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Abstract

Efficient action understanding in long videos remains a
significant challenge for multimodal large language models
(MLLMs), primarily due to the difficulty in localizing tar-
get actions within long frame sequences. This stems from
the overwhelming interference of unrelated actions in long
videos. In this work, we focus on efficient action localiza-
tion to enhance video understanding from an internal inter-
pretability perspective, leveraging the intricate relationship
between text and video tokens to remove irrelevant tokens.
By tracing attention distribution across videos of varying
frame lengths, we observe that unsuccessful action under-
standing directly correlates with unrelated actions that re-
ceive notable attention scores. Motivated by these findings,
we propose an Attend and Replay method that efficiently
locates critical action information and strengthens its se-
mantic representation. This approach first reduces unre-
lated action tokens using an attention-guided spatiotempo-
ral pruning strategy, then enriches target action tokens via
a pivot-token aggregation method. Extensive experiments
show that integrating our method with existing MLLMs
(e.g., LLava-Video, Qwen2.5-VL, MiMo-VL) achieves su-
perior performance against other counterparts on various
datasets, while enjoys lightning inference speed.

1. Introduction

Recent advances in multimodal large language models
(MLLMs) have demonstrated strong performance in video
understanding tasks [13, 29], yet they remain limited in
long-video comprehension, particularly in interpreting ac-
tions within specific contexts [4, 8, 13—15, 29, 38]. This
challenge arises from the extreme imbalance between target
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actions and lengthy video content, where hundreds of se-
quential actions complicate precise localization. For exam-
ple, answering “What is the student doing while the athlete
is competing in the indoor stadium?” in a one-hour vlog re-
quires identifying relevant spatiotemporal segments and in-
ferring contextualized actions, demanding both fine-grained
motion discrimination and query-guided attention. Current
limitations of MLLMs reveal a critical bottleneck in adap-
tive long-context video processing, underscoring action un-
derstanding as fundamental for advancing long-video com-
prehension.

In recent work, several studies have investigated atten-
tion patterns in MLLMs on image tasks [6, 17], reveal-
ing that whether an MLLM concentrates its attention on vi-
sual regions tightly related to the question strongly affects
performance. By contrast, the interpretation mechanisms
for video inputs, especially for the challenging problem of
action understanding in long videos remains largely unex-
plored. Through qualitative analysis and systematic abla-
tions that independently vary the number of key and irrel-
evant frames, we show that the completeness of key-frame
information is crucial for correct answers, while an increas-
ing fraction of irrelevant frames consistently degrades ac-
curacy. Additionally, we analyze the internal attention pat-
terns of MLLMs to probe the interaction between video and
text. Our analysis considers three aspects: (1) attention
allocation between text and video tokens, (2) the relation-
ship between key-frame attention and prediction accuracy,
and (3) how attention to top-ranked frames correlates with
outcomes. We observe a dominant allocation of attention
to text tokens that tends to suppress visual signals. More-
over, although correct predictions receive only limited abso-
lute attention, their attention is more narrowly concentrated
on key frames; incorrect predictions, by contrast, exhibit a
more uniform attention spread across frames.

Guided by these findings, we propose Attend and Re-
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Figure 1. The Attend and Replay Framework. This training-free method comprises two critical components: attention-guided spatiotempo-
ral pruning and pivot-token aggregation. The former reduces the number of video tokens by pruning those with low attention scores, which
were found to contain the majority of irrelevant information. The latter employs additional pivot tokens to enhance target action semantics
using a minimal number of tokens: cross-modal pivot tokens inject critical textual cues by interpolating top-ranked video tokens with their
most semantically similar text tokens, while video pivot tokens supplement action information by adding extra visual tokens drawn from
top-ranked frames when the attention distribution becomes overly uniform.

play, a training-free method that efficiently locates critical
action information and strengthens its semantic representa-
tion prior to feeding tokens into the LLM component. At-
tend and Replay first applies an attention-guided spatiotem-
poral pruning strategy to discard irrelevant frame tokens,
in line with our observation that such tokens attract lit-
tle attention. It then enriches target action tokens via a
pivot-token aggregation scheme. We introduce two pivot
types: (i) additional video tokens drawn from top-ranked
frames to increase attention concentration when the distri-
bution is overly uniform, and (ii) text-like pivot tokens re-
trieved as the most semantically similar text tokens to top-
ranked video tokens and interpolated with visual tokens
to inject critical semantic cues. We evaluate our method
with LLaVA-Video [38], Qwen2.5-VL [2], and MIMO-
VL [22] on a dedicated Action Long (ACL) dataset and two
long-video benchmarks, VideoMME and LongVideoBench
[10, 26]. Our approach matches or surpasses the original
models (without token reduction) on ACL while cutting in-
ference time to roughly 40% of the baseline. On the two
long-video benchmarks, Attend and Replay achieves higher
accuracy and faster inference than state-of-the-art training-
free pruning methods, demonstrating strong generalization
and robustness.
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2. Related Works

Long-video Understanding. Long-video understanding
has emerged as an important research direction [40]. Un-
like standard video-understanding tasks, long-video prob-
lems often involve hour-long content and thus pose greater
challenges for MLLMs. Representative benchmarks cover
both narrative-level and localized recognition or reasoning
tasks [3, 9, 10, 23, 26, 39]. To tackle these challenges, some
works improve core capabilities via large-scale pretraining
and fine-tuning [2, 7, 8, 18, 22, 27, 31, 37], while oth-
ers adopt token-compression paradigms to reduce computa-
tional cost, either during training or in a training-free man-
ner[11,12,19-21, 24,30, 32, 33]. In this paper, we concen-
trate on action understanding in long videos and introduce a
training-free method to strengthen long-video comprehen-
sion.

Mechanistic Interpretability. Understanding the internal
mechanisms of MLLMs is a central research goal. Early
work on mechanistic interpretability examined attention
patterns in LMs [1, 16, 28, 34, 35]. More recent studies
probe MLLMs directly: [6] analyze attention in spatial
reasoning, [17] trace the evolution of visual-token repre-
sentations across layers and the process of visual—text inte-
gration, and [36] show that many visual tokens exert their
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Figure 2. Left: Distribution of key-frame ratios in ACL, showing that over half of samples have key frames occupying < 5% of the video.
Right: An example long-video question; highlighted frames are key frames relevant to the question.

primary influence in early LLM layers. Our work extends
these analyses to the understudied setting of action under-
standing in long videos, investigating how attention and to-
ken interactions govern performance.

3. Key Frame Analysis in Long Videos

In this section, we systematically analyze the impact of key
frames and irrelevant frames on question answering in long
video scenarios. Our goal is to address the following two
questions: How essential are key frames for answer cor-
rectness? What influence do irrelevant frames introduce
to the answer? To this end, We first construct a dataset con-
sisting of approximately 600 question—answer pairs derived
from long videos, each paired with precise key frame anno-
tations. Subsequently, we conduct a series of experiments
to investigate the influence of key frames, aiming to gain
deeper insights into action understanding in long videos.

3.1. ACL Benchmark

To investigate impact of key frames and irrelevant frames,
we construct a benchmark specifically designed for ac-
tion understanding in long videos with key frame annota-
tions. We select two widely-used long video benchmarks,
VideoMME [10] and LongVideoBench [26], as our source
datasets. We filter out the samples for action understanding
and propose a coarse-to-fine strategy to progressively lo-
cate the key frames with the aid of a Large Language Model
(LLM). We adopt the original format (video, question) from
the source datasets and repurpose the typical action under-
standing samples from VideoMME and LongVideoBench
to define our action understanding task. Additionally, to en-

6604

sure compliance with the definition of long videos, we filter
out all video samples shorter than five minutes. Since the
two benchmarks lack key frame annotations, we propose
an automatic pipeline to generate key frames. A key frame
is expected to satisfy the following three criteria: (1) high
relevance to the question, (2) completeness of the involved
actions and scenes, and (3) uniqueness in contrast to irrel-
evant video content. Based on these principles, we design
a coarse-to-fine strategy to progressively localize the key
frames with the aid of a LLM.

We densely sample video frames to avoid information
loss, then split them into equal-length segments as candi-
date regions. Each segment is processed by an MLLM with
the question to generate an answer. Since only the true key
frame should yield the correct answer, we retain only cases
where exactly one segment succeeds, narrowing down the
key frame’s temporal range. If no segment produces the cor-
rect answer, we refine segmentation and repeat the process
hierarchically. To precisely locate the key frame within the
coarse range, we use LLMs (e.g., DeepSeek) for reasoning.
Each frame in the segment is captioned by an MLLM, and
the captions, question, and ground-truth answer are fed into
an LLM to determine the best-matching key frame based on
three criteria. Finally, human verification ensures localiza-
tion accuracy. Through this pipeline, we construct a long-
video dataset with precise key frame annotations, focused
on action understanding. We name this dataset ActionLong,
and refer to it as ACL throughout the paper.

In the following experiment, we use Qwen2.5-VL-7B [2]
as the evaluation model and follows [10, 26] to utilize the
selection accuracy as the metric. In Fig. 2, we display the
key frame ratio distribution and a specific action under-



Key Frame Retention
Keep 0%
Keep 25%

mm Keep 50%

m Keep 75%
Keep 100% (All)

80

D
o

Accuracy(%)
N
o

N
o

0%-5% 5%-10% 10%-15% 15%-20% 20%-25% 25%-30%

Key Frame Ratio Intervals

Figure 3. Impact of key frame removal on ACL performance. We
group the samples by their key frame length and evaluate the per-
formance changes shown in each bar. We keep all the input frames
except removing key frames by the experiment settings.

standing samples. The sample show that the key frames
contains the critical information for answering the question
and other irrelevant frames might intervene MLLM:s to lo-
cate and understand the key frame information. For key
frames, it is clearly shown that over a half samples’ key
frames only occupy less than 5% proportion of the whole
video and all samples’ key frames occupy less than 30%
proportion of the whole video. Such scarce distribution in-
dicates difficulty of localizing the key frames in long videos.

3.2. How essential are key frames to answer cor-
rectness?

Although the crucial role of key frames in model evalua-
tion is widely acknowledged, quantitatively assessing their
importance has been largely overlooked in previous studies.
To thoroughly investigate their contribution, we conduct an
ablation study by varying the number of key frames in the
input and evaluating the resulting impact on prediction ac-
curacy. As shown in Fig. 3, we observe a consistent trend:
as more key frames are removed (i.e., lower retention per-
centages), the accuracy drops significantly—especially in
groups with a higher proportion of key frames. This indi-
cates that key frames contain substantial information critical
for understanding and answering video-related questions.
When all key frames are removed, the accuracy across all
groups drops to approximately 25%. We conjecture that this
phenomenon results from random guessing by the model, as
the remaining input frames no longer provide useful infor-
mation.

Furthermore, we find that merely retaining all key frames
does not necessarily yield high performance—particularly
when the proportion of key frames is low. For example,
when the key frame ratio falls below 5%, the prediction ac-
curacy drops below 50%. This raises an important ques-
tion: Is the inclusion of key frames sufficient to guarantee
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Figure 4. Impact of Irrelevant Frames on ACL Performance. To
assess the impact of irrelevant frames, we preserve all key frames
and incrementally add irrelevant frames at varying ratios. The ir-
relevant frames are added along the temporal dimension. For ex-
ample, adding 25% irrelevant frames means appending the first
25% of the whole irrelevant frames, while adding 100% denotes
including all irrelevant frames sampled from the original video.

answer correctness? We explore this question in more detail
through targeted experiments in the next section.

3.3. What influence do irrelevant frames introduce
to the answer?

As the previous experiment demonstrates that the inclusion
of all key frames does not lead to the expected performance,
we hypothesize that this may be caused by interference from
irrelevant frames. To verify this hypothesis, we conduct
an ablation study by progressively adding irrelevant frames
and evaluating the model’s performance on the ACL. As
presented in Fig. 4, it clearly reveals a consistent inverse re-
lationship: as the proportion of irrelevant frames increases,
accuracy consistently declines. This indicates that the pres-
ence of irrelevant content has a detrimental effect on model
performance.

Although all key frame ratio groups exhibit a downward
trend in performance, their initial accuracy levels vary. For
example, key frame density intervals such as 20%—-25% and
25%-30% maintain relatively higher accuracy, whereas the
0%—5% group experiences a much sharper decline. This in-
dicates that merely exposing the model to key frames does
not guarantee 100% accuracy. We conjecture that this phe-
nomenon arises from two main factors. First, due to the ex-
tremely long temporal length of the videos, sampling only
a few hundred frames inevitably leads to the loss of critical
action-related information. Second, the limited action un-
derstanding capabilities of current MLLMs may also con-
tribute to incorrect predictions. These findings highlight the
critical importance of minimizing irrelevant information in
the input to ensure higher model accuracy.



4. Attention Distribution Analysis in Long
Videos

In this section, we take a further step to explore how
MLLMs locates and interprets and answer the question
from the lens of attention mechanism. We hypothesize that
an MLLM’s ability to allocate majority attention to key
frame regions is a critical factor in deriving correct answers.
To test this hypothesis, we analyze attention distribution
through three lenses: (1) the mechanism of attention allo-
cation between text and video tokens, (2) the correlation
between key frame attention distribution and prediction ac-
curacy, and (3) the relationship between top-ranked frame
attention and prediction confidence.

4.1. Text vs. Video Attention Analysis

We first define the attention score of a given video token.
Given a video input V € RT*HXWxXC "4 visual encoder
produces T x N video tokens z(*) € RT*N*4 which are
concatenated with text tokens into a unified token sequence
X () ¢ RIXN+M)xd that serves as input to a LLM with
L layers. At each layer / = 1,..., L, the model computes
multi-head self-attention, which can be expressed as:

QK'
Vi

where h indicates the h-th head, and N, is the output
of head, Q = ZUVWEC, K ZEEDWE v
ZU=DWV . In this paper, we use post-softmax attention
AR and average the score across all attention heads at
layer [, which can be expressed as:

1 H
1) - = (1,h)
= hZ:lA .

In Fig. 5, we focus on the attention scores from the
first generated token. It reveals a striking disparity be-
tween token length distribution and attention allocation.
This pronounced attention bias toward text tokens demon-
strates their critical role in action understanding. The results
demonstrate a significant imbalance in attention allocation,
with text tokens receiving approximately 90 times more at-
tention than video tokens. This skewed attention pattern
severely hinders the model’s ability to interpret visual in-
formation, highlighting the urgent need to improve attention
distribution toward video content.

N}Sl’h) = AGMV = Softmax ( + M) v, @

2

4.2. Key Frame Attention Distribution Analysis

Based on Eq. 2, we select the attention score of the video
tokens as Ag) e R(TN)X1 Ty characterize the attention
distribution of key frame tokens, we propose a histogram-
based density estimation method. For each key frame token,
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Figure 5. Text vs. Video Attention attention. The dominance of
text tokens highlights their critical role in understanding action in
long videos.
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Figure 6. Key frame attention distribution of two groups: the sam-
ples with correct predictions and samples with incorrect predic-
tions. We utilize discrete probability mass function (PMF) to char-
acterize the attention distribution. The PMF values are smoothed
using a Gaussian kernel with bandwidth A = 5.0 for visual clar-
ity,. Correct predictions exhibit a markedly higher concentration
of attention in top-ranked positions, whereas incorrect predictions
display lower attention density at the top and a more uniformly
dispersed attention distribution.

we collect its attention scores in the sequence and sort them
in descending order.

(1 n 1
Let .A ) = = la El))’ 22)), ... ,aEA)/I)] denote the sorted at-
tention scores, where aEll)) > aglz)) > > aElIaI) and their
responding index I} = [ (D50 i |. M is the key

(1) 42)> " Yy
frame token length. A normalized histogram is computed

over these sorted scores using B fixed bins. The discrete
probability mass function (PMF) can be expressed as:

" = [n{, 10, )], 3)
where each bin probability is calculated as:
@)
h MZ {()G rl;br)}- (4)

Here 1 is the indicator function, and hg) represents the em-
pirical probability of attention scores for tokens falling in
bin . The aggregate attention distribution H is obtained by
averaging PMFs over N samples:



H= [H17H2a"'7HB]7 (5)
where:
L0
H, = NZ;hr : (6)

For visual clarity, the discrete PMF is represented us-
ing a continuous smoothing function and the results are
shown in Fig. 6. It shows correct predictions exhibit a pro-
nounced peak at top-ranked positions (left side), indicating
that attention is highly concentrated on a small set of high-
importance key frames, whereas incorrect predictions dis-
play a lower peak and a flatter, more uniform distribution
with relatively more mass in later ranks, suggesting atten-
tion is dispersed across less relevant frames. This pattern
implies that concentrating attention on truly informative key
frames correlates with higher accuracy. Here We only dis-
play the PMF of the first two layers for brevity. We find the
same property in other layers.

4.3. Top-ranked Frame Attention Distribution
Analysis

As we find a more concentrated attention distribution of
correct predicted samples and more dispersed attention dis-
tribution of incorrect predicted samples on key frames, we
further explore whether the property exists in the complete
frames. Specifically, we quantify frame-wise attention dis-
tribution in the top-ranked tokens. For all video tokens with
attention scores A € R(TMX1 | we select the top-k at-
tended tokens (kK = 30%), and their corresponding index
D! = [déll)), dEQ), R dg)}. We statistics the number of to-
kens belonging to each frame, which can be expressed as:

SO = [1),40),....40], )
where

td =>"1{d; €T, }, (8)
tél) represents the number of tokens belonging to p-th

frame. Finally, we normalize and calculate standard devi-
ation across SO:

d =sd(sV). )

Finally, we statistics standard deviation distribution of all
samples by using histogram which is expressed in Eq. 5 and
Eq. 6 and the visualization result are shown in Fig. 7. It re-
veals a clear dichotomy in attention distribution patterns be-
tween correct and incorrect predictions: correct predictions
exhibit substantially higher standard deviations in their top-
ranked frame distributions, indicating highly concentrated
attention on critical frames; conversely, incorrect predic-
tions show markedly lower dispersion, reflecting uniform
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Figure 7. Dispersion of top-ranked frame distribution in layer 1
of two groups: the samples with correct predictions and samples
with incorrect predictions. We here utilize the stand deviation of
top-ranked frame distribution to characterize the attention disper-
sion. Higher standard deviation represents a more concentrated at-
tention on specific frames while lower standard deviation reflects
uniform attention allocation across frames. Correct predictions
exhibit higher standard deviations and incorrect predictions show
markedly lower dispersion, demonstrating the different attention
pattern relates to different prediction results.

attention allocation across frames. This divergence demon-
strates that successful predictions correlate strongly with
focused attention mechanisms, whereas prediction failures
align with undiscriminating attention spread, confirming
that attention concentration serves as a key indicator of
model decision confidence.

5. Method

Based on the experiments and analysis in Section 3 and Sec-
tion 4, we observe two distinct properties of action under-
standing in long videos: (1) the model prediction is easy
to be influenced by information from irrelevant frames. (2)
Correct predictions and incorrect predictions exhibit differ-
ent attention distribution pattern that the former tends to ap-
ply a concentrated attention allocation on key frames while
the latter prefers uniformly focusing on complete frames
whether it is key frame or not. Motivated by the obser-
vations above, we propose an Attend and Replay method
that aims to remove the irrelevant frames and enrich the key
frame information to enhance the action understanding per-
formance in long videos while enjoys a lighting speed. The
pipeline is shown in Fig. 1. Specifically, we first propose a
text-guided pruning strategy to reduce irrelevant video to-
kens, then enriches target action tokens via a pivot-token
aggregation method.

5.1. Attention-guided Spatiotemporal Pruning

We introduce an Attention-guided Spatiotemporal token
pruning method to reduce irrelevant video tokens. As
shown in Fig. 6, we observe the key frame token is less
distributed in the low attention score ranges in the LLM lay-
ers, we apply an attention-guided token pruning method that
pruning the video tokens that exhibit low attention scores.



We concatenate the video tokens and text tokens into
w [z1,22,...,27,y] € ROTMIXD where O =
Zthl K, and M is the length of text tokens. After pro-
cessing through the first transformer layer of LLM, we ob-
tain attention scores to the final token by Eq. 2 as A(): We
retain only the top-k tokens:

T = top-k (A!), (10)
1€[1,0]
W prunea = W[Z] € R¥*2, (11)

The pruned sequence W pneq propagates through subse-
quent layers for final prediction.

5.2. Pivot-token Aggregation

In Section 3 and Section 4, we observe text tokens accounts
for the majority of attention, indicating the their importance.
Meanwhile, the attention distribution of correct prediction
samples differs from that of incorrect prediction samples,
which is a distinguishable signal for detecting the incor-
rect predictions. Motivated by the observations, we propose
a pivot-token aggregation method to enrich the necessary
video information. We include two kinds of pivot tokens:
Video Pivot Tokens and Cross-Modal Pivot tokens.

Video Pivot Tokens. For pruned tokens Wpmped
R¥*4 Jet D! denotes their corresponding index Dy,
[dy,d2,...,d;]. We compute frame attention statistics:

a; =Y 1{d; € T;}.

€

12)

When the standard deviation o obtained by Eq. 9 less
than a threshold ~, we consider it as a uniform distribution
that is likely to lose important information, thus we augment
it by adding additional tokens from top-K frames:

7:0p = tOP'K(at)a (13)
te[1,T]
0 = top-[r-|at[] (AV(d)) Vt€Tqp, (14
dleﬂnwpv‘uned
Pt = WG], (15)
Pvis _ [Pfis77)5is7 s }/ésL (16)

where 7 controls the retention ratio of each frame.
Cross-Modal Pivot Tokens. For video token v; € W ryped
with top-/3 attention scores, and text tokens y € RMx*d we
compute the cosine similarity between each video token and
text token:

-
Viy;

=TT a7
[villy;]

ij

we then choose the text token with the highest similarity
score for each video token as y;;-, we consider those text
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tokens carry discriminative information, and we fuse them
as the pivot tokens:

P = dvi + (1 — N)yije, (18)
Ptext — [ iexl7 éexl, . };xl]. (19)

The final representation combines pruned tokens with both
pivot types:

Wina = Wpruned U PViS UPe, (20)

This augmented sequence propagates through subsequent
transformer layers.

6. Experiments

6.1. Experimental Settings

Benchmarks. We evaluate our method on three
long video benchmarks: ACL, VideoMME [10] and
LongVideoBench [26]. ACL is specifically designed for
action understanding in long videos, while VideoMME
and LongVideoBench are comprehensive video evalua-
tion benchmark. We apply our method for the above
three benchmark to validate the generaliztion ability of our
method. They all utilize multiple-choice questions for eval-
uation and we utilize prediction accuracy as the metric.
Models. We evaluate our approach across three representa-
tive MLLMs from diverse model families: LLaVA-Video-
7B [38], Qwen2.5VL-7B [2] and MIMO-VL-7B [22].
LLaVA-Video-7B is specifically designed for video-related
tasks while Qwen2.5VL-7B and MIMO-VL-7B are univer-
sal MLLMs for all visual-related tasks.

Baselines. We compare our method with state-of-the-art to-
ken compression baselines, FastV [5] ans DART [25]. We
reproduce the results by using their official implementa-
tions.

Implementation details. We utilize 2 NVIDIA L20 GPUs
for all experiments. we set the threshold « for adding video
pivot token as 0.2, the upper limit 8 for video pivot token
numbers as 0.01, the fusion coefficient A for cross-model
pivot token as 0.8.

6.2. Main Results

We compare our method with other state-of-the-art token
pruning method in Table 1. It reveals the effectiveness
of our method, with particularly strong results on ACL, a
benchmark specifically designed for action understanding
in long videos, which is the primary focus of our method.
Notably, for both Qwen2.5-VL-7B and Mimo-VL-7B, our
approach not only reduces latency significantly but also
yields accuracy gains, demonstrating that our method does
not simply trade accuracy for efficiency but instead en-
hances both. This improvement stems from our analy-
sis of the attention distribution in ACL, which guides tar-
geted pruning and the aggregation of pivot tokens, enabling



‘ Frame ‘ Method ‘ ACL

‘ VideoMME ‘ LongVideoBench

Model
| | | Ace(%)() Latency()() | Ace(%)(1) Latency(s)(l) | Ace(%)(1) Latency(s)(})

128 | Original 525 8.7 64.8 8.7 524 93
. 128 | Fastv 36.6 5.1 52.1 54 45.8 58
Llava-Video-7B | he | pART 48.9 4.6 62.6 4.8 50.3 53
128 Ours 52.0 4.4 585 4.4 51.0 47
128 | Original 473 15.9 64.1 16.5 60.2 17.3
128 | Fastv 471 1.1 63.9 13.0 58.6 13.6
Qwen2.5-VL-7B | 128 | DART 414 10.4 61.5 115 56.5 117
128 Ours 49.1 74 643 8.1 59.0 8.5
128 | Original 54.1 17.1 65.9 18.6 60.3 19.1
. 128 | Fastv 53.4 11.1 64.7 13.3 60.8 13.6
Mimo-VL-7B 1156 | pART 49.1 10.4 62.6 1.6 56.9 11.9
128 Ours 55.8 74 65.3 8.0 60.0 8.3

Table 1. Performance comparison across models and compression methods on three benchmarks. Latency time measures the prefilling
duration per sample, as all tasks complete after prefilling. Original denotes baseline results without token pruning.

substantial latency reduction while reinforcing the contri-
bution of informative frames. Although VideoMME and
LongVideoBench are not directly aligned with ACL’s task
characteristics, our method consistently outperforms alter-
native approaches on these benchmarks as well, further val-
idating its robustness and general effectiveness. These re-
sults collectively confirm that our method achieves a favor-
able speed-accuracy trade-off and offers a clear advantage
over existing methods.

Method | Accuracy(s) | Latency(s) | Retention rate(%)

Original 47.3 15.9 100.0
+ASP 48.1 6.9 30.0
+PTA 48.9 74 30.1

Table 2. Ablation study on different components. ASP stands for
the attention-guided spatiotemporal pruning and PTA stands for
the pivot-token aggregation. We compute and average the latency
on samples which need both types of pivot tokens that evaluate the
upper bound of the latency time.

6.3. Ablation Study

We ablate the effectiveness of the attention-guided spa-
tiotemporal pruning and pivot-token aggregation method,
including both the accuracy and efficient evaluation. The re-
sults are shown in Table 2. Table 2 reports the ablation study
on the two key components of our method, attention-guided
spatiotemporal pruning (ASP) and pivot-token aggregation
(PTA), showing their individual contributions to accuracy
and efficiency. Compared with the original baseline, ASP
alone significantly reduces latency from 15.9s to 6.9s while
improving accuracy from 47.3% to 48.1%, demonstrating
the effectiveness of pruning uninformative tokens guided by
attention distribution while preserving salient ones. PTA
further complements this by slightly increasing accuracy
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to 48.9% while keeping latency at a low 7.4s with a sim-
ilar retention rate, indicating that aggregating pivot tokens
strengthens the representation of critical information even
under aggressive pruning. These results validate that both
ASP and PTA are essential for the overall effectiveness of
our approach, where ASP provides large efficiency gains
and PTA reinforces accuracy, together enabling a superior
balance of speed and performance.

7. Conclusion

In this paper, we addresses the critical challenge of long-
video comprehension by revealing how the imbalance be-
tween key and irrelevant frames hinders action understand-
ing in multimodal large language models. Through sys-
tematic analysis, we demonstrate that precise focus on key
frames is essential for accurate predictions, while diluted
attention leads to performance degradation. Building on
these insights, we introduce Attend and Replay, a training-
free token-level method that prunes irrelevant tokens and
reinforces critical action semantics via pivot-token aggrega-
tion. Extensive experiments on multiple long-video bench-
marks and action understanding tasks confirm that Attend
and Replay not only achieves higher accuracy but also sub-
stantially reduces inference cost, offering an efficient and
generalizable solution for advancing adaptive video com-
prehension.
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