0.9669

Table 4: Comparison of encoder-fusion strategies under
noisy (-10 dB) and clean conditions on the Hindi test set.

Stage-2 Ablation Study
Table 5 presents an ablation study assessing the impact of
different KD loss functions under both -10 dB and clean con-
ditions. Here, CosAll applies cosine similarity loss across all
encoder and decoder hidden states, while CosFin restricts it
to only the final layers. Similarly, Optimal Transport OTFin,
IRLEFin, and KLFin apply OT (Mao, Chen, and Li 2025),
IRLE (Higuchi et al. 2021), and KL divergence losses to fi-
nal encoder and decoder representations. MSEdecCA denotes
mean squared error loss between decoder cross-attention
maps, andMSEdecSA is between decoder self-attention maps,
and MSEenc represents loss between encoder attention maps.
Among the methods, CosFin offers a strong trade-

off, showing that deep-layer alignment is more semanti-
cally meaningful, performing better alignment over Cos-
All. KLFin provide marginal gains, while distance-based
losses like IRLE and OT significantly degrade performance.
Adding only MSEdecCA offers the best improvement across
all attention losses. The best results emerge when combining
CosFin and MSEdecCA with ALA.

Conclusions
In this work, we proposed a two-stage framework to im-
prove the robustness and semantic fidelity of Whisper model

KD Loss Function SNR -10 Clean
CE (no KD) 42.77/0.8027 12.77/0.9638

+KLlogits 46.48/0.7331 14.61/0.9413

+CosAll 45.61/0.8071 14.61/0.9592
+CosFin 42.97/0.8246 12.37/0.9622
+OTFin 46.53/0.8019 13.56/0.9614
+ IRLEFin 61.14/0.6102 39.36/0.7333
+KLFin 43.88/0.8193 13.15/0.9625

+CosFin+MSEdecCA 42.46/0.7207 12.52/0.9486
+CosFin+MSEdecCA+MSEdecSA 42.82/0.7192 12.97/0.9373
+CosFin+MSEdecCA+MSEenc 42.73/0.7137 12.94/0.9345
+CosFin+MSEdecCA+ALA 38.13/0.8455 11.23/0.9675

Table 5: Comparison of KD loss functions under noisy (-10
dB) and clean conditions.

under noisy conditions. In Stage-1, we introduced an adap-
tive layer attention mechanism that dynamically fuses en-
coder representations based on inter-layer similarity. This
approach enables the model to emphasise the most infor-
mative and noise-resilient encoder blocks, effectively sup-
pressing irrelevant activations that often lead to hallucina-
tions. In Stage-2, we enhanced this with a multi-objective
knowledge distillation framework that aligns the student
model’s encoder representations, decoder semantics, and
cross-attention maps with those of a clean teacher. Our ex-
periments across multiple languages and varying noise lev-
els demonstrate substantial improvements in both word er-
ror rate and SeMaScore, particularly under challenging low-
SNR conditions. Overall, our framework offers a principled
approach to mitigate hallucinations and improveWhisper re-
liability in real-world noisy environments. Future work can
explore cross-lingual generalisation and apply our proposed
approach to other transformer-based speech models.
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