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Abstract

Multimodal Large Language Models (MLLMs) have shown
strong performance on image understanding tasks, but video
comprehension remains a significant challenge due to the
high computational cost of processing long frame sequences
and the limited token capacity of underlying Large Language
Models (LLMs). Prior approaches to address this often rely
on uniform frame sampling, query-agnostic pruning, or re-
quire costly training of dedicated compression modules. In
this work, we introduce CoSeLECT, a training-free, plug-
and-play, query-guided frame selection method that intelli-
gently subsamples video frames for efficient use in MLLMs.
CoSeLECT leverages two key signals: temporal redundancy,
which identifies similar frame clusters, and query relevance,
which selects frames based on their semantic alignment with
the input query. By combining these signals through an adap-
tive frame selection strategy, CoSeLECT selects frames that
are both diverse and highly relevant to the query, without
requiring any model-specific tuning. Our results on various
base MLLMs show that CoSeLECT consistently outperforms
trained and training-free state-of-the-art methods, includ-
ing LongVU by +3.8% on MLVU and AKS by +4.5% on
EgoSchema. A reference implementation is provided in Ap-
pendix 12.

1. Introduction

Multimodal Large Language Models (MLLMs) [16, 20, 28]
have shown strong performance on image comprehension
and reasoning tasks [1, 34]. The standard paradigm projects
images into embeddings aligned with a Large Language
Model (LLM)’s token space, enabling the LLM to lever-
age its reasoning capabilities. While effective for images,
scaling to videos is far more challenging: hundreds or thou-
sands of frames yield prohibitively many visual tokens. For
instance, LLaVA-OneVision [12], despite its 32K token con-
text window [33], can only accommodate ~160 frames
per pass, since each frame produces around 200 tokens.
Thus, video understanding performance critically depends
on which frames are selected.

A large body of work addresses this token bottleneck. The
default remains naive input-blind strategies such as uniform
or fixed fps sampling [3, 12], which often overload the LLM
with redundancy while missing informative moments. More
sophisticated compression techniques prune or merge tokens
based on spatial or temporal redundancy [4, 8, 10, 25, 26],
but these remain query-agnostic. Query-aware methods ex-
ist, but typically require costly training [17, 27] or rely on
intermediate attention maps [11, 29], limiting plug-and-play
usability.

Frame selection has emerged as a more interpretable
approach to token reduction, targeting redundancy at the
level of entire frames. Existing training-free methods such
as MIF and MDF [9] provide plug-and-play compatibility,
but leave much of the available signal unused: MIF operates
indirectly in caption space, MDF is entirely query-agnostic,
and overall these approaches lag behind trained methods.
KeyVideoLLM [ 18] introduces query guidance, but does not
explicitly model temporal continuity which can be useful
for video understanding. In contrast, trainable methods [35,
36, 43, 44] learn to combine signals more effectively and
achieve stronger results, but at the cost of added complexity
and training overhead. Crucially, these heavier methods
are typically limited to sparsely pre-sampled frame pools
in order to remain computationally feasible—risking the
permanent loss of “needle-in-a-haystack” moments before
the selection algorithm can even evaluate them, a limitation
that becomes particularly acute under resource constraints.

From these trends, we identify three desiderata for an
effective frame selection module in MLLMs: (1) adaptivity
to both video content and query, (2) training-free, plug-and-
play operation for easy deployment, and (3) scalability to
large candidate pools without excessive overhead. Meeting
these desiderata motivates a return to first principles: rather
than building increasingly complex modules, the challenge
is to effectively fuse simple, efficiently computable signals in
a way that scales.

We propose CoSeLECT (Continuity-aware Semantic
Localization and Extraction of Candidate Tokens), a
training-free, query-guided frame selection algorithm de-
signed around this principle. The novelty of CoSeLECT lies
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not in introducing new signals, but in its lightweight, princi-

pled fusion of two readily available ones—frame—text simi-

larity for semantic relevance and inter-frame similarity for
temporal continuity. By combining them in a single-stage al-
location scheme with duration-aware weighting, CoSeLECT
achieves stable, interpretable selections that scale to large
candidate pools. This simplicity enables both plug-and-play
use and improved performance as the pool grows: from
narrow queries (e.g., “What color is the car that passes by
home?”’) to broad temporal ones (e.g., “What activity was
the child doing in the park?”), CoSeLECT consistently iden-
tifies compact yet comprehensive frame sets, and is shown
to outperform even strong trained methods such as LongVU.

We evaluate CoSeLECT on six video understanding

benchmarks—VideoMME [7], MLVU [49], MVBench [15],

EgoSchema [24], LongVideoBench [37], and Next-QA [38].

Across all settings, CoSeLECT outperforms or matches state-

of-the-art methods, both training-free and fine-tuned, demon-

strating the power of scaled simplicity.
Our contributions are summarized as follows:

* We introduce CoSeLECT, a training-free, query-guided
frame selection algorithm with a novel fusion strategy
that explicitly balances semantic relevance and temporal
continuity.

* We show that training-free CoSeLECT consistently outper-
forms or matches state-of-the-art methods across six video
understanding benchmarks, including gains of +3.8%
over LongVU [27] (trained) on MLVU and +4.5% over
AKS [30] (training-free SOTA) on EgoSchema.

* We demonstrate that CoSeLECT generalizes robustly
across architectures (LLaVA-OneVision, Qwen2.5-VL)
and model scales (0.5B/7B) without model-specific tun-
ing, and provide comprehensive ablations validating the
contribution of each design choice.

2. Related Works

2.1. From Images to Videos: The Challenge of To-
ken Efficiency

Following the success of Multimodal Large Language Mod-
els (MLLMs) in image comprehension [6, 13, 20, 51], the
field has naturally progressed towards adapting these archi-
tectures for video understanding. Initial works extended
popular image-based frameworks by, for example, feeding
pooled frame features into the LLM [23, 39], incorporating
audio signals via a trained Q-Former [46], or pre-aligning
image and video encoders [19].

However, a primary challenge in this transition is the im-
mense computational cost associated with processing a large
sequence of visual tokens. Models that uniformly sample
dozens of frames [12] face a significant inference burden
due to the quadratic complexity of self-attention. To mitigate
this, various token reduction strategies have been proposed.

These include methods that prune visual tokens based on
low attention scores [4, 11], condense frame information
into representative tokens [17], or employ specialized pool-
ing pathways [40]. Among these strategies, a particularly
effective and interpretable approach is keyframe selection,
which focuses on identifying the most salient full frames
rather than individual tokens.

2.2. Approaches to Keyframe Selection

Training-free methods offer desirable plug-and-play com-
patibility. Some, like MIF and MDF [9], are not directly
comparable to our setting: MIF operates indirectly in cap-
tion space by ranking generated descriptions, while MDF
is entirely query-agnostic, prioritizing only visual diver-
sity. KeyVideoLLM [18] adopts a two-stage coarse-to-fine
pipeline but does not explicitly model temporal continuity,
and its code has not been released, preventing direct compari-
son. Other recent training-free approaches include SlowFast-
LLaVA [40], which pools tokens through slow and fast path-
ways; Static-or-Dynamic [29], which explores candidate sub-
sequences and selects based on the query; and QuoTA [22],
which augments the query with chain-of-thought reason-
ing before scoring frames. Adaptive Keyframe Sampling
(AKS) [30] remains the most comparable baseline, applying
a recursive divide-and-conquer procedure over frame—text
similarity scores. As AKS is the strongest existing training-
free method, we contrast our algorithmic design in Sec. 10
and show consistent gains for CoSeLECT in Tab. 1.

Trainable methods introduce learnable modules for
frame selection, such as Gaussian masks under weak su-
pervision [35], cross-modal distillation with a “Frame-
Prompter” [36], lightweight heads trained with pseudo-
labels [43], or ranking-based supervision of frame combi-
nations [44]. While effective, they add components and
training overhead, limiting flexibility and plug-and-play use
with off-the-shelf MLLMs.

By jointly modeling semantic relevance and temporal
diversity in a single-stage adaptive procedure, CoSeLECT
achieves efficiency, context-awareness, and broad compati-
bility without additional supervision.

3. Method

We introduce CoSeLECT (Continuity-aware Semantic
Localization and Extraction of Candidate Tokens), a query-
aware frame selection method for understanding long videos
with multimodal large language models. A central challenge
in video-based LLM reasoning lies in efficiently utilizing a
limited token context window when processing temporally
extended visual content. Our approach addresses this by
selectively identifying frames that are both semantically rel-
evant to the query and representative of the video’s visual
narrative. By balancing these two complementary signals—
textual relevance and visual continuity—we aim to maxi-

CVPR
#31

130
131
132
133
134
135
136

137

138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168

169

170
171
172
173
174
175
176
177
178
179
180



CVPR

#31

181
182
183
184
185
186

187

188
189
190
191
192
193
194
195

CVPR 2026 Submission #31. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Input Frames F: f1,f2, ... fn

Image Encoder

Eim(f1)) Ein(f2)) ooy Ein (fy)
v

Visual Continuity Signal
Ezm(ft) ®© Eim(ft+1)

Clip1 Clip2 Clip 4

Adaptive Keyframe Selection

Input Query Q
Which
skyscrapers are
in this vlog?

Text Encoder

Etext(Q)

v v

Text Relevance Signal
Ez(t) Ete:ct (Q)

% = ] 4
{ (E L
S

Relevant Relevant

High |

Low H

Medium # Key Frames per

Diverse Key

clip determined
based on
query relevance
and clip length

A A

Frame Selection

Projection + Pooling

Large Language _

Output Frames

Tokenization

Model

Figure 1. CoSeLECT: A query-aware frame selection method that identifies frames which are both semantically relevant to the query and
representative of the video’s visual narrative for understanding long videos with token budget constrained multimodal language models.

mize the informational value of each selected frame while
remaining within token constraints. Unlike uniform sam-
pling, which implicitly assumes that temporal regularity
correlates with information value, our method dynamically
adapts frame selection to the content and query, reducing
redundancy and improving downstream reasoning.

3.1. Setting the Stage

Multimodal Large Language Models (MLLMs) are sub-
ject to strict token limits, which makes aggressive frame
sampling essential for processing video inputs. For ex-
ample, a 3-minute video sampled at 1 frame per second
yields 180 frames—yet even advanced models like LLaVA-
OneVision [12] can accommodate only about 160 frames
within a 32K token context window [33], since each frame
typically consumes ~200 tokens.

The standard MLLM video pipeline typically proceeds as
follows: (1) a video and query are provided, (2) frames are
uniformly sampled (e.g., at 1 fps), (3) each frame is encoded
via a visual encoder, and (4) the resulting embeddings are
passed—alongside the query—into the LLM. Crucially, this
process is query-agnostic at the sampling stage and assumes
uniform temporal coverage is sufficient. In practice, this
often leads to the selection of semantically uninformative
frames and results in suboptimal use of the model’s limited
token budget.

We propose a query-aware alternative to this sampling
step that adaptively selects frames based on both their se-
mantic relevance to the query and their contribution to the
video’s overall visual continuity. Our approach comprises
three key components: a Text Relevance Signal that estimates
frame-query alignment, a Visual Continuity Signal that de-
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tects coherent temporal segments, and an Adaptive Frame
Selection strategy that integrates these signals to effectively
allocate the limited frame budget.

3.2. Text Relevance Signal

Some frames in a video are substantially more relevant to the
user’s query than others. A query-aware sampling method
must therefore estimate semantic alignment between the
query and each frame to ensure the most informative content
is retained. This signal forms the core of our relevance-
driven sampling strategy.

We begin by uniformly sampling the input video into N
candidate frames {f1, f2, ..., fv}, from which we aim to
select K frames to send to the LLM, where N > K. For
clarity, in the tables we denote N as pre-E;,, and K as post-
Ei.,, corresponding to the number of image embeddings
before and after selection, respectively. Each frame is em-
bedded using SigL.IP-S0400M-patch14-384 [45], a vision-
language model that produces aligned image-text representa-
tions. Since the finetuned SigLIP is also used as the vision
encoder in LLaVA-OneVision [12], these embeddings can
be directly reused, avoiding redundant computation. (Worth
noting that this doesn’t hold true if you swap out vision en-
coders.) The image and text encoders, E;,, () and Fyept(+)
respectively, are used to compute a relevance score for each
frame.

For a given query (), we compute cosine similarity be-
tween each frame and query embeddings:

Stext(t) = Eim(ft) ® Eteact (Q) (1)

where © denotes cosine similarity between normalized em-
bedding vectors. High values of S (t) indicate that the
frame is semantically aligned with the query. To reduce
noise, we apply Gaussian smoothing across the temporal di-
mension, ensuring more stable relevance scores and reducing
sensitivity to abrupt local fluctuations.

3.3. Visual Continuity Signal

Focusing solely on query relevance results in redundancy
or neglecting important temporally contextual segments. To
encourage broad and meaningful coverage of the video, we
introduce a second signal that identifies scene transitions and
partitions the video into visually coherent segments.

This signal is based on the intuition that sudden visual
changes often correspond to new scenes or shifts in content.
We compute cosine similarity between consecutive frame
embeddings:

Sframe(t) = Ezm (ft) O] Ezm (.ftJrl) (2)

After applying Gaussian smoothing to incorporate local con-
text, we detect visual discontinuities by identifying signifi-
cant drops in similarity:

SceneBoundaries = {k | Sgame (k) < Tsim } 3)

with a threshold 7, = 0.8, chosen via empirical valida-
tion Tab. 8. These boundaries segment the video into sub-
clips C = {C4,...,C)p}, each representing a coherent
visual scene. This helps ensure our frame selection cov-
ers the full narrative arc of the video rather than focusing
narrowly on isolated high-relevance moments. As our ab-
lations Sec. 4.3 (see Frame Selection Strategy) show, this
continuity prior plays a crucial role in maintaining context
necessary for strong video understanding.

3.4. Adaptive KeyFrame Selection

While the text relevance and visual continuity signals of-
fer powerful tools individually, leveraging them in isolation
risks suboptimal results. Focusing only on relevance may
oversample redundant moments (e.g., repeating frames in a
key scene), while emphasizing visual coverage alone may
dilute attention across low-information segments. The chal-
lenge, then, is to adaptively allocate limited frame tokens
to scenes that matter most—those that are both content-
rich and semantically aligned with the query—while en-
suring diverse temporal coverage.

We achieve this by designing a selection strategy that
fuses these two signals and distributes the frame budget
in proportion to the estimated importance of each visual
subclip.

For each identified subclip C;, we compute a composite
relevance score that captures both standout moments and
overall alignment with the query:

R; = max(Siext

) “4)

The maximum highlights peak relevance within the subclip,
while the mean ensures we value consistent alignment across
its duration. This helps us select subclips that are either
uniformly relevant or contain particularly important frames.
We empirically verify the importance of this design choice
in Tab. 7.

We then weight this relevance score by the square root of
the subclip’s duration D;:

Wi =R;-\/D; )

This duration-adjusted weighting ensures longer relevant
segments receive more frames than shorter ones, but the rela-
tionship is sublinear (square root). Without this adjustment,
extremely long subclips would dominate the frame budget
regardless of content relevance, while using the square root
prevents this overrepresentation while still acknowledging
that longer segments typically contain more diverse content
in comparison to shorter ones. We empirically verify the
importance of this design choice in Tab. 7.

The frame budget of K total frames is distributed across
subclips proportionally to these weights:

W;
K- M
Zj:l W;

c,) + mean(Siex

ki = | ] (6)
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where k; is the number of frames allocated to subclip C;.

Finally, for each subclip allocated multiple frames, we
partition its temporal span into k; equal segments and se-
lect the frame with highest S from each segment. This
strategic partitioning prevents temporal clustering of selected
frames while still maintaining focus on the most semanti-
cally relevant content within each temporal region. Without
this partitioning, frame selection would likely cluster around
peaks of relevance, potentially missing important context
elsewhere in the subclip.

In summary, CoSeLECT provides a principled approach
to query-aware frame selection by jointly modeling semantic
relevance and visual continuity. This dual-signal strategy
allows us to adaptively allocate limited frame tokens to the
most informative and contextually important parts of a video.
We formally present our approach in Algorithm 1.

4. Experiments, Results and Discussion

4.1. Experimental Framework

Implementation We use the image and text encoder
from the finetuned version of SigLIP-ViT-SO400M-patch14-
384 [45] associated with the LLLaVA-OneVision [12] to en-
code both video frames and the text query. Input images
are resized to 384 x 384 and tokenized using a patch size of
14 x 14 before encoding. For the language foundation model,
we report results using LLaVA-OneVision [12] with Qwen2-
7B and Qwen2-0.5B as the decoder LLM. We also report
results with CoSeLECT applied to Qwen2.5-VL-7B [2] to
demonstrate that our approach’s effectiveness is agnostic
to the choice of the base MLLM. We run all our evalua-
tions on single 40G A40 nodes with 8 GPUs. We evaluate
our method using varying sizes of the pre-embedding frame
pool—specifically, 32, 64, 400, and 1600 frames—which
we refer to as pre-E;,,, frames. Regardless of the pre-E;,,
pool size, we adaptively select 32 frames (unless specified
otherwise), which we refer to as post-E;,,, frames before
feeding image tokens into the LLM. This ensures that the se-
quence length of the tokens provided to the language model
remains below 8k, allowing for consistent comparison across
different frame selection strategies.

Benchmarks We evaluate our models on well known
video evaluation benchmarks: VideoMME [7], MLVU [50]’s
dev split, MVBench [14], EgoSchema [24]’s subset split,
LongVideoBench [37]’s val set, NextQA [38]’s test set.

4.2. Key Results

Quantitative Comparison against Training-Free Methods
Table | compares our training-free method with the LLaVA-
OV baseline and other recent approaches under identical
backbones. Since AKS is the current state of the art for train-
ing free adaptive frame selection, we not only reproduced

their reported results by integrating their released code into
our setup, but also extended their method to larger pre-Ej,
budgets for a truly fair comparison. Our method establishes
a new state of the art in training-free frame selection, out-
performing all competitors on 3 of 4 benchmarks and
ranking second only on VideoMME. The gains are espe-
cially pronounced on long-horizon benchmarks: 64.8 on
EgoSchema vs. the next best 62.8 (+2.0, a 3.2% relative
gain), and 59.3 on Long-VideoBench vs. 57.9 (+1.4, a 2.4%
relative gain).

Quantitative Comparison against Trained Methods Ta-
ble 2 compares our training-free method, CoSeLECT, against
arange of trained frame-selection models. To ensure fairness,
we align vision encoder, LLM, and pre-E;, sizes, and report
the best result in each cluster. Despite requiring no training,
CoSeLECT outperforms most trained methods. Notably,
many trained approaches only report results on small pre-
B, budgets, as training becomes prohibitively expensive on
larger frame sets. In contrast, our method remains scalable
and competitive. Furthermore, models such as LongVU rely
on computationally heavy spatiotemporal token compression,
yet our simple similarity-based frame selection surpasses it
(67.9 vs. 65.4 on MLVU). The only method ahead of us is
ViLA, which leverages a much larger ViT-G vision encoder.
These results underscore that a lightweight, training-free
strategy can rival—and in many cases surpass—specialized
trained models.

Qualitative Results We qualitatively evaluate our model
across diverse tasks and compare it to the baseline in Sec. 11
(Figures 4—7). Figure 8 illustrates how CoSeLECT adapts
frame selection to the text query by showing differences in
sampled frames for the same video under different questions.

4.3. Ablations

Efficient Video Understanding Table 3 evaluates perfor-
mance in a token-constrained scenario—passing only a small
number of tokens to the downstream LLM—by benchmark-
ing our method against state-of-the-art, training-free token
pruning techniques. While prior methods perform pruning
directly over tokens, our approach reduces tokens indirectly
by selecting a subset of informative frames. Thus, it can be
viewed as a frame-level token reduction strategy. Specifi-
cally, a 25% pruning ratio corresponds to selecting 8 of the
original 32 frame tokens, and 12.5% pruning uses just 4. We
begin with 400 frames per video and adaptively select the
top frames to match these targets. Our method consistently
matches or exceeds state-of-the-art results under extreme
compression. At 25%, we achieve the highest VidleoMME
score, tying with VisionZip and FastVID. At 12.5%, we out-
perform all competitors on MVBench and MLVU—even
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Algorithm 1 CoSeLECT- Query-Aware Frame Selection

Require: Video V = {f1, fa, ..., fn }, query @, image encoder E;,,, text encoder E}.,;, output frames K

Extract embeddings E;,, (f;) for all frames and E}.,.(Q) for query

Siext(t) = smooth(Ejp, (f;) © Ereat(Q))

Sframe (t) - SmOOth(Eim(ft) © Eim(ft+1))
SceneBoundaries = {k | Sgame (k) < Teim }

# Compute query-frame relevance

# Compute frame-to-frame similarity
# 1, sim — 08

Partition video into subclips C' = {C1, ..., Cs} at scene boundaries

Record duration D; for each subclip C;

for each C; in C do
R; = max(Sex|c;) + mean(Sex
end for

Ci)

for each C; in C do

Wi=R;-VD;
end for

j= J
for each C; Witil allocation k; > 0 do
Partition C; into k; equal temporal segments
Select frame with highest Siex from each segment
end for
return K Selected Frames

# Duration-adjusted relevance weight

# Distribute frame budget

Table 1. Comparison of training-free token reduction/frame selection methods built on the LLaVA-OneVision model (LLaVA-OV) across
benchmarks. CoSeLECT outperforms all methods in 3/4 tasks. (Bold denotes the best result per task, underline denotes the second-best

result, and 1 indicates reproduced results.)

Context Frames . Long- Ego-
Method Length pre-E;, VideoMME  MVBench VideoBench  Schema
LLaVA-OV (Baseline) 8k N/A 58.4 57.8 56.8 62.8
SlowFast-LLaVA [41] 3.6k 32 56.1 56.4 55.1 61.4
LLaVA-OV + Static or Dynamic [29] 8k 128 59.9 - - 60.5
LLaVA-OV + QuoTA [22] 8k 64 60.7 - 574 -
LLaVA-OV + BOLT [21] 8k fps 59.9 - 59.6 64.0
LLaVA-OV + AKST [31] 8k 64 58.2 57.4 56.4 62.6
LLaVA-OV + AKST [31] 8k 400 60.2 56.6 574 61.4
LLaVA-OV + AKST [31] 8k 1600 61.8 58.1 57.9 62.0
LLaVA-OV + CoSeLECT (ours) 8k 32 57.7 57.8 57.1 63.4
LLaVA-OV + CoSeLECT (ours) 8k 64 58.6 57.6 57.7 64.8
LLaVA-OV + CoSeLECT (ours) 8k 400 59.7 58.1 59.3 64.0
LLaVA-OV + CoSeLECT (ours) 8k 1600 61.1 58.2 58.8 63.0

with fewer input frames. These results suggest that high-
quality token reduction can be achieved by frame selection
alone, without operating at token granularity, when leverag-
ing a rich initial candidate pool.

Robustness across Architectural Changes We demon-
strate CoSeLECT’s robustness across model architectures
and scales (Table 4). In our baseline setting, when applied
to LLaVA-OV with Qwen2-7B, CoSeLECT improves the

average score from 59.6 to 61.6 (3.4% relative gain). These
gains persist when scaling down the LLM size: with the
smaller Qwen2-0.5B backbone, CoSeLECT boosts perfor-
mance from 42.0 to 43.2 (2.9% relative gain). The effective-
ness of our approach also extends beyond a single MLLM
family. On Qwen2.5-VL-7B-Inst, CoSeLECT improves av-
erage performance from 61.6 to 63.0 (2.3% relative gain).
Finally, we observe consistent gains even on proprietary
closed-source models: applied to GPT-40-mini, CoSeLECT
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Table 2. Benchmarking performance of trained token reduction/frame selection methods against CoSeLECT, compared with training-based
approaches. All methods use the same frame, LLM and vision encoder configurations within each block of the table (separated by midrules).
(Since the backbones aren’t consistent, best performance is denoted per block. Bold denotes the best result within each block)

Training . Vision Context Frames

Method Free LLM Size Encoder Size Length pre-E;, NextQA  MLVU
SeViLA [43] X 3B 1.1B 2K 32 73.8 -
ViLA [36] X 3B 1.4B 2K 32 74.8 -
CoSeLECT + Qwen2.5-VL-3B-Instruct [33] v 3B 0.4B 2K 32 74.6 -
GCG [35] X 7B 0.4B 1K 32 74.6 -
CoSeLECT + LLaVA-OV v 7B 0.4B 1K 32 76.9 -
Frame-Voyager [44] X 7B 0.4B 2K 32 73.9 65.6
CoSeLECT + LLaVA-OV v 7B 0.4B 2K 32 78.0 66.1
LongVA [47] X 7B 0.4B 224K 32 69.3 56.3
VideoChat2 [14] X 7B 0.3B 8K 16 - 47.9
CoSeLECT + LLaVA-OV v 7B 0.4B 8K 32 80.0 63.5
LongVU [27] X 7B 0.4B 8K 1fps - 65.4
CoSeLECT + LLaVA-OV v 7B 0.4B 8K 1600 80.1 67.9

Table 3. Performance against token reduction techniques. Retained ratio indicates the percentage of original tokens remaining after token

reduction. (Bold denotes the best performance within each block.)

Method Retained Ratio (%) VideoMME MYVBench MLVU LongVideoBench Average
LLaVA-OV 100% 58.4 57.8 62.4 56.8 58.9
LLaVA-OV + Uniform frame sampling 25% 529 57.6 57.7 54.8 55.8
LLaVA-OV + DyCoke [32] 25% 51.0 49.5 55.8 48.1 51.1
LLaVA-OV + FastV [5] 25% 56.2 54.7 61.5 55.5 57.0
LLaVA-OV + VisionZip [42] 25% 58.0 56.6 64.8 512 57.7
LLaVA-OV + PruneVID [22] 25% 57.5 55.0 64.6 55.4 58.1
LLaVA-OV + FastVID [20] 25% 58.0 56.5 64.1 56.3 58.7
LLaVA-OV + CoSeLECT (Ours) 25% 58.0 57.9 66.1 574 59.9
LLaVA-OV + Uniform frame sampling 12.5%* 50.1 55.8 55.6 50.9 53.1
LLaVA-OV + FastV [5] 15% 54.7 53.2 59.8 54.9 55.7
LLaVA-OV + VisionZip [42] 15% 55.5 54.3 54.4 53.9 54.5
LLaVA-OV + PruneVID [22] 15% 56.1 54.6 63.1 53.6 56.9
LLaVA-OV + FastVID [26] 15% 57.7 56.0 63.3 56.2 58.3
LLaVA-OV + CoSeLECT (Ours) 12.5%* 56.6 56.5 64.8 54.9 58.2

increases performance from 64.9 to 66.1 (1.8% relative gain).
Together, these results highlight the robustness and general-
ity of CoSeLECT across diverse architectures and scales.

Complementary Signals for Frame Selection Our adap-
tive strategy selects frames that are both semantically aligned
with the query and temporally diverse. As shown in Ta-
ble 5, CoSeLECT outperforms query-relevance-only selec-
tion across all benchmarks, with an average gain of 0.9%.
Notably, the visual continuity signal alone already improves
over uniform sampling (59.6 — 60.5) and performs on par
with text similarity (60.7 vs. 60.5). Together, they yield the
best overall score of 61.4. When combined, the two signals
complement each other: semantic relevance guides selection
toward informative frames, while continuity ensures diverse
coverage and provides a reliable fallback that consistently
outperforms uniform sampling.

Impact of encoder choice As shown in Table 6,
lightweight encoders such as CLIP-B achieve competitive
performance across benchmarks, with only minor degrada-
tion relative to larger models like SIGLIP or DINO-ViT-B/16.
We believe this serves as a practical datapoint for users select-
ing configurations under compute, time, or task constraints.

Dissecting CoSeLECT further Beyond the core abla-
tions, Sec. § presents a more exhaustive exploration of CoS-
eLECT’s mechanics and hyperparameters. We analyze the
composite relevance and duration weighting schemes, the
effect of initial frame pool size, and sensitivity to the visual
similarity threshold for scene segmentation. These results
provide deeper justification for our design choices and fur-
ther highlight CoSeLECT’s advantages over alternatives.
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Table 4. Exploration of performanceCoSeLECT across a variety of different LLM backbone varieties and sizes on a slew of tasks. CoSeLECT
demonstrates consistent performance improvement across all backbones. pre-Ej, set to 800 and post-Ej, set to 32.

Method LLM Context . OMME MVBench MLVU L°"8Video oo Gchema Average
Length Bench

GPT-40-mini GPT-40-mini 8k - - 64.9 - - 64.9
+ CoSeLECT GPT4o-mini 8k - - 66.1 - - 66.1

LLaVA-OV Qwen2-7B 8k 58.4 57.8 62.4 56.8 62.8 59.6
+ CoSeLECT Qwen2-7B 8k 59.7 58.1 67.3 59.3 64.0 61.6

LLaVA-OV Qwen2-0.5B 8k 437 463 46.5 46.8 26.6 42.0
+ CoSeLECT Qwen2-0.5B 8k 456 46.5 495 478 26.6 432

Qwen2.5-VL-7B-Inst Qwen2.5-7B 8k 61.3 68.3 59.5 589 59.8 61.6
+ CoSeLECT Qwen2.57B 8k 63.3 69.5 63.4 592 59.6 63.0

Table 5. Exploring optimal frame selection strategy. Demonstrating why our method incorporates both text similarity and visual continuity
signal—not just one or the other.

. Frames Frames . Long-
Frame selection method pre-Ey,  post-Egy, VideoMME MVBench MLVU VideoBench EgoSchema Average
Uniform sampling 32 32 58.4 57.8 62.4 56.8 62.8 59.6
32 top text similarity frames 400 32 60.7 57.6 65.7 57.7 61.8 60.7
Only Visual Continuity 400 32 59.1 57.9 64.9 57.6 63.0 60.5
CoSeLECT (Ours) 400 32 59.7 58.1 65.9 59.3 64.0 61.4

Table 6. Performance comparison across encoder configurations in the similarity computation phase. The backbone is LLaVA-OneVision-7B
with pre-Ej, set to 800 and post-Ej, set to 32. The first two columns specify the encoders used for Image—Image similarity (Visual
Continuity Signal) and Image—Text similarity (Text Relevance Signal). (Bold denotes the best average result.)

Image-Image Sim Image-Text Sim Num ViIMME MVBench MLVU LongVideo EgoSchema Average
Params Bench

CLIP-B CLIP-B 151M 59.9 58.3 66.3 58.5 63.6 61.3

DINO-ViT-B/16 SIGLIP 86M + 878M 60.8 58.3 67.3 59.3 63.6 61.9

SIGLIP SIGLIP 878M 60.6 58.3 66.2 59.3 64.5 61.8

5. Limitations

CoSeLECT inherits the biases and failure modes of the un-
derlying vision—language encoders (e.g., SigLIP, Qwen2.x).
In addition, our method currently operates on RGB frames
only and does not exploit audio or motion-specific features,
which may be important for certain tasks.

6. Conclusion

In this work, we introduce CoSeLECT, a training-free adap-
tive frame selection approach addressing the fundamental
challenge of efficiently processing long videos within the
token constraints of current MLLMs. By effectively bal-
ancing temporal redundancy and semantic relevance, CoS-
eLECT dynamically adapts frame selection to both video
content and the input query, overcoming critical limitations
of naive sampling and costly fine-tuning methods. Extensive
experiments across diverse benchmarks demonstrate that
CoSeLECT consistently matches or outperforms state-of-
the-art approaches—including fine-tuned and dynamic token

pruning baselines—while maintaining strong generalization
across multiple MLLM architectures and scales. Given its
simplicity and effectiveness, we hope that our approach will
be adopted, extended, and leveraged across a broad spectrum
of future multimodal models and applications.

7. LLM Usage

We used large language models (LLMs) such as ChatGPT
to assist with proofreading and polishing the presentation
of this paper. Their role was limited to improving readabil-
ity, grammar, and flow; all technical content, experimental
design, and scientific claims were developed, implemented,
and validated by the authors. The use of LLMs was there-
fore restricted to editorial support, without influence on the
novelty or substance of the research.
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CoSeLECT: Adaptive Frame Selection for Video-Language Understanding

Supplementary Material

8. Appendix: Dissecting the Method - Ablations
and Insights

8.1. Effect of Composite Relevance and Duration
Weighting

Table 7 highlights the contribution of each component in our
design. We find that replacing the duration adjustment term
v/D; with a linear factor D;, or simplifying the composite
relevance to rely solely on either the maximum or the aver-
age similarity score in R; = max(Sext|c, ) + mean(Seext|c;,),
consistently lowers performance. In contrast, combining
both max and average signals with square-root duration
weighting yields the strongest results across benchmarks.

8.2. Choosing Similarity Threshold

From our test set we obtain the best performance at g, =
0.8. This parameter can further be tuned for any new tasks
as well.

8.3. Effect of varying the pre-E,,

pre- E;, refers to the number of encoded frames that the se-
lection algorithm runs on to make its selection. Table 9 high-
lights how the size of the pre-embedding frame pool impacts
performance. Increasing the candidate pool from 32 frames
(uniform sampling) to 400 frames (our method) improves av-
erage performance from 58.9 to 61.1, with gains particularly
notable on tasks like VideoMME (from 58.4 to 59.7, +1.3)
and Long-VideoBench (from 56.8 to 59.3, +2.5). However,
this trend is not uniform across benchmarks—MVBench
shows only marginal improvements (+0.3), suggesting that
the optimal pool size is task-dependent. We also observe di-
minishing returns: for instance, switching from uniform sam-
pling (32 frames) to top text-similarity frames (400 frames)
yields a +2.2 average gain, while further increases yield
smaller improvements. These findings suggest that tuning
the number of candidate frames using a validation set is ben-
eficial. Furthermore, this parameter offers a flexible trade-off
between performance and compute, allowing our method to
adapt to different resource budgets—a practical strength in
real-world settings.

8.4. Effect of varying the post-E;,

It may seem intuitive that passing more frames into the
downstream LLM should improve performance. However,
as shown in Table 10, increasing the number of post-Ejy,
frames beyond 32 does not consistently lead to gains. We at-
tribute this to two factors: (1) Redundancy — longer frame
sequences often contain many visually similar or irrelevant

frames, reducing the signal-to-noise ratio. (2) Model limita-
tions — current MLLMs have bounded attention capacity,
so adding more frames can dilute the contribution of the
most informative ones.

Notably, CoSeLECT maintains relatively higher perfor-
mance across all frame settings, suggesting that adaptive
frame selection mitigates both redundancy and attention bot-
tlenecks.

9. Appendix: Runtime Efficiency of CoSeLECT

In our algorithm, we encode N (where 32 < N < 1600)
frames per data sample using the So400M-patch14-384
SigLIP Encoder [45]. Dense frame sampling is becoming
increasingly common in video-centric multimodal LLMs—
e.g., Apollo [52] and LongVU [27]—which both advocate
for and benefit from fps sampling. Our approach thus aligns
with this emerging trend, rather than representing an atypi-
cal design choice.

Moreover, the independent nature of each forward pass
renders the process embarrassingly parallel and well-suited
for batching or distributed inference. As demonstrated in
Figure 2, FLOPs scale linearly with N as expected, but prac-
tical latency remains significantly lower than what the FLOP
count would suggest. For example, on an §-GPU A40 node
with 40 GB memory, encoding 1600 frames requires 32x
the FLOPs of encoding 50 frames, yet incurs only a 4.1x
latency increase. This gap highlights that, under parallel
execution conditions, the wall-time cost of our algorithm is
markedly lower than its theoretical complexity implies.
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Figure 2. Relative FLOPs and wall-clock latency as we increase
frame counts

Figure 3 visualizes how increasing the size of the pre-
embedding frame pool impacts wall-time when running our
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Table 7. Ablation of key design choices in CoSeLECT, corresponding to Algorithm 1. We test variants that remove or simplify components

of the composite relevance and weighting scheme.

Variant VideoMME MYVBench MLVU Long-VideoBench EgoSchema Average
D; instead of /D; 60.1 58.1 66.2 58.6 63.6 61.3
R; = max(Stext|c; ) only 60.1 57.7 66.0 58.0 63.6 61.1
R; = mean(Siext|c; ) only 60.5 58.1 66.0 58.8 63.8 61.4
CoSeLECT 60.6 58.3 66.2 59.3 64.5 61.8

Table 8. Impact of frame-to-frame similarity threshold 7sim on CoSeLECT performance across benchmarks. This threshold corresponds to

the parameter in Algorithm 1, where scene boundaries are defined as {k | Stame (k) < Teim} (€.g., Tsim = 0.8).

Threshold VideoMME MVBench MLVU Long-VideoBench EgoSchema Average
0.2 60.0 58.2 67.1 58.4 64.2 61.6
0.4 60.0 58.0 66.8 57.3 63.8 61.2
0.6 60.0 57.9 66.8 58.0 63.8 61.3
0.8 60.1 58.1 67.3 59.3 64.0 61.8

Table 9. Effect of varying the pre- Ej, frame pool size on CoSeLECT performance across benchmarks. Here, pre- £, denotes the number of

candidate frames encoded before applying CoSeLECT, while post- Ej, indicates the final number of selected frames passed to the LLM.

Method Frames — Frames o, MME MVBench MLVU LongVideoBench Average
pre-E;,, post-E;,
LLaVA-OV + Uniform Sampling 32 32 58.4 57.8 62.4 56.8 58.9
LLaVA-OV + CoSeLECT 2 7 577 578 63.5 57.1 59.0
LLaVA-OV + CoSeLECT 64 32 58.6 576 65.1 577 59.8
LLaVA-OV + CoSeLECT 100 32 59.0 579 64.5 56.5 595
LLaVA-OV + CoSeLECT 200 32 589 578 65.2 583 60.1
LLaVA-OV + CoSeLECT 400 32 59.7 58.1 673 59.3 61.1
LLaVA-OV + CoSeLECT 800 32 60.6 58.3 66.2 59.3 61.1
LLaVA-OV + CoSeLECT 1600 32 61.1 58.1 67.9 58.8 615

Table 10. Effect of increasing the number of post-frames on baseline uniform sampling and CoSeLECT. Pre-embedding pool size is fixed at

1600.
Method Post-Frames VideoMME MYVBench MLVU Long- EgoSchema Average
VideoBench

Baseline 32 58.4 57.8 62.4 56.8 62.8 59.6
CoSeLECT 32 61.1 58.1 67.9 58.8 63.0 61.8
Baseline 64 58.7 56.9 64.3 57.3 63.0 60.0
CoSeLECT 64 59.7 57.1 66.8 57.8 62.4 60.8
Baseline 128 58.3 56.6 65.9 56.9 63.4 60.2
CoSeLECT 128 58.9 56.8 66.3 57.7 63.6 60.7

method on a 40 GB A40 node with 8 GPUs. It is worth noting
that the majority of the time is spent in the vision encoding
and LLM forward pass, with only 0.08% of the time spent
on inter-frame and text—frame embedding comparisons.

10. Appendix: Comparison with Adaptive
Keyframe Sampling (AKS)

Adaptive Keyframe Sampling (AKS) [30] is a recent training-
free method that, like CoSeLECT, leverages frame—text sim-
ilarity for plug-and-play frame selection. While the two
share a high-level motivation, they differ fundamentally in

how they achieve coverage and allocate frames. Below, we
outline the AKS algorithms explicitly and then provide a
side-by-side comparison.

Comparison. Despite their different designs, both AKS
and CoSeLECT share the same underlying goal: to select a
subset of frames S' that are both highly relevant to the query
and sufficiently representative of the video as a whole. This
trade-off can be abstracted as optimizing
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Figure 3. Empirically measured inference latency as the size of the
pre-embedding frame pool is varied.

Algorithm 2 AKS Algorithm

1: Segmentation: Recursively split the video into equal
halves.
2: if (max text-sim — avg text-sim) > threshold or recursion
depth reached then
stop splitting
else
recurse on both halves
: end if
: Budget Allocation: Assign frame budget inversely pro-
portional to recursion depth.
8: Frame Selection: Select top-k most text-relevant frames
in each segment. Every segment receives at least one
frame.

N kW

The two methods adopt a similar approach for computing rel-
evance by leveraging frame—text similarity, but they diverge
fundamentally in how they define and enforce coverage.
AKS relies on statistical variance and recursive partitioning,
while CoSeLECT incorporates semantic continuity through
inter-frame similarity and adaptive budgeting. Table 11 sum-
marizes these distinctions in detail.

This makes clear that CoSeLECT differs from AKS in
two central respects: (1) Semantic vs. Statistical Segmenta-
tion: CoSeLECT explicitly respects inter-frame continuity,
while AKS partitions by statistical thresholds over similar-
ity scores. (2) Dual-signal vs. Single-signal Coverage:
CoSeLECT combines frame—frame and frame—text signals
for coverage and relevance, whereas AKS relies solely on
variance in frame—text similarity.

10.1. Comparison across frame selection methods
with a different backbone

Table 12. Performance on three benchmarks with Qwen2.5-VL-
7B as the backbone. All methods use pre-Ei, = 800 and post-
Ein = 32.

Model VideoMME MLVU LVBench
Qwen2.5-VL-7B + AKS 63.2 61.4 58.9
Qwen2.5-VL-7B + Q-Frame 58.3 65.4 58.4
Qwen2.5-VL-7B + CoSeLECT 63.3 63.4 59.2

Here we add an additional ablation in Tab. 12 that shows
performance across AKS [30] and Q-Frame [48] with a
different vision backbone.

10.2. Comparison across larger downstream frame
counts

To isolate the effect of frame selection under a fixed con-
text budget, we compare uniform sampling with CoSeLECT
when selecting 256 frames. As shown in Table 13, CoSe-
LECT consistently improves over the uniform baseline on
both MLVU and VideoMME, indicating that the gains arise
from which frames are selected rather than from changes in
the token-per-frame setting.

Table 13. Control experiment with Qwen2.5-VL under a fixed
token-per-frame budget (max_pixels = 90k, min_pixels = 80k).
The baseline uses 256 uniformly sampled frames; CoSeLECT se-
lects 256 frames from a 1600-frame pool under the same context
constraints.

Setting VideoMME MLVU
w/o subs

Reported baseline 65.1 71.6

Reproduced baseline (uniform frames) 64.8 71.1

+ CoSeLECT (1600—256 frames) 66.2 71.9
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Table 11. Algorithmic comparison of AKS and CoSeLECT.

Adaptive Keyframe Sampling (AKS)

CoSeLECT (Ours)

Segmentation

Budget
Allocation

Frame
Selection

Statistical, top-down: recursively splits the video
into equal halves based on text-similarity variance.
Segmentation is agnostic to scene boundaries.

Indirect proxy: frame budget is determined by
recursion depth; deeper segments receive fewer
frames.

Forced allocation: selects top-k text-relevant
frames per segment; every segment must con-
tribute at least one frame.

Semantic, bottom-up: segments the video into
variable-length, coherent subclips using inter-
frame similarity, aligning with scene changes.

Direct signals: frame budget is allocated using
subclip length and average text—frame similarity.

Flexible allocation: selects top-k text-relevant
frames; irrelevant subclips can be skipped entirely
(zero budget).
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11. Appendix: Qualitative Results

We now present qualitative comparisons between CoSe-
LECT and the baseline LLaVA-OneVision [12] across a
diverse set of task types. These examples highlight how our
frame selection strategy leads to more informative context
for downstream video understanding.

In Figure 4, we consider a “needle in a haystack” setting,
where the correct answer depends on identifying a single
rare frame; CoSeLECT successfully surfaces the key frame
while uniform sampling fails. Figure 5 examines plot-level
reasoning, where CoSeLECT selects a broader variety of
frames documenting different activities, including the crit-
ical one needed to answer the query. In Figure 6, we show
an egocentric scenario where a subtle visual cue (a red cloth-
ing artifact) is crucial—CoSeLECT captures it, enabling
correct reasoning. Figure 7 demonstrates topic-level reason-
ing, with our method surfacing semantically diverse frames
(e.g., beach scenes, palm trees) that enrich context. Finally,
Figure 8 illustrates the query-aware nature of our approach:
when posed with different queries on the same long video,
CoSeLECT adapts its selections to highlight distinct but
relevant evidence, minimizing redundancy while maintain-
ing diversity. Together, these case studies demonstrate that
CoSeLECT consistently selects frames that are both query-
relevant and temporally diverse, thereby providing richer
context than uniform or text-only sampling.
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Needle Question Answering

MLLM responds to an inquiry concerning a particular clip (the "needle") embedded within a long video sequence

What is the background color when the man is laughing and covering his mouth?
(A) Black (B) White (C) Green (D) Blue

-‘F
|
/

LLaVA-OneVision + CoSeLECT (ours): (B)

Figure 4. Needle Question Answering: CoSeLECT successfully localizes the “needle” to provide an accurate answer, whereas uniform
sampling fails to do so.

Plot Question Answering

Understanding a plot in a narrative video

How does the cartoon sponge walk after entering the room?
(A) Swaggering (B) Tip-Toeing (C) Walking with pause (D) Hopping

~
‘§
LLaVA-OneVision: (A)

LLaVA-OneVision + CoSeLECT (ours): (B)

Frame 4 Frame 5

Figure 5. Plot Question Answering: CoSeLECT samples diverse frames showing different types of walking, including the one containing
the correct answer.
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Ego Question Answering

Egocentric perspective long video dataset.

What color was the blouse | picked up?
(A) Green (B) Red (C) Yellow (D) Blue

LLaVA-OneVision + CoSeLECT (ours): (B)

Figure 6. Ego Question Answering: CoSeLECT captures a subtle artifact of red clothing in the frame—providing just enough context for
the LLM to answer correctly.

Topic Reasoning
Answer questions about a principal subject in a long video

What is the main setting shown in the movie?
(A) Desert (B) Ocean (C) City (D) Forest

il “‘&v—}i

U

LLaVA-OneVision + CoSeLECT (ours): (B)

Figure 7. Topic Reasoning: CoSeLECT captures a broader diversity of concepts related to the query (e.g., multiple scenes by the beach,
palm trees), providing richer context for the LLM.
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Query aware Sampling with CoSeLECT
Here, we sample the same video with two different questions using CoSeLECT

What falls when the woman is eavesdropping?

LLaVA-OneVision + CoSeLECT : (a) Recorder

What is the emotion of the woman at the beginning?

LLaVA-OneVision + CoSeLECT : (a) Crying

Figure 8. Query-aware sampling in action: CoSeLECT selects different frames for different queries from the same long source video.
Two observations stand out: (1) In both cases, it surfaces relevant frames and produces the correct answer; (2) The selected frames exhibit
minimal redundancy, showing that CoSeLECT generates relevant yet diverse frames.
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12. Appendix: Code

from typing import List

import numpy as np

from scipy.ndimage import gaussian_filterld
from scipy.signal import savgol_filter

def select_frames(
frame_similarities: np.ndarray,
text_similarities: np.ndarray,
num_frames: int = 32,
min_subclip_duration: int = 15,
scene_change_threshold: float = 0.8,
) —> List[int]:

"""Select the most informative frame indices from precomputed similarity signals.

Args:

frame_similarities: Per-frame cosine similarity between consecutive
frames. Shape (N,). Low values indicate scene changes.
text_similarities: Per-frame cosine similarity between each frame and

a text query. Shape (N,). High values indicate
num_frames: Number of frames to select.

relevant frames.

min_subclip_duration: Minimum frames for a valid subclip.
scene_change_threshold: Frame similarity below this triggers a scene
boundary. Lower = fewer, more dramatic cuts detected.

Returns:

Sorted list of selected frame indices in [0, N-1].
nmnn

frame_similarities = np.asarray

rame_similarities, dtype=np.float32)

(f
text_similarities = np.asarray(text_similarities, dtype=np.float32)

assert len(frame_similarities)

n = len(frame_similarities)
if n <= num_frames:
return list (range (n))

len (text_similarities)

scene_changes = _detect_scene_changes (frame_similarities,
scene_change_threshold)

composite_score = _composite_score(frame_similarities,
subclips

text_similarities)

_build_subclips (scene_changes, text_similarities, n,

min_subclip_duration)

_allocate_frames (subclips, num_frames)

keyframes = _extract_keyframes (subclips, frame_similarities,
text_similarities)

keyframes = sorted (set (keyframes))

keyframes = _adjust_count (keyframes, num_frames, composite_score)

return keyframes

def _detect_scene_changes (
frame_sim: np.ndarray, threshold: float, window: int =
) —> np.ndarray:

smoothed = savgol_ filter (frame_sim, window, 3)

mask = smoothed < threshold

changes = np.where (np.diff (mask.astype(int)) > 0) [0]
endpoints = []

if len(changes) == 0 or changes[0] != 0:

endpoints.append(0)
endpoints.extend (changes.tolist ())
if endpoints[-1] != len(frame_sim) - 1:
endpoints.append (len(frame_sim) - 1)
return np.array (sorted (set (endpoints)))

def _composite_score(

15
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frame_sim: np.ndarray, text_sim: np.ndarray, window: int = 15
) —> np.ndarray:

fs = savgol_filter (frame_sim, window, 3)

ts = savgol_filter (text_sim, window, 3)

score = ts % (1 - np.abs(np.gradient (fs)))
return gaussian_filterld(score, sigma=window / 3)

def _build_subclips/(
scene_changes: np.ndarray,
text_sim: np.ndarray,

n: int,
min_duration: int,
) —> list:
subclips = []
for i in range(len (scene_changes) - 1):

start, end = int (scene_changes[i]), int (scene_changes[i + 1]
if end - start < min_duration:
continue
seg_text = text_sim[start:end]
subclips.append (dict (
start=start, end=end,
duration=end - start,
relevance=float (np.max (seg_text)),
))
if not subclips:

subclips = [dict (start=0, end=n - 1, duration=n - 1,
relevance=float (np.mean (text_sim))) ]
subclips.sort (key=lambda c: c["relevance"], reverse=True)

return subclips

def _allocate_frames (subclips: list, num_frames: int) -> None:

total = sum(c["relevance"] % np.sqgrt(c["duration"]) for c in subclips)

if total == O:
total = 1.0
for ¢ in subclips:

proportion = (c["relevance"] x np.sqrt(c["duration"])) / total
c["n_alloc"] = max(l, int (proportion * num_frames))
allocated = sum(c["n_alloc"] for c in subclips)
if allocated < num_frames:
for i in range (min (num_frames - allocated, len(subclips))):
subclips[i] ["n_alloc"] += 1
elif allocated > num_frames:
excess = allocated - num_frames
for i in range(l, min(excess + 1, len(subclips))):
if subclips([-i]["n_alloc"] > 1:
subclips[-i]["n_alloc"] -=1

def _extract_keyframes(
subclips: 1list,
frame_sim: np.ndarray,
text_sim: np.ndarray,
) —> List[int]:
keyframes = []
for clip in subclips:
k, start, end = clip["n alloc"], clip["start"], clip["end"]

if k <= 0:
continue
if k ==
keyframes.append (int (start + np.argmax (text_sim[start:end])))
continue
scores = _subclip_scores (frame_sim, text_sim, start, end)
for i in range (k) :
seg_s = int (i * (end - start) / k)

seg_e = int ((1i + 1) *» (end - start) / k)

10
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if seg_e <= seg_s:
seg_e = seg_s + 1
best = seg_s + np.argmax (scores|[seg_s:seg_e])
keyframes.append (int (start + best))
return keyframes

def _subclip_scores(

frame_sim: np.ndarray, text_sim: np.ndarray,
start: int, end: int,

—> np.ndarray:

length = end - start

win = min (15, length // 2 % 2 + 1)
if win < 3:
win = 3
smoothed = savgol_filter (text_sim[start:end], win, 3)
rng = np.max(smoothed) - np.min (smoothed)

if rng > 1le-10:
return (smoothed - np.min(smoothed)) / rng
return np.zeros (length)

_adjust_count (
keyframes: List[int], target: int, composite: np.ndarray

-> List[int]:

if len(keyframes) < target:

remaining = target - len(keyframes)
candidates = np.argsort (composite) [::-1]
extras = [int (i) for i in candidates
if i not in keyframes] [:remaining]
keyframes = sorted(set (keyframes) | set (extras))
elif len (keyframes) > target:
scores = [composite[i] for i in keyframes]
top = np.argsort (scores) [::-1] [:target]
keyframes = sorted(keyframes[i] for i in top)

return keyframes

Listing 1. A self-contained reference implementation of the adaptive frame selection algorithm described in Section 3. The snippet below
requires only numpy and scipy, and is agnostic to the choice of vision-language encoder (CLIP, SigLIP, etc.). As a frame-level selection
method, it can be dropped into any existing video-MLLM pipeline at the point where frames are sampled, with no other modifications
required.
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