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Abstract

Long-video understanding remains challeng-
ing for multimodal large language models
(MLLMs), as informative visual evidence is of-
ten sparsely distributed across many redundant
frames. Although sampling more frames can
improve coverage, it also increases visual en-
coding overhead and consumes more visual to-
kens, making compact frame selection essential.
However, existing methods often sample candi-
date frames uniformly before selection, which
may require decoding most frames of the video.
Moreover, simply selecting frames by query
relevance may overlook the global temporal
structure needed for coherent video understand-
ing. To address these limitations, we propose
VISA, a VIdeo Skeleton-Aware framework for
efficient long-video frame selection. VISA ex-
ploits sparse I-frame anchors from the native
GOP structure to avoid dense candidate decod-
ing and constructs a video skeleton that pre-
serves the coarse temporal progression. Query
relevance is aggregated over this skeleton to
select informative anchors, followed by cross-
GOP refinement to obtain final frames. Exten-
sive experiments show that VISA consistently
improves long-video understanding, achieving
up to 8.8% relative gain over uniform sampling.
Meanwhile, VISA reduces average end-to-end
latency by 32.9%–53.6% compared with recent
frame selection baselines on LongVideoBench,
demonstrating both effectiveness and efficiency
for long-video frame selection.

1 Introduction

Multimodal large language models (MLLMs) (Liu
et al., 2023; Li et al., 2023; Bai et al., 2023; Lai
et al., 2024; Wang et al., 2024a) have recently
demonstrated remarkable capabilities in video un-
derstanding (Lin et al., 2024; Maaz et al., 2024; Li
et al., 2025). However, as video duration increases,
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Figure 1: Comparison of frame selection methods.
Existing methods (Left) decode most video frames and
select query-relevant frames, e.g., “packing the camera”
and “leaving room”, while missing the structural evi-
dence “put on the table”. Our method (Right) decodes
sparse I-frames as anchors to build a video skeleton, and
decodes only selected neighboring GOPs for refinement.
This design preserves query-relevant evidence and struc-
tural completeness with lower decoding cost.

exhaustively processing every frame becomes im-
practical. A typical long video may contain tens of
thousands of frames, each encoded into hundreds
of visual tokens. As a result, the accumulated vi-
sual tokens substantially increase inference latency
and may even exceed the limited context capacity
of current MLLMs (Wang et al., 2024b; Li et al.,
2024b; Jiang et al., 2025; Shu et al., 2025). To ad-
dress this challenge, frame selection has emerged
as an effective method for reducing video under-
standing cost by retaining essential visual informa-
tion with a compact set of key frames.

Existing frame selection methods (Tang et al.,
2025; Zhu et al., 2025b; Zhang et al., 2025c; Yao
et al., 2025; Chen et al., 2026) commonly follow a
two-stage pipeline before MLLM inference: can-
didate frame sampling followed by key frame se-
lection under a limited budget. The sampling stage
often relies on uniform sampling (Liu et al., 2023).
However, sampled frames are often P- or B-frames
that cannot be decoded independently. As illus-
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trated in Fig. 1, recovering them requires decod-
ing all frames sequentially from the preceding I-
frame within the same Group of Pictures (GOP),
which incurs substantial decoding overhead. In the
selection stage, existing methods typically select
frames according to query relevance (Tang et al.,
2025; Zhang et al., 2025c). However, retaining only
query-relevant frames leads to the loss of contex-
tual information, which may break video semantic
coherence (e.g., temporal logic and action continu-
ity). As shown in Fig. 1, the missing of implicit
clues tends to yield biased reasoning results. There-
fore, an effective frame selection strategy should
retain not only local query-relevant frames but also
global contextual frames, while avoiding unneces-
sary decoding overhead.

Given the native structure of videos, I-frames
capture key object, background, and scene features,
can be decoded independently, and serve as refer-
ences for subsequent frames within a GOP. These
properties make I-frames suitable anchors for con-
structing a video skeleton that captures the global
temporal structure and contextual information of
the video. Leveraging this video skeleton for key
frame selection allows us to decode only sparse
I-frames while preserving the video semantics.

Driven by this insight, we propose VISA, a
VIdeo Skeleton-Aware framework for efficient
long-video frame selection. VISA directly extracts
sparse I-frame anchors from the video’s native
GOP structure and groups them into query-agnostic
scenes, forming a compact video skeleton that cap-
tures the global temporal structure of the video.
Query relevance is then aggregated over this hi-
erarchy to capture the critical evidence. Under a
constrained budget, VISA selects informative and
non-redundant anchors and refines their neighbor-
ing GOPs to identify the final frames. In this way,
VISA bridges frame-level evidence and skeleton-
level cues, capturing both query-relevant and struc-
turally important frames for effective MLLM-based
long-video understanding.
Our Contributions. (1) New Insight. We lever-
age I-frames as video-native, decoding-efficient
anchors for video skeleton construction, providing
structural support for frame selection. (2) Novel
Approach. We propose VISA, a video skeleton-
aware frame selection method that builds a video
skeleton from I-frame anchors, selects informa-
tive anchors, and refines them into final frames.
(3) Strong Performance. Extensive experiments
on multiple MLLMs and benchmarks show that

VISA achieves competitive or better answer accu-
racy than recent frame selection baselines, while
substantially reducing end-to-end latency.

2 Method

Given a long video V , a textual query q, and a
frame budget B, VISA aims to select a compact
frame set X⋆ with |X⋆| ≤ B for MLLM inference,
while preserving query-relevant evidence and tem-
poral context with low decoding cost. As shown in
Fig. 2, VISA follows a coarse-to-fine frame selec-
tion process: it first derives a query-agnostic tem-
poral skeleton from sparse I-frame anchors and en-
riches it with query relevance through hierarchical
evidence aggregation (Sec. 2.1); then allocates the
frame budget over the relevance-enriched skeleton
to select informative and non-redundant anchors
A⋆ (Sec. 2.2); and finally refines each selected an-
chor across neighboring GOPs to obtain the final
selected frame set X⋆ (Sec. 2.3).

2.1 Video Skeleton Construction

I-frame Anchors and Scene Segments. We
first construct a query-agnostic video skeleton
by leveraging the native GOP structure of the
video. Specifically, we extract I-frames as sparse
temporal anchors and define the anchor set as
A = {a1, a2, . . . , aM}, where each anchor ai cor-
responds to the I-frame of a GOP together with
its temporal position. We further group anchors
into coherent scene segments by estimating scene
boundaries from the I-frame anchor sequence. For
each anchor frame, we convert RGB to a luma map
by Yi = 0.299Ri + 0.587Gi + 0.114Bi, resize it
to 32 × 32, and vectorize and ℓ2-normalize it as
gi. The visual change between adjacent anchors
is measured by cosine distance δi = 1 − g⊤i gi+1.
To reduce spurious local fluctuations, we smooth
the change scores with a three-point moving av-
erage and detect local peaks using an adaptive
threshold, yielding query-agnostic scene segments
S = {S1, S2, . . . , SK}. These scene segments,
together with the I-frame anchors, define a query-
agnostic video skeleton that retains the native tem-
poral structure of the video.

Query-aware Evidence Aggregation. After con-
structing the video skeleton, we inject query infor-
mation by computing the relevance between the
query q and each I-frame anchor ai. We encode
the query and anchor frames using CLIP (Radford
et al., 2021), obtaining normalized embeddings eq
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3.3 Cross-GOP Frame Refinement

Wᵢ = GOP(i − 1)∪GOP(i)∪GOP(i + 1)
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Figure 2: Workflow of VISA. VISA performs efficient long-video frame selection through three stages: (1) Video
Skeleton Construction builds a video skeleton from sparse I-frame anchors; (2) Skeleton-Aware Anchor Selection
selects informative and non-redundant anchors; and (3) Cross-GOP Frame Refinement refines selected anchors
within neighboring GOPs to obtain the final selected frames.

and ei, respectively. The raw query-anchor simi-
larity is computed as si = e⊤i eq. We then apply
within-video min-max normalization to calibrate
the anchor-level relevance scores. The normalized
score pi denotes the calibrated query relevance of
anchor ai. Given the anchor-level relevance scores,
we aggregate query-related evidence from anchors
to scenes and then to the whole video skeleton:

Ek = τ log


 1

|Sk|
∑

i∈Sk

exp(pi/τ)


 ,

Ev = τ log

(
1

K

K∑

k=1

exp(Ek/τ)

)
.

(1)

Here, τ is a temperature parameter empirically set
to 0.1. This process yields a relevance-enriched
video skeleton with anchor-level relevance pi,
scene-level evidence Ek, and video skeleton-level
evidence Ev.

2.2 Skeleton-Aware Anchor Selection
Given the relevance-enriched video skeleton from
Sec. 2.1, we select a compact set of informative an-
chors under a fixed budget B. Instead of treating an-
chor selection as a flat top-B ranking problem over
all anchors, we formulate it as a skeleton-aware al-
location problem. This formulation explicitly con-
siders both scene-level evidence and anchor-level
distinctiveness, encouraging the selected anchors

to cover query-relevant scenes while avoiding re-
dundant anchors within each scene.

Skeleton-aware Objective. Let A⋆ ⊆ A denote
the selected anchor set with |A⋆| = B. For each
scene Sk, we define the selected anchors inside it
as A⋆

k = A⋆ ∩ Sk and mk = |A⋆
k|. We optimize

the following skeleton-aware objective:

max
A⋆⊆A, |A⋆|=B

K∑

k=1


∆scene

k g(mk) +
∑

ai∈A⋆
k

wi∆̃i


 ,

(2)
where ∆scene

k measures the evidence surplus of
scene Sk, and ∆̃i denotes the effective gain of an-
chor ai after redundancy discounting. The function
g(m) = log(1+m) introduces diminishing returns,
preventing the budget from being overly concen-
trated in a single scene. For each selected anchor
ai ∈ A⋆

k, we define a rank-dependent marginal
weight wi = g(ri) − g(ri − 1), where ri is the
rank of ai after sorting anchors in A⋆

k by ∆̃i in
descending order. The first term in Eq. 2 encour-
ages allocation to query-relevant scenes, while the
second term favors distinctive anchor leaves with
diminishing marginal weights.

Scene and Anchor Scoring. We define the scene
surplus relative to the skeleton-level evidence and
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the anchor surplus relative to its parent scene:

∆scene
k = [Ek − Ev]+ ,

∆i = [pi − Ek]+ , ai ∈ Sk,
(3)

where [x]+ = max(x, 0). Here, ∆scene
k indicates

whether scene Sk contains stronger query-related
evidence than the skeleton-level baseline, while
∆i measures whether anchor ai is locally more
distinctive than its parent scene.

High-surplus anchors may still be redundant if
their temporal neighbors contain similar visual con-
tent. We therefore compute a local redundancy
score within a temporal radius r:

ρ
(r)
i =

1

|Nr(i)|
∑

j∈Nr(i)

e⊤i ej + 1

2
, (4)

where Nr(i) denotes the valid temporal neighbors
of ai within radius r, excluding ai itself. The effec-
tive anchor gain is then defined as:

∆̃i = ∆i

(
1− ρ

(r)
i

)
. (5)

This favors anchors that are both query-relevant
and visually distinctive. We set r = 2 in our final
model.

Dynamic Selection on the Skeleton. To solve
Eq. 2 efficiently, we decompose it into scene-wise
utilities. For each scene Sk, we sort all its anchors
by ∆̃i in descending order, and denote the j-th
largest value as ∆̃k,(j). If m anchors are assigned
to scene Sk, the corresponding scene utility is:

Uk(m) = ∆scene
k g(m) +

m∑

j=1

wj∆̃k,(j), (6)

This is the scene-wise form of Eq. 2, where the
selected anchor leaves in each scene are instanti-
ated by the top-m anchors according to ∆̃i. The
first term preserves query-relevant scene, while the
second term rewards high-gain anchor leaves with
diminishing marginal weights.

We allocate the global budget using dynamic
programming:

dp[k, b] = max
0≤t≤min(b,|Sk|)

[dp[k − 1, b− t] + Uk(t)] .

(7)
Here, dp[k, b] denotes the maximum utility ob-
tained from the first k scenes under budget b, and t
is the number of anchors assigned to scene Sk. By

backtracking the DP table, we determine the num-
ber of anchors assigned to each scene and select
the corresponding top-ranked anchors, yielding the
final anchor set A⋆. The selected anchors are then
used as coarse temporal evidence locations for the
following neighboring-GOP refinement stage.

2.3 Cross-GOP Frame Refinement
The selected anchors A⋆ provide coarse temporal
locations of potential informative evidence, but the
most informative frames may lie near GOP bound-
aries or in neighboring GOPs rather than exactly
at the anchors. Therefore, for each selected an-
chor ai ∈ A⋆, we expand its refinement window to
adjacent GOPs:

Wi = GOP(i−1)∪GOP(i)∪GOP(i+1). (8)

While this expansion improves recall for boundary-
near evidence, it may also introduce candidates
from neighboring scenes. We therefore apply
boundary-aware scoring to each candidate frame
x ∈ Wi.

Boundary-aware Scoring. For each candidate
frame x ∈ Wi, we compute its raw query similarity
as s(x) = e⊤x eq, where ex is the CLIP image em-
bedding of x. Since score distributions may vary
across different local GOP windows, we calibrate
the query score using robust statistics:

ui(x) =
1

1 + exp
(
− s(x)−µi

σi

) , (9)

where µi = medianx∈Wis(x) and σi = 1.4826 ·
medianx∈Wi |s(x)− µi|+ ε. The calibrated score
ui(x) measures how strongly candidate x stands
out within the local refinement window. We further
measure its visual consistency with the selected
anchor ai:

qi(x) =
e⊤x eai + 1

2
, (10)

where eai is the CLIP image embedding of anchor
ai. This term favors candidates that are query-
relevant while remaining consistent with the local
anchor context.

To suppress cross-scene drift, candidate frames
are assigned to scene segments according to their
temporal positions. Let S(ai) and S(x) denote the
scene segments containing anchor ai and candi-
date frame x, respectively. We introduce a scene-
evidence boundary gate:

bi(x) = ηb + (1− ηb)χi(x), (11)

26178



where χi(x) = 1 if x is in the same scene as
ai or belongs to an evidence-supported neighbor-
ing scene, and χi(x) = 0 otherwise. A cross-
scene candidate is regarded as evidence-supported
when ES(x) ≥ ES(ai) − δb, where δb = 0.02 con-
trols the evidence tolerance. Thus, same-scene
and evidence-supported candidates are preserved,
while unsupported cross-scene candidates receive a
soft penalty controlled by the boundary-gate floor
ηb = 0.70. Since this gate does not account for tem-
poral distance, we further introduce a cross-scene
distance decay:

ωi(x) = exp (−λdistdi(x)ci(x)) , (12)

where λdist = 0.70 is the decay strength, tx
and tai denote the temporal positions of candi-
date frame x and anchor ai, respectively, di(x) =

|tx−tai |
maxy∈Wi

|ty−tai |+ε is the normalized temporal dis-
tance, and ci(x) = 1[S(x) ̸= S(ai)] indicates
whether candidate x crosses a scene boundary.

Final Refinement Scoring. The final boundary-
aware refinement score is:

ri(x) = ui(x) · qi(x) · bi(x) · ωi(x). (13)

For each selected anchor, we choose the refined
frame by the refinement score, the raw query simi-
larity, and temporal proximity to the anchor:

x⋆i = arg max
x∈Wi

(ri(x), s(x), −|tx − tai |) . (14)

The final selected frame set is obtained by collect-
ing one refined frame for each selected anchor:

X⋆ = {x⋆i | ai ∈ A⋆} . (15)

By searching neighboring GOPs, this completes the
selection process, converting the selected I-frame
anchors into the final frame set X⋆ with limited
neighboring-GOP decoding and scoring.

3 Experiments

3.1 Experimental Setup

Benchmarks and Backbone Models. We eval-
uate VISA on three long-video question answer-
ing benchmarks: VideoMME (Fu et al., 2025),
MLVU (Zhou et al., 2024), and LongVideoBench
(LVB) (Wu et al., 2024). All experiments
on these benchmarks follow their default set-
tings. More information about benchmarks is

shown in Appendix B. To demonstrate general-
izability, we integrate VISA with three represen-
tative MLLMs: Qwen2.5-VL-7B-Instruct (Bai
et al., 2025), InternVL3-8B (Zhu et al., 2025a),
and LLaVA-OneVision-Qwen2-7B-OV (Li et al.,
2024a). All models are used only for inference,
without training or fine-tuning.

Baselines. We compare VISA with several frame
selection strategies. Base denotes the default uni-
form 32-frame sampling setting of each MLLM,
without any additional frame selection method.
For existing frame selection baselines, we com-
pare with AKS (Tang et al., 2025), FOCUS (Zhu
et al., 2025b), and WFS-SB (Chen et al., 2026).
AKS selects frames by jointly considering query-
frame relevance and temporal coverage. FOCUS
first explores informative temporal clips to re-
duce the candidate search space, and then selects
frames from the selected clips. WFS-SB introduces
wavelet-based semantic boundary detection to ob-
tain structure-aware candidate segments for frame
selection. We use the official implementations of
the baselines, follow their default settings, and re-
evaluate all methods under the same MLLM back-
bones, benchmarks, and frame budgets. VISA uses
the lightweight CLIP ViT-B/32 model (Radford
et al., 2021) for anchor-level relevance estimation.

Implementation Details. We conduct all exper-
iments using the lmms-eval framework (Zhang
et al., 2025b). The inference environment is
equipped with 6 NVIDIA A100 GPUs and uses Py-
Torch 2.5.1, CUDA 12.1, and Transformers 4.49.0.
All models are evaluated under multi-GPU infer-
ence without any parameter updates. Unless other-
wise specified, we keep all hyperparameters fixed
across benchmarks and backbone models.

3.2 Main Results

We compare VISA with Base and recent frame
selection baselines under the same 32-frame visual
budget. As shown in Table 1, VISA consistently
improves over Base across three MLLMs and three
long-video understanding benchmarks, showing
that skeleton-aware frame selection provides more
informative visual evidence than uniform sampling.

VISA achieves the strongest average improve-
ment on InternVL3-8B and Qwen2.5-VL-7B,
with relative gains of +5.1% and +8.8% over
Base, respectively. It also obtains the best
LongVideoBench results on these two backbones,
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Table 1: Performance comparison of frame selection methods on VideoMME, MLVU, and LongVideoBench.
We report accuracy scores (%). ∆ denotes the average relative improvement over Base, computed using VideoMME
Overall, MLVU, and LongVideoBench. Bold indicates the best result and underline indicates the second-best result.

Model Method VideoMME MLVU LongVideoBench ∆

Short Medium Long Overall

LLaVA-OV-7B

Base 70.7 56.3 49.0 58.7 62.9 55.7 +0.0%
AKS [CVPR’25] 72.0 57.9 51.2 60.4 65.8 58.7 +4.3%
WFS-SB [CVPR’26] 73.0 63.1 50.0 62.0 67.9 55.8 +4.6%
FOCUS [ICLR’26] 67.3 57.2 50.7 58.4 67.9 59.8 +5.0%
VISA 70.6 59.2 50.0 59.9 66.5 58.6 +4.4%

InternVL3-8B

Base 74.1 63.2 54.2 63.9 68.6 59.2 +0.0%
AKS [CVPR’25] 76.3 65.4 54.1 65.3 74.3 61.0 +4.5%
WFS-SB [CVPR’26] 75.7 66.4 54.3 65.5 73.6 58.3 +2.8%
FOCUS [ICLR’26] 70.9 63.9 56.0 63.6 71.8 61.3 +2.6%
VISA 76.0 65.4 55.6 65.7 73.5 62.3 +5.1%

Qwen2.5-VL-7B

Base 72.8 61.8 49.7 61.4 59.3 58.6 +0.0%
AKS [CVPR’25] 72.8 62.4 53.6 62.9 65.4 61.6 +5.9%
WFS-SB [CVPR’26] 74.4 64.4 54.2 64.4 70.3 58.8 +7.8%
FOCUS [ICLR’26] 70.2 60.9 53.4 61.5 67.9 62.3 +7.0%
VISA 75.0 62.3 54.4 63.9 67.2 63.8 +8.8%

suggesting that preserving the global video skele-
ton is particularly useful when relevant evidence is
sparsely distributed over long videos. Compared
with AKS, WFS-SB, and FOCUS, VISA achieves
competitive or better performance while avoid-
ing over-reliance on locally query-relevant frames.
Overall, these results demonstrate that VISA gen-
eralizes well across different MLLM backbones
and long-video benchmarks, achieving strong and
stable performance under the same frame budget.

3.3 Sensitivity to Frame Budget
We analyze the effect of frame budget using
Qwen2.5-VL-7B. As shown in Table 2, VISA con-
sistently improves over Base across all frame bud-
gets on both VideoMME and LongVideoBench,
demonstrating its robustness under different vi-
sual input budgets. Compared with FOCUS, VISA
achieves better performance in most settings, espe-
cially on LongVideoBench, where it outperforms
FOCUS under all budgets. On VideoMME, FO-
CUS performs slightly better at the extremely small
budget of 8 frames, while VISA surpasses it as the
budget increases to 16, 32, and 64 frames.

The results also show that simply increasing the
number of uniformly sampled frames is not suffi-
cient for long-video understanding. For example,
Base only improves moderately when increasing
the budget from 32 to 64 frames, and FOCUS even
drops below Base on VideoMME at 64 frames.
In contrast, VISA with 32 frames already outper-

Table 2: Frame budget sensitivity. Scores are reported
in Acc. (%), and ∆ denotes the absolute improvement
over Base under the same frame budget.

Frames Method VideoMME LongVideoBench

Acc. ∆ Acc. ∆

8 Base 53.5 – 52.7 –
8 FOCUS 57.2 +3.7 57.4 +4.7
8 VISA 56.6 +3.1 58.7 +6.0

16 Base 58.0 – 56.8 –
16 FOCUS 59.8 +1.8 59.9 +3.1
16 VISA 59.9 +1.9 61.6 +4.8

32 Base 61.4 – 58.6 –
32 FOCUS 61.5 +0.1 62.3 +3.7
32 VISA 63.9 +2.5 63.8 +5.2

64 Base 63.1 – 60.4 –
64 FOCUS 62.1 -1.0 62.5 +2.1
64 VISA 65.2 +2.1 64.3 +3.9

forms both Base and FOCUS with 64 frames on
LongVideoBench. These results suggest that effec-
tive long-video understanding depends not only on
the number of input frames, but also on selecting
temporally structured and query-relevant evidence.

3.4 Efficiency Analysis
We evaluate efficiency on LongVideoBench using
Qwen2.5-VL-7B under the same experimental en-
vironment and settings. On average, each video
contains 20,033.7 frames. As shown in Table 3,
VISA achieves the lowest decoding time and end-
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Table 3: Efficiency comparison on LongVideoBench.
“Dec.” denotes decoding, and “E2e Lat.” denotes end-to-
end latency, including frame decoding, query relevance
computation, frame selection, and MLLM inference.

Method Dec. Frames Dec. Time (s) E2e. Lat. (s)

AKS 736.4 35.93 83.19
WFS-SB 750.9 35.74 84.03
FOCUS 348.1 36.08 58.09
VISA 408.2 22.40 39.00
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Figure 3: Case study of end-to-end latency break-
down. We compare decoded frames, frame selection
time, MLLM inference time, and end-to-end latency on
a 3024.89-second LongVideoBench video with 90,656
frames and 604 I-frames. Frame selection time includes
decoding, query relevance computation, and selection.
VISA achieves the lowest end-to-end latency of 57.30s.
Model loading time is excluded.

to-end latency among all methods. Although VISA
decodes slightly more frames than FOCUS on aver-
age, it still reduces both decoding time and overall
latency. This is because VISA mainly starts from
sparse I-frame anchors and only refines selected
neighboring GOPs, avoiding much of the depen-
dency decoding required by non-I frames.

We further select a representative long-video
case from LongVideoBench to analyze the end-to-
end latency breakdown. As shown in Fig. 3, VISA
reduces both decoded frames and query relevance
computation time compared with existing methods
in this case. Since all methods use the same num-
ber of final selected frames, their MLLM inference
times are nearly identical. Therefore, the latency
reduction mainly comes from lower pre-inference
costs, including frame decoding, relevance scoring,
and frame selection. These results demonstrate the
practical efficiency of VISA for long-video MLLM
frame selection.

Table 4: Effect of GOP-native I-frame anchors. All
variants are evaluated using Qwen2.5-VL-7B with a 32-
frame budget. Scores are reported in accuracy (%), and
↓ denotes the absolute drop from GOP-native I-frame
anchors.

Benchmark Accuracy (%)

Uniform Random GOP-native

LVB 62.3 (↓1.5) 62.1 (↓1.7) 63.8
VideoMME 62.8 (↓1.1) 62.4 (↓1.5) 63.9
MLVU 63.6 (↓3.6) 64.1 (↓3.1) 67.2

3.5 Effect of GOP-native Anchors

We further isolate the effect of the initial anchor
source by replacing GOP-native I-frame anchors
with equally sparse non-native alternatives, includ-
ing uniform sparse anchors and random sparse an-
chors. All variants keep the same anchor count,
skeleton-aware selection, and cross-GOP refine-
ment. As shown in Table 4, GOP-native I-frame
anchors achieve the best performance, indicating
that VISA benefits not only from hierarchical selec-
tion and refinement, but also from using I-frames
as video-native and decoding-efficient temporal an-
chors for video skeleton construction.

3.6 Ablation Study

We conduct ablation studies with Qwen2.5-VL-
7B to analyze the key components of VISA. As
shown in Table 5, removing any component consis-
tently degrades performance on both VideoMME
and LongVideoBench.

For Skeleton-Aware Anchor Selection, replac-
ing skeleton-aware allocation with global utility
ranking causes the largest drop, decreasing per-
formance by 1.1 points on VideoMME and 2.8
points on LongVideoBench. This indicates that
flat anchor ranking may over-concentrate selected
anchors in local segments, whereas skeleton-aware
allocation better distributes the frame budget over
query-relevant scenes. Removing the redundancy
penalty or the scene-anchor hierarchy also leads to
consistent degradation, confirming the importance
of selecting locally distinctive anchors under the
hierarchical video skeleton.

For Cross-GOP Frame Refinement, directly us-
ing selected anchors without cross-GOP refinement
results in clear performance drops, suggesting that
I-frame anchors provide coarse but not always op-
timal evidence locations. The degradation caused
by removing boundary-aware scoring or restrict-
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Table 5: Ablation study of VISA components.

Variant VideoMME LVB

Full VISA 63.9 63.8

Module 2: Skeleton-Aware Anchor Selection
w/o skeleton-aware allocation 62.8 (↓1.1) 61.0 (↓2.8)

w/o redundancy penalty 62.8 (↓1.1) 62.5 (↓1.3)

w/o scene-anchor hierarchy 62.7 (↓1.2) 62.3 (↓1.5)

Module 3: Cross-GOP Frame Refinement
w/o cross-GOP refinement 62.2 (↓1.7) 62.8 (↓1.0)

w/o boundary-aware scoring 63.1 (↓0.8) 63.5 (↓0.3)

single-GOP refinement 63.4 (↓0.5) 63.0 (↓0.8)

Table 6: Hyperparameter sensitivity of VISA.

Para. Accuracy (%)

τ 62.20.06 63.50.08 63.80.10 63.60.12 63.30.14

ηb 62.50.50 63.60.60 63.80.70 63.40.80 63.40.90

δb 63.30.005 63.60.010 63.80.020 63.60.030 63.00.040

λdist 63.70.40 63.70.50 63.70.60 63.80.70 63.70.80

r 63.10 63.51 63.82 63.83 63.44

ing refinement to a single GOP further shows that
neighboring-GOP search and boundary-aware scor-
ing are both useful for recovering more accurate
frame-level evidence. Overall, these results ver-
ify that both skeleton-aware anchor selection and
boundary-aware cross-GOP refinement are essen-
tial to VISA.

3.7 Parameter Sensitivity Analysis

We conduct parameter sensitivity analysis on
Qwen2.5-VL-7B with LongVideoBench. Table 6
reports the sensitivity results of VISA to different
hyperparameters. For each row, we vary one hyper-
parameter while keeping the others fixed at their
default values. Overall, VISA remains stable across
a wide range of settings, indicating that the method
is not sensitive to small hyperparameter variations.
The default configuration consistently achieves the
best or near-best performance. In particular, λdist
shows very small fluctuations, suggesting that the
distance decay term mainly provides a stable re-
finement bias rather than requiring careful tuning.
Larger deviations from the default values, such as
a smaller τ or an overly large δb, lead to noticeable
drops, showing that overly weak anchor filtering or
overly loose boundary control can degrade frame
selection quality.

4 Related Work

Multimodal Large Language Models for Video
Understanding. Multimodal large language
models (MLLMs) (Li et al., 2024a; Wang et al.,
2024a; Bai et al., 2025; Xu et al., 2024; Zhang
et al., 2025a) have extended visual understanding
from images to videos, enabling open-ended video
question answering, temporal reasoning, and multi-
modal instruction following. Most VideoLLMs fol-
low a sample-encode-reason pipeline (Zhang et al.,
2023; Maaz et al., 2024), where sampled frames are
encoded into visual tokens and then fed into a large
language model with textual instructions. However,
this pipeline becomes costly for long videos, as
more frames are needed to cover sparse and tem-
porally distributed evidence, increasing the over-
head of frame decoding, visual encoding, relevance
estimation, and language-model inference (Song
et al., 2024; Fan et al., 2024). Meanwhile, dense
sampling often introduces substantial temporal re-
dundancy and quickly consumes the limited visual
context budget of MLLMs. To boost the perfor-
mance of video understanding, recent studies have
explored frame selection (Tang et al., 2025; Zhu
et al., 2025b) and compact video representation
learning (Zeng et al., 2025; Weng et al., 2024).

Frame Selection for Long Video Understanding.
Frame selection reduces redundant visual inputs by
selecting frames according to query relevance, tem-
poral coverage, semantic boundaries, or clip-level
saliency (Chen et al., 2026; Hu et al., 2025; Tang
et al., 2025; Zhu et al., 2025b). However, existing
methods often still depend on densely decoded can-
didates before selection. AKS (Tang et al., 2025)
and WFS-SB (Chen et al., 2026) compute rele-
vance scores over low-rate sampled frames, which
remains costly for long videos. FOCUS (Zhu et al.,
2025b) improves efficiency by selecting temporal
clips, but it does not explicitly maintain a global evi-
dence structure across the video. VISA instead uses
sparse GOP-native I-frame anchors to construct a
video skeleton, performs skeleton-aware anchor
selection, and refines only selected GOP neighbor-
hoods, reducing decoding and scoring costs while
preserving temporal coherence.

5 Conclusion

In this paper, we presented VISA, a video skeleton-
aware frame selection method for efficient long-
video understanding. VISA leverages GOP-native
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I-frame anchors to construct a compact video skele-
ton, performs skeleton-aware anchor selection, and
refines selected anchors within neighboring GOPs.
Experiments show that VISA achieves average
gains of +8.8% on Qwen2.5-VL-7B and +5.1%
on InternVL3-8B over uniform sampling, while re-
ducing end-to-end latency by 32.9%–53.6% com-
pared with recent frame selection baselines on
LongVideoBench. These results demonstrate the
effectiveness of GOP-native structure for efficient
and reliable long-video frame selection.
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Limitations

Our experimental scope is currently bounded by
computational resource constraints, confining our
evaluation mainly to the 7B–8B parameter regimes.
Although VISA demonstrates consistent efficiency
and performance gains with multiple representa-
tive VideoLLMs, extending the evaluation to larger
and stronger backbones would require substan-
tially higher inference cost on long-video bench-
marks. Consequently, the scaling behavior and
performance ceiling of VISA with more power-
ful VideoLLMs remain to be fully characterized,
which we leave for future work.

Ethics Statement

This work focuses on efficient long-video frame
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All datasets and benchmarks used in our experi-
ments are publicly available and are used only for
academic research and evaluation. We follow the
official evaluation protocols of the corresponding
benchmarks. VISA aims to reduce the computa-
tional cost of long-video understanding frame se-
lection rather than identify individuals, track per-
sons, or infer private attributes. Since our method
relies on existing MLLMs, its outputs may still
inherit model limitations such as biased predic-
tions, hallucinations, or factual errors. Therefore,
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privacy, fairness, and potential misuse, especially
in safety-critical or high-stakes applications. Our

experiments build upon public benchmarks, open-
source models, and common research frameworks,
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A Details of Skeleton-Aware Anchor
Selection

Algorithm 1 describes the scene segmentation pro-
cedure used to construct the video skeleton. Start-
ing from GOP-native I-frame anchors, we compute
lightweight luma thumbnails and measure the struc-
tural change between adjacent anchors using cosine
distance. The resulting change-intensity signal is
smoothed with a three-point mean filter, and local
peaks are detected as candidate scene boundaries.
We then apply an adaptive Otsu threshold to retain
prominent boundary peaks and split the I-frame
skeleton into temporally coherent scenes. This pro-
cess only operates on sparse GOP-native anchors,
making scene segmentation efficient while preserv-
ing the major temporal structure of the video.

Algorithm 2 details the skeleton-aware anchor
selection module. Given the I-frame skeleton and
scene partition, we first compute query-aware an-
chor utilities and apply a local redundancy discount
to suppress near-duplicate anchors. We then aggre-
gate the adjusted anchor utilities into scene-level
utility functions. Under the overall frame budget, a
dynamic programming procedure allocates anchors
across scenes, encouraging both query relevance
and temporal coverage. The selected anchors are
finally sorted in temporal order and sent to the
boundary-aware refinement module.

B Benchmarks and Evaluation Details

To comprehensively evaluate the effective-
ness of VISA, we conduct experiments on

Algorithm 1: Scene Segmentation with
GOP-native Anchors

Input: GOP-native I-frame anchors A = {ai}Mi=1,
thumbnail size s

Output: Scene partition S = {Sk}Kk=1

if M = 0 then
return ∅;

if M = 1 then
return {[a1, a1]};

for i = 1 to M do
Decode anchor frame ai as RGB image xi;
Convert xi to luma:
yi ← 0.299Ri + 0.587Gi + 0.114Bi;

Resize yi to s× s and flatten it into ȳi;
Normalize ȳi ← ȳi/∥ȳi∥2;

for i = 1 to M − 1 do
ci ← clip(ȳ⊤

i ȳi+1,−1, 1);
di ← 1− ci;

d̃← ThreePointMean(d);

Initialize candidate boundary set P ← ∅;
for i = 2 to M − 2 do

if d̃i ≥ d̃i−1 and d̃i ≥ d̃i+1 then
P ← P ∪ {i};

if P = ∅ then
return {[a1, aM ]};

θ ← OtsuThreshold({d̃i | i ∈ P});
B ← {i ∈ P | d̃i ≥ θ};
if B = ∅ then

return {[a1, aM ]};

Sort B in ascending order;
S ← ∅, l← 1;
foreach boundary index b ∈ B do
S ← S ∪ {{al, . . . , ab}};
l← b+ 1;

if l ≤M then
S ← S ∪ {{al, . . . , aM}};

return S;

three widely used long-video understanding
benchmarks: VideoMME (Fu et al., 2025),
LongVideoBench (Wu et al., 2024), and
MLVU (Zhou et al., 2024). These benchmarks
cover diverse video lengths, visual domains, and
reasoning tasks, allowing us to evaluate both
short-term visual perception and long-range
temporal reasoning. For each experimental setting,
we repeat the evaluation three times and report the
mean result across runs. To ensure a standardized
and reproducible evaluation protocol, we conduct
all experiments using lmms-eval (Zhang et al.,
2025b), a unified evaluation framework for large
multimodal models. The framework provides
consistent task interfaces, model wrappers, and
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metric computation pipelines across multimodal
benchmarks, which enables fair comparison among
different frame selection methods under the same
evaluation setting. We provide the details of each
benchmark below:

• Video-MME: It is a full-spectrum, multi-
modal evaluation benchmark covering 6 pri-
mary visual domains and 30 subfields. It
consists of 900 videos totaling 254 hours
and 2,700 strictly human-annotated QA pairs.
To rigorously test temporal scalability, the
videos are categorized into short- (< 2 mins),
medium- (4-15 mins), and long-term (30-60
mins) subsets.

• LongVideoBench: It is specifically designed
for long-context interleaved video-language
understanding. It comprises 3,763 web-
collected videos (up to an hour long) paired
with subtitles. The dataset includes 6,678
human-annotated multiple-choice questions
spanning 17 categories. Notably, it introduces
a challenging “referring reasoning” task that
requires models to accurately retrieve and rea-
son over fine-grained details within extensive
video contexts.

• MLVU: (Multi-task Long Video Understand-
ing) focuses on evaluating models across
videos ranging from 3 minutes to 2 hours in
duration. It encompasses 9 distinct evaluation
tasks seamlessly categorized into holistic un-
derstanding, single detail understanding, and
multi-detail understanding. The benchmark
challenges models to effectively leverage both
global narratives and local visual clues for
complex tasks.

C Qualitative Visualization

Figure 4 presents a qualitative example from
LongVideoBench using Qwen2.5-VL-7B (Bai
et al., 2025) under a 32-frame budget. The question
asks what the person does after introducing a blue
poster, where the correct answer is “held a guitar”.
We compare VISA with representative frame selec-
tion methods, including AKS (Tang et al., 2025),
WFS-SB (Chen et al., 2026), and FOCUS (Zhu
et al., 2025b). For each method, we visualize all 32
selected frames in an 8 × 4 layout, and highlight
frames near the answer-relevant evidence with red
boxes.

As shown in Figure 4, existing methods tend to
focus on visually salient or repeatedly appearing
content around the room and poster, but fail to reli-
ably retain the temporally localized evidence that
directly supports the answer. VISA, by modeling
the video skeleton and refining candidate frames
across GOP boundaries, better preserves the critical
poster-to-guitar transition. This example demon-
strates that effective long-video frame selection
requires not only query relevance, but also tempo-
rally coherent coverage of answer-critical events.
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Algorithm 2: Skeleton-Aware Anchor Se-
lection

Input: I-frame anchors A = {ai}Mi=1, scene
partition S = {Sk}Kk=1, anchor relevance
scores {pi}Mi=1, scene evidence {Ek}Kk=1,
video-level evidence Ev , anchor embeddings
{ei}Mi=1, anchor budget B, redundancy radius
r

Output: Selected anchor set A⋆

Define g(m) = log(1 +m) and
wj = g(j)− g(j − 1);

foreach scene Sk ∈ S do
Ak ← {ai ∈ A | ai ∈ Sk};
∆scene

k ← [Ek − Ev]+;
foreach anchor ai ∈ Ak do

∆i ← [pi − Ek]+;
if |Nr(i)| > 0 then

ρ
(r)
i ← 1

|Nr(i)|
∑

j∈Nr(i)

e⊤i ej+1

2
;

else
ρ
(r)
i ← 0;

∆̃i ← ∆i(1− ρ
(r)
i );

Sort anchors in Ak by ∆̃i in descending order;
Denote the j-th largest effective gain as ∆̃k,(j);
Uk(0)← 0;
for m = 1 to min(B, |Ak|) do

Uk(m)← ∆scene
k g(m) +

∑m
j=1 wj∆̃k,(j);

Initialize dp[0, 0] = 0 and dp[0, b] = −∞ for b > 0;
Initialize backtracking table T ;
for k = 1 to K do

for b = 0 to B do
dp[k, b]← −∞;
for t = 0 to min(b, |Ak|) do

v ← dp[k − 1, b− t] + Uk(t);
if v > dp[k, b] then

dp[k, b]← v;
T [k, b]← t;

A⋆ ← ∅, b← B;
for k = K to 1 do

mk ← T [k, b];
Add the top-mk anchors in Ak ranked by ∆̃i to
A⋆;

b← b−mk;

Sort A⋆ in temporal order;
return A⋆;
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Question

There is a poster hanging on the wall showing a pink semicircle positioned over a blue sea. Various cartoon characters
are standing on the pink semicircle. There is a string of lights in the upper right corner of the poster, with a
yellow object on the left and a red object on the right. After introducing this blue poster, what did the person with
the hand do next?
A. Took out a fan B. Took out a book C. Took out a pair of shoes

D. Held a guitar E. Picked up a cartoon toy Ground Truth: D

AKS
Pred: E

selected-frame timeline answer evidence

WFS-SB
Pred: C

FOCUS
Pred: E

VISA
Pred: D

Figure 4: Qualitative comparison of different frame selection methods on a LongVideoBench example. All methods
select 32 frames. AKS, WFS-SB, and FOCUS miss the key temporal evidence required to answer the question
correctly, leading to incorrect predictions. In contrast, VISA preserves the transition from the poster-introduction
scene to the guitar-holding action, enabling Qwen2.5-VL-7B to predict the correct answer.
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