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Abstract. Video large language models have demonstrated strong video
understanding capabilities, but suffer from high inference costs due to the
massive number of tokens in long videos. Inspired by efficient biological
vision systems, we propose EventSTU, a training-free framework guided
by bio-inspired event cameras to significantly reduce redundant tokens,
thereby enabling efficient spatio-temporal understanding. In the tempo-
ral domain, we design a coarse-to-fine keyframe sampling algorithm that
exploits the change-triggered property of event cameras to eliminate re-
dundant frames. In the spatial domain, we design an adaptive token prun-
ing algorithm that leverages the visual saliency of events as a zero-cost
prior to guide token reduction. From a holistic spatio-temporal perspec-
tive, we further integrate question relevance from keyframe sampling to
adaptively allocate token retention budgets. To facilitate evaluation, we
construct EventBench, the first event-inclusive, human-annotated multi-
modal benchmark that covers diverse real-world scenarios. Beyond phys-
ical event cameras, EventSTU also supports general video understand-
ing through simulated events. Comprehensive experiments show that
EventSTU achieves 2.87x FLOPs reduction and 3.10x prefilling speedup
over the strongest baseline while still improving performance.

Keywords: Event cameras - Efficient video understanding - Large lan-
guage models

1 Introduction

Video Large Language Models (Video-LLMs) have made significant progress in
complex video understanding tasks [21}/23}/25133.43])60L/61]. However, the massive
number of frames in long videos produces tens of thousands of visual tokens. As
the attention mechanism scales quadratically with token length, processing such
sequences leads to prohibitive training and inference costs. In extreme cases, the
input sequence may even exceed the maximum token capacity of LLMs, causing
failure [39,/41,/59]. On the other hand, the redundant or irrelevant segments in
long videos introduce substantial noise or uninformative tokens, which distract
attention and hinder effective reasoning [29,[42]. These challenges raise a crit-
ical question: how can we effectively reduce the number of visual tokens while
maintaining model performance?
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Fig. 1: Left: The key innovation of EventSTU lies in leveraging the change-triggered
property of events to remove redundant frames, while utilizing their inherent visual
saliency to prune less informative tokens. Notably, the framework can be driven by
either real-world events or simulated events. Right: Our framework breaks the con-
ventional efficiency-performance trade-off, reducing FLOPs by 66.7% yet still outper-
forming the original model. This holds for both pruning-only and combined settings.

In this work, we draw inspiration from biological vision systems, which achieve
remarkable efficiency by prioritizing change and motion cues [L|5/12]16], enabling
the system to focus neural resources on critical information and process mas-
sive visual information rapidly. Event cameras @7 mimic this
mechanism by asynchronously capturing only brightness changes at individual
pixels, producing sparse yet information-rich event streams. Motivated by event-
based vision, we propose EventSTU, a training-free framework for efficient long
video understanding, as illustrated in Fig. [I} which leverages event guidance to
eliminate temporal and spatial redundancy.

For temporal redundancy across frames, downsampling video frames is a
straightforward way. However, the uniform sampling strategy adopted by most
existing methods always misses critical visual cues and causes key in-
formation loss. To address this limitation, we design a Coarse-to-Fine Sampling
algorithm, termed C2FS. At the coarse stage, C2F'S leverages the change-triggered
nature of event cameras, where event density indicates information increment.
Once sufficient events have accumulated across frames to signal a significant
visual change, a keyframe is sampled. At the fine stage, C2FS further applies
question-relevant sampling, selecting the most semantically relevant frames con-
ditioned on the input question. The hierarchical sampling narrows the focus from
redundancy elimination to semantic alignment, enabling efficient yet informative
video understanding.

For spatial redundancy within frames, existing token pruning techniques can
be broadly categorized into inner-LLM and outer-LLM methods. Inner-LLM
pruning operates after early LLM layers, yielding limited com-
putational savings. Outer-LLM pruning computes pairwise token
similarities, resulting in quadratic overhead. To address these issues, we design a

Zero-cost Adaptive Pruning algorithm, termed ZAP, which mimics the human
cognitive process from physical perception to semantic focus. Specifically, ZAP
first exploits event sparsity as a natural saliency cue for physics-aware selection,
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and then reuses attention scores to preserve non-salient yet semantically critical
tokens for semantic-aware selection. Critically, rather than pruning each frame
in isolation, ZAP integrates question relevance derived from C2FS to adaptively
allocate per-frame retention budgets. This joint design enables a more informed
and balanced token allocation with a holistic spatio-temporal view.

To evaluate event-guided video understanding, we construct EventBench, the
first event-inclusive and human-annotated multimodal benchmark. EventBench
provides high-quality event streams and RGB videos across diverse real-world
scenarios, including 8 task types with different focuses. Multiple expert annota-
tors carefully design 500 multiple-choice question-answer pairs that probe tem-
poral localization, spatial grounding, and holistic video understanding.

More importantly, EventSTU also generalizes beyond real-world events to
conventional videos through simulated event guidance. Given that existing Video-
LLMs [21}/43)61] typically process low-frame-rate inputs, fine-grained microsec-
ond event details are unnecessary. Thus, we utilize a lightweight event simula-
tion technique |31] that directly generates event frames |49] from adjacent image
frames, offering on-the-fly simulated event guidance.

Our main contributions can be summarized as follows:

— We propose EventSTU, a training-free, event-guided framework for efficient
spatio-temporal understanding, which comprises two elaborate strategies:
C2FS to retrieve non-redundant, question-relevant keyframes, and ZAP to
distill visually salient and semantically critical tokens.

— We construct EventBench, the first human-annotated multimodal bench-
mark with paired real event streams and RGB videos for evaluating event-
guided video understanding.

— We extend EventSTU to conventional video understanding with simulated
events, generalizing the event-inspired efficiency beyond real event data.

— Experimental results on four benchmarks demonstrate that EventSTU achieves
state-of-the-art performance and efficiency under both real and simulated
event settings. Consistent gains on five mainstream Video-LLMs further val-
idate the strong generalizability of EventSTU.

2 Related Work

2.1 Token Reduction in Video-LLMs

Keyframe Sampling. The performance of Video-LLMs depends on the qual-
ity of the sampled frames. VideoAgent [46] and VideoTree |47] generate frame
captions and utilize an LLM to select keyframes, while [17] trains a multimodal
LLM for selection. BOLT [29] employs vision-language models to select question-
relevant frames, and AKS [41] balances relevance with diversity. However, they
rely on computationally expensive pre-processing. Instead, we leverage event
density to efficiently eliminate redundant frames, reducing the substantial com-
putational cost and achieving a superior efficiency-performance trade-off.
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Fig. 2: Top: A sunburst and example of the proposed EventBench. Bottom: Statistics
of EventBench including the distributions of video lengths and capture platforms.

Token Pruning. Visual token pruning has attracted increasing attention. FastV
prunes tokens via attention scores after early LLM layers, while PACT
further bypasses attention scores to enable FlashAttention [9] compatibility. Dy-
CoKe prunes key-value caches during decoding. However, these methods
leave early layers unpruned, limiting FLOPs reduction. LLaVA-PruMerge
and VisionZip merge tokens before the LLM based on token similarities,
incurring quadratic computational overhead. In contrast, we leverage zero-cost
event saliency to prune tokens before the LLM.

2.2 Event-based Understanding

Unlike mature image understanding, the event community is still in the early
stages of developing universal models. EventCLIP is the first to adapt CLIP
for zero-shot event recognition. CEIA and EventBind leverage images to
learn unified representations, addressing event-text data scarcity. To handle more
complex interactive tasks, EventGPT and EventVL develop event-based
LLMs, but are limited to short event streams (<100ms). These works aim to
exploit the robustness of events for understanding under challenging conditions,
while our work focuses on the efficiency of events.

3 EventBench Construction

EventBench is a multimodal benchmark featuring real-world event streams for
evaluating Video-LLMs on event-guided long video understanding. The statistics
of EventBench are shown in Fig. [2] Compared with concurrent benchmarks [27]
that contain only event streams and focus on event-only understanding, our
benchmark provides paired event streams and RGB videos to support event-
guided video understanding.

Data Collection. We curate a diverse collection of high-resolution event streams
, each paired with spatially aligned and temporally synchronized
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Fig.3: Overview of EventSTU. It processes long videos through a multi-stage
pipeline. First, coarse-to-fine sampling efficiently filters redundant frames and retrieves
question-relevant keyframes. Subsequently, zero-cost adaptive pruning retains tokens
that are either event-salient or semantically critical. This entire process culminates in
a compact yet semantically dense visual representation, tailored for LLM inference.

RGB videos. To cover the application scenarios of event cameras, our bench-
mark spans four capture platforms: UAVs, ground vehicles, quadruped robots,
and handheld devices, across three environments: indoor, outdoor daytime, and
outdoor nighttime. Furthermore, after filtering short sequences, the remaining
event streams average 4.3 minutes, with the longest reaching 23.5 minutes. This
makes EventBench a valuable benchmark for long video understanding.
Question Design. We follow two fundamental design principles from existing
multimodal benchmarks [11}19//44)51/53)/54/63]: human annotation and multiple-
choice format. These ensure evaluation reliability and quantifiability. Specifically,
building on the collected data, multiple annotators meticulously design and rig-
orously validate 500 multiple-choice questions, covering 8 diverse tasks: object
recognition, object attribute recognition, object localization, action recognition,
action prediction, action retrospection, counting, and ordering. Among these,
counting and ordering assess holistic video understanding, while the remaining
tasks assess the localization and contextualization of specific segments. We be-
lieve that EventBench will advance the research of event-guided Video-LLMs by
providing a comprehensive and reliable evaluation.

4 Event-Guided Video Understanding

4.1 Overview

To address the challenges in Video-LLMs, we propose EventSTU, a training-
free framework that achieves efficient video understanding by coupling tempo-
ral keyframe sampling and spatial token pruning under a unified event-guided
paradigm. An overview is illustrated in Fig. [3}
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Fig. 4: Visualization of event-accumulation sampling in C2FS. After each sam-
pling step, the accumulated event value is reduced by the threshold (100%). The two
examples illustrate that redundant frames are effectively filtered out.
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Given an RGB video sequence {F;},, we additionally incorporate a se-
quence of event frames { F;} M 7!, where each E; encodes the accumulated bright-
ness changes between consecutive frames F; 1 and F;. These event frames can
either originate from real sensors or be synthesized via simulators.

EventSTU comprises two components: coarse-to-fine sampling (C2FS) and
zero-cost adaptive pruning (ZAP). In the first step, C2FS reduces the video from
M original frames to M, non-redundant frames, and then selects the M; most
question-relevant keyframes, where My < M, < M. After tokenization and
projection of the selected keyframes, ZAP sequentially applies physics-aware and
semantic-aware selection with adaptive retention ratios to retain more important
tokens. This yields compact yet semantically rich visual tokens.

Finally, the visual tokens and textual tokens derived from the question are
concatenated and fed into the LLM. Through the synergy of C2FS and ZAP,
EventSTU delivers both computational efficiency and strong video understand-
ing performance, all without training or fine-tuning.

4.2 Coarse-to-fine Sampling

In long video understanding tasks, an effective keyframe sampling strategy must
address two critical challenges: minimizing temporal redundancy and ensuring
question relevance. Building on these principles, we design a coarse-to-fine sam-
pling (C2FS) algorithm that progressively refines sampling from temporal re-
dundancy removal to question relevance retrieval.
Coarse Event-Accumulation Sampling Stage. Event data is triggered by
brightness changes, making it an ideal proxy for information increment. Lever-
aging this property, we propose an event-accumulation sampling algorithm.
Specifically, we first compute the event density sequence {et}i\iil, where e;
denotes the event count between consecutive frames F;_; and F}. By accumulat-
ing the event density across frames, we can measure the information increment
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of the current frame relative to the last sampled keyframe. Once the accumu-
lated value exceeds a threshold 7, the frame is sampled as a new keyframe, while
intermediate frames are discarded as redundant. To handle videos with varying
motion intensity, we adaptively compute the threshold 7 for each video as

M e
N TEnE) W

where S denotes the predefined sampling ratio. The above process repeats until
the entire sequence has been processed, producing a compact set of keyframes
that effectively reduces temporal redundancy. As shown in Fig. [@] our strategy
effectively handles both videos with abrupt changes and those with gradual
changes. The detailed algorithm is provided in the supplementary material.
Fine Question-Relevant Sampling Stage. To further refine keyframe sam-
pling, we incorporate question relevance through text-image similarity. In this
stage, we first encode the question and the coarse-sampled frames using a text
encoder and a visual encoder (e.g., BLIP |22] or CLIP [34]), respectively. Then,
the cosine similarity scores are computed between their embeddings.

Instead of directly selecting My frames with top scores, we introduce a bin
sampling strategy to ensure the selection spans a broad temporal range. Specifi-
cally, we uniformly divide the coarse-sampled frames into B bins based on their
temporal position and select the frame with the highest similarity score from each
bin. This method ensures that the selected frames maintain temporal diversity
while simultaneously being highly relevant to the user question.

Putting things together, C2FS decouples keyframe sampling into redundancy
removal and relevance retrieval. The coarse event-accumulation sampling serves
as an efficient, content-agnostic filter, removing redundant frames and reduc-
ing the computational burden for subsequent fine sampling. The fine question-
relevant sampling ensures the selected frames are highly relevant to the question.

4.3 Zero-Cost Adaptive Pruning

Even after reducing temporal redundancy across the keyframes, spatial redun-
dancy within the selected frames remains a significant challenge. To address
this limitation, we design a Zero-Cost Adaptive Pruning (ZAP) algorithm. ZAP
operates in two phases: physics-aware selection and semantic-aware selection.
These phases are applied sequentially to the set of visual tokens derived from
the selected keyframes. Besides, ZAP adaptively allocates the retention ratio for
each frame by integrating the question relevance from C2FS, thereby achieving
holistic token pruning.

Physics-Aware Selection. Event data inherently provides more compact rep-
resentations due to its sparse encoding of brightness changes. As shown in Fig. ]
this sparsity manifests in two ways: it filters out uninformative regions, such as
the sky and roads, which trigger few events but occupy large portions of vi-
sual tokens. At the same time, it highlights changing regions that trigger more
events and typically attract greater user interest. Building upon these insights,
we introduce event-based physics-aware selection.



Fig. 5: Visualization of physics-aware selection in ZAP. Sparse events effectively
filter out uninformative regions (e.g., sky and road) while highlighting changing regions.

Specifically, we partition an event frame into non-overlapping patches, each
corresponding to an RGB visual token. We then compute the event density
within each patch, using it as an importance score. For each RGB frame, we
retain the top R,% of tokens with the highest scores, effectively filtering out the
uninformative regions. Our physics-aware selection is simple yet highly effective,
introducing only a negligible 0.00027% increase in total computational cost.
Semantic-Aware Selection. Despite being effective, physics-aware selection
may overlook non-salient yet semantically critical cues. To address this, we in-
troduce semantic-aware selection by directly reusing the attention matrix from
the last layer of the vision encoder to assess token importance. By averaging
attention scores across the query dimension, we obtain a per-token importance
measure. Visual tokens with higher average attention are deemed more seman-
tically critical, while tokens with lower scores are less critical.

We retain the top Rs% of tokens with the highest attention scores, from

the tokens not retained by physics-aware selection. Our semantic-aware selec-
tion benefits from the efficient reuse of the attention matrix, introducing only a
negligible 0.000035% increase in total computational cost.
Adaptive Retention Ratio. To achieve holistic token pruning across keyframes,
we introduce a strategy that adaptively allocates retention ratios based on their
relevance to the input question. More relevant keyframes retain more tokens,
while less relevant keyframes undergo more aggressive pruning.

Mathematically, the total allocable token budgets Najoc = My - N - (R — B),
where M/ is the number of keyframes, IV is the number of tokens per frame, R is
the expected overall retention ratio, and B is the base retention ratio (empirically
set to 5% to avoid over-pruning, with B < R). The adaptive retention ratio R
for frame F; is defined as:

Naoc't B-N
R' = min(~20 }* 1), 2)

where st is the similarity score to the question, derived from C2FS and normal-
ized via softmax. In practice, if the computed R! exceeds 1, all tokens of frame
F; are retained, and any excess token budget is returned to the total allocation.

To balance the expected physics-aware retention ratio R, and semantic-aware
retention ratio R, we set:

m”mi(mm it R < R,, 5
PR (R, }?t:ézp) otherwise,
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where R} and R. denote the adaptive retention ratios in physics-aware and
semantic-aware selection for frame F}, respectively.

5 Extension to General Video Understanding

Event data is known for its superior efficiency, prompting the question: Can
our framework be driven by simulated events instead of relying on physical event
cameras? Traditional event simulation techniques [14}18]/64] typically interpo-
late video to extremely high frame rates, introducing unacceptable delays of
up to several minutes. To avoid this, we utilize a lightweight event simulation
method [31] tailored to general video understanding, leveraging frame differences
to simulate event frames without complex interpolation.

We simulate events by calculating intensity differences between consecutive
RGB frames, F, and F,_,. After applying reverse gamma correction v~ !, we
compute the intensity change AL;;_; as:

ALy =log(yv ' (Fy)) — log(y ' (Fy—1)). (4)

Next, we calculate the number of positive and negative events at each pixel using
predefined thresholds C), and C,:

A

where [] | denotes max(0, -). These events are then used to construct a 2D event
frame with the total event count IV, +IV,, at each pixel. Importantly, this method
eliminates the need for microsecond-level interpolation, which is computationally
expensive and unnecessary, while still capturing the second-level changes needed
for video understanding. Additionally, to overcome the limitations of physics-
aware selection in completely static scenes (e.g., slide-style videos), we introduce
a shake trick during simulation, as detailed in the supplementary material.
With this efficient simulation, EventSTU breaks the dependence on physical
event sensors, enabling straightforward extension to general video understanding.

()

6 Experiment

6.1 Experimental Settings

Benchmarks. We evaluate our method on EventBench with real event data
and three widely-used general video benchmarks with simulated event data:
LongVideoBench [51], Video-MME [11], and MLVU [63|. These benchmarks pro-
vide a comprehensive testbed for assessing the effectiveness and generalization
of our method with and without physical event cameras.

Comparison Methods. Our method is compared in three settings: keyframe
sampling, token pruning, and their combination. For keyframe sampling, we com-
pare our C2SF against two latest training-free methods, AKS [41] and BOLT [29).
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Table 1: Comparison on LLaVA-OneVision across four benchmarks:
EventBench (EB) with real event data, and Video-MME (V-MME), LongVideoBench
(LVB), and MLVU with simulated event data.

Method | Retention Ratio | FLOPs (T)| FLOPs Ratio | EBt V-MME{ LVBt MLVU?| Avg.t
LLaVA-OV-7B 100% 41.71 100% | 52.50 5848 5640 64.81 58.05
Keyframe Sampling

100% 170.6 409% - 59.90  59.60 66.80 -
100% 170.6 409% 54.09  60.44  60.28 69.41 | 61.06
C2FS (Ours) 100% 79.34 190% 55.09 60.96 60.43 69.87 |61.59

Token Pruning

FastV [g] 50% 21.61 51.8% 50.90 57.74  56.10 63.98 |57.18
PruMerge 50% 19.24 46.1% 51.90 5804 5595 64.63 | 57.63
DyCoke 50% 24.45 58.6% 52.50  59.04 55.80 64.54 | 57.97
FastVID 50% 19.21 46.1% 52.69 5833  56.55 64.49 | 58.02
HoliTom 50% 19.21 46.1% 52.69 5852 56.62 65.87 | 58.43
ZAP (Ours 50% 19.20 46.0% 54.09 59.15 57.37 65.69 |59.07

Keyframe Sampling + Token Pruning

AKS . {- FastV g 50% 150.5 361% 53.49  60.22  60.28 69.27 | 60.82
AKS [41] + PruMerge |35 50% 148.1 355% 52.10 60.48  59.84 69.92 | 60.58
E 50% 153.3 368% 53.49  60.56  59.91 70.01 |60.99
50% 148.1 355% 53.89  60.44  59.99 69.64 | 60.99

50% 148.1 355% 54.29  60.78 59.99 70.06 |61.28

50% 56.83 136% 55.09 60.70 61.11 70.98 61.97

30% 143.4 344% 51.10 58.89 5856 69.41 | 59.49

30% 140.2 336% 52.89  59.89  57.59 69.69 | 60.02

30% 147.1 353% 53.89  60.41 59.16 70.61 | 61.02

30% 140.2 336% 52.30  60.67  60.14 69.87 | 60.74

30% 140.2 336% 51.90 60.78  59.01 70.84 | 60.63

30% 48.93 117% 54.49 61.07 60.73 71.16 61.86

[ ) Question: In the scene, there are many circular speed limit signs with red outer rings and white
wer inner areas on both sides of the road. What is the speed limit on this road?

= B e byl pal e

Answer B. The first half has a speed limit of 70, and the second half has a speed limit of 80. (- (Selected by Uniform Samplm;

Ours

L Answer: C. The first half has a speed limit of 50, and the second half has a speed limit of 60. (& (Selected by C2FS) )

Fig. 6: Visualization on LLaVA-OV. The original model misses a keyframe, while
our method captures sufficient keyframes and prunes uninformative regions.

Since BOLT is not publicly available, we compare against its reported results. For
token pruning, we compare our ZAP against five strong training-free methods:
FastV [8], LLaVA-PruMerge [35], DyCoKe [42], FastVID [38], and HoliTom [37].
For the combined setting, we compare our complete framework against AKS
paired with each token pruning method.

Implementation Details. We implement our methods on LLaVA-OneVision-
7B and Qwen3-VL [3] using 8 NVIDIA RTX 3090 GPUs. For LLaVA-




EventSTU 11

Table 2: Comparison on Qwen3-VL EI across four benchmarks: EventBench
(EB) with real event data, and Video-MME (V-MME), LongVideoBench (LVB), and
MLVU with simulated event data.

Method | Retention Ratio | FLOPs (T)| FLOPs Ratio| | EBt V-MME{ LVB{ MLVU? | Avg.t
Qwen3-VL-8B 100% 169.1 100% [69.06 67.52 61.33 68.49 66.60
Keyframe Sampling

AKS 100% 297.9 176% 69.46  68.48 62.60 76.45 |69.25
C2FS (Ours) 100% 206.7 122% 71.26 69.56 62.60 77.09 |70.13

Token Pruning

FastV ﬁ 50% 75.30 44.5% 67.07 66.85 59.84 67.99 |65.43
PruMerge @ 50% 66.79 39.5% 66.67 65.93 58.86  68.22 | 64.92
FastVID 50% 66.83 39.5% 67.47  67.00 59.76  67.99 | 65.55
ZAP (Ours 50% 66.77 39.5% 68.46 67.41 59.84 68.40 (66.03

Keyframe Sampling + Token Pruning
AKS + FastV 50% 204.2 121% 67.47  67.81 62.45 76.40 | 68.53
AKS + PruMerge 50% 195.7 116% 67.47 66.85 61.78 75.80 | 67.98
AKS + FastVID w 50% 195.7 116% 69.26 68.70  63.05 76.17 | 69.30
EventSTU (Ours 50% 104.4 62% 70.46 69.30 62.83 76.49 69.77
AKS [41] + FastV (8] 30% 176.0 104% 6487  67.81  61.18 75.76 |67.41
AKS + PruMerge 30% 164.9 98% 64.67 6537  59.24 74.84 | 66.03
AKS + FastVID |38 30% 164.9 98% 66.67 66.89 62.08 75.76 | 67.85
EventSTU (Ours 30% 73.64 44% 70.06 68.78 62.15 76.17 69.29
™ N
Iﬁ Question: At the beginning of the video, which direction is the little penguin moving?
== s A7 v ]~ 3
@ Irrelevant Irrelevant
. B frame frame
Qwen3-VLj 00( Frame 0627 Erame 0837
———_ Answer: C. From right 2 (Sclected by Uniform Sampling)
[
T
I! ' .‘ .
Ours 3 = LY :
Answer: B. From left to right. — w (Selected by CIZFS) )

Fig. 7: Visualization on Qwen3-VL. The original model is affected by irrelevant
frames, while ours captures continuous keyframes and prunes uninformative regions.

OneVision, we use 32 input frames (i.e., our fine-sampling target M) with N =
196 tokens per frame. For Qwen3-VL, we also use 32 input frames with a max-
imum resolution of 640 x 28 x 28, which dynamically determines N per frame.
We set the coarse frame sampling ratio S to 25%. The overall retention ratio R
is treated as the main experimental variable. Detailed hyperparameter analysis
is provided in the supplementary material.

6.2 Comparison with State-of-the-Art Methods

As shown in Tab. [I} our EventSTU achieves state-of-the-art performance and
efficiency across four benchmarks and three settings on LLaVA-OneVision [21].
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Keyframe Sampling. BOLT and AKS improve performance but incur
a substantial 309% increase in FLOPs. In contrast, our C2FS eliminates temporal
redundancy, reducing the number of processed frames. Compared to AKS, C2FS
requires only 46.5% of its FLOPs while still surpassing it by 0.53 points in average
performance, making keyframe sampling more practical.

Token Pruning. At the same retention ratio, ZAP achieves the highest average
performance, the lowest FLOPs, and the minimal inference latency (refer to
Sec. . For example, ZAP surpasses DyCoke by 1.10 points in average
performance while requiring only 78.5% of its FLOPs.

Keyframe Sampling 4+ Token Pruning. By integrating C2FS and ZAP,
EventSTU facilitates holistic spatio-temporal token allocation. This synergistic
design yields impressive results: at a 30% retention ratio, EventSTU surpasses
the original model by a significant 3.81 points in average performance.

Fig. [6] further illustrates this advantage: the original model misses a keyframe
and is distracted by irrelevant sky and road regions, while EventSTU captures
sufficient keyframes and prunes distracting areas, highlighting the queried speed
limit signs. These results collectively demonstrate the effectiveness of EventSTU
in leveraging the spatio-temporal efficiency of event data.

6.3 Generalization Across Different Video-LLMs

As shown in Tab. 2] EventSTU also achieves state-of-the-art performance and
efficiency on Qwen3-VL . Due to the naive dynamic resolution strategy ,
Qwen3-VL consumes more visual tokens than LLaVA-OneVision , thereby
intensifying the demand for token reduction. Meeting this demand, EventSTU
demonstrates exceptional efficacy on Qwen3-VL, breaking the conventional ef-
ficiency—performance trade-off. At a 30% retention ratio, EventSTU improves
average performance by 2.69 points over the original model while requiring only
44% of its FLOPs, notably without any training or fine-tuning.

Moreover, Fig. [§] shows that EventSTU further generalizes effectively to
three additional Video-LLMs, including LLaVA-Video [61], Qwen2.5-VL [4], and
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Table 3: Comparison with alterna- Table 4: Ablation study on ZAP.

tive sampling strategies. Please refer “Sem.” denotes semantic-aware selection,

to Sec. @ for abbreviation explanations. ‘“Phy.” denotes physics-aware selection, and
“Ada.” denotes adaptive retention ratio.

Method ‘EventBenchT LongVideoBencht
c UNI 53.09 59.54 Sem. Phy. Ada. ‘ EventBench! LongVideoBench?
oarse
Sampling | TOP 54.09 58.94 v 52.10 58.12
ACC 55.09 60.43 v 53.99 53.64
Fine TOP 53.89 60.21 v v 54.09 59.54
Sampling | BIN 55.09 60.43 v v 55.09 61.11

Intern3.5-VL [45]. Across these diverse architectures, EventSTU achieves an av-
erage improvement of 3.19 points, demonstrating strong cross-model generaliza-
tion and broad applicability.

6.4 Latency Analysis

Fig. [0 presents a latency comparison between our ZAP and existing token-
pruning methods. Since our focus is on the pre-filling stage, we measure the time-
to-first-token (TTFT). Specifically, FastV [8] and DyCoKe [42] fail to reduce la-
tency in the early LLM layers due to their design. Meanwhile, LLaVA-PruMerge
[35] and HoliTom [37] rely on computationally intensive pre-processing, such as
similarity calculation and clustering, significantly increasing the “other” time.

In contrast, our ZAP avoids these limitations by leveraging zero-cost guidance
from event data and reused attention, introducing only 1.24 ms of additional
time. Due to the lightweight design of the frame-difference-based simulator, event
simulation adds only 1.52 ms. Overall, ZAP reduces TTFT by 66.2% compared
to the original model — the largest reduction among all compared methods.

6.5 Ablation Study

Comparison with Alternative Sampling Strategies. As shown in Tab. [3]
we compare alternative strategies for coarse and fine sampling on EventBench
and LongVideoBench. At the coarse sampling stage, “UNT” (uniform sampling)
performs worst because its sampling decisions are independent of information
density, leading to under-sampling during periods with rapid change. “TOP”
(selecting frames with the highest event density) also struggles, as it focuses
solely on instantaneous density and completely overlooks low-density regions
that may contain important information. In contrast, “ACC” (accumulation sam-
pling) adaptively selects frames based on accumulated event density, thereby
capturing both abrupt and gradual changes and achieving the best performance.
At the fine sampling stage, “TOP” (sampling frames with the highest image-
text similarity) spans a narrow temporal window. Despite enabling localization
of the queried segments, it lacks sufficient context to answer the question. In con-
trast, “BIN” (bin sampling) effectively balances question relevance and temporal
coverage, significantly outperforming “TOP” by 1.20 points on EventBench.
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Ablation Study on ZAP. As shown in Tab. [d] combining physics-aware and
semantic-aware selection outperforms using either method alone, demonstrating
the importance of retaining both visually salient and semantically critical tokens
simultaneously. Additionally, we observe that adaptive retention ratio improves
average performance by an impressive 1.28 points, illustrating the effectiveness
of optimizing token budgets from a holistic spatio-temporal perspective.
Analysis on Number of Frames. Fig. (a) demonstrates the consistent
superiority of C2FS over the original model. The improvement is particularly
evident with a few frames (M; = 8), confirming that C2FS effectively eliminates
redundant and irrelevant frames, thereby enhancing the signal-to-noise ratio.
Analysis on Coarse Sampling Ratio. S controls the number of coarse sam-
pled frames, determining the degree of redundancy removal. As shown in Fig. [10]
(b), the highest coarse sampling rate (S = 0.50) fails to yield the best results,
despite providing more candidates for fine sampling. This indicates that redun-
dancy removal narrows the search scope, enhancing question relevant retrieval.
Analysis on Retention Ratio. Fig. 10| (¢) shows that full ZAP consistently
outperforms ZAPpy, (using physics-aware selection only). Interestingly, ZAP
with high retention ratio (R = 0.7) significantly outperforms the original model
by 2.19 points. This suggests that proper pruning can filter out noisy signals and
enhance the understanding capability of LLMs.

7 Conclusion

This work proposes a training-free, event-guided framework to address the chal-
lenges of long video understanding in Video-LLMs. It is built on a dual exploita-
tion of event data: a coarse-to-fine sampler that leverages the change-triggered
property of events to reduce temporal redundancy, and an adaptive token pruner
that utilizes their visual saliency to filter uninformative tokens. We validate our
method on EventBench, our newly constructed benchmark featuring real events,
as well as on three general video benchmarks with simulated events. The compre-
hensive empirical evaluation across four benchmarks confirms the effectiveness
of our event-guided strategy, paving the way for event-guided LLMs.
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