LENS: Adaptive Spatio-Temporal Zooming for
Keyframe Sampling in Long-Form Videos

Ce Zhang Jinxi He Katia Sycara Yaqi Xie

Robotics Institute, Carnegie Mellon University
{cezhang, ginh, katia, yaqix}@cs.cmu.edu

Abstract. Despite rapid progress in Multi-modal Large Language Mod-
els (MLLMs), understanding long-form videos is still bottlenecked by
limited context windows. While recent keyframe sampling methods at-
tempt to mitigate this by distilling video inputs into a compact set of
query-relevant frames, navigating the vast spatio-temporal search space
remains challenging, as spatial detail and temporal coverage often conflict.
To address this, we introduce LENS, a training-free keyframe sampling
framework that dynamically decides when to zoom in for fine-grained
details and when to zoom out for broader context based on the text
query. Concretely, LENS adaptively allocates a limited frame budget
between spatial zoom-ins, which highlight query-relevant regions within
individual frames, and temporal zoom-outs, which expand the temporal
scope through multi-frame aggregation, enabling the model to reason
across multiple granularities while capturing both high-fidelity details and
long-range context. Across diverse long-form video benchmarks, LENS
consistently outperforms prior state-of-the-art keyframe sampling meth-
ods and delivers substantial gains over uniform sampling, improving
Video-MME accuracy from 53.3% to 60.7% with Qwen2.5-VL. Code is
available at https://github.com/zhangce01/LENS.

Keywords: Long-form Video Understanding - Keyframe Sampling -
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1 Introduction

The emergence of Multi-modal Large Language Models (MLLMs) has expanded
the scope of visual reasoning by bridging high-level linguistic understanding with
complex visual perception [1,19,47,50,51,53,57]. By integrating robust vision
encoders with the reasoning capabilities of large language models, these systems
demonstrate strong generalization across a wide range of tasks, from zero-shot
captioning to multi-modal dialogue. Despite these advances, extending MLLMs to
long-form video understanding remains a significant challenge [14,17,20,48,49,54].
Unlike images or short clips, long videos consist of thousands of frames with
complex temporal dependencies, while current MLLMs can process only a limited
number of visual tokens due to the limited context window. For example, a
30-minute video at 30 fps contains roughly 54,000 frames, which can translate
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Fig. 1: Illustration of LENS for multi-granular video understanding. For
detail-oriented questions (Left), conventional uniform/coarse sampling fails to capture
fine-grained visual evidence, whereas our spatial zoom-in highlights query-relevant
regions and enables correct prediction. For event-level understanding questions (Right),
prior approaches suffer from limited temporal coverage, while our temporal zoom-out
expands long-range temporal context, allowing the model to identify the global temporal
structure. Together, these results demonstrate that LENS adaptively allocates visual
evidence across spatial and temporal dimensions to improve video reasoning.

to tens of millions of visual tokens when processed by models such as LLaVA-
OneVision [15], far exceeding typical context limits. As a result, directly feeding
full videos into the model is computationally prohibitive, necessitating mechanisms
that enable MLLMSs to efficiently handle video understanding tasks.

To address the context bottleneck, a natural strategy is to select only a small
subset of frames from the video as visual inputs for downstream reasoning. The
efficacy of long-form video understanding is therefore intrinsically tied to the
quality of this selection; any omission of pivotal moments leaves the model with
insufficient information to address the query. Despite this, many state-of-the-art
MLLMs [2,4,15,24,52, 58] still rely on naive uniform sampling strategies that
select frames at fixed intervals, which can miss task-critical content when relevant
evidence is sparse or localized in time. This highlights the practical importance
of keyframe sampling, where selecting informative and query-relevant frames is
essential for effective long-form video reasoning. However, determining which
frames are truly informative is inherently challenging, as relevant visual cues may
be sparse, subtle, or distributed across distant segments of the video.

To tackle this problem, recent works have explored various keyframe sampling
strategies aimed at identifying frames that are most informative for answering
a given query. For example, BOLT [21] and AKS [31] use image-text matching
models to estimate query—frame relevance scores, then apply inverse transform
sampling or adaptive judge-and-split procedures to balance relevance with tem-
poral diversity. In contrast, T* [44] utilizes object detection models to identify
inferred cue objects and iteratively refine its frame selection process. However,
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these approaches primarily operate at the frame level and treat frames as inde-
pendent sampling units, focusing on selecting which frames to retain rather than
how visual evidence should be allocated across spatial and temporal dimensions.
Consequently, their fixed-granularity design limits flexibility under diverse query
demands, as selected frames alone may not provide sufficient spatial precision or
temporal coverage, as illustrated in Figure 1.

In this work, we introduce LENS, a novel framework for keyframe sampling
that dynamically adjusts its focus between fine-grained spatial details and long-
range temporal context. Our key insight is that different queries require different
forms of visual evidence: object-centric questions rely on fine-grained local cues,
whereas event-level reasoning depends on broader temporal context. Instead of
selecting a static subset of frames, LENS dynamically allocates frame budgets to
emphasize either detailed visual regions or wider temporal coverage according
to the query. As illustrated in Figure 1, LENS enables multi-granular reasoning
that more effectively aligns visual evidence with the demands of the task.

Specifically, LENS realizes this adaptive strategy through two complementary
operations: spatial zoom-in and temporal zoom-out.' The spatial zoom-in module
highlights query-relevant regions within selected frames to capture fine-grained
visual cues, while the temporal zoom-out module aggregates neighboring frames
to expand the temporal field of view and preserve contextual continuity. A
lightweight query-aware controller dynamically determines how to allocate the
frame budget between these two branches, allowing the model to flexibly prioritize
local precision or global context depending on the task. Notably, LENS is training-
free and plug-and-play, making it directly applicable to both open-source and
proprietary MLLMs without additional fine-tuning.

We comprehensively evaluate our approach on multiple long-form video ques-
tion answering benchmarks and demonstrate that LENS consistently outperforms
state-of-the-art training-free sampling methods across frame budgets and back-
bones. Qualitative analyses further highlight LENS’s ability to flexibly balance spa-
tial precision and temporal coverage, showing that it dynamically allocates frame
budgets between spatial zoom-ins and temporal zoom-outs based on the text query,
prioritizing fine-grained visual regions for detail-oriented questions while expand-
ing temporal context for queries that require broader event-level understanding.

Our contributions are summarized as follows:

e We propose LENS, a novel training-free framework that adaptively partitions
a limited frame budget between spatial zoom-in and temporal zoom-out
operations, enabling multi-granular reasoning that balances fine-grained
visual details with long-range temporal context.

e We devise spatial zoom-in and temporal zoom-out mechanisms that refine
local evidence through query-conditioned visual prompting and capture global
video structure via graph-based reasoning with hyperframe aggregation.

1 We use “zoom” as an analogy along two orthogonal axes rather than in the strict
optical sense. Spatial zoom-in narrows the spatial field of view within a frame to
amplify local detail, whereas temporal zoom-out widens the temporal field of view by
aggregating neighboring frames.
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o We validate the effectiveness of LENS through comprehensive experiments
on three long-form video understanding benchmarks, demonstrating that it
consistently outperforms state-of-the-art keyframe sampling approaches.

2 Related Work

Long-Form Video Understanding. Recent progress in multi-modal learning
has enabled large language models to perceive videos by augmenting them with vi-
sual encoders, converting frames into visual tokens that can be processed alongside
text for a wide range of video understanding tasks [1-3,9,10,33,61]. However, early
approaches struggle to handle hour-long videos in a single pass, as the resulting
token sequences quickly exceed the available context length [9,14,26,40,55]. To ad-
dress this challenge, recent work has focused on the fundamental problem of scaling
long-context MLLMs and improving their temporal reasoning capabilities [27,40].
For instance, LongVU [28] introduces spatiotemporal adaptive compression to
reduce temporal/spatial redundancy and fit many frames into a fixed window,
and LongVILA [7] provides a full-stack solution that extends context length
and performs long-video supervised fine-tuning with system-level optimizations.
Another line of work tackles long-form video understanding from an inference-
time perspective by designing LLM-based agents equipped with external tools to
iteratively explore videos and gather relevant evidence. Representative methods
include VideoAgent [35], VideoLucy [62], and VideoTree [37], which dynamically
select tools (e.g., frame captioning, temporal navigation) to decompose complex
queries into sequential reasoning steps. More recently, retrieval-augmented genera-
tion (RAG) techniques have been adopted to enhance LLMs by building external
knowledge bases and retrieving relevant information to support long-context
reasoning [22,29,41]. However, the heavy computational overhead introduced by
iterative tool calling hinders their scalability and practical deployment.

Video Keyframe Sampling. Orthogonal to these lines of work, we focus on
the problem of video keyframe sampling, which aims to select a compact, query-
relevant subset of frames that maximizes useful evidence [5,6,13,32,42,46]. Early
methods such as BOLT [21] and AKS [31] frame keyframe selection as a trade-off
between relevance and temporal diversity, leveraging inverse transform sampling
or adaptive judge-and-split procedures to balance prompt—frame relevance with
coverage. T* [44] advances this line of work by introducing a temporal search
mechanism that detects visual cues and progressively refines sampling, upsam-
pling relevant temporal or spatial regions using object detection models. Further,
Q-Frame [56] performs query-aware frame selection with multi-resolution adap-
tation, allocating higher resolution to the most informative frames while keeping
the overall token budget fixed. However, these approaches operate at a single
granularity, focusing on which frames to select rather than how evidence should
be distributed across spatial and temporal scales. In contrast, we introduce spatial
zoom-in and temporal zoom-out to enable multi-granular reasoning that adap-
tively balances spatial precision and temporal coverage according to the query.
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Fig. 2: Overview of LENS. (A) Spatial zoom-in selects query-relevant frames using
image—text similarity and enhances fine-grained evidence via CLIP attention—based
visual prompting. (B) Temporal zoom-out constructs a video graph to model inter-
frame relationships and propagates relevance scores through message passing, enabling
long-range reasoning and the selection of context-rich hyperframes. (C) An adaptive
budget allocator dynamically distributes frame budgets between spatial and temporal
branches, whose outputs are combined for final reasoning with a video LLM.

3 Method

In this work, we introduce LENS (Figure 2), a novel training-free framework
that adaptively samples frames by performing spatial zoom-ins and temporal
zoom-outs, enabling the model to reason across multi-granular scales to achieve
both high-fidelity detail and comprehensive temporal coverage.

3.1 Preliminaries

MLLM-Based Video Understanding. Consider a video question answering
task with an input video V' consisting of T discrete frames {f1, f2, -, fr} and
an associated natural language query Q. To generate a linguistically coherent and
visually grounded response, the MLLM employs a visual encoder £ to extract
latent features from each frame and a feature projector P to map these features
into a sequence of visual tokens xy = P (£(f1),E(f2),- - ,E(fr)). These visual
tokens are concatenated with the tokenized textual query xr and fed into an LLM
decoder for auto-regressive next-token generation. Formally, at each decoding
step j, the next token y; is sampled from the output probability distribution
pe conditioned on the multimodal context and previously generated tokens y;,
represented as y; ~ po(y; | Xv, X7, ¥<j).

Keyframe Sampling. Processing the entire sequence of T frames is often
computationally prohibitive due to the quadratic complexity of self-attention in
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the LLM decoder. To mitigate this, a sampling strategy S is typically employed to
select a subset of k keyframes {fs,, fsss - » fs, }» Wwhere k < T. By reducing the
temporal redundancy of the input video, keyframe sampling ensures that the visual
tokens xy remain within the LLM’s effective context window while preserving
the essential semantic content required for accurate video understanding.

3.2 Spatial Zoom-in via Visual Prompting

In long-form videos, query-relevant evidence is frequently sparse and localized, yet
most approaches [21,31] rely on coarse frame-level representations that overlook
such spatial nuances. We introduce a pizel-level visual prompting module that
enhances spatial granularity by applying a query-conditioned attention mask to
each frame. Instead of treating visual inputs uniformly, the module emphasizes
semantically relevant and visually salient regions, effectively performing a spatial
zoom-in that preserves visual context while capturing fine-grained cues.

Candidate Frame Selection. To identify a subset of query-relevant frames
]-'S’pa for subsequent visual prompting, we first extract a pool of candidate frames
from the input video. We utilize a pre-trained image—text alignment model M
(e.g., CLIP [25] or BLIP [16]) to measure the relevance between each frame f;

and the query @ via cosine similarity, defined as
yi = cos(M™(f;), M*(Q)), i€ {l,--- T}, (1)

where MY and M denote the visual and textual encoders, respectively. To
prevent selected frames from clustering within a narrow temporal window, we
implement a watershed algorithm [12] on the similarity curve to partition the
video into distinct temporal segments. We then select the single highest-scoring
frame from each segment as a representative. This ensures the candidate set F,,
spans the full video timeline rather than concentrating around a single event.

Query-Guided Visual Prompting. To highlight query-relevant regions within
each frame of the candidate set JF,,, we leverage cross-modal attention signals
within a ViT-based CLIP [25] model Mcpp to derive spatial attribution maps
that quantify the semantic relevance between the textual query and individual
image patches, which enable us to localize fine-grained evidence while preserving
the global visual context.

To decompose the global image—text similarity of each frame f into patch-
level relevance scores, we formalize the final [CLS] representation as a linear
aggregation of the value flows through the preceding attention and MLP layers

following prior works [11]:

U0 () =6 ([2%es) +ZL: ¢ ([MSAl (zl—l)} ds) + zLj ¢ ([M Lpl(zl)} ds) (2)

where L denotes the total number of transformer layers, z'~! and z' represent

the token sequences prior to the [-th attention and MLP blocks respectively, and
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where ¢(-) denotes the final linear projection (with normalization) that maps
visual features into the joint embedding space. Prior work [19,45] shows that the
final similarity is primarily governed by the deepest Multi-Head Self-Attention
(MSA) layers, i.e., | € {L’,..., L}, while the initial embedding z° and MLP
outputs act mainly as residual contributions.

We further decompose the outputs of the MSA blocks as a weighted summation
over H attention heads and N input tokens:

L L H N L H N
Yo ([MSAl(zH)LlS) DD DI CLIRAUACZEC D ) B SRLCH

=L’ I=L’ h=1n=0 I=L' h=1n=0
3)
1,h)

where «;,”"’ represents the attention weight assigned to the n-th token by the h-th
head at layer [ relative to the [CLS] token. The term Vsll’h) = qul’h)zﬁjl denotes
the linear value projection of the n-th token. The term s(™%") encapsulates the
individual contribution of the n-th token to the final representation through a
specific head and layer. By aggregating these contributions across all terminal
layers and attention heads, we derive the final relevance score for each image
patch n € {1,...,N} as ¢, = ZleL/ 2,15:1 s(mbh) We then compute a query-
conditioned relevance score by measuring alignment with the text embedding r,, =
(Cn, M p(Q)), where (-, -) denotes the inner product. Intuitively, this score mea-
sures how strongly each patch contributes in the direction of the query embedding.

Saliency-Based Visual Prompting. Empirically, these query-conditioned
relevance scores are most effective when the query @ specifies concrete objects
or actions, as they can precisely localize regions aligned with explicit semantics.
However, their discriminative capability weakens for more general queries, where
relevance is not anchored to particular entities and instead depends on broader
contextual cues. To mitigate this limitation, we introduce a complementary
visual-only attribution that leverages the attention received from the [CLS]
token in the final transformer layer, which has been shown to encode global
contextual information [43,49]. Specifically, let A(Fh) ¢ RINHDX(N+1) denote
the attention matrix of the h-th head in the final layer L. We compute the
visual-only contribution score for a specific token n by aggregating the attention
weights from [CLS] across heads:

H

. 1 L,h

Fn= 2 ) ALM, nmedl,... N} (4)
h=1

To ensure the final mask captures both explicit semantic targets and general
foreground saliency cues, we combine the query-conditioned relevance r,, and the
query-agnostic importance 7, using a soft OR fusion: rfinal =1 — (1 —r,)(1—7,),
which increases whenever either signal indicates high relevance.

The fused token scores are arranged into an attribution map on the token
grid and resized to the original image resolution to obtain a raw heatmap. To
reduce discretization artifacts from patch-level tokens, we apply a mean filter to
produce smoother spatial transitions that better align with semantic boundaries.
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This refined heatmap is then overlaid onto the original frames as an alpha
mask, yielding a set of visually prompted frames Fp,, which effectively suppress
irrelevant background noise and amplify query-relevant foreground regions.

3.3 Temporal Zoom-out with Video Graph Reasoning

Complementarily, long-form reasoning also requires understanding broader tem-
poral context beyond isolated frames. To this end, we introduce a parallel branch
with a temporal zoom-out mechanism that expands the temporal receptive field
by aggregating information from a wider frame neighborhood. Instead of focus-
ing on local evidence, this branch summarizes global temporal dynamics and
contextual cues, enabling the model to capture long-range dependencies. By
integrating fine-grained spatial evidence with coarse-grained temporal context,
the framework achieves a more holistic understanding of video content.

Video Graph Reasoning. To explicitly model the temporal structure and
semantic relationships among frames, we represent the input video as an undi-
rected graph G = (V, £), where each node corresponds to a frame representation.
We compute pairwise distances between frames using visual similarity measures
such as CLIP image—image similarity [25] or SSIM [36]. Specifically, the dis-
tance between two frames is defined as d(f;, f;) = (1 —Sim(f;, f;)) /2 € [0,1],
where Sim(+,-) denotes the similarity score. We then sort all pairwise distances
in ascending order and iteratively connect frame pairs following this order until
the resulting graph becomes fully connected. Intuitively, this yields a sparse yet
globally coherent graph that captures intrinsic video structure.

For all connected edges, we define the affinity matrix W using a Gaussian
kernel to represent the pairwise similarity between frames:

2
W, - {exp (-LL2) i, -
0 if ¢ = j,
where W;; = 0 effectively prevents self-loops. We then compute the symmetrically
normalized adjacency matrix S = D~Y2W D~1/2, where D is the diagonal degree
matrix with D;; = > j W;;. Using this normalized structure, we perform iterative
message passing until convergence according to the following update rule:

y® =Sy + (1 - a)y?, (6)

where y(©) = y represents the initial image-text similarity scores between each
frame and the text query @ in Equation (1), and « € (0,1) is a balancing hy-
perparameter that controls the trade-off between the local unary priors and the
global graph structure. While Equation (6) admits a closed-form solution with
O(T?) complexity (T total frames), we use the iterative form with O(K|E|) cost
(I€]: edges, K: iterations), which is empirically negligible compared to MLLM
processing time. Formally, since the symmetrically normalized matrix S has
eigenvalues bounded within [—1, 1], the message-passing sequence {y®} is a con-
vergent Neumann series, which reaches a unique steady state. Concretely, {y(t)}
converges to y* = (1—a)(I —aS) 'y (see Zhou et al. [59] for a rigorous proof).



LENS: Adaptive Spatio-Temporal Zooming in Long-Form Videos 9

Intuitively, the refined scores obtained after the iterative updates produce a
refined similarity landscape where the relevance of each frame is reinforced by
the underlying video structure. Finally, we similarly apply watershed sampling
over the refined scores to select another set of candidate frames F,,, that are
globally representative of the video’s semantics.

Hyperframe Aggregation. Given the selected candidate frames Fj.,, we
construct hyperframes to enrich temporal context while keeping the token budget
fixed. Specifically, for each candidate frame, we concatenate its neighboring
7 — 1 frames along the spatial axis to form a composite frame. The resulting
hyperframe is then downsampled to a lower spatial resolution, trading spatial
detail for broader temporal coverage, yielding the hyperframe set Fiem. This
design enables the model to capture short-range motion and contextual cues
around key moments without introducing additional frames, thereby improving
temporal reasoning while maintaining computational efficiency.

3.4 Adaptive Keyframe Budget Allocation

The spatial and temporal branches described above provide complementary
evidence: spatial zoom-in captures fine-grained local cues, while temporal zoom-
out summarizes long-range context via video graph reasoning and hyperframes.
However, different queries demand different levels of detail and contextual breadth.
To reconcile this variability, we introduce a query-aware allocation mechanism
that dynamically distributes a fixed frame budget B between the two branches.

Given a natural language query @ and an allocation prompt Pjc, we employ
the MLLM as a lightweight controller C that predicts an allocation ratio?

r= C(Qa Palc)a Bspa = \‘TB + %Ja Btem =B - Bspaa (7)

where r € [0, 1] denotes the proportion of frames assigned to spatial zoom-
in, and Bgpa and Biem specify the frame budgets for the spatial and temporal
branches, respectively, i.e., |Fspa| = Bspa and |Ftem| = Btem. The final frame
set is then formed by merging the two branches F = Sort;(Fspa U Frem), Where
Sort;(+) orders frames according to their original temporal indices to preserve
chronological consistency. These frames are then provided to the MLLM as visual
inputs for multi-modal reasoning.

4 Experiments

In this section, we validate the effectiveness of our keyframe sampling approach
on various standard long video understanding benchmarks.

2 See the Appendix for the prompt details.
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Table 1: Evaluation results of VQA accuracy across different frame budgets
on Video-MME, LongVideoBench (LVB), and MLVU. Missing entries are
denoted by “~”, indicating that results are either not reported or not applicable.

Video-MME (w.o. sub.)

Method Size # Frames  Short Medium Long  Overall LvB  MLVU
Avg. Video Duration 1.3min 9min 41min  17min  12min  12min
MLLMs w/ Uniform Sampling

Video-LLaVA [17] B 8 45.3 38.0 36.2 39.9 39.1 47.3
VideoLLaMA2 [9] B 16 56.0 45.4 42.1 47.9 - -
LLaVA-NeXT-QW2 [18] 7B 8 58.0 47.0 43.4 49.5 - -
LongVILA [7] 8B 128 60.2 48.2 38.8 49.2 - -
LongVA [55] 7B 128 61.1 50.4 46.2 52.6 - -
Video-XL [30] 7B 128/256 64.0 53.2 49.2 55.5 - 64.9
LLaVA-OneVision [15] B * 64.0 53.2 49.2 58.2 56.3 64.7
LongVU [28] 7B 1fps 64.7 58.2 59.5 60.9 - 65.4
SF-LLaVA-1.5 [40] 7B 128 - - - 63.9 62.5 71.5
VIiLAMP [8] B 1fps - - 57.8 67.5 61.2 -
Keye-VL-1.5 [34] 8B 64 81.2 70.7 67.1 73.0 66.0 -
Training-free Keyframe Sampling Approaches

Qwen2.5-VL [1] B 8 60.9 51.4 47.4 53.3 53.3 52.8
+ BOLT [21] 7B 8 66.0 54.6 50.4 57.0 55.6 59.0
+ AKS [31] 7B 8 62.1 51.4 48.8 54.1 52.0 53.7
+ Q-Frame [56] 7B 8 66.7 58.7 51.3 58.7 56.6 58.2
{ LENS (Ours) 7B 8 68.7 59.6 53.7 60.7 59.3 63.7
Qwen2.5-VL [1] 7B 16 67.3 55.0 48.9 57.1 56.7 57.1
+ BOLT [21] B 16 1.7 57.7 49.7 59.7 58.0 64.5
 AKS [31] 7B 16 66.4 56.9 48.6 57.3 55.7 57.8
+ Q-Frame [56] 7B 16 70.0 59.4 52.6 60.7 57.1 61.9
+ LENS (Ours) B 16 72.3 62.1 54.8 63.1 59.7 65.9
Qwen2.5-VL [1] 7B 32 72.6 59.0 51.8 61.1 58.4 59.4
+ BOLT [21] 7B 32 74.3 64.2 53.8 64.1 58.6 66.3
+ AKS [31] 7B 32 66.4 56.9 48.6 57.3 58.3 63.1
{ Q-Frame [56] 7B 32 71.8 62.4 52.8 62.3 58.7 64.6
+ LENS (Ours) 7B 32 74.6 70.0 56.7 67.1 60.6 66.7
LLaVA-OneVision [15] 7B 8 63.9 51.2 43.9 53.2 51.8 59.2
{ LENS (Ours) 7B 8 66.2 60.1 49.7 58.7 57.5 66.3
GPT-5-Mini - 8 74.4 61.1 58.9 64.8 55.0 49.1
+ LENS (Ours) - 8 78.6 62.7 65.6 69.0 61.7 53.8

4.1 Experimental Settings

Models and Benchmarks.To evaluate our approach, we sample keyframes and
process them using a suite of state-of-the-art MLLMs. Specifically, we employ
Qwen2.5-VL [1], LLaVA-OneVision [15], and GPT-5-Mini as our foundational
models for video understanding. We conduct extensive experiments on three
long-form video understanding benchmarks:

e Video-MME [10] is a widely used benchmark designed to evaluate MLLMs
across various video lengths, requiring the integration of both short-term
temporal cues and long-term semantic context;

e LongVideoBench (LVB) [38] evaluates a model’s ability to perform
complex reasoning and information retrieval over extended durations;



LENS: Adaptive Spatio-Temporal Zooming in Long-Form Videos 11

e MLVU [60] covers a diverse range of disciplines and tasks, providing a
holistic assessment of a model’s capacity to process long-sequence video data
in specialized domains.

Collectively, these benchmarks feature videos ranging from several seconds to
hours, providing a comprehensive evaluation of the effectiveness of our approach
in selecting the most representative keyframes for long-form video understanding.

Baselines. As a simple baseline, we include results from a uniform sampling
baseline, where frames are selected at equal time intervals. Furthermore, we com-
pare our performance against three state-of-the-art keyframe selection methods:
BOLT [21], AKS [31], and Q-Frame [56]. To ensure a fair comparison, we report
the performance of these baselines based on our re-implementation.

Implementation Details. For all evaluations, we adhere to the default query
formats and prompts specified by the respective benchmarks to ensure consistency.
Following the evaluation protocol in prior work [31,56], we configure our method
to sample 8, 16, and 32 frames from the input video. For the temporal zoom-out
module, we set 0 = 0.3, a = 0.8, and 7 = 4 as the default hyperparameters for
hyperframe generation; these choices are supported by ablation studies reported
in the Appendix. To prevent redundancy between the two branches, we explicitly
constrain the temporal zoom-out module to avoid selecting frames already chosen
by spatial zoom-in. All experiments are conducted on a server equipped with 8x
48GB NVIDIA RTX 6000 Ada GPUs.

4.2 Results and Discussions

Results on Qwen-2.5-VL. Table 1 presents a comprehensive comparison be-
tween LENS and existing training-free keyframe sampling strategies under varying
frame budgets. Across all budgets (8, 16, and 32 frames), LENS consistently
achieves the best performance, demonstrating the effectiveness of adaptive multi-
granular keyframe selection. Under the strict 8-frame constraint, LENS attains
an overall accuracy of 60.7% on Video-MME, surpassing the second-best baseline
Q-Frame by 2.0%. The gains are consistent across short, medium, and long videos,
indicating that even with limited visual evidence, the combination of spatial
zoom-in and temporal zoom-out provides more informative frame selection than
relevance-only or heuristic-based sampling. As the frame budget increases, the
advantage of LENS becomes more pronounced. At 16 frames, LENS reaches 63.1%
overall accuracy, improving over Q-Frame by 2.4% and showing notable gains
on medium and long videos, where modeling long-range dependencies becomes
increasingly important. With 32 frames, LENS achieves 67.1%, outperforming all
baselines by a substantial margin. Overall, these results highlight that LENS is
both budget-efficient and scalable, delivering consistent gains with limited frames
while further amplifying improvements as more budgets becomes available.
LENS also demonstrates consistent improvements on LongVideoBench and
MLVU. Under the 8-frame setting, LENS achieves 59.3% on LVB and 63.7%
on MLVU, outperforming the strongest baseline Q-Frame by 2.7% and 5.5%,
respectively. The gains remain stable as the frame budget increases, reaching 60.6%
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Question: Which significant football event is depicted in the video? Budget: 8 Frames & Video Duration: 298 Seconds
A.FIFAWorld Cup 2022 Final ~ B.2023 UEFA Champions League Final C.FIFAWorld Cup 2018 Final ~ D.2018 UEFA Champions League Final

Uniform Sampling 3 L ! 8 Response: B.2023 UEFA Champions League Final @

xR e TRt e W
fivc®s A & A0
Response: C. FIFAWorld Cup

-
Question: Which sentence describes this rally according to this video? Budget: 8 Frames B Video Duration: 52 Seconds
A.Two athletes make a series of consecutive successful hits. B.The athlete in red can not easily make a good return.
C.The athlete in black often makes edge balls. D. None of the above is correct.
Uniform Sampling U ! 3 Response: B.The athlete in red can not make a return. @

GORTR ‘
x = =B rd > | )
AKS Response: B.The athlete in red can not make a return. @

Our LENS

Fig. 3: Qualitative comparison on two representative samples from the
Video-MME benchmark [10]. The selected frames from LENS are compared against
those obtained via uniform sampling and AKS [31]. Note that frames obtained via
spatial zoom-in are denoted by green circles, while those from temporal zoom-out are
represented by green hexagons.

on LVB and 66.7 on MLVU with 32 frames. These results further demonstrate
that LENS consistently selects more informative frames and generalizes well
across different long-form video benchmarks.

Results on Other MLLMs. To verify that LENS generalizes beyond Qwen2.5-
VL, we apply it to two additional backbones under the 8-frame budget. On
LLaVA-OneVision, LENS improves the overall accuracy on Video-MME from
53.2% to 58.7%, with consistent gains on short, medium, and long videos. Similar
trends are observed on other benchmarks, where LENS increases performance on
LongVideoBench from 51.8% to 57.5% and on MLVU from 59.2% to 66.3%. On
the GPT-5-Mini backbone, LENS also yields clear improvements, raising Video-
MME overall accuracy from 64.8% to 69.0% and notably enhancing long-video
performance (58.9% vs. 65.6%). Meanwhile, LENS improves LongVideoBench
from 55.0% to 61.7% and MLVU from 49.1% to 53.8%. These results suggest
that LENS serves as a model-agnostic, training-free plug-in that consistently
enhances long-form video reasoning by providing complementary spatial evidence
and temporal context under tight frame budgets.

Qualitative Results. Figure 3 presents two representative comparisons of frame
selection on Video-MME. In the first (football event recognition), uniform sam-
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pling distributes frames evenly across the timeline but misses key discriminative
cues, while AKS retrieves partially relevant moments yet fails to capture the deci-
sive textual evidence at sufficient spatial resolution; consequently, both methods
produce incorrect predictions. In contrast, LENS uses spatial zoom-in to empha-
size fine-grained visual cues (e.g., the event-title region) and temporal zoom-out
to preserve the overall match context, enabling the model to correctly identify
the event as the FIFA World Cup 2022 Final. The second comparison (table
tennis rally understanding) further underscores the importance of multi-granular
reasoning. Uniform sampling and AKS attend to isolated moments of the rally
and overlook the sustained interaction between players, resulting in incorrect
interpretations of the play. By adaptively allocating frames, LENS captures
both localized player actions and the temporal continuity of the rally, allowing
the model to correctly infer that the sequence depicts a series of consecutive
successful hits. Overall, these results show that LENS selects frames that are not
only semantically relevant but also complementary across spatial and temporal
scales, yielding more reliable reasoning than prior keyframe sampling strategies.
Additional Results. Please refer to Appendix A for more experimental results
on EgoSchema [23] and NExT-QA [39], which consistently demonstrates that our
LENS can generalize to diverse video domains and reasoning types.

4.3 More Discussions

Efficiency Analysis. Table 2 reports the total runtime and accuracy of different
methods under an 8-frame budget, evaluated on all 2,700 Video-MME samples
using eight NVIDIA RTX 6000 Ada GPUs. While LENS incurs a modest runtime
increase over uniform sampling (11 h 50 min vs. 8 h 13 min), it achieves the highest
accuracy of 60.7%, corresponding to a substantial gain of +7.4%. Compared to
prior adaptive sampling approaches such as AKS and Q-Frame, LENS yields
consistently larger improvements with only moderate additional computational
overhead. This overhead primarily arises from the lightweight allocation controller,
as well as the extra computation introduced by attention-based prompting in
spatial zoom-in and graph-based reasoning in temporal zoom-out; however, these
components remain computationally inexpensive in practice. Overall, these results
confirm that LENS provides a strong balance between accuracy and efficiency,
making it well-suited for real-world long-video applications.

Notably., LENS remains far Table 2: Efficiency comparison on Video-
more efficient  than even re- pNvig [10]. We report the total runtime, the
cent LLM-agent and retrieval- ,chieved accuracy, and the performance gains
augmented video reasoning meth- compared to the uniform sampling baselines.
ods. For instance, VideoRAG [22]
and Vgent [29] each require over
50 hours on the same bench- Qwen-2.5-VL [1] 8 h 13 min  53.3 -
mark—more than 4x the runtime  AKS [31] 9h 55 min 541 +0.8
of LENS—underscoring its practi- Q-Frame [56] 10 h 30 min  58.7  +5.4
cality as a lightweight solution for LENS (Ours) 11h50 min  60.7 +7.4

long-form video understanding.

Method Runtime Accuracy Gain
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Table 3: Ablation study of LENS components on Video-MME (without
subtitles) using Qwen2.5-VL under an 8-frame budget. We progressively add
query-aware scoring (CLIP/BLIP), spatial zoom-in, and temporal zoom-out modules to
analyze their individual and combined contributions. Note that Bsps and Biem denote
the numbers of frames allocated to spatial zoom-in and temporal zoom-out, respectively.

# Frames Video-MME (w.o. sub.)
Method Bspa Btem Short Medium Long Overall
Qwen2.5-VL [l] - - 60.9 51.4 47.4 53.3
+ CLIP Scores [25] - - 65.8 53.6 50.4 56.6

+ BLIP Scores [16]
+ Spatial Zoom-in
+ Temporal Zoom-out
+ Fixed Budgets 4
-+ Adaptive Budgets

- 65.9 54.2 50.8 57.0
68.8 58.0 52.0 59.6
68.5 57.5 51.8 59.2
68.9 59.0 52.8 60.2
68.7 59.6 53.7 60.7

1 0o I
* > 00 1

*

We also provide the average per-query runtime breakdown on Video-MME;,
where numbers in parentheses denote the cumulative performance after adding
each component. LENS takes 15.8s in total: 11.0s for standard MLLM processing
(563.3), 0.8s for CLIP/BLIP similarity computation (56.6), 1.4s for visual prompt-
ing (59.6), 0.5s for graph reasoning (60.2), and 2.1s for budget allocation (60.7).
Ablation Studies. Table 3 evaluates the contribution of each component in LENS
under a strict 8-frame budget. Starting from the vanilla Qwen2.5-VL baseline,
incorporating query-aware frame scoring already yields notable improvements,
where CLIP-based selection increases overall accuracy from 53.3% to 56.6%,
and BLIP further improves it to 57.0%. We then evaluate the impact of our
spatial zoom-in and temporal zoom-out modules, which capture fine-grained
details and long-range temporal context, respectively. Allocating all frames to
a single scale (spatial zoom-in or temporal zoom-out) provides moderate gains,
suggesting that relying solely on localized detail or coarse temporal coverage is
insufficient for complex video reasoning. In contrast, combining both through
a fixed budget split (4 spatial / 4 temporal) substantially boosts performance
to 60.2 overall, demonstrating the complementary nature of the two mechanisms:
spatial zoom-in improves fine-grained perception (e.g., small objects or subtle
actions), while temporal zoom-out enhances global event understanding and long-
range dependencies. Finally, our adaptive budget allocation achieves the best
performance (60.7% overall) and delivers the largest improvements on medium and
long videos, where the optimal balance between detail and coverage varies more
significantly across queries. This result highlights the importance of dynamically
adjusting computational resources based on query complexity and video structure,
enabling LENS to allocate frames where they are most informative.

Budget Allocation. We test whether LENS depends on the capacity of the
module that allocates the frame budget between spatial zoom-in and temporal
zoom-out. Replacing our default allocator with two stronger proprietary models
(GPT-5-Mini and Gemini-2.5-Pro), while keeping Qwen-2.5-VL fixed as the QA
backbone, yields only marginal additional gains on Video-MME (+0.4% and
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+0.7%, respectively). This indicates that the improvements stem primarily from
the multi-granular zoom-in/zoom-out formulation rather than from the strength
of the allocator. Consistent with this, our ablations show LENS still delivers
significant gains even without the controller, demonstrating that the framework is
robust to the allocation mechanism and does not rely on large proprietary models.

5 Conclusion

We present LENS, a training-free, plug-and-play framework for adaptive keyframe
sampling in long-form video understanding. LENS explicitly models the trade-off
between fine-grained spatial evidence and long-range temporal context, allocating
a limited frame budget through complementary spatial zoom-in and temporal
zoom-out operations. This multi-granular strategy enables MLLMs to align visual
evidence with the demands of each query, without modifying model weights
or adding computational overhead. Across diverse long-form video question an-
swering benchmarks, LENS consistently outperforms existing keyframe sampling
strategies, underscoring the value of adaptive spatio-temporal allocation for effi-
cient video reasoning. Qualitative analyses further show that LENS yields more
interpretable evidence selection, focusing on discriminative regions when fine
detail is decisive and expanding temporal coverage for event-level understanding.
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