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ABSTRACT

In this work, we present FastAV, the first token pruning frame-
work tailored for audio-visual large language models (AV-
LLMs). While token pruning has been actively explored in
standard large language models (LLMs) and vision-language
models (LVLMs), its application to AV-LLMs has received
little attention, even though multimodal integration substan-
tially increases their token demands. To address this gap, we
introduce a pruning strategy that utilizes attention weights to
identify tokens emphasized at different stages and estimates
their importance. Building on this analysis, FastAV applies a
two-stage pruning strategy: (1) global pruning in intermedi-
ate layers to remove broadly less influential tokens, and (2)
fine pruning in later layers considering the impact on next
token generation. Notably, our method does not rely on full
attention maps, which makes it fully compatible with efficient
attention mechanisms such as FlashAttention. Extensive ex-
periments demonstrate that FastAV reduces FLOPs by more
than 40% on two representative AV-LLMs, while preserving
or even improving model performance.

Index Terms— Audio-visual LLM, LLM token pruning,
Multimodal LLM

1. INTRODUCTION

Recent advances in large language models (LLMs) [[1H4] have
driven growing interest in extending them to multimodal set-
tings by incorporating vision, audio, and other modalities to
tackle more complex tasks. However, as model sizes and the
number of processed tokens grow substantially, both mem-
ory consumption and computational cost increase sharply,
leading to degraded inference efficiency. To address these
challenges, recent studies have explored various strategies to
improve model efficiency, ranging from structure-level prun-
ing [SH9] to token-level pruning [[10H14], all aiming to reduce
overhead while preserving model performance.

Several pruning strategies for LLMs have been proposed
and can be categorized as post-training, training-free, and
inference-time methods. Post-training methods compress
pretrained models via structured pruning, including gradient-
guided pruning with LoRA recovery [3] and refined impor-
tance metrics [6l [15]]. Training-free methods enhance model

efficiency without fine-tuning, such as Hessian-based recon-
struction [7]], activation-preserving criteria [8]], and dynamic
sparse masks [9]. For inference, LazyLLM [10] dynamically
prunes tokens during generation by selectively computing
key—value pairs for tokens deemed important, even if they are
discarded in earlier layers. Extending inference-time token
pruning to large vision-language models (LVLMs), recent
studies focus on efficient visual token selection. FastV [11]]
prunes visual tokens in later layers based on adaptive atten-
tion patterns learned in early layers. VITW [[12] removes mid-
to-late visual tokens using attention-sink and information-
migration signals. TopV [13] prunes less important visual
tokens using a visual-aware cost function.

Unlike the extensive study of token pruning in LLMs and
LVLMs, its application to audio-visual LLMs (AV-LLMs) re-
mains underexplored. AV-LLMs [16H30] handle rich mul-
timodal streams of audio, video, and text, leading to an in-
evitable increase in token counts. However, it is still unclear
how many of these tokens are essential for downstream rea-
soning. To bridge this gap, we present FastAV, a framework
that analyzes AV-LLMs to identify key audio-visual tokens
and prune less informative ones at inference, enabling effi-
cient computation without compromising performance.

To gain deeper insights into the behavior of AV-LLMs,
we analyze attention rollout [31]], which accumulates atten-
tion across layers to trace token influence. Higher rollout
values indicate stronger influence, highlighting critical to-
kens. We apply this to two representative AV-LLMs, Vide-
oLLaMA2 [19] and video-SALMONN?2 [18]]. As shown
in Fig[l]} our rollout analysis reveals that after tokens pass
through the middle layer (layer 14), attention increasingly
concentrates on earlier tokens, particularly on the left side of
the red line, forming anchor-like patterns [32] in both mod-
els. In the first row of Fig.[2] we observe that rollout in early
layers such as layer 4 remains uniform, whereas by layer 14 it
clearly shifts toward earlier tokens. This rollout pattern then
persists through deeper layers, including layer 24.

Motivated by this observation, we apply global pruning
at the middle layer to roughly remove less influential tokens.
Since this stage already eliminates more than half of the to-
kens, the remaining ones must be pruned with caution to avoid
harming model performance. To further increase inference
efficiency while preserving important information, we intro-
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Fig. 1. Attention rollout at the 14th layer in VideoL-
LaMA2 [19]] and video-SALMONN?2 [18]. Accumulated at-
tention concentrates on earlier tokens, highlighting their piv-
otal role in carrying the most essential information.

duce a fine pruning stage. Following prior studies [33}[34], we
estimate token importance using the attention weights of the
last query token, and progressively remove the least important
tokens at each subsequent layer based on their contribution to
the final answer, further reducing computational costs.

Experimental results show that FastAV reduces FLOPs
by over 40% in two representative AV-LLMs, VideoLLaMA?2
and video-SALMONN?2, while maintaining or even improv-
ing performances across three datasets. Furthermore, apply-
ing FastAV to both AV-LLMs drastically reduces audio tokens
(e.g., from 1,496 to 10 in VideoLLaMA2) without degrading
performance, highlighting their essential yet compact role and
underscoring the need for efficient strategies to leverage mul-
timodal information, particularly audio.

Our contributions are threefold. First, we present FastAV,
the first systematic analysis of the role and impact of audio
and video tokens in AV-LLMs. Second, we introduce a two-
stage pruning strategy that combines global pruning guided
by attention rollout with fine grained pruning based on last
query token importance. Third, we show that FastAV reduces
FLOPs by more than 40% while maintaining or even improv-
ing model performance, enabling efficient inference.

2. METHOD

2.1. AV-LLM Inference

For video data, a visual encoder extracts frame-level features
into a sequence of M visual tokens XV =[xV ... x3%].
Similarly, an audio encoder transforms audio signals into U
audio tokens X4 = [x§ud . x%ud] Text inputs, includ-
1n a question, are tokenized into F textual tokens X'*"9 =
x", ,xlE‘mg]. These modality-specific tokens are con-
catenated to form a unified sequence X = [x;]X,, where
K = M + U + E, which serves as the input to the LLM de-
coder. During inference, the model generates outputs autore-
gressively, predicting the next token conditioned on all input

modalities and previously generated outputs:
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where y; is the token at timestep ¢ and y ., are past tokens.
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Fig. 2. Attentlon rollout and welghts across layers in
VideoLLaMAZ2 [19]. Attention rollout reveals a progressive
focus on earlier tokens, stabilizing around the middle layers
and persisting in deeper layers, whereas raw attention weights
alone do not exhibit such a clear pattern.

2.2. FastAV

Analysis of audio-visual token importance via atten-
tion rollout. To explore the contribution of multimodal
tokens across transformer layers, we use the attention roll-
out method [31], which tracks how information propagates
through the network as depth of the layer increases. Atten-
tion rollout aggregates attention weights from the initial to
the current layer. Since each transformer layer has multiple
attention heads, we first aggregate them by averaging across
heads, resulting in a single attention matrix A! € R™*" for
layer I, where n is the number of tokens. Each row of Al
represents a token’s attention distribution over all tokens. To
preserve each token’s original representation and prevent the
attention rollout from being dominated solely by raw atten-
tion weights, we incorporate residual connections by forming
a convex combination of A’ and the identity matrix I:

Al=aA'+(1-0)L )

Here, « plays the role of balancing residual connections and
aggregated attention. Larger values highlight inter-token de-

pendencies, while smaller values reinforce each token’s own
representation, stabilizing the rollout. The cumulative atten-
tion rollout up to layer [ is computed as the sequential matrix
multiplication of these modified attention matrices:

R'=A'AT.. AL, (3)

This matrix represents how much each token from the input
layer influences every other token after propagating through

all attention layers up to [. We use attention rollout to gain
deeper insight into the model’s behavior, rather than relying
solely on raw attention weights. To illustrate its effectiveness,
Fig. |2| compares attention rollout with raw attention weights
at early (layer 4), middle (layer 14), and late (layer 24) stages
of the 28-layer VideoLLaMA2 [19] network. In the first row,
showing the attention rollout, we observe that attention gradu-



Full input sequence with K tokens ~ Append ! L/2 layer
LDDD I Global Pruning 00000
XV xaud xlang 1 T oxuis xaud xlang
LLM Decoder 1
1
! 0O000
layer : Attention Rollout x'vis  x'audy'lang
Global Pruning ! After L/2 layer
1
i | Fine Pruning 00000
Fine Prunin 1 K i il
4 . Xvis xaudylang
: Q — . o Prune low P%
Fine Pruning 1 0000
: Last Query Analysis x'vis  x'audy'lang
1
1 Repeat Fine Pruning
Next token : Next token
1

(a) Overall inference

Fig. 3.

(b) Pruning mechanism

Overview of the FastAV framework. FastAV starts with the full input context and reduces computation through

two-stage pruning. In the middle layer, global pruning removes later tokens guided by attention rollout. In subsequent layers,
fine-grained pruning discards the least important P% of remaining tokens based on last-query token analysis.

ally concentrates on the earliest tokens starting from the mid-
dle layer, as highlighted by the red line. By the late layer,
this rollout pattern has stabilized. In contrast, the second row,
showing raw attention weights, reveals no clear pattern. This
highlights the effectiveness of attention rollout in capturing
the model’s behavior and guiding global pruning decisions.

Global pruning. Guided by attention rollout, we first per-
form global pruning to remove tokens in later positions, as
attention increasingly concentrates on earlier tokens after the
middle layers (L/2), as shown in Fig. El (a). For both mod-
els, we analyze 100 non-test samples and apply an attention
rollout threshold at the middle layer to remove less influen-
tial video and audio tokens, typically those occurring beyond
position 750 in the sequence. As a result, approximately two-
thirds of the later tokens are removed for VideoLLaMA?2,
while more than half are removed for video-SALMONN?2.

Fine pruning. After global pruning, most tokens have al-
ready been discarded, so subsequent pruning must be applied
carefully to further improve inference efficiency without
harming performance. We perform fine pruning in the layers
following the middle layer where global pruning is applied,
using the last query token in the attention weight, as illus-
trated in Fig. 3] (b). As in prior works [33] 34], the last query
token analysis efficiently identifies important tokens, as it
directly influences the next token’s prediction without com-
puting the full attention matrix. Let QL € R"*1*¢ denote
the last query feature at layer /, and K! € R"*"* represents
the key features of the n tokens remaining after global prun-
ing, where h is the number of attention heads and d is the
hidden dimension. The importance scores are computed as:

s! = mean, (softmax(Qllast(Kl ) T)) , 4

where the mean is taken over attention heads. At each layer
following global pruning, tokens with the lowest P% scores

are removed, iteratively refining the token set.

3. EXPERIMENTS

3.1. Experimental setup

Baselines. We evaluate our approach using two representative
AV-LLMs: VideoLLaMA?2 [19] and video-SALMONN?2 [[18].

Datasets. AVQA [35] dataset contains 57,000 YouTube
videos for real-world audio-visual understanding. MUSIC-
AVQA [360] includes 45,867 question-answer pairs from
9,288 music videos, focusing on audio-visual reasoning.
AVHBench [37] evaluates audio-visual hallucinations and
is divided into three subtasks: audio- or video-driven hal-
lucination (AV hallucination), audio-visual matching (AV
matching), and audio-visual captioning (AV captioning).

Evaluation protocol. For AVHBench, we report accuracy ex-
cluding AV captioning. For AVQA, MUSIC-AVQA, and AV
captioning, which have open-ended responses, we follow the
GPT-assisted evaluation protocol from VideoLLaMA2E| and
report only the average score, as standard deviations are neg-
ligible. FLOPs are measured relative to the original theoreti-
cal one (set to 100) as in [11], and latency indicates the time
in seconds to generate a single token during a forward pass.

Implementation details. For global pruning in VideoL-
LaMA2, all video tokens precede the audio tokens, so we
keep only the first 10 audio tokens and prune the rest. In
video-SALMONN?2, video and audio tokens are interleaved
at the frame level, so we prune the later frames while retain-
ing the first 4. For fine pruning, we set the pruning ratio P to
20% of the tokens at each layer after the middle layer.

3.2. Experimental Results

Main results. To demonstrate the effectiveness of Fas-
tAV, we conduct experiments on VideoLLaMA?2 and video-
SALMONN?2 across three datasets: AVQA, MUSIC-AVQA,
and AVHBench. As shown in Table [T} FastAV consistently
reduces theoretical FLOPs by over 40%, accelerates inference

! https://github.com/DAMO-NLP-SG/VideoLLaMA2/tree/audio_visual
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Table 1. Theoretical FLOPs and accuracy on VideoLLaMA2 [19] and video-SALMONN?2 [18] across AVQA [35],
MUSIC-AVQA [36], and AVHBench [37]. FastAV significantly reduces FLOPs while maintaining comparable accuracy with-
out additional training. NA indicates not applicable, as MUSIC-AVQA contains long videos unsuitable for video-SALMONN?2.

Method FLOPs| Latencyl Memory) | MUSIC-AVQAT  AvQat | AVHBench

| | AV hallucinationf AV matching?t AV captioning?
VideoLLaMA2 [19] 100 0.43 22G 81.3 61.4 779 57.8 2.8
w/ FastAV 56 0.32 19G 81.2 62.3 78.2 69.0 29
video-SALMONN?2 [18] 100 0.44 28G NA 57.6 64.5 50.8 3.2
w/ FastAV 58 0.29 21G NA 58.4 64.8 50.7 3.1

Table 2. Comparison of global pruning strategies with
VideoLLaMA?2 on AVHBench. Low informative pruning
performs best, highlighting the value of attention rollout.

Method | FLOPs | AVHBench

| | AV hallucination AV matching  Avg
Vanilla 100 77.9 57.8 70.7
Random 77.2 54.2 69.0
Top attentive 76.1 51.7 67.4
Low attentive 65 71.5 57.8 70.5
Top informative 72.3 50.9 64.7
Low informative (Ours) 78.7 67.7 74.5

Table 3. Comparison of fine pruning strategies with Vide-
oLLaMAZ2 on AVHBench. Low attentive pruning achieves
the best performance, demonstrating its effectiveness.

Method | FLOPs | AVHBench

‘ ‘ AV hallucination AV matching  Avg
Vanilla 100 719 57.8 70.7
Random 76.1 54.9 68.5
Top attentive 56 74.5 52.8 66.8
Low attentive (Ours) 78.2 69.0 74.9

by approximately 30%, and lowers memory consumption, all
while maintaining strong performance across tasks. Notably,
on VideoLLaMA?2, accuracy on the AV matching task im-
proves by over 10%, suggesting that removing more than
99% of audio tokens may enhance multimodal understand-
ing. FastAV significantly enhances computational efficiency,
maintaining model performance without additional training.

Global pruning strategy. To assess the effectiveness of
our global pruning method, we compare several strategies on
VideoLLaMA?2 using AVHBench in Table 2] without applying
fine pruning. Vanilla represents the original model inference
without pruning, and random pruning removes tokens arbi-
trarily while keeping FLOPs constant. In contrast, pruning
top attentive tokens based on last-query attention weights sig-
nificantly degrades performance, since high-attention tokens
often carry critical information [33}34]]. Pruning low attentive
tokens preserves vanilla performance, but our rollout-based
low-informative strategy outperforms it, demonstrating that
attention rollout captures token importance more effectively
than raw attention for global pruning. Additionally, removing
highly informative tokens leads to the worst performance,
highlighting their essential role in our approach.

Fine pruning strategy. Table [3|compares fine pruning strate-
gies on VideoLLaMA?2 using AVHBench. The low-attentive
approach consistently outperforms random pruning, demon-
strating its effectiveness as the second stage of FastAV.

AV hallucination AV matching
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7825+ 701
""" Baseline ----- Baseline
1 &
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Fig. 4. Layerwise accuracy of VideoLLaMA2 on AVH-
Bench subtasks. The middle layer are chosen to balance per-
formance between AV hallucination and AV matching tasks.

Table 4. Theoretical FLOPs and accuracy of VideoL-
LaMA2 under different pruning ratios P. FastAV signifi-
cantly reduces FLOPs as pruning increases, with a 20% prun-
ing ratio achieving the best accuracy at low FLOPs.

P (%) | FLOPs| | AVHBench

| | AV hallucination AV Matching ~ Avg
0 65 78.7 67.7 74.5
10 59 78.3 68.3 74.7
20 (Ours) 56 78.2 69.0 74.9
30 54 78.3 68.5 74.8

Pruning layer selection. To identify the optimal starting
layer for two-stage pruning, we conduct layer-wise experi-
ments on VideoLLaMA?2 using AVHBench. Guided by at-
tention rollout analysis, we select a middle layer (layer 14)
as the pruning starting point. As shown in Fig. @} pruning in
the early layers degrades performance on the AV hallucina-
tion task, whereas pruning from the middle layer preserves
performance and can even improve results across all tasks.

Pruning percentage P. To select an appropriate pruning ratio
for fine pruning, we conduct experiments on VideoLLaMA?2
using AVHBench. Table [ reports results with pruning ratios
increased in 10% increments, showing that higher pruning ra-
tios further reduce FLOPs. A 0% pruning ratio corresponds to
applying only global pruning, while a 20% pruning ratio re-
duces FLOPs by approximately 44% compared to the original
inference and achieves the highest average performance.

4. CONCLUSION

We introduce FastAV, the first token pruning framework
specifically designed for AV-LLMs, combining global prun-
ing via attention rollout with fine pruning using last-query
analysis to remove less informative tokens while preserving
crucial information. Experiments show it reduces FLOPs
by over 40%, enabling efficient processing of long, complex
multimodal inputs without degrading performance.
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