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Abstract

Large video-language models (VLMs) have demonstrated
promising progress in various video understanding tasks.
However, their effectiveness in long-form video analysis is
constrained by limited context windows. Traditional ap-
proaches, such as uniform frame sampling, often inevitably
allocate resources to irrelevant content, diminishing their
effectiveness in real-world scenarios. In this paper, we
introduce BOLT, a method to BOost Large VLMs with-
out additional Training through a comprehensive study of
frame selection strategies. First, to enable a more realis-
tic evaluation of VLMs in long-form video understanding,
we propose a multi-source retrieval evaluation setting. Our
findings reveal that uniform sampling performs poorly in
noisy contexts, underscoring the importance of selecting
the right frames. Second, we explore several frame selec-
tion strategies based on query-frame similarity and ana-
lyze their effectiveness at inference time. Our results show
that inverse transform sampling yields the most signifi-
cant performance improvement, increasing accuracy on the
Video-MME benchmark from 53.8% to 56.1% and MLVU
benchmark from 58.9% to 63.4%. Our code is available at
https://github.com/sming256/BOLT.

1. Introduction

Recently, large Video-Language Models (VLMs) have
emerged as powerful tools for video understanding [11,
17, 18, 20, 21, 27, 41]. These models leverage the syn-
ergy between visual and linguistic modalities through large
language models, enabling them to capture complex re-
lationships and contextual cues over time. They have
demonstrated remarkable advancements in tasks such as
video captioning [4, 33, 37] and video question answer-
ing [12, 21, 23]. However, large VLMs face significant
challenges in processing long videos containing thousands
of frames due to the sheer volume of video tokens. For
instance, LLaVA-OneVision [13] utilizes 196 tokens per

*Corresponding author.

3318

Question: What is the man holding in his right hand when he turns on the faucet?

Testing with Uniform Sampling: plate
= I:I:I 20 minutes
| | | | video
Testing with Query-guided Frame Sampling: knife
20 minutes

video

|a |

|:| GT segments

|
I:' Distracting backgrounds (e.g., turn off the faucet)

Figure 1. Given a long video, conventional VLMs adopt uniform
sampling during inference, which may divert VLM’s focus due to
the distracting backgrounds. In contrast, our query-guided frame
sampling can identify and prioritize question-relevant frames,
boosting the VLM'’s performance without requiring fine-tuning.

frame, meaning that without reduction, an hour-long video
at 30 FPS would require 20 million tokens. Given the lim-
ited context length of the underlying language models and
computational constraints [28, 39], video token reduction
has become essential for enabling large VLMs to efficiently
handle video understanding tasks.

To reduce video tokens, previous works have primarily
explored strategies from two perspectives. The first is spa-
tial compression, which reduces the number of tokens per
frame, as employed by methods such as MovieChat [30]
and SlowFast-LLaVA [36]. This paper focuses on the sec-
ond perspective, temporal selection, which involves se-
lecting a subset of frames from raw videos. Most prior
works have relied on uniform frame sampling, in which a
fixed number of frames are evenly selected from the video
[1, 14, 38]. Although simple and efficient, this approach of-
ten fails in complex real-world scenarios because it assumes
that all frames contribute equally to content understanding,
which may hold true for short, query-trimmed videos but
not for long, unedited ones. For example, instructional or
surveillance videos usually contain lengthy segments irrel-
evant to the given query. Sampling frames from these seg-
ments not only consumes the token budget but may also
distract the VLM from pertinent information, thereby im-
pairing its performance [14, 29].



Some recent methods, such as Goldfish [2], LongVU
[28], and Frame-Voyager [39], have started to explore adap-
tive temporal selection strategies by using visual-text sim-
ilarity to identify relevant frames. However, these meth-
ods require additional training on existing VLMs, demand-
ing substantial computational resources and extensive fine-
tuning data. For instance, Frame-Voyager [39] requires 32
H100 GPUs for training. This raises a crucial question: Can
we boost the performance of existing large VLMs without
additional training by designing better temporal selection
methods? This paper provides an affirmative answer to this
question through two key explorations: how selecting the
right frames matters and how to select the frames right.

First, we investigate the importance of selecting the right
frames for long-form video understanding using two newly
designed evaluation setups. (1) We utilize the MultiHop-
EgoQA dataset [5], which provides question-related seg-
ments, to examine the performance of large VLMs with and
without access to ground-truth video segments. (2) To fur-
ther study the impact of frame selection in real-world sce-
narios containing diverse background clips in longer videos,
we propose a multi-source retrieval evaluation setting by
extending the videos via internal retrieval in the existing
dataset. The results show that selecting irrelevant frames,
i.e., query-unrelated ones, significantly degrades the perfor-
mance on VQA tasks — a common issue encountered with
uniform sampling.

Then, we explore how to select the frames right by in-
troducing several query-aware frame selection approaches,
including top-K selection, watershed grouping, and inverse
transform sampling. All these approaches are applied only
at test time, without any retraining of the VLMs. We
find that inverse transform sampling consistently improves
VLM performance, particularly in the multi-source retrieval
evaluation scenario. Using this frame selection strategy, we
can BOost the performance of existing Large VLMs with-
out additional Training. We thus name our method BOLT.

Our main contributions can be summarized as:

We demonstrate that selecting the right frames signif-
icantly impacts large VLMs’ test-time performance for
long-form video understanding. We validate this through
experiments on the MultiHop-EgoQA dataset [5], and by
introducing multi-source retrieval evaluation setup, which
better reflects real-world video understanding challenges.
We explore various training-free frame selection strate-
gies and propose leveraging inverse transform sampling
to select query-relevant frames to improve VQA perfor-
mance without requiring model retraining.

Our method achieves consistent improvements on five
benchmarks, e.g., from 53.8% to 56.1% on the Video-
MME [9], and from 58.9% to 63.4% on MLVU [46].
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2. Related Works
2.1. Large Vision-Language Models for Video

Transformer-based large language models (LLMs) have
revolutionized natural language processing [8, 24]. Re-
searchers have extended LLMs to handle multiple modal-
ities by incorporating multimodal inputs, typically visual
content such as images and videos [13, 47] to make large
vision-language models (VLMs). These models leverage
large-scale pre-training on extensive data to learn rich repre-
sentations that capture intricate relationships between visual
and textual modalities. Building upon these, large VLMs
have significantly advanced various video understanding
tasks such as video captioning [4, 33, 37], video question
answering [12, 21, 23], and temporal reasoning [25, 34].
Recent surveys [16, 31] comprehensively review the ar-
chitectures, training strategies, and applications of VLMs
in video understanding, highlighting both their capabilities
and the challenges they address.

Despite these successes, large VLMs encounter signifi-
cant challenges when processing videos due to the substan-
tial amount of video frames, the limited context length of
language models [32], and the “lost in the middle” prob-
lem [19]. These constraints necessitate efficient frame se-
lection strategies to identify and retain essential information
from videos without overwhelming the model. Thus, devel-
oping effective frame selection methods is critical to further
enhance VLM performance in video understanding tasks.

2.2. Video Token Reduction in Large VLMs

Reducing video tokens is essential for making large VLMs
computationally feasible. The most common and straight-
forward approach is uniform frame sampling, which selects
frames without considering their individual importance to
the task. Unfortunately, this method may omit crucial
frames needed for understanding complex or long videos,
thereby limiting reasoning performance. Several strategies
have been proposed in the literature to make token reduction
more adaptive and task-specific.

Token Merging. One approach is to merge information
within or across frames to form a compact yet comprehen-
sive representation. MovieChat [30] implements short-term
and long-term memory mechanisms to integrate and com-
press frames from a long video, ensuring minimal infor-
mation loss. LLaMA-VID [15] encodes each frame into
separate context and content tokens, whereas LongVU [28]
leverages cross-modal queries and inter-frame dependen-
cies to reduce redundancy while preserving visual details.
However, token merging approaches risk oversimplifying
fine-grained information, potentially preventing the model
from capturing subtle differences between frames.

Query-Based Frame Sampling. To overcome limitations



associated with uniform sampling, recent similarity-based
methods select frames based on their relevance to specific
queries or tasks. Goldfish [2] addresses video QA by seg-
menting long videos into shorter clips and retrieving rel-
evant clips using cosine similarity between query embed-
dings and captions. Other approaches learn optimal frame
selection strategies through additional training. For in-
stance, Frame-Voyager [39] learns informative frame com-
binations by training on a dataset that ranks frames based
on prediction losses from a VLM [3]. Although potentially
more effective, such learnable sampling methods require
additional training and substantial computational resources,
limiting their practicality.

Unlike the above-mentioned methods, in this work, we
propose a training-free frame selection strategy to enhance
the performance of existing large VLMs at inference time.

3. Revisiting Large VLMs

Consider a video V with T frames { f1, f2,..., fr} and an
associated query () (system prompts omitted for brevity).
The VQA task aims to generate an answer A that accu-
rately addresses the query based on the content of V. The
response format depends on the query type, encompassing
both open-ended and multiple-choice answers.
State-of-the-art VLMs typically address this task using
the following pipeline: First, due to computational con-
straints and the video’s high frame rate, a subset of N
frames {f1, f5,..., fy} is selected, where N < T. In
common implementations, [V is often set to 16 or 32 frames.
Next, each selected frame f] is processed through a vision
encoder E, to obtain visual embeddings: v; = E,(f}),
where v; € RMXC Here, C denotes the embedding dimen-
sion, and M represents the number of tokens per frame.
Following visual encoding, a projection module maps vi-
sual embeddings v; into the language embedding space, en-
suring dimensional compatibility with textual tokens. For
simplicity, we omit the projector from subsequent notation.
The visual embeddings are concatenated with the question’s
textual embeddings E;(Q), forming an input sequence pro-
cessed by an LLM to generate the answer auto-regressively:

A =LLM([v1;v2; .. .;on; B (Q)])- (1)

Note that the context-length limitation L of the above
language model, eg., 16K, constrains the total number of
tokens, including visual and textual embeddings:

N
> len(v;) + len(Ey(Q)) < L.

=1

2

Unlike image understanding tasks that process a sin-
gle frame, this constraint makes frame selection crucial
for effective video understanding, as the model must select
frames judiciously within the limited context window.
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Table 1. Demonstration of the importance of selecting the right
frames (i.e., GT segments) on MultiHop-EgoQA dataset. All
models use 8 frames as input. We report the average sentence
similarity as the evaluation metric.

Frame Selection LLaVA-NeXT-Video-7B InternVL2-8B

Uniform 61.7 71.8
GT segments 62.8 (+1.1) 72.5 (+0.7)
w.0. GT segments 59.2 (-2.5) 69.1 (-2.7)

4. BOLT

In this section, we first perform an empirical analysis to val-
idate the importance of frame selection. This analysis incor-
porates annotated ground-truth segments from untrimmed
videos and a challenging multi-source retrieval condition.
Subsequently, we compare four different frame selection
strategies, finding that inverse transform sampling can ef-
fectively prioritize question-relevant frames.

4.1. Impact of Ground Truth Segments

In VQA tasks, particularly those involving long-form video
understanding, many queries pertain to specific temporal
segments within hour-long untrimmed videos. We hypothe-
size that effectively retrieving query-relevant segments sig-
nificantly reduces the complexity of reasoning for VLMs.
To validate this hypothesis, we leverage existing VQA
benchmarks that provide temporal interval annotations.

Specifically, we utilize MultiHop-EgoQA [5], a recently
introduced long-form egocentric benchmark. This dataset
provides temporal annotations of relevant intervals for each
video-question pair, such as {(ts1,te1), (ts2,te2), .- .1 To
examine the significance of frame selection, we conduct ex-
periments under three conditions: (1) Uniform sampling
(baseline): Frames are uniformly sampled from the entire
video. (2) Ground-truth segment-only sampling: Frames
are uniformly sampled only from question-relevant ground-
truth segments. (3) Complement-set sampling: Frames are
uniformly sampled only from segments outside the ground-
truth intervals. The results are summarized in Table 1.

We evaluate pretrained models InternVL2-8B [6] and
LLaVA-NeXT-Video-7B [44] using 8 sampled frames, re-
porting average sentence similarity as the evaluation met-
ric (higher is better). Experimental results show that, com-
pared with uniform sampling, excluding irrelevant context
enables VLM:s to better focus on informative visual features
for question answering. Conversely, when only irrelevant
frames are provided, the generated predictions exhibit lower
similarity to ground-truth answers.

4.2. Multi-Source Retrieval Evaluation

The above preliminary analysis demonstrates the signifi-
cance of frame selection in VQA tasks by directly evaluat-
ing the models’ capability on ground-truth segments. How-
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Figure 2. (a) Proposed training-free frame selection framework. Without exhaustive fine-tuning of VLMs, their performance can be
improved by selecting query-related frames. (b) Top-K selection often yields redundant frames with limited diversity. (c) Watershed
grouping may overlook broader temporal context. (d) Inverse transform sampling can prioritize relevant frames while preserving selec-
tion diversity, achieving stronger performance on benchmarks, particularly for videos with noisy backgrounds.

Table 2. Multi-source retrieval evaluation on Video-MME. K
is set to 4 in this experiment. Using the ‘right’ frames (GT seg-
ments) significantly outperforms uniformly sampling frames.

Frame Selection Strategy LLaVA-OneVision-7B

GT segments (16 frames) 56.85
Uniform (64 frames) 52.11 (-4.74)
Uniform (16 frames) 47.78 (-9.07)
Blind test 40.85

ever, extending this analysis to general VQA benchmarks,
such as Video-MME [9], is constrained by the absence of
temporal segment annotations. To overcome this limitation
and assess frame selection efficacy under more challenging
conditions, we introduce a novel multi-source retrieval eval-
uation setting.

The proposed multi-source retrieval evaluation employs
a systematic construction procedure. First, K distinct
videos are sampled from the benchmark and concatenated
along their temporal dimension, with brief black-frame
transitions inserted between adjacent videos. During video
selection, we ensure that the sampled videos have similar
durations yet differ significantly in their visual content, such
as different categories or domains. This concatenation gen-
erates a pseudo-long-form video that effectively simulates
real-world continuous video content. Next, we randomly
select a question ) from the associated question sets of
these videos and evaluate the model’s response accuracy us-
ing the concatenated video, deviating from the conventional
trimmed-video evaluation paradigm.

Our proposed evaluation framework offers distinct ad-
vantages over standard evaluation protocols. Primarily, it
better approximates real-world scenarios in which mod-
els must identify relevant content within extended video
sequences, such as lengthy instructional or surveillance

3321

footage. Furthermore, it imposes more rigorous reasoning
demands on VLMs, providing a more comprehensive as-
sessment of their capabilities. We implement this evaluation
framework on the Video-MME dataset, and the preliminary
results are presented in Table 2.

The experimental results reveal several critical insights.
Most notably, uniform sampling exhibits substantial per-
formance degradation under proposed evaluation frame-
work, indicating its fundamental inadequacy in handling
long video content containing substantial query-irrelevant
segments. Despite increasing the input frame count to 64
frames, accuracy still exhibits a significant decline from
56.85% to 52.11%. With a fixed frame count of 16 frames,
performance further deteriorates to 47.78%, representing a
notable 9.07% reduction compared to the baseline. This re-
sult is even close to the blind test result, in which no visual
information is provided. These findings underscore the im-
portance of intelligent frame selection strategies for VQA
tasks, particularly when processing long video sequences.

4.3. Selecting the Frames Right

Based on the above analysis, we emphasize that it is es-
sential for VLMs to select frames relevant to the query.
Next, we discuss how to select those frames effectively,
and introduce several frame selection strategies designed
to improve the identification and prioritization of question-
relevant frames without requiring model fine-tuning.

Uniform Sampling. We first revisit conventional uniform
sampling, which selects frames at fixed intervals: f/ =
flixT/n|» where i € {1,..., N'}. Although uniform sam-
pling is computationally efficient, it neglects the query con-
text by implicitly assuming a uniform distribution of infor-
mation throughout the video. Since uniform sampling re-
mains widely used during both training and testing in cur-
rent state-of-the-art VLMs, we adopt this as our baseline.



Top-K Selection. To identify query-relevant frames, an in-
tuitive approach is to leverage text-video similarity and se-
lect frames with high similarity scores. A commonly used
method is top-K sampling, which operates as follows:

First, the question () and each frame f; are encoded into
embeddings using a pretrained contrastive lightweight mul-
timodal network, such as CLIP [26] or SigLIP [40]. The
similarity between the visual embedding of a frame E, (f;)
and the textual embedding of the question F;(Q) can then
be computed, typically using cosine similarity:

s(fi) = cos(Ex(Q), Ev(fi))- 3)

Next, we select the top K frames with the highest simi-
larity scores. These query-relevant frames are retained and
subsequently processed by the VLM. Formally, the selec-
tion process is defined as:

Fopre = {fi | s(fi) € Top-K({s(f;)}}=1)}. @)

Although effective for direct visual matching, top-K
sampling exhibits notable limitations. As shown in Fig-
ure 2(b), when applied to long video sequences, top-K sam-
pling often yields redundant frames with high visual sim-
ilarity, potentially missing diverse contextual information
crucial for complex queries. Moreover, this strategy may
inadequately address temporal dependencies and causal re-
lationships, which require analyzing scene transitions and
broader contextual continuity.

Watershed Grouping. The watershed algorithm, origi-
nally developed for image segmentation [10], can be effec-
tively adapted for temporal clustering in video understand-
ing tasks. This approach conceptualizes similarity scores as
a topographical landscape, where local extrema define dis-
tinct temporal segments.

Formally, given the frame-query similarity scores s(f;),
we first apply a smoothing operation, such as sliding-
window average pooling, to mitigate outliers and obtain re-
fined scores: s} =smooth(s(f;)). Subsequently, the water-
shed algorithm computes the mean similarity score across
the temporal sequence: § = mean{s}, s5,...,s}. This
mean score S serves as a threshold for segmenting frames
into distinct peak and valley regions, based on whether
s; > 5. Finally, we select representative frames exclusively
from the top K highest-scoring peak regions.

The watershed-based approach is particularly effective
for long videos, where traditional top-K sampling tends to
yield redundant frames. By clustering temporally adjacent
frames, this method facilitates the extraction of a more di-
verse subset of frames. Nevertheless, due to its grouping
mechanism, this strategy can overlook important temporal
context and still retain temporal redundancy, as illustrated
in Figure 2(c). This limitation poses challenges, especially
when addressing queries involving causal or explanatory
reasoning (e.g., why or how).
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Inverse Transform Sampling. Analysis of top-K sampling
and watershed grouping methods reveals two critical re-
quirements: the selection of query-relevant frames and the
preservation of frame diversity. Additionally, contextual in-
formation surrounding query-relevant segments should be
retained. To meet these requirements without additional
model fine-tuning, we propose an adaptive frame selection
method based on inverse transform sampling (ITS).

ITS is a probabilistic sampling technique that generates
samples from a specified probability distribution. When ap-
plied to video understanding, ITS leverages frame-query
similarity scores to construct a query-guided probability
distribution over frames, where the probability of selecting
a frame f; is proportional to its similarity score s;. Specif-
ically, we first normalize the similarity scores s; across the
entire video sequence to the range [0, 1] and refine the nor-
malized score as follows:

o ( s; — min(s) >a
¢ max(s) — min(s) )
where « controls the sharpness of the distribution. Smaller
values of o produce a more uniform distribution, increasing
frame diversity, while larger values yield a sharper distribu-
tion, emphasizing query-relevant frames.

Next, we construct the cumulative distribution function,
F (1), based on the refined scores:

2321 5;
=N
Zj:l 5;

Finally, we sample N frames using uniform sampling
over the inverse transform of this cumulative distribution
function:

(&)

F(i) = (6)

ie{l,...,N}, (7

fz/ = farg ming {F(k)>i/N}>»

where f/ represents the i-th sampled frame.

By employing the above inverse transform sampling,
frames with higher relevance to the query have an increased
probability of being sampled, while frames with lower rel-
evance retain a non-zero probability. This ensures an effec-
tive balance between capturing essential query-related vi-
sual content and preserving sufficient contextual and tem-
poral diversity. Additionally, by controlling the distribution
sharpness through the parameter «, ITS provides flexible
adjustment of the relevance-diversity trade-off. Empirically,
we find that setting o between 2.5 and 3.5 yields satisfac-
tory improvements.

Importantly, ITS requires no additional training and can
be seamlessly integrated into existing VLMs during infer-
ence. Our experimental results demonstrate that ITS consis-
tently outperforms alternative approaches, achieving a 2.3%
improvement over uniform sampling on the Video-MME
benchmark and a 4.5% improvement on the MLVU bench-
mark.



Table 3. Comparison of our proposed BOLT with state-of-the-art models on standard benchmarks. Inverse transform sampling is
used. Our training-free approach BOLT enables off-the-shelf VLM LLaVA-OneVision to focus on query-related frames, thereby boosting
the VQA performance in various settings. It also outperforms other large VLMs in the literature with comparable model scales.

LLM Training

Video-MME (w.o. sub.)

EgoSchema LongVideo

Model

MLVU NextQA

Size Free Overall Short Medium Long  Full Subset Bench

Video-LLaVA [17] 7B X 39.9 453 380 362 - - 39.1 47.3 -
VideoChat2 [14] 7B X 39.5 483 37.0 332 544 63.6 39.3 44.5 -
ShareGPT4Video [4] 8B X 39.9 483 363 350 - - 41.8 46.4 -
Chat-UniVi-V1.5 [11] 7B X 40.6 457 403 358 - - - - -
VideoLLaMA?2 [7] 7B X 479 560 454 421 - 53.1 - - -
Frame-Voyager [39] 8B X 575 673 563 489 - - - 65.6 73.9
LongVU [28] 7B X 609 647 582 595 - - - 65.4 -
LLaVA-OneVision® ™ [13] 7B 538 63.6 520 457 59.17 620 54.2 58.9 77.4
LLaVA-OneVision® ™ +BOLT 7B v 56.1 66.8 542 473 5923 622 55.6 63.4 77.4
‘LLaVA-OneVision®™™ [13] 7B 569 683 540 482 5949 614 557 612 781
LLaVA-OneVision!* ™™ +BOLT 7B v 578 692 568 473 59.86 61.8 57.0 65.8 78.3
‘LLaVA-OneVision>™™ [13] 7B 585 703 566 488 6036 622 564 632 794
LLaVA-OneVision*>™™BOLT 7B v 599 70.1 60.0 49.6 60.66 64.0 59.6 66.8 79.5

5. Experiments
5.1. Experimental Settings

Datasets. We evaluate our approach on five widely used
VQA benchmarks: Video-MME [9], EgoSchema [22],
LongVideoBench [32], MLVU [46], and NextQA [35].
Among them, the NextQA and EgoSchema datasets con-
tain short videos averaging less than 2 minutes in length,
focusing primarily on short-form question answering. In
contrast, Video-MME, MLVU, and LongVideoBench in-
clude longer videos, ranging from a few minutes to around
two hours, thus evaluating models’ capabilities in long-
form video understanding. Notably, Video-MME consists
of 900 videos with 2,700 questions and categorizes videos
into short, medium, and long subsets, which we specifically
leverage in our ablation studies. Importantly, we evaluate
Video-MME without subtitles.

Implementation Details. For computational efficiency,
we sample video frames at 1 FPS. To compute the sim-
ilarity between video frames and textual queries, we use
the pretrained CLIP-L/14 model [26] to extract visual and
textual embeddings. The hyperparameter « is set to 2.5
for EgoSchema, LongVideoBench, NextQA, and to 3 for
Video-MME and MLVU. We utilize the LMMs-Eval li-
brary [42] to measure accuracy for multiple-choice tasks.
All experiments are conducted on two A100 GPUs. Addi-
tional details can be found in the supplementary material.

5.2. Benchmark Results

Comparison with State-of-the-Art Methods on Stan-
dard Benchmarks. Table 3 presents the comparison of
our approach against state-of-the-art methods. Recently,
LLaVA-OneVision [13] has achieved strong performance
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Table 4. Our training-free approach BOLT boosts various
VLMs. Inverse transform sampling is used on the Video-MME
benchmark. All models use 8 frames.

Model LLM With Video-MME (w.o0. sub.)

Size BOLT Overall Short Medium Long
VideolLVA TB D 3 G o
LongVA B 00 08 Sl i
menVL2 8B [ G5 G s s
LLaVA-Video 7B fj 23;2 %;i 22;3 ig;

on these datasets, surpassing prior methods such as Vide-
oLLaMA?2 [7] and thus establishing a robust baseline.
Our training-free, query-guided inverse transform sampling
(ITS) method further enhances the performance of LLaVA-
OneVision. Specifically, on Video-MME, accuracy im-
proves from 53.8% to 56.1% using 8 frames, and on MLV U,
it increases from 58.9% to 63.4% with 8§ frames. On Nex-
tQA, our performance remains comparable to the base-
line, likely due to the brevity of the videos. Notably,
our method continues to yield improvements even with
32 frames, demonstrating significant gains on long-video
benchmarks, such as a 3.2% increase on LongVideoBench
and a 3.6% increase on MLV U. These results highlight the
importance of selecting the right frames at inference time
to fully unleash the potential of existing VLMs, and our
proposed inverse transform sampling consistently surpasses
uniform sampling by a substantial margin.



Table 5. Our BOLT boosts existing VLMs under multi-source
retrieval evaluation. Inverse transform sampling is used. LLaVA-
OneVision-7B is utilized and the K is set to 4.

Table 6. Comparison of different training-free frame selection
strategies on Video-MME dataset. LLaVA-OneVision-7B is uti-
lized with 16 frames.

Model Video-MME (w.o. sub.) Frame Selection  Query Standard Retrieval-Based
Overall Short Medium Long Blind Test X 40.85
LLaVA-OneVision e 52.1 61.8 508 43.8 Uniform X 56.85 47.78
LLaVA-OneVision® ™™ +tBOLT 54.9 66.1 542 44.4 Uniform + Shuffle X 56.25 (-0.60) 46.93 (-0.85)
LLaVA-OneVision'® fame 478 558 456 420 Random X 335CLT70)  46.05¢173)
LLaVA-OneVision'® ™™ +BOLT 534 651 511 43.3 Top-K v 57.10 (+0.25)  48.45 (+0.67)
Watershed v 57.23 (+0.38)  49.15 (+1.37)
Results on Off-the-Shelf VLMs. As shown in Table 4, we ITS v 57.78(+0.93)  53.37 (+5.59)

extend the proposed approach to additional video VLMs,
including Video-LLaVA [17], LongVA [43], InternVL2 [6],
and LLaVA-Video [45], and evaluate its effectiveness on the
Video-MME benchmark. The results clearly demonstrate
that our training-free approach, BOLT, consistently boosts
the performance of off-the-shelf VLMs, achieving approx-
imately 1% to 3% accuracy improvements. For instance,
the performance of LLaVA-Video notably increases from
56.0% to 58.6% with only 8 frames, verifying the strong
generalization capability of inverse transform sampling.

Results on Proposed Multi-Source Retrieval Evaluation
Setting. We further evaluate our method under the retrieval-
based evaluation setting on Video-MME, as described in
Section 4.2. This evaluation assesses the model’s ability to
retrieve query-relevant information from noisy video con-
tent. As shown in Tables 3 and 5, LLaVA-OneVision’s
performance significantly decreases from 56.9% to 47.8%
when using 16 frames, demonstrating that irrelevant back-
ground frames substantially hinder comprehension. Even
increasing the frame count to 64 frames (equivalent to 16
frames per candidate video) yields only partial recovery
(52.1% vs. 47.8%), confirming that background noise leads
to considerable distraction in pretrained VLMs.

Applying our proposed frame selection strategy consis-
tently improves VLM accuracy. With 16 frames, perfor-
mance on Video-MME increases from 47.8% to 53.4%, rep-
resenting a substantial 5.6% gain. Furthermore, results indi-
cate that BOLT effectively enhances accuracy across short,
medium, and long videos. These findings highlight both the
importance of selecting query-relevant frames and main-
taining frame diversity to maximize model performance.

5.3. Ablations and Analysis

To further validate the effectiveness of our training-free ap-
proach, we conduct ablation studies and analyses from four
perspectives: (1) comparisons with alternative frame se-
lection techniques, (2) comparison of visual-text similarity
measures, (3) analysis on the hyperparameter «, and (4)
analysis with respect to video length. Additional experi-
mental results and efficiency analysis are provided in the
supplementary material.
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Table 7. Comparison of different visual-text similarity mea-
sures on Video-MME dataset. LLaVA-OneVision-7B is utilized
with 16 frames. The baseline is uniform sampling.

Baseline

56.85

Caption
55.47

SigLIP CLIP CLIP + SigLIP
57.00 57.78 57.83

Comparison with Alternative Frame Selection Tech-
niques. Table 6 compares our proposed method with alter-
native training-free frame selection strategies. As a baseline
setup, we exclude visual input entirely, relying solely on the
question text (Blind Test). Surprisingly, even without visual
data, the model achieves 41% accuracy on Video-MME, in-
dicating that VLMs heavily utilize general knowledge to
answer multiple-choice questions. When visual input is in-
cluded, uniform and random sampling strategies yield sim-
ilar performance, around 56% in standard evaluation and
47% in multi-source retrieval evaluation, suggesting limited
effectiveness of traditional, query-agnostic frame selection
approaches on datasets such as Video-MME, which does
not require complex temporal reasoning.

However, incorporating query-visual similarity through
strategies such as top-K sampling, watershed grouping, and
inverse transform sampling consistently improves perfor-
mance over uniform sampling. Among these methods, ITS
provides robust gains across both standard and retrieval-
based evaluations, achieving the best overall performance.
Remarkably, in the retrieval-based evaluation, ITS signifi-
cantly boosts accuracy from 47.78% to 53.35%, highlight-
ing the importance of selecting both query-relevant frames,
and underscoring the effectiveness of our proposed method.

Comparison of Visual-Text Similarity Measures. Since
our approach leverages similarity between image and query
embeddings for frame selection, we compare various image
representation methods, including image captions and pre-
trained vision-language encoders, as shown in Table 7. We
initially caption each frame using LLaVA-OneVision and
compute frame selection based on the similarity between
queries and generated captions. However, this caption-
based approach underperforms due to noisy captions and in-



Table 8. Analysis on the sharpness hyperparameter « in ITS.
LLaVA-OneVision-7B is utilized with 16 frames.

«@ Video-MME MLVU LongVideoBench
Uniform 56.90 61.24 55.72
2 58.37 65.08 58.04
2.5 57.51 65.24 57.00
3 57.78 65.76 57.67
3.5 57.74 65.11 58.41

Table 9. Impact of video number K in multi-source retrieval
evaluation. If K = 1, the evaluation degrades to standard VQA
setting. When K is larger, the background noise is also larger.

Video Number K 1 2 4 8

Uniform 56.85 51.81 47.78 44.82
‘Watershed 5723 5370 48.67 45.89
ITS 57.78 5493 5337 49.04

accurate similarity scores. In contrast, directly using image
encoders achieves consistent improvements over the uni-
form sampling baseline, with CLIP outperforming SigLIP.
Furthermore, averaging the similarity scores from CLIP and
SigLIP yields the best overall performance.

Analysis on the Sharpness Hyperparameter a. As de-
scribed in Eq. 5, the hyperparameter « controls the sharp-
ness of the similarity distribution. Table 8 investigates the
impact of different o values. When « is set between 2 and
3.5, the VQA performance consistently surpasses uniform
sampling across all three datasets by a large margin. More-
over, performance variation within this range is minor, indi-
cating that ITS is less sensitive to the exact value of a.

Impact of Background Noise Level. To examine the effect
of background noise on model performance, we conduct
an analysis using multi-source retrieval evaluation setting,
where target videos are concatenated with randomly se-
lected background videos, simulating long and noisy video
environments. Table 9 shows that introducing background
videos degrades accuracy (frame budget 16), with uniform
sampling being particularly susceptible to the increased
noise. Although ITS also experiences a performance drop,
it consistently outperforms uniform sampling. These results
emphasize the effectiveness of query-guided frame selec-
tion in mitigating the adverse impacts of noisy contexts.

5.4. Visualization

To further illustrate the frame selection results of inverse
transform sampling, we provide two examples from the
Video-MME in Figure 3. As shown in the figure, ITS can
effectively sample query-relevant frames with high similar-
ity scores. At the same time, ITS also includes certain local
peaks as contextual information, ensuring frame diversity
and providing the VLMs with crucial context for reasoning.
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Figure 3. Visualization of frame selection results using inverse
transform sampling. The blue curve represents the similarity
scores across the entire video sequence, and the red lines indicate
the selected frames.

6. Conclusion

In this paper, we introduced BOLT, a training-free method
designed to enhance large VLMs for long-form video un-
derstanding. We explored various temporal frame selec-
tion techniques, focusing particularly on inverse transform
sampling, to efficiently prioritize query-relevant frames,
significantly improving visual question-answering perfor-
mance. Our evaluations demonstrate that BOLT effectively
addresses the limitations of conventional uniform sampling,
providing a scalable solution to extend the capabilities of
existing VLMs without requiring additional fine-tuning.
Limitations. Although BOLT significantly improves long-
form video understanding, its effectiveness relies on accu-
rate query-frame similarity measures, which may not al-
ways reflect true relevance on tasks that require reasoning.
Future work could explore more robust similarity metrics
that better adapt to varied video content and query contexts,
including under multi-round VQA scenarios.
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