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Abstract

Training-free video understanding leverages the strong im-
age comprehension capabilities of pre-trained vision lan-
guage models (VLMs) by treating a video as a sequence
of static frames, thus obviating the need for costly video-
specific training. However, this paradigm often suffers from
severe visual redundancy and high computational overhead,
especially when processing long videos. Crucially, existing
keyframe selection strategies, especially those based on CLIP
similarity, are prone to biases and may inadvertently over-
look critical frames, resulting in suboptimal video compre-
hension. To address these significant challenges, we propose
KTV, a novel two-stage framework for efficient and effec-
tive training-free video understanding. In the first stage, KTV
performs question-agnostic keyframe selection by clustering
frame-level visual features, yielding a compact, diverse, and
representative subset of frames that mitigates temporal redun-
dancy. In the second stage, KTV applies key visual token se-
lection, pruning redundant or less informative tokens from
each selected keyframe based on token importance and redun-
dancy, which significantly reduces the number of tokens fed
into the LLM. Extensive experiments on the Multiple-Choice
VideoQA task demonstrate that KTV outperforms state-of-
the-art training-free baselines while using significantly fewer
visual tokens, e.g., only 504 visual tokens for a 60-min video
with 10800 frames, achieving 44.8% accuracy on the MLVU-
Test benchmark. In particular, KTV also exceeds several
training-based approaches on certain benchmarks.

Code — https://github.com/songbaiyang(07-star/KTV

Introduction

Vision-language models (VLMs) (Liu et al. 2023; Li et al.
2023a) have achieved remarkable advancements, enabling
impressive multimodal understanding and reasoning over
the static image. A natural next step is to extend these ca-
pabilities to the more complex domain of video, where tem-
poral dynamics and richer contextual information present
both opportunities and challenges. While recent video
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LLMs (Zhang, Li, and Bing 2023; Lin et al. 2024) combine
specialized video encoders with pre-trained LLMs (Brown
et al. 2020; Touvron et al. 2023), their development faces
significant challenges due to the scarcity of large-scale,
high-quality video-text data needed for effective training or
fine-tuning such models.

To circumvent the demand for massive training data, the
idea of training-free methods is compelling. It treats a video
as a sequence of individual frames and ingeniously leverages
the strong image understanding and reasoning capabilities of
pre-trained VLMs for analyzing these frames.

Despite the progress achieved by training-free meth-
ods (Kim et al. 2024; Wu 2024), two critical challenges per-
sist. First, videos, particularly long-form ones, exhibit severe
temporal redundancy, where consecutive frames often con-
tain nearly identical visual content. This redundancy leads to
inefficient computation when processed by VLMs. Second,
even with frame sampling, the resulting number of image
tokens, e.g., 576 per frame, is still prohibitive for LLMs: ag-
gregating tokens across hundreds of frames either exceeds
LLM’s context window or drastically slows down inference.

To address these challenges, we propose a novel two-stage
framework for training-free video understanding, termed
KTV. In the first stage, KTV reduces temporal redun-
dancy by selecting a compact yet representative subset
of keyframes from the entire video. Unlike prior meth-
ods (Gorti et al. 2022; Han et al. 2024; Zhang et al. 2025),
which rely on CLIP-processed features for keyframe selec-
tion, we observe that these methods can introduce inherent
biases and result in the omission of crucial visual cues, as
shown in Fig. 1. To address this issue, we introduce a sam-
pling strategy that does not depend on textual queries, ensur-
ing more reliable and comprehensive keyframe selection. In
practice, visual features are extracted from all frames using
a pre-trained off-the-shelf visual encoder. K-means cluster-
ing is then applied to group similar frames, with the frame
closest to each cluster’s centroid being selected as the repre-
sentative keyframe for that cluster.

In the second stage, KTV further reduces the number of
visual tokens by selecting key tokens from each keyframe.
Our goal is to retain essential semantic information while
preserving visual features diversity. To achieve this, KTV
evaluates the importance of each token by measuring its sim-
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Question: Why do the rabbit and fox visit the sloth?
A: To use his computer  B. To get the ticket

Answer: B) To get the ticket

KTV

C. To play with him

D. To have a coffee with him

Figure 1: The pipeline of our two-stage training-free Keyframes and Key Tokens selection for empowering LLMs in Video
understanding, termed KTV. Given a video clip (1°* row), KTV first performs question-agnostic keyframe selection (3" row),
identifying representative keyframes that provide a diverse and unbiased summary of the video content. This contrasts with
question-relevant selection methods (2" row), which may overlook general scene information. Then, KTV selects only the
most informative and non-redundant visual tokens from each keyframe (4*" row), significantly reducing spatial redundancy.

ilarity not only with the [CLS] token (Shang et al. 2024;
Zhang et al. 2024a), but also with other visual tokens within
the same frame, ensuring a rich and comprehensive rep-
resentation of the keyframe. Additionally, we leverage the
well-trained CLIP text encoder to perform question-aware
vision token pruning, thereby enhancing the relevance of the
retained tokens with respect to the query, ensuring that they
are highly aligned with the question at hand. By jointly per-
forming keyframe selection and fine-grained token pruning,
KTV produces a concise yet semantically rich visual rep-
resentation of the video. This enables efficient and effective
multimodal reasoning within a pre-trained VLM, without re-
quiring any video-specific training or fine-tuning.

We evaluate KTV on Multiple-Choice VideoQA bench-
marks using pre-trained LLaVA-v1.6 (Liu et al. 2024) as
the VLM. Three KTV variants, i.e., sparse, normal, and
dense, are assessed, corresponding to different key visual to-
ken sequence lengths. Experimental results show that KTV
significantly reduces visual tokens while outperforming or
matching state-of-the-art training-free methods. For exam-
ple, a 60-minute video with 10800 frames can be processed
with only 504 visual tokens, fewer than typically extracted
from a single image. Moreover, KTV achieves superior per-
formance with smaller VLMs compared to the larger models
used in other methods, and even outperforms training-based
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approaches, underscoring its efficiency and effectiveness.
In conclusion, our contributions are as follows: (i) We
propose KTV, a two-stage training-free framework for video
understanding. It first performs question-agnostic keyframe
selection, followed by fine-grained key visual token selec-
tion to reduce both temporal and spatial redundancy. (ii)
Extensive evaluations on standard VideoQA benchmarks
demonstrate our KTV’s robustness and generalizability.

Related Work

Vision Language Models (VLMs). The evolution of VLMs
focuses on bridging powerful vision encoders (Dosovitskiy
et al. 2021) with LLMs (Chiang et al. 2023; Touvron et al.
2023). Early works like BLIP-2 (Li et al. 2023a) proposed
complex bridging modules, i.e., Q-Former, to distill visual
information. In contrast, LLaVA (Liu et al. 2023) introduced
a streamlined architecture using a simple MLP to project
visual features into the LLM’s embedding space, achiev-
ing strong performance with minimal overhead. However,
the challenge with this simplicity is that projecting a full
grid of visual tokens significantly increases sequence length
and inference cost. To address this, follow-up works such
as LLaVA-PruMerge (Shang et al. 2024) introduced token
merging and pruning strategies, effectively reducing the vi-
sual input length without substantial accuracy loss. Never-
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Figure 2: Keyframes selection compared between DINO Cluster and CLIP Text-Frame similarity. CLIP selects frames that are
overly dependent on the word in question, making it easy to get into “semantic traps”. In contrast, DINO Cluster captures the
video’s maximal visual diversity, yielding a holistic and unbiased summary of its core scenes.

theless, merging similar tokens without model fine-tuning
may distort feature distributions and compromise compati-
bility with the pretrained LLM.

Video Large Language Models (Video LLMs). The suc-
cess of image-based VLMs has catalyzed the development
of video LLMs, which aim to incorporate temporal context
for complex video reasoning. A typical pipeline involves ex-
tracting frame-level features via pre-trained visual encoders
and feeding them into LLMs through an interface module.
These modules vary from simple spatial-temporal pooling,
e.g., VideoChatGPT (Maazi et al. 2024), to transformer-
based bridges like Q-Former in VideoChat (KunChang Li
and Qiao 2023). Efforts such as Video-LLaVA (Lin et al.
2024) propose shared projectors to align image and video
encoders for joint training. Another trend focuses on instruc-
tion tuning with large-scale video-text datasets, as seen in
VideoChat2 (Li et al. 2024), and applying alignment tech-
niques like Direct Preference Optimization (DPO) (Rafailov
et al. 2023), as in LLaVA-NeXT-Video (Liu et al. 2024), to
improve response quality and task adherence.

Training-free Video LLMs. Several recent works reframe
video understanding as a multi-image task, enabling the
use of pre-trained image-based VLMs without extra video-
specific training. FreeVA (Wu 2024) explores temporal-
spatial pooling across sampled frames to build compact rep-
resentations. IG-VLM (Kim et al. 2024) arranges uniformly
sampled frames into one image for inference, but loses de-
tail due to limited resolution. SF-LLaVA (Xu et al. 2024)
adopts a dual-stream design to balance spatial resolution and
temporal coverage, yet still yields long visual sequences.
DYTO (Zhang et al. 2024b) selects keyframes using clus-
tering on [CLS] tokens and prunes tokens within each frame
based on semantic similarity, but relies on a large number of
tokens for downstream reasoning.

While these methods reduce spatial and temporal redun-
dancy to varying degrees, they often overlook frame content
diversity, e.g., uniform sampling in FreeVA and IG-VLM, or
incur high token counts that increase inference latency and
memory usage, e.g., 3680 used by SF-LLaVA and DYTO.

To address these limitations, our proposed method KTV,
introduces a two-stage strategy that jointly reduces tem-
poral and spatial redundancy. First, it clusters frame-level
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features to select a compact subset of semantically diverse
keyframes. Then, it performs fine-grained token pruning
within each keyframe based on relevance to the [CLS] to-
ken and intra-frame similarity. This enables precise control
over the visual token budget, e.g., 504 tokens (KT V-sparse),
936 tokens (KTV-normal), and 1872 tokens (KTV-dense),
while maintaining strong performance.

Method

In this paper, we propose KTV, a novel two-stage method
for training-free video understanding that effectively miti-
gates both temporal and spatial redundancy. KTV first se-
lects keyframes by clustering frame-wise visual features,
then prunes each keyframe’s visual tokens based on their
importance and redundancy. This strategy preserves both es-
sential content and overall scene information. The overall
framework of KTV is illustrated in Fig.3.

Question-Agnostic Keyframe Selection

While question-relevance methods, which select frames
based on full sentence (Gorti et al. 2022; Han et al. 2024)
or extracted keywords (Zhang et al. 2025), appear efficient,
they are prone to “semantic traps”, i.e., selecting frames
that superficially align with question keywords while over-
looking crucial contextual information that lacks explicit
textual correspondence. This issue is especially detrimental
for complex reasoning tasks involving causality or temporal
progression, where the “cause” of an event may be visually
distinct from the “effect” referenced in the question.

For instance, as shown on the left of Fig.2, given the
question “What did the boy do after he touched the ta-
ble”, a question-relevance method, e.g., selecting the frames
most similar to the question via CLIP (Radford et al. 2021),
tends to focus on visual cues tied to keywords like “boy”,
“touched” and “table”. As a result, it selects frames show-
ing the boy touching the table, but misses the temporal cue
“after”, leading to an incorrect answer.

In contrast, our question-agnostic clustering approach
captures maximal visual diversity, offering a holistic and un-
biased summary of the video. This allows it to select key
moments, including the boy’s action after touching the ta-
ble, enabling correct reasoning and answering.
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Figure 3: Framework of KTV, which is a two-stage method of training-free video understanding built upon LLaVA-v1.6. First,
we extract the visual features of video frames and cluster them into m clusters, whose centroids are selected as keyframes to
mitigate the temporal redundancy. Second, for each frame, we select top-k = (3 - L key visual tokens based on their importance
and redundancy, which will be fed to the LLM and prune other visual tokens to mitigate the spatial redundancy. At last, we
concatenate all the remaining visual tokens and text tokens and feed them to the LLM to generate the answer.

Specifically, given a video V consisting of 7" frames, V =
{6, 12, - ,Ir}. KTV first utilizes DINOv2 (Oquab et al.
2024) to extract frame-level feature vector:

{f17f27"'7fT}:gdi'l’lOUQ(V) (D)

Subsequently, the extracted frame features Fy, are grouped
into m clusters using the K-means algorithm. To mitigate
temporal redundancy, KTV selects the most representative
frame from each cluster, i.e., the one whose feature vector is
closest to the corresponding centroid:

j*:argffjneigi Hfj_c’iH7 (S [lam} ?
in which C; and ¢; denote the i-th cluster and corresponding
centroid, respectively. Reorganize the selected keyframes
by time order, denoted as KX = {I{,I,---,I/ }. This
keyframe selection effectively reduces temporal redundancy
while preserving diverse and representative visual content
throughout the video.

Key Visual Tokens Selection

After selecting the keyframes, KTV further mitigates spatial
redundancy within each selected frame to reduce the total
number of visual tokens input to the LLM. Specifically, each
keyframe is encoded using the frozen visual encoder of the
VLM, typically an image encoder such as CLIP-L, to extract
token-level features. Denote the resulting representation as
F, € RLX4 where L is the number of visual tokens and d is
the dimensionality of each token. This encoding process is
formulated as follows:

Fi = 5013(11/) = {ti,h --~7ti7L}7i € [Lm] (3)

where t; ; is the j-th token in the i-th keyframe I/. For
each keyframe, we retain only the most informative and non-
redundant visual tokens, yielding a compact representation
F| € R'Pkxd o be fed into the LLM. We aim to pre-
serve essential and globally relevant information within each
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frame. To this end, we assess the importance of each visual
token ¢; ; by computing its attention score to the correspond-
ing [CLS] token #¢'*:
L glls . T
WQ tl (WK tl:]) ) (4)
Vd

where Wg and W are the projection weight matrices.

To measure redundancy, we compute a redundancy score
by calculating the average cosine similarity between each
token and the other ones within the same keyframe.

8¢t = S (t; ;) = softmax (

L
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Selecting tokens based solely on importance may lead to
redundancy, while relying solely on low redundancy could
result in the omission of critical information. To strike a bal-
ance, KTV integrates both aspects by assigning each token a
final score, calculated as a weighted combination of its im-
portance and redundancy scores.

S5ly — min(S¢")

N clsy _
orm(S;.7) max(Sfls) — min(SflS) ©)
simy __Siy™ — min(S7™™)
Norm(8;j") = max(S$™m) — min(S§i™) @
S;,; = Norm(S{%) x a
+ (1 — Norm(S55™)) x (1 — @) ®)

where the hyperparameter a € [0, 1] balances importance
and redundancy, helping the model retain informative yet di-
verse tokens.

The top-k tokens with the highest scores are then retained
as the key visual tokens for each keyframe. To determine the
value of top-k, we use a set of descending hyperparameters,
B = {B1, - ,Bm}, where each B; € [0,1] specifies the
proportion of tokens to keep. Then we compute the CLIP



LLM Vis Ego Intent Video

Method Size Encoder NExXTQA Schema QA STAR MME MVBench

Training-Based Methods
Video-LLaVA (Lin et al. 2024) 7B ViT-L - - - - 39.9 41.0
VideoLLaMA2 (Cheng et al. 2024) 46.7B CLIP-L - 53.3 - - - 53.9

Training-Free Methods

IG-VLM (Kim et al. 2024) 7B CLIP-L 63.1 35.8 60.3 48.6 39.7 42.9
SF-LLaVA-7B (Xu et al. 2024) 7B CLIP-L 64.0 44.2 60.5 48.8 394 433
DYTO (Zhang et al. 2024b) 7B CLIP-L 65.7 48.6 61.6 50.7 41.2 -
KTV-7B-sparse 7B CLIP-L 64.5 49.6 61.2 52.3 43.6 46.2
KTV-7B-normal 7B CLIP-L 65.1 50.4 61.3 52.5 43.7 46.4
KTV-7B-dense 7B CLIP-L 65.8 51.0 62.0 52.7 44.0 46.0
IG-VLM (Kim et al. 2024) 34B CLIP-L 70.7 53.4 64.5 50.5 50.3 49.0
SF-LLaVA-7B (Xu et al. 2024) 34B CLIP-L 70.9 55.0 66.1 51.3 51.9 49.6
DYTO (Zhang et al. 2024b) 34B CLIP-L 729 56.8 66.4 51.1 534 -
KTV-34B-sparse 34B CLIP-L 71.2 55.6 65.9 54.2 52.2 51.9
KTV-34B-normal 34B CLIP-L 72.3 55.6 66.6 54.6 53.0 52.1
KTV-34B-dense 34B CLIP-L 72.7 57.0 68.0 54.7 53.2 51.5

Table 1: KTV performance compared to existing models on Multiple-Choice VideoQA benchmarks. Models are grouped by
LLM size (7B or 34B) and whether they are training-based or training-free. Bold indicates best performance among 7B models.

Underline indicates best performance among 34B models.

similarity between each keyframe and the question ) and
rank the keyframes I} by relevance:

S = CLIP-SIM(I}, Q), i € [1,m] )

The i-th most relevant keyframe is then assigned (;, and the
number of retained tokens is computed as 3; x L, where L is
the number of tokens per frame. This strategy allocates more
tokens to frames more relevant to the question, and fewer to
less relevant ones, balancing efficiency and informativeness.

Subsequently, the retained tokens from each keyframe are
passed through a projection layer to align with the text em-
bedding space. These projected visual tokens are then con-
catenated with text tokens, which typically consist of a struc-
tured prompt and the question. Finally, the combined token
sequence is fed into the LLM to produce the answer.

Experiments
Benchmarks and Metrics

We evaluate our proposed KTV on seven Multiple-Choice
VideoQA benchmarks, i.e., NEXT-QA (Xiao et al. 2021),
EgoSchema (Mangalam, Akshulakov, and Malik 2023),
IntentQA (Li et al. 2023b), STAR (Wu et al. 2024),
VideoMME (Fu et al. 2025), MVBench (Li et al. 2024),
and MLV U-Test (Zhou et al. 2025). Notably, MVBench and
MLVU-Test are multi-task benchmarks that include a broad
range of question types and video content.

These benchmarks are designed to assess complex video
understanding and reasoning abilities, covering diverse
question types, e.g., causal, temporal, and spatial reasoning.
We report accuracy as the metric for selecting the correct an-
swer from the candidates. For MVBench, the breakdown is
included in the appendix or supplementary material.

To rigorously evaluate visual understanding, we exclude
any extra reference data, e.g., subtitles, ensuring the model
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relies solely on visual content, question, and answer choices.

Implementation Details

Following IG-VLM and SF-LLaVA, we adopt LLaVA-v1.6
as our VLM. All experiments are conducted on two Huawei
Ascend 910C NPUs, each has 64 GB of memory. To en-
sure fair comparison with baselines, we cluster video frames
into 6 clusters, resulting in m 6 keyframes selected
by KTV. Moreover, we define three configurations, KTV-
sparse, KTV-normal, and KTV-dense, by assigning different
values to the hyperparameter 3%a¢, gnormal “apd gdense e
spectively. Detailed settings can be found in the appendix.

Experimental Results

Multiple Choice VideoQA In Tab. 1, we report the over-
all accuracy of KTV under three configurations, sparse, nor-
mal, and dense, using both LLaVA-v1.6-7B and LLaVA-
v1.6-34B. As can be seen, KTV consistently outperforms
or matches other training-free baselines while using sig-
nificantly fewer visual tokens. Specifically, KTV-7B-sparse
outperforms IG-VLM and SF-LLaVA across all bench-
marks, and outperforms DYTO on EgoSchema, STAR, and
VideoMME. Notably, it uses only 504 visual tokens, fewer
than the 576 tokens encoded from a single image in LLaVA-
v1.6, and achieves an inference time of 1.19s, just 36.4% of
that required by SF-LLaVA-7B. KTV-7B-normal further im-
proves accuracy across all benchmarks, and KTV-7B-dense
achieves the best performance among all training-free meth-
ods, using only 1872 visual tokens with an inference time of
1.35s (41.3% of SF-LLaVA-7B).

As for KTV-34B, the sparse variant also outperforms IG-
VLM-34B and SF-LLaVA-34B on most benchmarks, using
504 visual tokens and achieving an inference time of 1.23s,
which is just 28.0% of SF-LLaVA-34B. KTV-34B-normal



Holistic Single-Detail Multi-Detail
Method LLM Vision LVU LVU LVU M-Av.
Size Encoder TR AR NQA ER PQA SQA AO AC TQA 8
Training-Based Methods
Video-LLaVA (Lin et al. 2024) 7B CLIP-L 70.3 38.5 133 264 26.0 389 200 21.7 209 30.7
Video-LLaMA?2 (Cheng et al. 2024)  13B CLIP-L 527 128 133 170 120 194 157 8.3 18.6 18.9
Video-LLaMA?2 (Cheng et al. 2024)  72B CLIP-L 80.2 538 367 547 540 389 429 167 326 45.6
InternVL2 (Chen et al. 2024) 76B  InternViT-6B 85.7 51.3 483 472 520 444 329 150 349 45.7
Training-Free Methods
IG-VLM-7B (Kim et al. 2024) 7B CLIP-L 747 333 267 189 240 333 17.1 150 279 32.1
SF-LLaVA-7B (Xu et al. 2024) 7B CLIP-L 68.1 23.1 250 340 240 333 229 167 163 32.7
KTV-7B-sparse 7B CLIP-L 73.6 436 350 415 340 36.1 27.1 183 209 36.5
KTV-7B-normal 7B CLIP-L 725 513 350 415 340 389 243 21.7 256 36.1
KTV-7B-dense 7B CLIP-L 69.2 489 333 396 340 389 271 233 279 36.9
IG-VLM-34B (Kim et al. 2024) 34B CLIP-L 68.1 359 217 30.1 340 500 200 6.7 20.1 33.3
SF-LLaVA-34B (Xu et al. 2024) 34B CLIP-L 769 436 367 396 440 472 271 83 326 43.6
KTV-34B-sparse 34B CLIP-L 813 513 533 472 50.0 528 371 11.7 349 44.8
KTV-34B-normal 34B CLIP-L 81.3 564 467 453 460 528 329 83 419 442
KTV-34B-dense 34B CLIP-L 85.7 513 487 472 480 583 357 100 372 45.0

Table 2: Performance of each subcategory in MLVU-Test, compared with the same or similar size of LLMs.

7B Token number
34B Token number
4000 5

4
=
g 2500 3

Inference time

Inference time

Figure 4: Number of visual tokens fed to the LLM and the
average inference time per sample on NEXTQA.

further improves accuracy and consistently surpasses IG-
VLM-34B and SF-LLaVA-34B. KTV-34B-dense attains the
highest accuracy on EgoSchema, IntentQA, and STAR. In
addition, not only does it perform comparably to DYTO on
NExT-QA and VideoMME, but it also requires only 1872
visual tokens, almost half of DYTQO’s 3680 tokens. Also, we
compare the number of tokens and the average VLM infer-
ence time in Fig.4. KTV uses fewer tokens and less inference
time than other methods.

The above results demonstrate that KTV outperforms
other training-free methods with a smaller LLM on the
STAR benchmark and even surpasses some training-based
methods on NExTQA, EgoSchema and VideoMME, which
well validates the effectiveness and efficiency of KTV for
training-free video understanding.
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MLVU-Test We report the mean average accuracy (M-
Avg) and subcategory-wise accuracy on MLVU-Test in
Tab.2. KTV-7B-dense achieves an M-Avg of 36.9, exceed-
ing IG-VLM-7B and SF-LLaVA-7B by +4.8% and +4.2%,
respectively. KTV-34B-dense further raises M-Avg to 45.0,
which not only surpasses all training-free baselines but also
outperforms several training-based methods with compara-
ble or even larger LLMs. For instance, it exceeds VILA-1.5-
40B by +0.8%, and is only marginally lower than Video-
LLaMA and InternVL2 by —0.6% and —0.7%, despite their
use of twice the LLM size. In addition, across all sub-
categories, KTV not only consistently outperforms other
training-free approaches but also surpasses many training-
based methods in specific tasks. For example, KTV-34B-
sparse achieves the highest M-Avg of 53.3 in Needle QA
among all methods. KTV-34B-dense ranks first in Sports
QA with 58.3 M-Avg. Besides, KTV-7B-dense achieves the
highest M-Avg of 23.3, among all methods with the smallest
7B LLM.

This comprehensive strength underscores that our
keyframe and key token selection strategy effectively pre-
serves both global and fine-grained visual cues, supporting
strong reasoning across diverse video understanding tasks.

Ablation Study We conduct an ablation study to assess
the key components of KTV in Tab. 3. When visual to-
kens are pruned based solely on either importance or redun-
dancy, performance consistently degrades. For instance, on
EgoSchema, removing RS and IS leads to drops of —1.0%
and —1.8%, respectively. This demonstrates the comple-
mentarity and effectiveness of combining the two pruning
strategies. Moreover, we observe that CK+IS consistently
outperforms CK+RS across all benchmarks, which suggests
that semantic relevance plays a more crucial role than visual
diversity in guiding effective token selection for VideoQA.
In addition to visual token pruning, we also evaluate
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Figure 5: Visualization of KTV using different pruning rate 3. The translucent patches are the pruned visual tokens.

Components NExXxTQA EgoSchema IntentQA
CK+IS+RS 65.1 504 61.3
QK+IS+RS 63.5 46.1 60.3
CK+IS 64.8 49.4 61.0
CK+RS 64.6 48.6 60.9
RS+IS 64.1 48.0 60.7

Table 3: Ablation of KTV-7B-normal on NEXTQA,

Egoschema, and IntentQA. CK: Cluster Keyframes; QK:
Question-relevant Keyframes; IS: Importance Score; RS:
Redundancy Score;
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Figure 6: Accuracy under different setting of a.

the efficacy of Cluster Keyframes(CK) selection. Compared
with selecting keyframes based on temporal order or ques-
tion, which respectively correspond to IS+RS setting and
QK+IS+RS setting, our method of clustering frame-level
visual features yields notable improvements, especially on
long videos, e.g., on EgoSchema, CK achieves a significant
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improvement of +2.6% and +4.3% respectively. This gap
reveals the limitation of uniform sampling, which may ei-
ther missing brief yet crucial moments or redundantly sam-
ple static scenes, and question-relevant selection, which se-
lects keyframes excessively related to the question, losing
the global information. In contrast, our clustering strategy
yields visually diverse and representative frames, enabling a
more comprehensive understanding of video content.

As for «, we report accuracy under different values in
Fig.6. Accuracy generally increases with higher «, peaking
at values of 0.8 or 0.9. In addition, our method consistently
outperforms the baseline and single-criterion pruning (i.e.,
importance-only or redundancy-only), highlighting the com-
plementary strengths of the two scores.

Visualization of KTV Fig. 5 shows the visualization of
KTV under different pruning rates 3. Despite significantly
reducing the number of visual tokens, our key token selec-
tion strategy effectively retains the most salient visual cues,
ensuring that the LLM receives sufficient contextual infor-
mation to produce accurate answers.

Conclusion

In this paper, we propose KTV, a novel training-free, two-
stage framework that addresses the critical challenges of
temporal and spatial redundancy in video understanding for
LLMs. KTV first clusters frame features to select a con-
cise set of keyframes, then selects key visual tokens using
a balanced combination of their importance and redundancy
scores, which yields a concise yet highly informative repre-
sentation of video content. Extensive experiments show that
KTV consistently achieves state-of-the-art or competitive
performance across diverse VideoQA benchmarks, while
significantly reducing the number of visual tokens and VLM
inference time. These results highlight KTV’s potential not
only for training-free approaches but also as a strong foun-
dation for training-based video understanding methods.
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