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Abstract

Audio-Visual Speech Recognition enhances
speech recognition robustness in noisy condi-
tions by leveraging visual cues. However, cur-
rent Multimodal LLMs suffer from a fundamen-
tal temporal gap. This gap is characterized by
limited fine-grained temporal modeling in vi-
sion encoders and progressive temporal seman-
tic degradation throughout the deep layers of
LLM decoders. To bridge this gap, we propose
a novel framework that deeply stacks temporal
tokens across both the encoding and decoding
stages. Specifically, we enhance the vision en-
coder with a temporal-aware attention module
and temporal rotary positional embeddings to
precisely capture the sequential evolution and
lip movement dynamics. Furthermore, we stack
hierarchical temporal tokens that incorporate
temporally enriched features into multiple lay-
ers of the LLM decoder in a bottom-up manner.
Extensive experiments on the LRS2 and LRS3
benchmarks demonstrate that our approach
achieves quite satisfactory results, outperform-
ing existing supervised, self-supervised, and
LLM-based methods by 6.1% on LRS2 and
7.8% on LRS3. Our codes are available at
https://github.com/LyongW/Temporal-AVSR.

1 Introduction

Automatic speech recognition systems (Park et al.,
2019; Gulati et al., 2020) have achieved remarkable
progress in recent years. However, their perfor-
mance remains highly vulnerable in noisy acoustic
environments (Radford et al., 2022). Humans nat-
urally leverage visual cues, particularly lip move-
ments, to enhance speech perception in noisy condi-
tions. This observation has motivated the develop-
ment of Audio-Visual Speech Recognition (AVSR)
systems (Shi et al., 2022; Rekesh et al., 2023; Yeo

†Corresponding Author.

Figure 1: Comparison of ASR and VSR perfor-
mance between traditional AVSR models based on self-
supervised (SSL) or supervised learning (SL) (◦ mark-
ers) and LLM-based AVSR frameworks (△ markers).

et al., 2025b) that integrate both auditory and vi-
sual modalities to achieve robust recognition under
adverse acoustic conditions.

Visual speech (Liu et al., 2023) patterns cap-
tured from lip movements provide complementary
information that remains inherently robust to acous-
tic noise. A fundamental characteristic of visual
speech is its rich, highly structured temporal de-
pendency. Unlike static visual concepts, lip move-
ments convey linguistic information through con-
tinuous motion over multiple video frames, where
a sequence of subtle articulatory changes often ex-
presses a single word or phoneme . Accurately
recognizing speech from lip movements, therefore,
requires modeling fine-grained temporal dynamics
across consecutive frames.

Recent advances in Multimodal LLMs (Cap-
pellazzo et al., 2024; Yeo et al., 2025b) lever-
age the impressive generalization and instruction-
following capabilities of LLMs. Most existing
LLM-based approaches (Ye et al., 2024; Cappel-
lazzo et al., 2025b; Yeo et al., 2024a) process non-
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text modalities by incorporating large numbers of
visual tokens and audio tokens as prefix inputs
alongside language prompts. Compared to tradi-
tional self-supervised (Haliassos et al., 2022) or
supervised learning (Ma et al., 2023) AVSR mod-
els, LLM-based methods capitalize on powerful
contextual reasoning to achieve lower Word Error
Rates (WER) on Automatic Speech Recognition
(ASR) (Chen et al., 2024). Yet, they underperform
on Visual Speech Recognition (VSR), as illustrated
in Fig. 1. These observations reveal a fundamen-
tal temporal gap in multimodal LLM-based AVSR
frameworks. Current LLM-based approaches (Cap-
pellazzo et al., 2024, 2025a) lack fine-grained mod-
eling of action sequences and temporal progression,
leading to degraded performance in VSR.

Furthermore, even when temporal features are
extracted at the visual encoder, a second challenge
emerges: the progressive degradation of temporal
semantics within deep LLM layers. Standard LLM-
based methods (Yeo et al., 2025b; Cappellazzo
et al., 2024, 2025c) typically incorporate visual
and audio tokens only at the input embedding layer,
treating them as a prefix to the text sequence. As
shown in Fig. 2, when feeding the LLM with stan-
dard and shuffled video token sequences, we ob-
serve a progressive increase in similarity across de-
coder layers. This trend indicates that fine-grained
temporal semantics are gradually lost as visual fea-
tures propagate through deep autoregressive decod-
ing layers, with the loss being more apparent in
the top decoder layers. The fine-grained temporal
information tends to be gradually diluted or over-
ridden by the inherently strong linguistic priors of
the pre-trained language model.

In this paper, we propose a novel LLM-based
AVSR method that bridges the temporal gap by
deeply stacking temporal tokens across both en-
coding and decoding stages. At the vision encoder
level, we enhance temporal modeling to capture
the fine-grained dynamics of visual speech, produc-
ing temporally coherent representations for down-
stream decoding. At the LLM decoding level, we
stack hierarchical temporal tokens that facilitate the
propagation of temporal features across decoder
layers to mitigate temporal semantic degradation.
Bridging the encoder and decoder, we employ a
Q-Former to compress representations into learn-
able tokens, reducing the LLM’s computational
overhead while preserving the temporal structure.

The main contributions of this paper are summa-
rized as follows:

Figure 2: Similarity across different layers between nor-
mal and shuffled video tokens orders in LLM decoder.

• We analyze a temporal gap in multimodal
LLM-based AVSR frameworks, revealing lim-
ited fine-grained temporal modeling and pro-
gressive temporal degradation.

• We bridge this temporal gap by deeply stack-
ing temporal tokens at both the vision encoder
and LLM decoder levels.

• Following a broad analysis of existing SSL/SL
and LLM-based methods for ASR, VSR, and
AVSR tasks, our method achieves superior
performance on LRS2 and LRS3 while main-
taining high computational efficiency.

2 Related Work

2.1 Supervised & Self-Supervised AVSR

AVSR has been widely studied to improve speech
recognition robustness in noisy environments.
Early supervised learning (Afouras et al., 2018a;
Chung et al., 2016) utilized end-to-end architec-
tures (Petridis et al., 2018) to jointly model mul-
timodal streams, demonstrating the value of lip
movements in noise-robust recognition. Subse-
quent works introduced temporal convolutional
(Ma et al., 2021), and later transformer-based
(Serdyuk et al., 2022; Hong et al., 2023) and
Conformer-based (Rekesh et al., 2023; Chang et al.,
2024) models to better capture long-range temporal
dependencies across modalities.

Recently, SSL has emerged as a dominant
paradigm in AVSR (Haliassos et al., 2022; Hsu and
Shi, 2022), learning aligned representations from
large-scale unlabeled data. While achieving strong
performance (Haliassos et al., 2024b; Lian et al.,
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2023), these frameworks demand substantial data
and computational resources. Consequently, some
work has pivoted toward sample-efficient strate-
gies, including low-resource (Kim et al., 2023),
synthetic-data (Liu et al., 2023), and knowledge-
transfer (Yang et al., 2024) approaches. Parallel
efforts address robustness via cross-lingual (Choi
et al., 2023), cross-speaker (Yeo et al., 2024b),
and zero-shot (Yeo et al., 2025a) settings. Despite
their proficiency in VSR, these traditional archi-
tectures lack the flexibility and rich contextual rea-
soning of LLMs, often yielding suboptimal ASR
results, thereby motivating a shift toward LLM-
based frameworks.

2.2 LLM-based Audio-Visual Speech
Recognition

Recent advances in LLMs (Ye Bai and Chen, 2024)
have revolutionized speech recognition by offering
robust linguistic priors and long-context modeling.
Early attempts to incorporate LLMs into ASR pri-
marily treated them as auxiliary language models
for post-hoc error correction (Chen et al., 2024),
demonstrating their effectiveness in improving lin-
guistic consistency. Building on these successes,
some work explores (Cappellazzo et al., 2024) in-
tegrating LLMs into AVSR to jointly exploit multi-
modal speech cues and strong language modeling.
Recent work (Yeo et al., 2025b) applies LLMs to
language-agnostic and zero-shot (Yeo et al., 2025a)
AVSR by mapping audio–visual representations to
text, and further incorporates visual speech cues
into LLM-based frameworks via lightweight pro-
jection modules for end-to-end multimodal decod-
ing. To reduce the cost of long audio–visual se-
quences, some methods (Cappellazzo et al., 2025a)
adopt structured token compression to preserve lin-
guistically salient information.

However, despite superior noise robustness com-
pared to SSL methods, LLM-based approaches sig-
nificantly underperform in VSR. This performance
disparity reveals a fundamental temporal gap: by
treating dynamic audio-visual tokens as static pre-
fixes, existing methods neglect the sequential evo-
lution of lip movements, presenting a critical chal-
lenge for the field. Therefore, closing this temporal
gap is an urgent prerequisite for further advances
in LLM-based AVSR.

3 Method

In this section, we propose a novel audio–visual
speech recognition framework that explicitly ad-
dresses fine-grained temporal modeling in multi-
modal LLMs. As shown in Fig. 3, our approach
enhances temporal understanding at two comple-
mentary levels: (1) temporal-aware attention in
the vision encoder, and (2) stacking hierarchical
temporal tokens in the LLM decode.

3.1 Overview Model Architecture
Multimodal Encoders: Given a video, we fırst
decompose it into individual video frames V ∈
RB×T×H×W and audio segments A ∈ RB×K×M ,
where T represents the frame number, and K rep-
resents the segment number. For video frames, an
AV-HuBERT (Shi et al., 2022) is employed to ob-
tain frame-level embeddings Fv ∈ RB×T×D. For
audio segments, we utilize Whisper (Radford et al.,
2022) to extract the last hidden states as the audio
embedding Fa ∈ RB×K×Da , where Da represents
the embedding dimension for each audio segment:
Fa = {a1, a2, a3, ..., aK}.

After obtaining the synchronised visual feature
Fv ∈ RB×T×D and audio feature Fa ∈ RB×K×Da ,
the two modalities are aligned and concatenated
along the feature dimension to form a unified mul-
timodal sequence Fav = Concat(Fv, Fa), where
Fav denotes the fused audio–visual representation.
Note that when only one input modality is present,
the other modality is filled with a sequence of zero
padding of the same sequence length. The fused
multimodal sequence Fav is fed into the proposed
TAA module, as described in detail in Section 3.2.
Q-Former: To compress the fused multimodal
sequence while preserving salient audio–visual in-
formation, we adopt a causal Q-Former equipped
with the same set of N trainable input query tokens
Q = {q1, . . . ,qN}.

FQ
N = QFormer

(
FAV

t:t+T ;Q
)
, (1)

the resulting query representations FQ
N are then

projected to the LLM input dimension before being
fed into the language model.
Multimodal Large Language Models: LLMs are
typically pre-trained on a vast amount of unlabeled
text corpus using a transformer decoder-only ar-
chitecture. MLLMs extend pre-trained LLMs by
conditioning text generation on input images and
audio via visual tokens as prefix inputs. Formally,
the learning objective can be formulated as:
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Figure 3: Overview of the proposed AVSR framework. Visual and audio features are first encoded and temporally
aligned, and then enhanced by the temporal-aware attention module with T-RoPE. The resulting representations
are compressed by a Q-Former and hierarchically integrated into multiple LLM decoder layers via temporal token
stacking, enabling robust fine-grained temporal modeling for AVSR.

L =
N∑

t=1

logPθ(xt+1 | x1:t,FQ
N ), (2)

where P represents the LLM and θ is the train-
able parameters of the model. FQ

N ∈ RN×C repre-
sents the sequence of visual and audio tokens.

3.2 Temporal-Aware Attention
In this section, we explicitly address the challenge
of temporal understanding by deeply stacking tem-
poral tokens across both encoding and decoding
stages. At the vision encoder level, we introduce
a Temporal-Aware Attention (TAA) module en-
hanced with Temporal Rotary Positional Embed-
dings (T-RoPE) to better capture inter-frame depen-
dencies and the sequential evolution of visemes. By
enriching the visual tokens with temporal cues, we
provide a compact yet informative temporal repre-
sentation for the subsequent decoding process. At
the LLM decoder level, we stack hierarchical tem-
poral tokens that incorporate temporally enriched
visual representations into multiple decoder layers
in a bottom-up manner via lightweight projectors,
thereby mitigating progressive temporal semantic
degradation during autoregressive decoding.

3.2.1 Temporal Rotary Position Embeddings
To explicitly model the temporal correspondence
between visual and acoustic modalities, which of-
ten exhibit different temporal resolutions, we in-
troduce a Temporal Rotary Positional Embedding
(T-RoPE) strategy based on RoFormer (Su et al.,
2021). This approach ensures that visual and audio
tokens corresponding to the same timestamp share
identical temporal position IDs, allowing the atten-
tion mechanism to naturally associate temporally

Figure 4: Temporal-Aware Attention with T-RoPE. T-
RoPE and causal masking enable fine-grained temporal
attention over audio–visual tokens.

aligned cross-modal information. Simultaneously,
the temporal order is maintained across different
frames, with position IDs incrementing accordingly.
For visual feature Fv ∈ RB×T×D and audio feature
Fa ∈ RB×K×Da . The proposed temporal position
id is defined as follows:

It(n) =





n, if n < vas ,

vas + T

⌊
n− vas
K

⌋
, if vas ≤ n ≤ vae ,

n−
(
vae − vas + 1

− T

⌊
n− vas
K

⌋)
,

if n > vae ,

(3)
where vas and vae are the starting and ending posi-
tion ids of the audio tokens within the global RoPE
position id n. ⌊.⌋ denotes the floor function, which
rounds down to the nearest integer. By scaling the
position ids, temporal information is introduced
through the adjusted position n̂, defined as:
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n̂ = n+ It(n). (4)

This adjustment ensures that temporal informa-
tion is effectively incorporated into the original po-
sition embedding. When computing the attention
map, the T-RoPE technique introduces the multipli-
cation of Euler’s formula eiθ to the query and key
vectors as a relative position embedding.

3.2.2 Temporal Attention
As shown in Fig. 4, we process the audio-visual
features for each sentence i across all frames, de-
fined as FQ

i = [FQ
1,i, . . . , F

Q
N,i]

⊤ ∈ RN×D. The
temporal attention mechanism computes:





Qi = LN
(
FQ
i

)
WQ,

Ki = LN
(
FQ
i

)
WK ,

Vi = LN
(
FQ
i

)
WV ,

(5)

where WQ,WK ,WV ∈ RD×dt are learnable pro-
jection matrices, and dt is the dimension of queries
and keys.

We adopt a T-RoPE and apply it to the multi-
modal domain for both video and audio tokens.
This design explicitly encodes relative temporal
relationships within the audiovisual modality while
facilitating effective cross-modal interactions. For
instance, when considering the n-th and m-th query
and key vectors Qn

i and Km
i in R1×dhead , T-RoPE

is applied as follows:

Q′n
i = Qne

in̂θ = Qne
i(n+γ·It(n))θ, (6)

K ′m
i = Kmeim̂θ = Kmei(m+γ·It(m))θ. (7)

These transformed representations are used to
compute the attention matrix, thereby capturing
inter-frame temporal dynamics via relative position
modulation. The module output is obtained as:

Zi = FQ
i + softmax(Q′

iK
′
i)Vi. (8)

The feature representation Zi from the last trans-
former block is projected into the LLM’s embed-
ding space, concatenated with the prompt’s lan-
guage embeddings, and fed to the LLM. Our key
innovation lies in the parameter-efficient temporal-
aware attention. By integrating temporal rotary
positional embeddings within the temporal atten-
tion block, we explicitly encode the relative tem-
poral structure of the multimodal sequence. This

lightweight design significantly enhances the mod-
eling of fine-grained temporal dynamics with min-
imal computational overhead, thereby improving
the quality of audio-visual features for temporally
challenging AVSR tasks.

3.3 Hierarchical Temporal Token Stacking

As the autoregressive decoding process progresses,
fine-grained temporal cues introduced at the input
stage often degrade gradually in multimodal set-
tings, where visual and audio signals are usually
overshadowed by the strong linguistic priors inher-
ent in deep LLM layers. To leverage the hierarchi-
cal nature of Transformer decoders, which encode
low-level patterns in early layers and abstract se-
mantics in deeper layers, we propose reinforcing
temporal modeling through explicit hierarchical to-
ken stacking. Specifically, we employ multiple pro-
jection layers to map temporally enriched tokens
into the LLM’s embedding space, stacking them
across specific decoder layers to mitigate semantic
degradation.

Given an LLM decoder with L layers, we denote
the l-th decoder layer as Dl, and its output hidden
states as Hl = Dl(Hl−1). We partition it bottom-
up into an early block Dbottom for stacking tempo-
ral tokens and a late block Dup for standard prefix-
based sequential modeling. The early decoder
block is defined as Dbottom = {D1,D2, . . . ,DLb

}
where Lb denotes the number of layers in the early
block. We project temporally enriched features into
each early decoder layer in a hierarchical manner
via layer-wise projection modules.

Hstack
l = Projector(Z), (9)

where Hstack
l = {Hstack

1 ,Hstack
2 , . . . ,Hstack

Lb
}

represents temporally projected tokens aligned with
the l-th early decoder layer. The original hidden
states Hl−1 produced by the decoder layer Dl−1

are combined with the stacked temporal represen-
tations Hstack

l via a residual connection, which is
formulated as:

Hl = Dl(Hl−1) +Hstack
l . (10)

Specifically, temporal tokens are stacked only
within the early decoder block Dbottom, while the
first decoder layer operates without temporal to-
ken stacking. Hierarchical temporal token stacking
preserves and propagates fine-grained temporal in-
formation across early decoder layers, mitigating
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Method Backbone Trainable
(Par. M)

Labeled
Hours

WER (%) ↓
VSR ASR AVSR

Supervised Learning

Auto-AVSR(Ma et al., 2023) Conformer 425 818 33.0 1.5 1.0
Hyb-Conformer (Ma et al., 2021) Conformer 412 433 27.9 2.3 2.3
MIR-GAN (Hu et al., 2023a) Transformer – 433 26.6 1.3 1.2
Fast Conformer(Rekesh et al., 2023) Conformer 197 433 43.8 1.7 1.6
AVEC (Burchi and Timofte, 2023) Conformer 61 818 37.5 2.0 1.8
ViT 3D(Serdyuk et al., 2022) Transformer 310 YouTube-90k 17.0 – 1.6
LP Conformer(Chang et al., 2024) Conformer 570 YouTube-100k 12.8 – 0.9

Self-Supervised Learning

AV-data2vec(Lian et al., 2023) Transformer 325 1,759 28.5 1.2 1.3
AV-HuBERT(Shi et al., 2022) Transformer 325 1,759 26.9 – –
RAVEn(Haliassos et al., 2022) Transformer 328 1,759 23.1 1.4 –
USR(Haliassos et al., 2024a) Transformer 503 1,759 22.3 1.2 1.1

AV-HuBERT(Shi et al., 2022) Transformer 325 433 28.6 1.5 1.4
VATLM(shi Zhu et al., 2022) Transformer 332 433 28.4 – 1.2
RAVEn(Haliassos et al., 2022) Transformer 328 433 28.2 1.4 –
BRAVEn(Haliassos et al., 2024b) Transformer 328 433 26.6 1.2 –
u-HuBERT(Hsu and Shi, 2022) Transformer 325 433 27.2 1.5 1.3
UniVPM (Hu et al., 2023b) Transformer 478 433 26.7 1.42 1.18

LLM-Based

Llama-AVSR(Cappellazzo et al., 2024) Whisper + AV-HuBERT V 57 224 37.20 2.40 2.21
Llama-AVSR(Cappellazzo et al., 2024) Whisper + AV-HuBERT V 57 433 27.10 1.10 0.95
Llama-AVSR(Cappellazzo et al., 2024) Whisper + AV-HuBERT V 57 1,759 25.90 0.97 0.85
+ Ours Whisper + AV-HuBERT V 65.3 433 26.10 1.01 0.91

MMS-Llama*(Yeo et al., 2025b) Whisper + AV-HuBERT V 39.6 224 38.91 3.50 3.11
MMS-Llama*(Yeo et al., 2025b) Whisper + AV-HuBERT V 39.6 433 29.83 1.50 1.14
MMS-Llama*(Yeo et al., 2025b) Whisper + AV-HuBERT V 39.6 1,759 28.50 1.20 0.91

MoME*(Cappellazzo et al., 2025a) Whisper + AV-HuBERT V 12.7 433 29.0 1.70 1.50

Ours* Whisper + AV-HuBERT V 48 224 36.50 2.50 2.84
Ours* Whisper + AV-HuBERT V 48 433 27.50 1.32 1.02
Ours* Whisper + AV-HuBERT V 48 1,759 26.30 1.10 0.89

Table 1: Comparison of WER (%) under VSR, ASR, and AVSR settings in supervised learning, self-supervised
learning, and LLM-based models. Our method is highlighted in green. * denotes token compression methods.

the dominance of linguistic priors during autore-
gressive decoding. In contrast, the late decoder
block Dup operates without temporal token stack-
ing and focuses on high-level semantic reasoning
and language generation based on the temporally
enriched representations from the early block.

4 Experiments

4.1 Datasets

LRS2: (Chung et al., 2016) consists of 224 hours
of video collected from BBC television programs.
It contains approximately 144k utterances, with
1.2k reserved for testing. LRS3 (Afouras et al.,
2018b) comprises 439 hours of TED and TEDx
talks with varied visual conditions. The dataset
includes 120k pre-training and 32k training utter-
ances, with a test set of 1,321 samples.
VoxCeleb2: (Chung et al., 2018) is employed to

scale up our training. We specifically utilize its En-
glish subset, which provides approximately 1,326
hours of audio-visual data from over 6,000 speak-
ers. To enable joint training with labeled datasets,
we use pseudo-text transcriptions generated by a
pre-trained ASR system.

4.2 Implementation Details

Pre-processing: Following (Ma et al., 2023), au-
dio and video are resampled to 16 kHz and 25
fps. For the visual stream, RetinaFace (Deng et al.,
2019) detects and crops 96× 96 mouth ROIs, fol-
lowed by random augmentation and normalization.
To improve robustness, babble noise (Varga and
Steeneken, 1993) is added during training.
Training and evaluation: We implement our
framework on the Llama3.2-3B backbone, fine-
tuned with LoRA (Hu et al., 2021) (rank r = 16,
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TAA T-RoPE HSTT LRS2 WER ↓ LRS3 WER ↓
✗ ✗ ✗ 38.91 29.83
✓ ✗ ✗ 37.13 28.23
✓ ✓ ✗ 36.94 28.10
✓ ✓ ✓ 36.57 27.50

Table 2: Effect of different components (TAA, T-RoPE,
and HSTT) on WER performance for LRS2 and LRS3
datasets.

Blocks Para. (M) FLOPs (G) LRS2 ↓ LRS3 ↓
0 - - 38.91 29.83
2 8.3 7.56 36.57 27.53
4 16.6 15.12 36.85 27.72
6 24.9 22.68 36.33 27.56
8 33.2 30.24 36.12 27.21

Table 3: Effect of different numbers of temporal atten-
tion blocks on WER for LRS2 and LRS3 datasets.

α = 32, dropout 0.05). A Q-Former (Li et al.,
2023) with token compression processes both vi-
sual and audio inputs. We train using Adam
(Kingma and Ba, 2014) (β1 = 0.9, β2 = 0.98) with
a cosine schedule on RTX 4090 GPUs with gradi-
ent accumulation, and decode with beam search
(beam size 5, temperature 0.37).

4.3 Experimental Results
4.3.1 Comparison Across Different

Supervision Methods
Table 1 compares our method with state-of-the-
art supervised, self-supervised, and LLM-based
baselines in terms of WER on VSR, ASR, and
AVSR. Our approach surpasses conventional super-
vised models on all three tasks while using sub-
stantially fewer trainable parameters. Although
ViT 3D (Serdyuk et al., 2022) and LP Conformer
(Chang et al., 2024) further improve VSR by rely-
ing on larger models and more labeled data, our
framework achieves superior ASR and AVSR per-
formance with only 1,759 labeled training samples.
Compared with self-supervised learning methods,
our model demonstrates superior performance. Us-
ing 433 hours of labeled data, our method achieves
27.5% VSR WER, outperforming AV-HuBERT
(28.6%) (Ma et al., 2023), VATLM (28.4%) (Burchi
and Timofte, 2023), and RAVEn (28.2%) (Halias-
sos et al., 2024b) while using significantly fewer
trainable parameters. For AVSR tasks, our model
achieves 1.02% WER with 433 hours of training
data, outperforming all self-supervised models.

We reproduce Llama-AVSR (Cappellazzo et al.,
2024) and MMS-Llama (Yeo et al., 2025b) and
compare them with our framework. For fair-
ness, we group LLM-based methods into token-

compression models (MMS-Llama, MoME (Cap-
pellazzo et al., 2025a)) and non-compression mod-
els (Llama-AVSR). Our approach surpasses MMS-
Llama and MoME, achieving WERs of 26.3%,
1.1%, and 0.89% on VSR, ASR, and AVSR, re-
spectively. In VSR, it significantly outperforms
MMS-Llama, with gains of 6.1% on LRS2 and
7.8% on LRS3. Compared with Llama-AVSR with-
out token compression, our model attains compara-
ble WER while compressing both visual and audio
inputs by 6×.

4.3.2 Ablation Study
In this ablation, we evaluate the contributions of
Temporal-Aware Attention (TAA), Temporal Ro-
tary Positional Embeddings (T-RoPE), and Hi-
erarchical Temporal Token Stacking (HSTT) on
LRS2 and LRS3. Adding TAA reduces WER from
38.91% to 37.13% on LRS2 and from 29.83% to
28.23% on LRS3, indicating improved temporal
dependency modeling. Adding T-RoPE on top of
TAA further lowers WER to 36.94% and 28.10%
on LRS2 and LRS3, respectively, by enhancing
temporal position encoding. The full model with
TAA, T-RoPE, and HSTT achieves the best results,
with WERs of 36.57% on LRS2 and 27.50% on
LRS3, highlighting the significance of hierarchical
temporal token stacking.

4.3.3 Different Effects of Temporal Attention
Blocks

This experiment evaluates the impact of varying
the number of temporal attention blocks on LRS2
and LRS3, as shown in Table 3. Without TAA, the
model attains baseline WERs of 38.91% (LRS2)
and 29.83% (LRS3), while adding just 2 TAA
blocks reduces WER to 36.57% and 27.53%, corre-
sponding to 6.0% and 7.7% relative improvements.
These gains, achieved with only 8.3M additional
parameters and 7.56 GFLOPs, demonstrate the pa-
rameter efficiency of our TAA module.

4.3.4 Token Compression and Robustness
Analysis

Table 4 summarizes AVSR performance under dif-
ferent audio-visual token rates and amounts of la-
beled data. Compared with non-compression base-
lines (CM-seq2seq (Ma et al., 2021), Eff. Conf.
(Burchi and Timofte, 2023), USR (Haliassos et al.,
2024a), auto-avsr (Ma et al., 2023)), which rely
on more labeled data and parameters, our method
achieves comparable WER on LRS2 and LRS3.
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Figure 5: Visualization of temporal attention in a continuous video sequence. ⋆ marks the current frame.

Method Rates Lab. Dataset

(A, V) Hrs. LRS2 ↓ LRS3 ↓
CM-seq2seq (1, 1) 380/433 3.7 2.3
Eff. Conf. (1, 1) 818/818 2.3 1.8
USR (1, 1) 1982/1759 1.9 1.1
auto-avsr (1, 1) 3448/1902 1.5 1.0

MMS-Llama (6, 6) 223/433 3.11 1.14
MoME (4, 2) 223/433 2.70 1.50
Our (6, 6) 223/433 2.50 1.02

Table 4: Comparison of AVSR methods on LRS2 and
LRS3 datasets under different audio-visual token rates
and labeled hours.

Method SNR (dB)

12.5 7.5 2.5 -2.5 -7.5

Auto-AVSR 1.0 1.0 1.5 2.2 5.6
Ours 0.89 0.97 1.4 2.5 6.3

Table 5: WER (%) comparison of Auto-AVSR and our
method under different SNR levels.

Among token-compression approaches, our Q-
Former with 6× compression for both audio and
visual tokens attains the best results, with WERs of
2.50% on LRS2 and 1.02% on LRS3.

Table 5 reports the WER of Auto-AVSR and our
method under SNRs from 12.5 to −7.5 dB. At mod-
erate and high SNRs, our framework consistently
yields lower WER, demonstrating improved robust-
ness under mild noise. As SNR drops to −2.5 and
−7.5 dB, both systems degrade, but our method
remains competitive. Overall, these results indi-
cate that the temporal-aware framework is robust
to noise and generally superior to the baseline in
realistic acoustic conditions.

4.4 Temporal Attention Visualization
To better understand how the proposed TAA oper-
ates over time, we visualize the temporal attention
rollout on a continuous video sequence, as shown

in Fig. 5. We select 15 consecutive frames and
sample 6 key frames, for which the middle row
plots the attention distribution over all frames for
each queried frame. The visualization clearly re-
veals a localized and temporally coherent attention
pattern. For each queried frame, TAA concentrates
on the current frame and its immediate neighbors,
with attention weights rapidly decaying for distant
frames. As the utterance naturally progresses, the
attention peak smoothly shifts along the temporal
axis, indicating that the model dynamically tracks
evolving lip motion. Our method thus focuses on
a compact temporal neighborhood to capture fine-
grained visual dynamics while producing tempo-
rally consistent representations for AVSR.

5 Conclusion

In this paper, we identify and analyze a criti-
cal temporal gap in existing multimodal LLM-
based AVSR frameworks, where fine-grained tem-
poral dynamics of lip movements are inadequately
captured and progressively lost across deep de-
coder layers. To address this, we propose a novel
temporal-aware attention and T-ROPE to capture
fine-grained visual dynamics. Furthermore, we
introduce hierarchical temporal token stacking to
preserve temporal information across decoder lay-
ers effectively. Extensive experiments on the
LRS2 and LRS3 benchmarks demonstrate that
our method achieves superior performance, sig-
nificantly outperforming existing supervised, self-
supervised, and LLM-based baselines.
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Limitations

Despite the demonstrated efficiency and robustness
of our method, several limitations remain. First,
our evaluations are currently restricted to English
audio-visual benchmarks (LRS2 and LRS3). Con-
sequently, the generalization capability of the pro-
posed temporal-aware attention and T-RoPE mech-
anisms to languages with distinct phoneme-viseme
mappings or complex tonal characteristics requires
further verification. Second, while our model ex-
cels in offline, sentence-level decoding, practical
deployment often demands real-time capabilities.
Adapting the hierarchical temporal stacking mech-
anism to a continuous streaming setup, where strict
latency constraints are critical, presents a signifi-
cant challenge for future optimization.
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A Supplementary materials

A.1 Qualitative Analysis of Error Cases

Error Case : Substitution

Prompt: Recognize this video in English.

Reference - now my own speciality is com-
bining digital technology and magic

Prediction - now my own specialization is
combining digital technology and magic

Reference - what difference does it make if

they talk like jerry seinfeld

Prediction - what difference does it make if
they talk like george seinfeld

Reference - one thousand eight hundred and

thirty six people died

Prediction - 1836 people died

Error Case : Omission

Prompt: Recognize this video in English.

Reference - it’s shocking to realize that only
28 percent of american

Prediction - it’s shocking to realize that
only 28 of american

Reference - we do train them however to

adjust caution according to where they are

Prediction - we do train them however to
adjust according to where they are

Error Case : Insertion

Prompt: Recognize this video in English.

Reference - for africans homegrown science
fiction can be a will to power

Prediction - for africans home grown sci-
ence fiction can be a way to power

Reference - of course migration will be-

come even more important

Prediction - and of course migration would
become even more important

The qualitative error cases in the supplementary
material, drawn from the VSR task on the LRS3
dataset, show that our model mainly fails at fine-
grained lexical realization rather than global seman-
tics. We categorize errors into three types: substi-
tutions, omissions, and insertions. The qualitative
analysis of error cases reveals that the model’s de-
viations are often driven by its strong semantic
reasoning and linguistic priors rather than simple
recognition failures.

Substitution errors demonstrate the model’s ten-
dency towards semantic equivalence ("special-
ity" → "specialization"). However, visual ambi-
guity in proper nouns can occasionally lead to
context-driven hallucinations (confusing "Jerry"
→ "George"). Omissions are primarily observed
in words with weak visual cues or reduced lip mo-
tion amplitude during rapid speech, while inser-
tions reflect the generative nature of the underlying
LLM, which may introduce grammatically plausi-
ble connectives (adding "and") or alter tokeniza-
tion ("home grown") to enhance syntactic fluency.
Collectively, these patterns suggest the model func-
tions as a semantic interpreter, prioritizing coherent
understanding over rigid verbatim alignment.

A.2 Statistical Analysis of Recognition Errors

To investigate the performance bottlenecks of the
VSR model on the LRS3 dataset, we conducted a
detailed statistical analysis of recognition errors, as
illustrated in Fig. 6. First, the error type distribu-
tion in Fig. 6 (a) indicates that substitution errors
are dominant. Unlike audio-based recognition, sub-
stitution errors in VSR primarily stem from the
visual ambiguity of homophenes, where multiple
phonemes map to identical lip movements (e.g.,
/p/ and /b/). This high proportion suggests that
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Figure 6: Analysis of recognition errors and temporal attention patterns of the proposed AVSR model.

while the model successfully detects articulatory
actions, it faces challenges in fine-grained viseme
discrimination.

The relationship between error rate and sentence
length in Fig. 6 (b) highlights the critical role of
context in VSR. For short sentences (<10 words),
the lack of sufficient semantic constraints makes vi-
sual ambiguities hard to rectify, resulting in higher
and more volatile error rates. Conversely, as sen-
tence length increases (>20 words), the error rate
drops significantly. This demonstrates the model’s
ability to leverage long-range contextual depen-
dencies to resolve local lip-reading ambiguities,
yielding greater robustness in long-sentence recog-
nition.

Furthermore, Fig. 6 (c) illustrates the error dis-
tribution relative to sentence position. We observe
a sharp increase in error rates at the end of sen-
tences (position > 0.9). This "boundary effect" is
common in VSR, likely due to reduced lip motion
amplitude or premature return to a neutral expres-
sion as the speaker finishes, which weakens visual

features and complicates the prediction of the end
of sentence token.

Finally, from a dynamic tracking perspective,
the temporal attention heatmap in Fig. 6 (d) ex-
hibits a clear diagonal alignment, demonstrating
the model’s ability to consistently follow the tem-
poral evolution of the input sequence. Observed
high attention scores along the diagonal reveal that
the model focuses intensely on the current frame
and its surrounding window, indicating an effective
utilization of short-term temporal dependencies for
feature extraction. Conversely, the regions off the
main diagonal (representing distant frames) are
predominantly suppressed with near-zero weights,
indicating that the model has effectively learned to
filter out irrelevant long-range temporal noise.
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