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Abstract

Audio-Visual Speech Recognition (AVSR) sys-
tems typically consume only the final-layer rep-
resentation of their modality-specific encoders.
In self-supervised (SSL) encoders, lower and
upper layers encode acoustic and more abstract
linguistic cues respectively, so the most in-
formative layer may differ from token to to-
ken. We propose Mixture of Layer-wise To-
kens (MoLT), which aggregates the per-layer
outputs of the AV-HuBERT encoder per token
through an MoE-style router. A sparse top-k
MOoLT (S-MoLT) selects the most useful layers
per token, and Dynamic routing-based MoLT
(D-MOoLT) replaces the fixed k with a learn-
able per-token threshold. To align routing with
recognition difficulty, we further add a token-
difficulty-aware lower-upper preference that bi-
ases, rather than overrides, the learned routing:
Difficulty-adaptive D-MoLT (DD-MoLT) de-
rives the difficulty signal from one modality,
while Cross-modal DD-MoLT (CDD-MoLT)
uses the audio-video reliability gap. On LRS3,
our models consistently improve WER over a
strong MMS-LLaMA baseline across SNR con-
ditions, with the gain widening under severe
noise (e.g., 13.85 vs. 17.10% at —15dB), at
negligible overhead.

1 Introduction

Automatic Speech Recognition (ASR) systems
that rely solely on acoustic signals are inherently
limited in their robustness under noisy condi-
tions. Audio-Visual Speech Recognition (AVSR)
addresses this by jointly leveraging visual infor-
mation, such as lip movements, alongside acoustic
signals (Afouras et al., 2018a; Ma et al., 2022) to
achieve robust recognition in both clean and noisy
environments.

Recent advances in large-scale pre-training have
produced high-quality modality-specific encoders
such as the self-supervised AV-HuBERT (Shi et al.,
2022) and the weakly-supervised Whisper (Rad-
ford et al., 2023), and connecting these to Large

Language Model (LLM) decoders via projection
layers or Q-Formers (Li et al., 2023) has further
boosted AVSR accuracy (Fathullah et al., 2024;
Cappellazzo et al., 2025a; Yeo et al., 2025). Despite
this progress, significant performance degradation
persists under strong acoustic noise, necessitating
further improvements to ensure robustness.

Several prior works have found that intermediate
layers of SSL speech encoders contain information
beneficial to speech recognition (Pasad et al., 2021,
2023; wen Yang et al., 2021). However, most ex-
isting AVSR approaches rely exclusively on the
final-layer output of each encoder, leaving com-
plementary intermediate-layer information unex-
ploited. We hypothesize that leveraging these inter-
mediate representations can provide richer audio-
visual features and enable more robust recognition
under adverse acoustic conditions.

Motivated by this, we propose the Mixture of
Layer-wise Tokens (MoLT) module, which se-
lectively aggregates intermediate layer outputs of
the AV-HuBERT encoder on a per-token basis, in-
spired by Mixture of Experts (MoE) architectures
(Shazeer et al., 2017; Fedus et al., 2022). The Top-
k Sparse Mixture of Layer-wise Tokens (S-MoLT)
selects only the top-k most beneficial layers per
token, reducing the influence of task-irrelevant rep-
resentations.

Since the optimal layer combination may dif-
fer across tokens, we further propose Dynamic
routing-based MoLT (D-MoLT), which replaces
the fixed top-k selection with a learnable threshold-
based mechanism that adaptively determines which
layers to activate per token.

To guide routing in alignment with AVSR task
characteristics, we additionally introduce a lower-
upper preference mechanism based on token dif-
ficulty, which biases the dynamic routing toward
task-appropriate layers without enforcing uniform
layer utilization.

39954

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 39954-39969
October 24-29, 2026 ©2026 Association for Computational Linguistics



2 Related Work

2.1 Audio-Visual Speech Recognition Models

Early AVSR systems demonstrated that jointly
modeling lip movements and acoustic signals sub-
stantially improves robustness over audio-only
ASR (Afouras et al., 2018a; Petridis et al., 2018;
Maetal., 2021, 2022). Self-supervised pre-training
approaches such as AV-HuBERT (Shi et al., 2022)
and RAVEn (Haliassos et al., 2023) further reduced
reliance on labeled data by learning unified audio-
visual representations from large unlabeled corpora.
Building on these encoders, recent work couples
them with LLM decoders via projection layers or
Q-Formers (Li et al., 2023; Fathullah et al., 2024,
Cappellazzo et al., 2025a; Yeo et al., 2025), yet
AVSR performance still degrades sharply under
low SNR conditions, motivating richer use of en-
coder representations beyond the final layer.

2.2 Mixture of Experts and Layer-wise Token
Mixture

Sparsely activated Mixture of Experts (MoE) mod-
els route each input token to a subset of expert
sub-networks, scaling model capacity without a
proportional increase in compute (Shazeer et al.,
2017; Lepikhin et al., 2021; Fedus et al., 2022).
Flexible routing variants include dynamic, input-
adaptive selection of the number of activated ex-
perts (Huang et al., 2024; Guo et al., 2025) and
layer-wise token mixing that routes tokens to a
variable number of layers or mixes representations
across depth (Raposo et al., 2024; Antoniak et al.,
2024). To prevent routing collapse, most MoE vari-
ants rely on auxiliary load-balancing or diversity
losses that encourage uniform expert utilization
(Shazeer et al., 2017; Fedus et al., 2022). In con-
trast, our work treats per-layer SSL encoder out-
puts as token-level candidate representations and
introduces a token-difficulty-aware preference that
biases routing toward task-appropriate layers, with-
out enforcing uniform layer utilization.

3 Method

We adopt MMS-LLaMA as our baseline, which
couples pre-trained audio and visual encoders with
an LLM decoder. We augment it with the Mixture
of Layer-wise Tokens (MoLT) module that exploits
intermediate layer outputs of the AV-HUBERT en-
coder; the resulting visual features are concatenated
with audio features before being passed to the AV
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Figure 1: Overall architecture of the proposed LLM-
based AVSR system. The Mixture of Layer-wise Tokens
module aggregates intermediate layer outputs of the
visual SSL encoder before concatenation with audio
features for the AV Q-Former. The audio- and video-
frontend features are used only in the token-difficulty-
based variants.

Q-Former. Figure 1 illustrates the overall architec-
ture.

Figure 2 presents each variant of the proposed
Mixture of Layer-wise Tokens, and in this section
we describe in detail how each method selects and
aggregates intermediate layers on a per-token basis
from the encoder.

3.1 Top-k based Sparse Mixture of Layer-wise
Tokens (S-MoLT)

As a foundational approach to verify the effective-
ness of leveraging intermediate layer information
from the SSL encoder, we propose Top-k based
Sparse Mixture of Layer-wise Tokens, inspired by
the Mixture of Experts (MoE) framework and Ra-
poso et al. (2024).

Conventional MoE selects the top-k experts ac-
cording to scores produced by a router and con-
structs the final representation by computing a
weighted sum of their outputs using the correspond-
ing scores. Unlike Shazeer et al. (2017), we treat
the intermediate layers of the encoder as experts
and aim to construct a representation by aggregat-
ing the layer outputs that are beneficial for recogni-
tion performance.

39955



@T

Count activated

/r

Learnable If score > threshold — 1.0
— X
threshold otherwise 0.0

T
er"r'r'rm

Router

Top-k selection

oo S

Sparse Mixture of Layer-wise Tokens

(a) S-MoLT (b) D-MoLT

MLP

—_—

Dynamic routing-based Mixture of Layer-wise Tokens

-¢

Learnable If score > threshold —» 1.0
threshold otherwise — 0.0

Lower-Upper
Preference Mechanism

/1\

A
Sigmoid
4)$ Router
Token Difficulty Linear

Estimator
4\
Audi Vid
ooeo- o, 88 B

Difficulty-adaptive Dynamic routing-based Mixture of Layer-wise Tokens

(¢) DD-MoLT

Figure 2: Illustrations of the three proposed Mixture of Layer-wise Tokens (MoLT) variants. (a) S-MoLT uses a
fixed top-k selection; (b) D-MoLT replaces top-k with a learnable threshold; (c) DD-MoLT additionally incorporates
a Token Difficulty Estimator to bias routing toward lower or upper layers depending on token difficulty. Here, &, ®,
and © denote element-wise addition, multiplication, and division: & adds the lower-upper preference bias to the
base routing logits, ® applies the per-token routing weights (or the binary gate) to the per-layer features, and ©
normalizes the aggregated representation by the number of activated layers.

Let the ¢-th token at the [-th layer of the encoder
be denoted as hl € RP [ € {1,...,L}. Each h!
is mapped to a scalar score s, via a shared linear

projection applied uniformly across all layers:

st=w'hl+b

where w € RP” is a shared weight vector and
b € R is a bias term. The score vector over all
layers is defined as s; = [s},...,sF] € RL.

Each score s! is normalized via softmax to obtain

the routing probability p}:

p= exp(s)
L exp(s))

The value of p! lies in the range (0,1), where
a higher value indicates a greater contribution of
the corresponding layer output to the final repre-
sentation. To retain only the top-k layers with the
highest routing probabilities, we introduce a top-k
selection module as follows.

Letting KC; = Top-K(p}*¥, k) denote the set of
top-k indices, the re-normalized routing weight !
is defined as:

l
L’v le ‘s
> jek, i
0, otherwise.

P =

The top-k selection is performed independently
for each token position .

Each h! is then transformed through an MLP as
follows:

fl = MLP(h}) ¢ R”

The final encoder representation z; is then ob-
tained by computing a weighted sum of the selected
layer representations using p} as weights:

=l el D
zt:Zptft, z; € R
leky

3.2 Dynamic routing-based Mixture of
Layer-wise Tokens (D-MoLT)

Since Sparse Mixture of Layer-wise Tokens relies
on the top-k module, it applies a fixed &k uniformly
to all tokens despite the fact that the appropriate
number of layers may vary across tokens. To ad-
dress this limitation, inspired by Guo et al. (2025),
we propose a dynamic routing-based Mixture of
Layer-wise Tokens framework that determines k in
an adaptive manner.

We replace the conventional top-k selection
scheme with a learnable threshold-based selection
rule and introduce a top-any mechanism that dy-
namically determines the number of activated lay-
ers. By selectively activating only the layers neces-
sary for each token, this approach aims to produce
richer encoder-derived representations compared
to the fixed top-k counterpart.

Threshold-based Dynamic routing. For the ¢-
th token representation h! € RP at layer [, the
routing score is computed via cosine similarity with
a learnable router vector r € RP:
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s; = cos(hy,r) = ———
[ | ]
The routing score s. is then mapped to the range
(0,1) via the sigmoid function:

1
Ll _
pp=o0(sy), o) 1t+e@

A single learnable threshold parameter G' € R,
shared across all layers, is defined such that § =
o(@). The activation of each layer is determined
by a binary gate mask as follows:

mp=1[ph>0], mhe{o1}

where I(-) is an indicator function that activates
only those layers whose routing probability meets
or exceeds the threshold.

During training, to mitigate the non-
differentiability introduced by the binary
gate, backpropagation is performed using the
straight-through estimator (STE) (Bengio et al.,
2013; Jang et al., 2017). This allows the binary
gate to be maintained in the forward pass while
enabling gradient flow through the continuous
probability values in the backward pass.

Minimum Activation Constraint. In the
threshold-based selection scheme, it is possible
that no layer is activated for certain tokens. To
prevent this, we enforce a minimum number of
activated layers kpin, set to kyin = 1 in this work.
Defining the number of activated layers as

L

l

kt = Z My,
=1

if kt < kmin, the top-kmin layers with the highest
routing scores are forcibly selected as:

L* = Top-K <si, kmin) , mi =1forl e L*
1

This constraint ensures representational stability
and prevents potential information loss during the
routing process.

Masked Layer Aggregation. The representation
at each layer is projected into a common represen-
tation space via an MLP:

g = MLP(h;)

The representations of the selected layers are
then aggregated using the binary gate mask and
normalized by the number of activated layers to
obtain the final encoder representation z;:

L
> mig
2 = =1
L
>l
I=1
Since the Minimum Activation Constraint de-
fined above guarantees k; > kpni, = 1 at all times,
the denominator is never zero. This formulation
enables balanced aggregation of information from

the selected layers while allowing a flexible, token-
specific number of layers to be utilized.

3.3 Token Difficulty based Lower-Upper
Preference Mechanism for D-MoLT

3.3.1 Token Difficulty Estimation

Motivated by curriculum learning, which has
shown that adapting model behavior to per-example
difficulty improves generalization (Bengio et al.,
2009), we introduce a lightweight Token Difficulty
Estimator that predicts a scalar difficulty score from
the token representation. Specifically, given an in-
put representation h; € RP (the audio-frontend
feature or the video-frontend feature, depending
on the variant defined below), the difficulty score
$; € [0, 1] is estimated as:

3y = 0(Wo GELU(W{ LN(h) + by) + bo)

where LN(-) denotes Layer Normalization,
W, € RPrXD and Wy € R™Pnr are learnable
parameters, and Dy, is the hidden dimension set to
D /4 by default. A value of $; close to 0 indicates
that the token is clean or easy to recognize, while a
value close to 1 indicates that the token is heavily
corrupted by noise or difficult to recognize. The
estimator 1is trained end-to-end without external
supervision, acquiring difficulty signals indirectly
from the ASR task loss.

3.3.2 Lower-Upper Preference Mechanism
Based on the estimated difficulty score, we propose
a method for correcting the base routing scores of
D-MoLT. We first define the layer rank r;, which
represents the relative position of each layer:

2A-L-1

= -1,1
T.l L—l G[ 7]7

le{l,...,L}
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r; takes values close to —1 for lower layers and
close to 1 for upper layers. A noise bias computed
from the difficulty score is added to the base logit
to obtain a corrected routing logit, thereby guiding
the routing such that layers appropriate to the dif-
ficulty of each token are naturally selected. The
corrected logit is converted to a routing probability
via the sigmoid function, as in the threshold-based
dynamic routing described above, and compared
against the learnable threshold # to determine the
binary gate m..

Depending on which features are used to esti-
mate the difficulty score, we propose two variants.

Difficulty-adaptive D-MoLT. This variant esti-
mates the difficulty score from a single-modality
feature (either the audio-frontend feature or the
video-frontend feature). The estimated difficulty
score S, is transformed into a directional signal in
the range [—1, 1]:

dy =28 —1¢€[-1,1]

and the noise bias is computed as:

bi =o-di-1y

The corrected routing logit is defined as 5. =
sk + bL. For tokens with low difficulty (d; < 0), the
routing logits of lower layers (r; < 0) are increased,
promoting the selection of lower layers that pre-
serve fine-grained acoustic-visual cues. Conversely,
for tokens with high difficulty (d; > 0), the logits
of upper layers are relatively increased, leading to
greater activation of upper layers that are rich in
contextual information.

Cross-modal Difficulty-adaptive D-MoLT.
This variant employs two modality-specific Token
Difficulty Estimators to independently estimate
difficulty scores ¢ and s} from the audio-frontend
feature and the video-frontend feature, respectively,
and incorporates the relative reliability difference
between the two modalities into the routing. The
difference between the two difficulty scores is
defined as:

0 =8¢ — 8¢ € [-1,1]

and the noise bias is computed as:

bff =a-0-1
A positive J; indicates that audio is noisier than

video; §; = O preserves the base routing. In both
variants, the scale parameter « is learnable.

4 Experiments

4.1 Experimental Setup

Datasets. We utilize Lip Reading Sentences
3 (LRS3) (Afouras et al.,, 2018b) and Vox-
Celeb2 (Chung et al., 2018) for our main exper-
iments. LRS3 is an audio-visual corpus collected
from TED and TEDx talks, comprising approxi-
mately 433 hours of transcribed data. VoxCeleb2 is
a large-scale speaker recognition corpus extracted
from YouTube videos, consisting of approximately
2,442 hours of multilingual audio-visual data. Fol-
lowing Shi et al. (2022) and Yeo et al. (2025), we
use only the English portion (1,326 hours) and ob-
tain pseudo-transcriptions for the unlabeled audio
with the Whisper (Radford et al., 2023) ASR model.
Both corpora are used for training, while all evalu-
ations are reported on the LRS3 test set.

We additionally assess cross-corpus general-
ization on LRS2 (Afouras et al., 2018a), a sec-
ond audio-visual benchmark of approximately
225 hours of transcribed video collected from BBC
broadcasts, in Appendix C.

Implementation Details. Since we build upon
MMS-LLaMA (Yeo et al., 2025) as our backbone,
all components other than the proposed MoLT mod-
ule variants (S-MoLT, D-MoLT) are kept identi-
cal to it, including the pre-processing pipeline and
training hyperparameters (detailed in Appendix A).

We adopt AV-HuBERT Large (L=24 layers) as
the visual encoder, Whisper (Radford et al., 2023)
medium-en as the audio encoder, and LLaMA-
3.2 3B (Grattafiori et al., 2024) as the LLM decoder.
Babble noise from the NOISEX dataset (Varga and
Steeneken, 1993) is randomly mixed into the au-
dio at a 75% probability. The AV Q-Former and
MOoLT module are trained from scratch, while the
encoders and the LLLM are kept frozen except for
QLoRA (Dettmers et al., 2023) adapters on the
LLM.

Unless otherwise specified, all MoLT variants
route over the layers of the visual encoder (AV-
HuBERT). For D-MoLT the threshold logit G is ini-
tialized so that 0(G))=0.5, the minimum activation
is kmin=1, and the difficulty scale « is learnable
and initialized to 1.0. For DD-MoLT, the audio-
frontend feature denotes the output of the Whisper
convolutional frontend (i.e., the feature immedi-
ately prior to the Whisper Transformer layers), and
the video-frontend feature denotes the output of the
AV-HuBERT ResNet visual frontend (i.e., the fea-
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WER (%) at SNR (dB)
clean 5 0 -5 -10 -15
Baseline (Yeo et al., 2025) 1.00 1.37 283 7.85 17.41 26.67

Method

WER (%) at SNR (dB)
Method
clean 5 0 -5 -10 -15

Baseline 1.00 137 2.83 7.85 1741 26.67
Top-1layer 0.92 137 2.69 838 1894 27.57
Top-2 layers 0.92 1.29 235 6.97 1449 2140
Top-3 layers 0.82 1.34 253 732 16.66 2397
Top-4 layers 091 142 253 7.62 1586 23.17
Top-5 layers 0.89 229 252 720 15.88 2226
Top-6 layers 0.89 1.37 250 7.11 1435 21.39

Table 1: WER (%) on LRS3 across Top-k settings of
S-MoLT, which leverages intermediate layer representa-
tions of the AV-HuBERT encoder. All experiments are
reproduced in our environment.

ture immediately prior to the AV-HuBERT Trans-
former layers). All experiments are conducted on
8 NVIDIA L40 48 GB GPUs.

4.2 Results of Sparse Mixture of Layer-wise
Tokens (S-MoLT)

Table 1 reports WER on the LRS3 test set for
each Top-k setting of S-MoLT. Unlike the base-
line, which relies solely on the final-layer repre-
sentation, S-MoLT generally achieves lower WER
across most SNR conditions, with only a few excep-
tions. Notably, the Top-2 layers and Top-6 layers
configurations attain the lowest WER values, par-
ticularly under noisy conditions (SNR < —5dB),
demonstrating that exploiting intermediate layer
information is especially effective for improving
AVSR robustness in adverse acoustic environments.
Nevertheless, some Top-k settings underperform
the baseline, indicating that a fixed, uniform num-
ber of layers is suboptimal and motivating per-
token routing.

We further compare against a SUPERB-style ag-
gregation (wen Yang et al., 2021), which combines
the per-layer outputs of the visual (AV-HuBERT)
encoder through a learned weighted summation of
per-layer scalar weights. As shown in Table 2, this
approach is beneficial under relatively clean con-
ditions (SNR > 0 dB) but falls below the baseline
as noise increases. This indicates that adaptively
selecting layers per token, as in S-MoLT, is more
effective under noisy conditions than applying a
single set of layer-wise weights uniformly to all
tokens.

Applying S-MoLT to the Whisper audio encoder,
by contrast, generally degrades performance across
all conditions (Table 2). We discuss this further in
Section 4.6.1.

SUPERB (wen Yang et al., 2021) (U-24) 0.90 1.29 2.61 832 19.07 28.53
SUPERB (wen Yang et al., 2021) (U-6) 095 133 274 826 1833 2645

S-MoLT (Audio Top-3, U-6) 1.06 154 286 8.11 1828 2545
S-MoLT (Video Top-24, U-24) 091 1.18 243 7.3 1524 2124
S-MoLT (Video Top-2, U-6) 091 137 235 6.78 14.72 21.68
S-MoLT (Video Top-3, U-6) 096 150 255 741 1632 2353
D-MOoLT (U-24) 093 125 248 753 1638 23.27
D-MoLT (U-6) 095 147 237 694 1492 21.18
DD-MoLT (Audio-frontend, U-24) 096 125 236 7.52 1727 2498
DD-MOoLT (Audio-frontend, U-6) 090 132 255 645 1393 19.82
DD-MOoLT (Video-frontend, U-24) 1.04 149 260 7.08 1548 22.17
DD-MOoLT (Video-frontend, U-6) 090 1.16 228 7.05 1556 22.67
CDD-MOoLT (U-24) 0.88 1.23 250 7.37 1599 24.07
CDD-MoLT (U-6) 077 116 228 6.78 15.06 20.92

Table 2: WER (%) on LRS3 across SNR conditions.
U-n: only the upper n layers of AV-HUBERT are used
as layer candidates. Audio/Video Top-n: Top-n selec-
tion is applied to the audio or video encoder (Whisper
or AV-HuBERT). All D-MoLT variants (D-MoLT, DD-
MoLT, and CDD-MoLT) apply MoLT only to the visual
(AV-HuBERT) encoder. Audio-/Video-frontend: diffi-
culty score estimated from the Whisper or AV-HuBERT
frontend feature, respectively.

4.3 Results of Dynamic routing-based
Mixture of Layer-wise Tokens (D-MoLT)

Table 2 reports WER for D-MoLT under two con-
figurations: all 24 AV-HuBERT layers (U-24) and
the top six layers by routing score (U-6) (motivated
by the layer analysis in Section 4.6.1).

D-MoLT consistently outperforms the baseline
across all SNR conditions, with particularly pro-
nounced gains in the low-SNR regime. Compared
with the best fixed-k S-MoLT configuration (Top-6,
U-24) reported in Table 1, D-MoLT (U-6) achieves
comparable performance on most SNR levels while
further reducing WER at —15dB from 21.39 to
21.18. Restricting the layer candidates to the upper
six layers (U-6) yields better WER than using all
24 layers (U-24) under heavy noise (e.g., 21.18 vs.
23.27 at —15dB), confirming that the intermediate
layers with the highest routing scores carry infor-
mation most beneficial for AVSR while pruning
task-irrelevant lower layers. However, the gains of
D-MOoLT (U-6) over the best S-MoLT configura-
tion (Top-2, U-24: 21.40 at —15 dB) remain mod-
est, suggesting that dynamic routing alone, without
explicit guidance, does not fully exploit per-token
characteristics.

4.4 Results of Difficulty-adaptive D-MoLT
Variants

Difficulty-adaptive D-MoLT (DD-MoLT). We
evaluate two DD-MoLT variants differing in the
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source of the difficulty signal: the audio- and video-
frontend features (Audio and Video, respectively).

Table 2 shows that DD-MoLT (Audio, U-6)
achieves the best WER under heavy noise, attain-
ing 6.45, 13.93, and 19.82% at —5, —10, and
—15dB, respectively, outperforming D-MoLT (U-
6) by 0.49, 0.99, and 1.36 absolute WER points
at those conditions. This demonstrates that audio-
based difficulty estimation effectively captures per-
token noise severity, enabling the router to activate
more upper-layer representations for heavily cor-
rupted tokens. DD-MoLT (Video, U-6), on the
other hand, achieves the best WER under rela-
tively mild conditions, attaining 1.16 and 2.28 %
at SNR 5 and SNR 0dB, respectively. Since the
video modality is inherently unaffected by acoustic
noise, the video-based difficulty estimator provides
more stable guidance under mild conditions, while
it becomes less discriminative as noise severity
increases. These complementary behaviors sug-
gest that audio- and video-based difficulty signals
capture different aspects of token-level difficulty,
motivating a cross-modal approach.

Cross-modal DD-MoLT (CDD-MoLT). CDD-
MoLT uses d; = 5§ — 35} as the routing bias, directly
encoding the relative reliability difference between
the two modalities.

As shown in Table 2, CDD-MoLT (U-6) achieves
the best overall WER under clean and mild noise
conditions, attaining 0.77, 1.16, and 2.28 % at
clean, SNR 5, and SNR 0dB, respectively. Com-
pared with DD-MoLT (Video, U-6), which ties on
SNR 5 and SNR 0, the cross-modal variant addi-
tionally reduces clean WER from 0.90 to 0.77. Un-
der heavy noise, however, DD-MoLT (Audio, U-6)
remains superior (e.g., 19.82 vs. 20.92 at —15dB),
suggesting that the single-modal audio difficulty
signal provides a stronger and more direct routing
push when the audio is severely corrupted. Overall,
these results indicate that the cross-modal approach
effectively leverages the relative reliability differ-
ence between modalities to achieve superior per-
formance across a wide range of conditions, while
the single-modal audio variant retains an advantage
under the most adverse noise.

4.5 Comparison with the state-of-the-art
models

Performance comparison under clean condi-
tions. Table 3 compares CDD-MoLT (U-6) with
prior AVSR systems on the LRS3 test set un-

Audio Visual
Encoder Encoder

Conformer 433 23

Transformer 433 2.5

Conformer 90K 1.6

Transformer 433 1.5

Auto-AVSR (Ma et al., 2023) Conformer 1,902/3,448 1.0/0.9

LP Conformer (Chang et al., 2024) Conformer 100K 0.9
Whisper-Flamingo (Rouditchenko et al., 2024)  Whisper ~AV-HuBERT ~ 433/1,759 1.1/0.76
Llama-AVSR (Cappellazzo et al., 2025a) ‘Whisper AV-HuBERT  433/1,759 0.95/0.72
MMS-LLaMA (Yeo et al., 2025) Whisper AV-HuBERT  433/1,759 0.90/0.72

Ours (CDD-MoLT, U-6) Whisper  AV-HuBERT  433/1,759  0.77/0.69

Training

Method Data (h)

WER (%)

CM-seq2seq (Ma et al., 2021)
AV-data2vec (Lian et al., 2023)
ViT3D-CM (Serdyuk et al., 2022)
CMA (Kim et al., 2024)

Table 3: Comparison with state-of-the-art AVSR meth-
ods on the LRS3 test set (clean condition). Training
Data (h) denotes the total number of audio-visual hours
used for training.

Method WER (%) at SNR (dB)
clean 15 10 5 0 -5 -10 -15
Baseline 072 075 0.76 1.00 190 7.00 13.80 17.10

Baseline + Ours  0.69 0.73 0.77 0.85 1.87 535 1031 1385

Table 4: WER (%) on LRS3 comparing MMS-LLaMA
(Baseline) and CDD-MoLT (U-6) across SNR condi-
tions from +15 to —15 dB. Both models are trained on
LRS3 and VoxCeleb2.

der the clean condition. Trained only on LRS3
(433 h), our model attains a WER of 0.77%, al-
ready lower than all methods trained on comparable
data, including the strong MMS-LLaMA (0.90%)
and Llama-AVSR (0.95%) baselines. Adding Vox-
Celeb2 (1,759 h in total) further lowers the WER
to 0.69%, the best among all compared systems,
surpassing even those trained on orders of magni-
tude more data such as LP Conformer (0.9% with
100K h). These results indicate that leveraging the
intermediate layers of the AV-HuBERT encoder
benefits recognition performance.

Comparison with Baseline and CDD-MoLT.
Table 4 compares MMS-LLaMA (Yeo et al., 2025)
and our CDD-MoLT (U-6) trained on LRS3 and
VoxCeleb2 across SNR +15 to —15 dB, confirming
consistent gains that widen under heavier noise.

4.6 Analysis

4.6.1 Activated layers

Activated layer distribution of S-MoLT. To
identify which intermediate layers are useful for
AVSR, we visualize the per-layer routing score dis-
tribution of Top-3 S-MoLT applied to AV-HuBERT
(left panel of Figure 3) and Whisper (right panel).
Lower layers of AV-HuBERT are rarely selected,
with layers in the index range 18-23 being predomi-
nantly chosen. Notably, layers 20-22 exhibit higher
routing scores than the final layer. Although the
routing score distribution varies somewhat across
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Figure 3: Per-layer routing score distribution of Top-3 S-MoLT applied to AV-HuBERT (left) and Whisper (right).

tokens, this suggests that certain intermediate lay-
ers of AV-HuBERT may contain information more
useful for speech recognition than the final-layer
representation alone, motivating the use of the
upper-six-layer candidate set (U-6) in subsequent
experiments.

In contrast, applying S-MoLT to the Whisper
audio encoder (S-MoLT (ATop-3, U-6) in Table 2)
consistently degrades WER across all conditions.
As shown in the right panel of Figure 3, the rout-
ing scores of Whisper are heavily concentrated on
the final layer, with intermediate layers receiving
negligible scores. This suggests that, for the Whis-
per encoder, mixing intermediate layers may act as
noise rather than provide useful information, and
that the information relevant to speech recognition
is most heavily concentrated in the final layer. This
tendency is consistent with the analyses of (Yang
et al., 2023; Peng et al., 2026). Pasad et al. (2023)
show that the distribution of information across lay-
ers depends on the training objective; since Whis-
per is trained to perform speech recognition solely
from its final-layer output, the information best
suited for speech recognition may be concentrated
in the final layer.

Number of activated layers of D-MoLT variants.
Figure 4 shows the distribution of the average num-
ber of activated layers per token for D-MoLT and
its variants. All variants activate between 4 and
6 out of the 6 upper-layer candidates on average.
Plain D-MoLT and DD-MoLT (Video) exhibit the
highest mean activation counts (5.38 and 5.34, re-
spectively), while DD-MoLT (Audio) activates the
fewest layers on average (4.04) with the smallest
variance (0.36), indicating more selective and con-
sistent routing. CDD-MOoLT falls in between with
a mean of 4.63, yet exhibits the largest variance
(1.21), suggesting that the cross-modal difficulty

Comparison of Activated Layers (Layers 18-23)

5.34
T 4.63

o

«

:
[

IS

I

w

Average number of activated layers

D-MolT (Audio) DD-MoLT (Video) DD-MoLT CDD-MolT

Figure 4: Distribution of the average number of ac-
tivated layers per token for D-MoLT and its variants
(U-6).

signal induces more diverse, input-adaptive routing
behavior across tokens. Note that these statistics
are measured under the U-6 setting; the U-24 con-
figuration analyzed in Appendix F exhibits substan-
tially sparser routing (close to one layer per token
on average), as the larger candidate pool allows
the threshold-based router to suppress most layers.
Notably, despite activating fewer layers on average
than plain D-MoLT, DD-MoLT (Audio) achieves
substantially better WER under heavy noise con-
ditions (Table 2). This reveals that the benefit of
the difficulty-aware mechanism stems not from the
total number of activated layers, but from routing
each token to the task-appropriate layers, directing
low-difficulty tokens toward lower layers and high-
difficulty tokens toward upper layers; Appendix E
visualizes how this per-layer activation shifts with
SNR.

4.6.2 Distribution of Token Difficulty Scores

Figure 5 shows the distribution of the estimated
difficulty scores across SNR conditions for the
difficulty-adaptive variants (DD-MoLT and CDD-
MoLT), together with their relationship to the LLM
decoder’s prediction confidence. As the input be-
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Token Difficulty Scores and Decoder Confidence

Method Added Params (% of baseline) Prefill FLOPs (T)

Token Difficulty Score

0dB -
Noise Level (SNR)

Figure 5: Distribution of token difficulty scores across
SNR conditions and their relationship with the decoder’s
prediction confidence, for the difficulty-adaptive vari-
ants (DD-MoLT and CDD-MoLT). Values are averaged
over tokens within each utterance, then across utter-
ances.

comes noisier, the estimated difficulty score in-
creases while the decoder’s prediction confidence
decreases. This indicates that, despite being trained
without explicit score supervision, our Token Dif-
ficulty Estimator effectively captures the difficulty
of the input speech.

To further verify that the estimated difficulty
score reflects a meaningful recognition-related sig-
nal rather than a mere byproduct of the input
SNR, we conduct two complementary analyses.
First, as an internal-consistency check, the diffi-
culty score §; is negatively correlated with the de-
coder’s own prediction confidence (pooled Spear-
man p = —0.58). Second, §; also tracks recog-
nition errors: pooled across all SNR levels, it
correlates with utterance-level WER (Spearman
p = 0.43-0.45) and separates error-containing
from error-free utterances (AUROC 0.78-0.79).
Crucially, this association persists even when the
SNR is held fixed (within-level p ~ 0.04-0.10), in-
dicating that the difficulty score is not a pure SNR
proxy but carries a genuine per-utterance difficulty
signal.

4.6.3 Efficiency Comparison: Baseline vs.
MOoLT variants

Table 5 reports the additional parameters and pre-
fill FLOPs overhead of each MoLT variant on the
LRS3 test set. Our MoLT is lightweight: even its
largest variant, CDD-MoLT, introduces only about
6.8M additional parameters (0.16% of the base-
line) and increases prefill FLOPs by at most 0.9%.
Moreover, since the MoLT module runs only once
before the AV Q-Former, the number of tokens
passed to the LLLM and the dominant LL.M decod-

Baseline (Yeo et al., 2025) - 1.339

S-MoLT (Top-6, U-24) 4.2M (0.10%) 1.350 (+0.9%)
D-MoLT (U-6) 4.2M (0.10%) 1.341 (+0.2%)
DD-MoLT (Audio, U-6) 6.6M (0.15%) 1.344 (+0.5%)
DD-MoLT (U-6) 6.8M (0.16%) 1.345 (+0.5%)

Table 5: Parameter and prefill FLOPs overhead of the
MOoLT variants relative to the MMS-LLaMA baseline.
Prefill FLOPs count all computation before the LLM
decoder input and are averaged over all utterances; all
percentages are relative to the baseline.

ing cost remain unchanged; a wall-clock latency
breakdown across routing strategies is provided in
Appendix B.

5 Conclusion

We proposed a Mixture of Layer-wise Tokens
(MoLT) framework that exploits intermediate layer
representations of the AV-HuBERT SSL encoder
for LLM-based AVSR. Starting from a Top-k
Sparse variant (S-MoLT), we introduced Dynamic
routing-based MoLT (D-MoLT) to adaptively de-
termine the number and combination of activated
layers per token, and further proposed a token-
difficulty-aware lower-upper preference mecha-
nism. Experiments on LRS3 show that our best
model CDD-MoLT outperforms the MMS-LLaMA
baseline across nearly all SNR conditions, with the
gain widening under severe noise (e.g., 13.85 vs.
17.10 % WER at —15dB). Overall, these results
demonstrate that selectively leveraging intermedi-
ate encoder layers is highly effective for robust
LLM-based AVSR.

6 Limitations

Our proposed approach was not effective for the
Whisper audio encoder. Since Whisper concen-
trates the information suited for speech recognition
in its final layer, better strategies for effectively ex-
ploiting its intermediate-layer information remain
to be explored. In addition, our experiments are
confined to the AV-HuBERT and Whisper encoders,
so the effectiveness of MoLT with other speech or
visual encoders remains unverified. Nevertheless,
our method outperforms the baseline across nearly
all conditions, with the improvement being particu-
larly pronounced under severely degraded acoustic
conditions.
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Appendix

A Implementation Details

Pre-processing. Following Yeo et al. (2025), we
apply an identical pre-processing pipeline to the
LRS3 and VoxCeleb2 data. Audio and video are
resampled to 16 kHz and 25 fps, respectively.
For each frame, the face is localized with Reti-
naFace (Deng et al., 2020) and the mouth region is
cropped to 96 x96 pixels, converted to grayscale,
and flipped horizontally for data augmentation dur-
ing training. On the audio side, the NOISEX babble
noise is mixed in before feature extraction, after
which each utterance is zero-padded to 30 s and
converted into an 80-dimensional log-Mel spectro-
gram before being fed to the Whisper encoder.

Training and evaluation. We use the same train-
ing and evaluation setup as Yeo et al. (2025). The
LLM decoder is fine-tuned with QLoRA (Dettmers
et al., 2023) (rank r=16, a=32, dropout 0.05) ap-
plied to the query, key, value, and output projection
layers. Models are optimized with Adam (5;=0.9,
£2=0.98, Ir 1x10~%) and a cosine learning rate
schedule (Loshchilov and Hutter, 2017) with 0.5k
warm-up steps over 30,000 total training steps, de-
caying to a minimum learning rate of 1x107° (fi-
nal learning-rate scale 0.05). At inference, we de-
code with beam search (beam size 5) and a temper-
ature of 0.3.

B Inference Latency

To complement the parameter and FLOPs over-
head in Table 5, we measure the wall-clock infer-
ence latency of each routing strategy. Table 6 re-
ports the median per-utterance latency over the full
LRS3 test set (NVIDIA L40, batch size 1, beam
size 5), with the isolated routing cost timed via
CUDA events. The routing itself costs less than
1 ms per utterance (< 0.22% of the end-to-end
latency) across all variants, confirming that the dif-
ferent routing strategies are comparably cheap. The
end-to-end latency is instead dominated by LLM
decoding: since the number of generated tokens
is identical (9.9 on average) and no additional to-
kens are passed to the LLM, the small spread in
the end-to-end medians (421-444 ms) reflects run-
to-run variation rather than a systematic difference
between models, and the 421 ms of CDD-MoLT
should not be read as a genuine speed-up over the
baseline.

End-to-end Routing Gen.
Method (ms) (ms) tokens
Baseline (Yeo et al., 2025) 428 - 9.9
S-MoLT (Top-6, U-24) 444 0.47 (0.11%) 9.9
D-MoLT (U-6) 444 0.55 (0.12%) 9.9
DD-MoLT (Audio, U-6) 443 0.85 (0.19%) 9.9
CDD-MoLT (U-6) 421 0.91 (0.22%) 9.9

Table 6: Median per-utterance inference latency on the
LRS3 test set (NVIDIA L40, batch size 1, beam size
5). End-to-end is the full recognition time; Routing is
the isolated MoLT routing cost timed via CUDA events,
with its percentage of the end-to-end latency in paren-
theses; Gen. tokens is the average number of generated
tokens. End-to-end medians are dominated by LLM
decoding, so their spread is run-to-run noise rather than
a real difference.

C Generalization to New Corpora and
Unseen Noise

To verify that the robustness of our MoLT variants
is not confined to the LRS3 (Afouras et al., 2018b)
corpus and the NOISEX (Varga and Steeneken,
1993) noise used for training, we conduct two gen-
eralization experiments: generalization to a differ-
ent corpus by retraining on LRS2 (Afouras et al.,
2018a), and robustness to noise types unseen dur-
ing training.

Cross-corpus generalization on LRS2. We re-
train and evaluate the full pipeline on LRS2, using
the same NOISEX babble noise setup to simulate
the SNR conditions. As shown in Table 7, our best
difficulty-adaptive variants, DD-MoLT (U-6) and
CDD-MoLT (U-6), outperform the baseline across
all SNR levels, and CDD-MoLT (U-6) achieves
the largest gains under heavy noise. At —15dB,
CDD-MOoLT reduces WER from 49.35 to 34.35, a
30.4% relative reduction that is even larger than
in the in-domain LRS3 setting, indicating that the
layer-wise routing mechanism generalizes across
corpora.

Zero-shot robustness to unseen noise on LRS3.
The baseline and our models are trained on LRS3
with NOISEX babble noise. Without any retrain-
ing, we evaluate them on two MUSAN (Snyder
et al., 2015) noise categories, music and natural,
that are absent from training. As shown in Table 8§,
each variant’s WER on the unseen music and natu-
ral noise closely tracks its in-domain babble curve,
indicating that the improvements reflect genuine
noise robustness rather than overfitting to the train-
ing noise.
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D Comparison with Existing MoE-based
Approaches

Positioning. Existing MoE-based AVSR systems
apply MoE within the decoder or the LLM and
operate on the encoder’s final-layer output alone,
whereas MoLT routes over the intermediate layers
of the encoder. The two directions are therefore
architecturally orthogonal and, in principle, com-
plementary.

Quantitative comparison. Table 9 compares our
variants against published LRS3 numbers from rep-
resentative MoE-based and recent AVSR systems.
Under the shared NOISEX-babble protocol, our
variants attain the lowest WER at every SNR level
shown. Against MoOHAVE-Large, the MoE-AVSR
system with the most complete per-SNR results,
our models are substantially more robust under
heavy noise (6.45 vs. 9.8 at —5dB; 13.93 vs. 21.0
at —10dB). We caution that differences in noise
source and decoder architecture preclude a strictly
controlled comparison.

E Per-Layer Activation across SNR

Figure 6 reports, for each upper-layer candidate
(L18-L23) under the U-6 setting, the fraction of
tokens that activate it as a function of SNR, for D-
MoLT, DD-MoLT (Audio), and CDD-MoLT. For
plain D-MoLT, the per-layer activation ratios are
essentially flat across SNR: without difficulty guid-
ance, the router applies the same layer preference
regardless of the acoustic condition. In contrast,
both difficulty-adaptive variants shift their layer us-
age with noise: as the SNR decreases, activation of
the uppermost layers (L22, L.23) rises toward 100%
while that of the lower candidates (L.18, L19) drops.
This directly visualizes the intended behavior of the

WER (%) at SNR (dB)
Method
clean 5 0 -5 -10 -15
Baseline (Yeo et al., 2025) 2.10 3.06 6.89 1635 3447 4935

SUPERB (wen Yang et al., 2021) (U-24) 2.04 2.82 593 1745 3599 4833
SUPERB (wen Yang et al., 2021) (U-6) 225 297 6.52 18.06 37.36 49.22

S-MoLT (Video Top-24, U-24) 216 2.69 560 16.16 33.63 4444
S-MoLT (Video Top-3, U-24) 209 291 569 1721 36.02 4938
D-MoLT (U-24) 213 275 518 1378 27.03 37.24
D-MoLT (U-6) 195 276 569 1580 29.64 40.08
DD-MOoLT (Audio-frontend, U-24) 228 3.00 575 17.25 3595 4835
DD-MoLT (Audio-frontend, U-6) 2.04 264 539 1508 31.10 40.24
DD-MoLT (Video-frontend, U-24) 215 296 569 1515 28.84 41.29
DD-MOoLT (Video-frontend, U-6) 218 284 572 15.17 30.77 4126
CDD-MoLT (U-24) 200 284 572 1595 31.19 4423
CDD-MoLT (U-6) 201 2.67 4.86 13.26 2572 34.35

Table 7: Cross-corpus generalization: WER (%) on the
LRS2 test set after retraining the full pipeline on LRS2.

. WER (%) at SNR (dB)
Noise Method
5 0 -5 10 -15
NOISEX Baseline 1.37 283 7.85 1741 26.67
babble ~ DD-MoLT (Audio, U-6) 1.32 255 645 1393 19.82
(in-domain)  cpp_MoLT (U-6) 116 228 678 1506 2092
MUSAN Baseline 135 3.01 836 1887 26.74
music DD-MoLT (Audio, U-6) 135 298 6.96 14.26 19.93
(unseen) CDD-MOoLT (U-6) 118 273 724 1529 2142
MUSAN Baseline 1.39 297 8.13 1797 2639
natural DD-MoLT (Audio, U-6) 137 273 7.14 13.80 19.80
(unseen) CDD-MoLT (U-6) 120 2.65 7.08 1479 21.14

Table 8: Zero-shot robustness to unseen MUSAN noise.
Models trained on LRS3 with NOISEX babble noise
are evaluated, without retraining, on unseen music and
natural noise. Clean is omitted, as MUSAN has no
noise-free condition.

WER (%) at SNR (dB)

Method MOoE position clean 5 0 -5 -10 -15
MoHAVE-Large! (Kim et al., 2025) decoder FFN 1.5 22 41 98 210 -
MOoME (Cappellazzo et al., 2026) in frozen LLM 0.9 - - - - -
Llama-SMoP (Cappellazzo et al., 2025b)  projector 229 61 95 - - -
Llama-AVSR (Cappellazzo et al., 2025a) — 0.9 22 42 169 - -
MMS-LLaMA (Yeo et al., 2025) - 095 130 266 744 - -

DD-MoLT (Audio, U-6)
CDD-MOoLT (U-6)

encoder layers 090 132 255 645 13.93 19.82
encoder layers  0.77 116 2.28 6.78 15.06 2092

Table 9: WER (%) on the LRS3 test set; all models
are trained on 433 h. Best result in each column is
in bold. "MoHAVE uses MUSAN babble and a non-
LLM decoder (1.0B/553M active parameters); all other
systems use NOISEX babble. MoME reports noise
results only on LRS2, hence its blank cells.

lower-upper preference, where clean, easy tokens
rely more on lower layers that preserve fine-grained
cues, whereas noisy, hard tokens are routed toward
upper layers rich in contextual information.

F Auxiliary Losses for D-MoLT

In the absence of explicit constraints, the threshold-
based router of D-MoLT may in principle collapse
onto a small subset of layers or, conversely, activate
nearly all layers indiscriminately. Prior MoE works
address such pathologies by introducing auxiliary
objectives that regularize the routing distribution:
load balancing (Shazeer et al., 2017; Fedus et al.,
2022) discourages routing collapse by promoting
uniform expert utilization, while DynMoE (Guo
et al., 2025) employs diversity and simplicity losses
to encourage diverse selection patterns and to sup-
press unnecessary activations. As discussed in the
main text, these objectives are not directly aligned
with our goal of guiding each token to select the lay-
ers genuinely necessary for AVSR; uniform layer
usage in particular conflicts with the layer-wise spe-
cialization observed in AV-HuBERT, where only
a subset of upper layers carries information useful
for recognition. Nevertheless, to empirically verify
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Figure 6: Per-layer activation ratio of the upper-six candidate layers (L18-L23) as a function of SNR, under the U-6
setting. Left: D-MoLT; middle: DD-MoLT (Audio); right: CDD-MoLT. D-MoLT is noise-agnostic (flat curves),
whereas the difficulty-adaptive variants shift activation toward the uppermost layers as noise increases.

whether such regularizers help or hurt D-MoLT in
the AVSR setting, we consider the following three
losses and report their formulations and effects be-
low.

F.1 Formulations

Load Balancing Loss. This loss encourages uni-
form distribution of per-layer activation rates across
all tokens in a batch, and is defined as:

L
Lbalance = L - Z fi-m
where f; denotes the fraction of tokens for which
layer [ is activated, and p; denotes the mean routing
probability for layer [/, defined respectively as:

B T
fi= Bizzmzm n = BlTZZU

b=1 t=1 b=1 t=1
Diversity Loss. This loss encourages diverse se-
lection patterns across layers by promoting differ-
ent layers to be activated by different subsets of
tokens. Defining the soft gate matrix G € RBT>L
as Gy = U(sfm) and its column-normalized
counterpart G, the loss is computed as:

ta=[orc1],

As the column-wise cosine similarities approach
the identity matrix, each layer exhibits an increas-
ingly independent selection pattern.

Simplicity Loss. This loss suppresses overall ac-
tivation by reducing the number of tokens that acti-
vate each layer, and is defined as the mean £5 norm

Method WER (%) at SNR (dB)
clean 5 0 -5 -10 -15

Baseline 1.00 1.37 2.83 7.85 1741 26.67
D-MoLT 093 125 248 753 1638 2327
D-MoLT + Ib 095 1.39 255 790 18.14 26.72
D-MoLT + div 1.09 150 2.62 7.32 1632 2442
D-MoLT + simp 093 130 250 7.28 1519 22.00
D-MoLT + div + simp 098 148 252 9.17 1835 25.18

Table 10: WER (%) on LRS3 for D-MoLT (U-24) with
and without auxiliary losses. 1b: load balancing, div:
diversity, simp: simplicity.

of the column vectors g; € RB7 of the soft gate
matrix G:

mmple - Z ||gl||2

For Lyalance, f1 18 computed by detaching the
binary gate mévt to block gradient flow, such that
gradients propagate exclusively through p;. For
Lgiy and Lgmple, since the binary gate mff does not
carry valid column-wise gradients due to the STE,
both losses are computed based on the continuous
soft gate values U(slb7t).

F.2 Empirical Results on D-MoLT

We attach each of the three auxiliary losses to D-
MOoLT (U-24) and evaluate WER on the LRS3 test
set; results are summarized in Table 10.

Load balancing loss causes consistent perfor-
mance degradation relative to plain D-MoLT, par-
ticularly under noisy conditions. This is likely be-
cause encouraging every layer to be activated uni-
formly across tokens is fundamentally misaligned
with the AVSR task, in which only a small sub-
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set of upper layers carries information useful for
recognition.

Diversity loss plays a similar role to load bal-
ancing by promoting independent per-layer selec-
tion patterns, and accordingly shows a comparable
trend of performance degradation across most SNR
conditions.

Simplicity loss yields results comparable to, or
occasionally marginally better than, plain D-MoLT
at mid-to-low SNR levels (e.g., —5, —10, —15dB
in Table 10). This can be attributed to the fact
that D-MoLT (U-24) already converges to a very
sparse routing, activating on average close to one
layer per token; thus, the additional suppression
imposed by the simplicity loss does not substan-
tially alter the routing behavior. Crucially, however,
the best overall results in Table 2 are achieved by
DD-MoLT variants, which adaptively activate more
layers depending on input difficulty. This obser-
vation suggests that simply reducing the number
of activated layers is not always optimal; rather,
activating more layers when the input conditions
demand it, as enabled by the difficulty-aware pref-
erence mechanism, is key to improving AVSR ro-
bustness under adverse acoustic conditions.

G Use of AI Assistants

The authors employed Claude exclusively as a
language-editing tool to polish grammar and writ-
ing style when preparing the final (camera-ready)
version of this manuscript. It was not used in the
initial submission and played no role in generating
the scientific hypotheses, conducting the analyses,
or developing the intellectual content, all of which
originate from the human authors.
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