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Q : What activity did the man in the video do today

A: marathon 
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Fig. 1: Overview of the proposed STVFocus framework. Given a query and
a video, STVFocus leverages query-aware spatio-temporal saliency to optimize visual
context for Video LLMs. Temporal Focus identifies informative frames, and Spatial
Focus highlights salient regions within each frame, while providing additional query-
relevant temporal cues within the given budget. This focusing process produces a high
information density visual context, enabling more accurate and coherent video under-
standing in LLMs.

Abstract. Video Large Language Models (Video LLMs) aim to under-
stand and reason over dynamic visual content. However, videos inher-
ently exhibit low task-relevant information density because only a small
fraction of frames and regions provide meaningful cues. As a result, the
useful signals are sparse across space and time. We present STVFocus, a
training-free framework that unifies spatio-temporal focusing to capture
salient contexts and build informative video representations. STVFocus
consists of three components. First, Hierarchical Temporal Focus applies
a coarse-to-fine frame selection strategy that captures global temporal
structure while selectively emphasizing informative moments without ex-
cessive query bias. Second, Query-informed Spatial Focus uses spatial
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saliency to highlight query-relevant intra-frame regions. Finally, Tem-
poral Reallocation reinvests the saved spatial capacity into additional
high-value frames, enabling richer temporal coverage. By jointly leverag-
ing temporal and spatial saliency, STVFocus produces compact yet se-
mantically enriched video representations. Experiments on VideoMME,
LongVideoBench, and MLVU show consistent gains with meaningful
margins, confirming the effectiveness of unified spatio-temporal focus-
ing.

1 Introduction

Recent advances in Large Language Models (LLMs) have expanded their capabil-
ities to visual modalities. Image-based multimodal LLMs [7,28,38] demonstrate
strong visual reasoning by combining vision encoders with large language mod-
els. Building on this progress, Video LLMs [27, 30, 31, 35, 37, 46, 64, 65] extend
these capabilities to video understanding. Unlike static images, videos exhibit
both temporal continuity and spatial complexity, presenting unique challenges
for reasoning over dynamic visual content. However, the inherently low informa-
tion density of video data poses a fundamental limitation [44, 56]. Most video
segments contain substantial amounts of task-irrelevant visual information that
contribute little to meaningful interpretation. Temporally, consecutive frames
frequently show almost the same content, providing only limited new informa-
tion [58]. Spatially, static backgrounds and other uninformative regions make
up a large portion of each frame [34]. This abundance of irrelevant information
weakens meaningful signals and increases computational overhead, forcing mod-
els to process vast amounts of low-value visual input. Therefore, enhancing the
representational quality of Video LLMs requires focusing on spatio-temporally
salient regions that are important for effective understanding.

To address the prevalence of task-irrelevant information, recent studies have
explored training-free approaches that selectively focus on salient content in
the temporal or spatial domain. For temporal salient focusing, frame-level se-
lection methods [22, 39, 53] identify informative frames by leveraging external
multimodal embedding models [10, 29, 45, 61, 63]. While effective at highlight-
ing temporally informative moments, these methods suffer from two key limi-
tations: (1) the heavy external model is used only for temporal sampling and
then discarded, leaving substantial computation underutilized, and (2) reliance
on query-conditioned cues often introduces query bias that weakens short-video
and global context understanding, limiting these methods to long-video settings.
In contrast, spatial salient focusing has been far less explored. Most existing stud-
ies approach it indirectly through token compression [20,21,24,48], which largely
prioritizes efficiency and fails to preserve spatial regions that are semantically
important. A more recent attempt, Q-Frame [69] adjusts frame resolution based
on temporal saliency. However, it still operates at the frame level and does not
capture the fine-grained intra-frame cues essential for spatial understanding. To
the best of our knowledge, no existing method explicitly guides spatial focus-
ing within a frame according to query relevance. Overall, temporal and spatial
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salient focusing have been explored separately. Yet existing approaches still fail
to capture the synergy between temporal and spatial focusing needed to build
information-dense video representations.

To overcome these limitations, we propose STVFocus, a training-free frame-
work that unifies spatio-temporal focusing across frame and token levels by
jointly leveraging temporal and spatial saliency, as shown in Fig. 1. STVFo-
cus first performs Hierarchical Temporal Focus, a novel coarse-to-fine frame
selection strategy guided by an external multimodal embedding model [45]. The
coarse stage focuses on capturing the global temporal structure by selecting
frames that outline the overall storyline and preserve contextual diversity. The
fine stage then narrows the selection toward query-relevant moments, reflecting
the tendency of human perception to process global structure before attending
to local details [43]. This hierarchical process balances global coverage and tem-
poral selectivity without being overly biased toward the query. In the spatial
focusing stage, Query-informed Spatial Focus incorporates spatial saliency
to identify query-relevant regions at the intra-frame level. It further extends the
external multimodal embedding model beyond temporal focusing to enable fine-
grained spatial focusing within each frame. By preserving important areas and
suppressing redundant backgrounds, this spatial focusing mechanism refines spa-
tial representations while maintaining contextual integrity. Finally, Temporal
Reallocation expands temporal modeling capacity by directing attention to-
ward additional frames of high temporal relevance. This redistribution enriches
temporal coverage and results in a more information-dense video representation.

The main contributions of this work are summarized as follows:

– We present STVFocus, a training-free and model-agnostic framework for
unified spatio-temporal focusing, jointly capturing temporal informativeness
and spatial semantic relevance to build information-dense video representa-
tions.

– We introduce Hierarchical Temporal Focus, a coarse-to-fine frame selection
strategy that organizes global temporal structure and progressively refines
it toward query-relevant moments, producing a balanced set of diverse and
informative frames.

– We propose Query-informed Spatial Focus and Temporal Reallocation for
spatial-to-temporal refinement. Query-informed Spatial Focusing highlights
semantically meaningful intra-frame regions, enabling Temporal Realloca-
tion to use the resulting spatial capacity to extend temporal coverage.

– Extensive experiments demonstrate that STVFocus achieves consistent im-
provements across benchmarks, achieving 4.4% (+2.6) on VideoMME [19],
8.5% (+4.8) on LongVideoBench [57], and 8.7% (+5.5) on MLVU [73].

2 Related Works

2.1 Video Large Language Models

As Large Language Models (LLMs) expand from textual to visual domains,
Video Large Language Models (Video LLMs) [11, 30, 35, 36, 41, 42, 60, 65] have
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emerged to jointly model spatial and temporal information. Advances in this area
stem from several complementary directions. Large-scale, high-quality video–text
datasets drive substantial progress by providing stronger supervision for tem-
poral reasoning [9, 12, 71]. Efforts to improve visual inputs explore dynamic-
resolution modeling [4,55,64] and interleaved visual–textual tokens [1]. Another
direction focuses on token-level modeling, refining visual features across spatial
and temporal dimensions to enhance temporal understanding and representa-
tion efficiency [1,26,27,40,64]. LLaMA-VID [33] encodes each frame using only
two tokens for compact yet expressive representations, while MovieChat [52]
incorporates short-term and long-term memory tokens to capture temporal de-
pendencies in long videos. Further work [32, 51] refines token representations
inside the LLM to better support long-context video reasoning. However, these
methods inherently depend on extensive training, which limits their scalability
and practicality. This motivates the need for training-free, model-agnostic ap-
proaches that can efficiently enhance video understanding without additional
optimization.

2.2 Temporal Context Adaptation in Video LLMs

Modern Video LLMs typically sample visual content at uniform temporal inter-
vals, assuming all segments are equally informative. This often leads to miss-
ing salient video content, making retrieval somewhat dependent on chance. Re-
cent work aims to better organize and structure the temporal context fed into
Video LLMs, and these efforts can be broadly categorized into training-based and
training-free methods. Training-based approaches perform temporal adaptation
by teaching models to identify temporal segments that provide meaningful cues
for downstream reasoning [2, 23, 62]. For instance, Frame-Voyager [62] learns
temporal patterns that offer richer contextual grounding, while LongVU [50]
reduces temporal redundancy by comparing visual feature similarity and adap-
tively maintains high-resolution visual information through alignment with text
queries. However these approaches require additional training that increases com-
putational cost. Complementary to these are training-free methods, which reor-
ganize temporal content outside the Video-LLM pipeline using external models.
BOLT [39] leverages multimodal embeddings [45,63] with a CDF-based strategy
to emphasize moments that are more strongly associated with the given query. In
contrast, AKS [53] structures videos into temporal bins and applies a recursive
judge-and-split process that balances relevance and temporal diversity.

Nonetheless, these methods rely on expensive external models that are used
solely for temporal context adaptation and tend to be overly biased toward
the query. Such query bias hinders global video understanding and limits these
methods to long-video scenarios.

2.3 Visual Context Adaptation in Video LLMs

Although temporal context plays a crucial role in capturing the progression of
events, effective video understanding also requires adapting the visual context
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Fig. 2: The overall framework of STVFocus. STVFocus optimizes the visual con-
text of Video LLMs by leveraging spatio-temporal saliency through three complemen-
tary modules. Hierarchical Temporal Focus (HTF) captures both globally representa-
tive moments and query-relevant fine-grained events, enhancing information density at
the frame level. Query-informed Spatial Focus (QSF) directs attention toward salient
spatial regions within each frame and refines intra-frame representation at the token
level. Finally, Temporal Reallocation (TR) broadens temporal coverage by redistribut-
ing focus toward additional informative frames.

within the model itself. As part of this direction, token-level studies explore
token compression as an approach to adapting visual context in Video LLMs.

Token compression, originally introduced in Vision Transformers [5, 13, 16],
was later applied to Multimodal LLMs [8, 59, 75] and Video LLMs to simplify
visual inputs or reduce redundancy. These approaches are typically categorized
into Outer-LLM [25,47,49,72] and Inner-LLM [20,21,70] strategies with hybrid
variants [24,48,54]. However, most of them prioritize reducing token count rather
than enhancing the semantic quality of visual representations. They also often
encounter attention–semantic misalignment [68] or lack compatibility with effi-
cient attention mechanisms such as Flash-Attention [14, 15]. A more recent line
of work in visual context adaptation is represented by Q-Frame [69], which moves
beyond simple token reduction toward reallocating visual capacity based on con-
textual importance. Q-Frame dynamically adjusts frame resolution according to
temporal saliency, assigning higher spatial detail to informative moments while
simplifying less relevant ones. However, its focus remains at the frame level,
without addressing fine-grained intra-frame focusing.

In summary, existing visual context adaptation methods either focus on ef-
ficiency or overlook detailed spatial structures within frames. As a result, they
fail to preserve important spatio-temporal and query-relevant cues.
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3 STVFocus

3.1 Method Overview

The pipeline of our STVFocus framework is illustrated in Fig. 2. Guided by
spatio-temporal saliency, STVFocus refines the visual context to highlight spa-
tially meaningful regions and capture temporally rich and informative moments.
The framework consists of four main stages. (1) Saliency Extraction: STVFo-
cus extracts spatio-temporal saliency using an external multimodal embedding
model [45], which measures the degree of relevance between the query and visual
content both globally across frames and spatially within each frame. (2) Hierar-
chical Temporal Focusing: Using temporal saliency, a flexible iterative selection
strategy progressively constructs an informative subset and extends it into a
coarse-to-fine structure, enabling the selected frames to capture global context
before focusing on fine-grained temporal details. (3) Query-informed Spatial
Focusing: Guided by spatial saliency, it directs attention toward semantically
meaningful tokens in the spatial domain, enabling the model to concentrate on
task-relevant regions and strengthen spatial interpretability. (4) Temporal Re-
allocation: The capacity freed from suppressed spatial regions is reallocated to
additional informative frames, enriching temporal diversity and strengthening
contextual representation. Overall, STVFocus improves video representations at
both frame and token levels, enabling the model to focus on spatio-temporally
meaningful content for more comprehensive and context-aware interpretation.

3.2 Saliency Extraction

STVFocus extracts the query-related spatio-temporal saliency of each frame us-
ing a multimodal embedding model [45], decomposing it into temporal and spa-
tial components to capture query relevance both across and within frames.

Temporal Saliency. The temporal saliency captures how much each frame
contributes to the overall query relevance. Let the frame pool be defined as
F = {I1, . . . , IN}, where N denotes the size of the frame pool. Given a text
query Q, its embedding q = fT (Q) is obtained through the text encoder fT . For
each frame Ii ∈ F , we extract the visual embedding vi = fV (Ii) and compute
its temporal saliency score si ∈ R as the cosine similarity between q and vi:

si =
q · vi

|q||vi|
, i = 1, . . . , N. (1)

The obtained scores are then normalized and sharpened using a control factor
α:

s̃i =

(
si −min(s)

max(s)−min(s)

)α

, i = 1, . . . , N. (2)

Spatial Saliency. For a given frame Ii, the visual feature vi is used to
compute a spatial saliency map Mi ∈ RH×W :

Mi = g(vi,q), (3)
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where Mi(h,w) indicates the relevance of location (h,w) in frame i to the query
Q. In our work, the function g(·) is implemented using gradient-based explain-
ability methods [6] to generate Mi, which is subsequently smoothed with a
Gaussian filter to reduce noise (i.e., Mi ← Gaussian(Mi)).

The Saliency Extraction stage produces spatio-temporal saliency signals that
inform temporal and spatial focusing in the subsequent modules.

3.3 Hierarchical Temporal Focus

Based on the extracted temporal saliency, we introduce a Hierarchical Tempo-
ral Focus (HTF) module that selects a subset of informative frames by jointly
considering query relevance and visual diversity. HTF is inspired by Farthest
Point Sampling (FPS) [17] for diverse coverage of visual content, and extends it
into a coarse-to-fine framework reflecting the hierarchical nature of human visual
perception.

Iterative Selection Mechanism. Let vi denote the visual feature of frame
Ii and s̃i its query relevance score obtained from the temporal saliency compu-
tation. HTF maintains a selected frame set S ⊆ F , initialized with a seed frame
S ← {I1}. At each iteration, the next frame is chosen from F \ S to balance
diversity and query relevance:

Inext = arg max
Ij∈F\S

[
β min

Im∈S
D(vj ,vm) + (1− β)s̃j

]
, (4)

where D(·, ·) denotes a distance metric (e.g., 1 − cos(vj ,vm)), and β ∈ [0, 1]
controls the trade-off between diversity and query relevance. The selected set
is iteratively updated as S ← S ∪ {Inext} until k frames are chosen. Because
each frame is selected sequentially based on the previously chosen subset, HTF
forms an ordered selection process that captures inter-frame dependencies. This
flexible, order-aware mechanism naturally allows HTF to extend into a coarse-
to-fine strategy.

Coarse-to-Fine Strategy. HTF is designed to emulate human visual per-
ception, where we first grasp the global context and then shift attention to
task-relevant details [43]. For example, when watching a video, people naturally
identify the overall type (e.g., news or advertisement) before attending to specific
elements (e.g., product price or features). Following this coarse-to-fine percep-
tual process, HTF adopts a strategy controlled by β. In the coarse phase (β = 1),
frames are selected primarily for diversity, forming a base set Fcoarse that cap-
tures the overall video context. Decreasing β shifts the selection toward the fine
phase, where selection prioritizes query relevance under a diversity regularizer,
resulting in a query-aligned subset Ffine. The final selection is defined as

Fdown = Fcoarse ∪ Ffine, |Fdown| = k, (5)

producing an information-rich set that preserves global coverage while concen-
trating on query-specific content.
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3.4 Query-informed Spatial Focus

Building upon the temporally focused frames Fdown selected by HTF, we further
enhance spatial representation within each frame through Query-informed
Spatial Focus (QSF). While HTF determines when to focus, QSF determines
where to focus by identifying spatial regions that carry the most meaningful
and query-relevant information. To achieve this, we integrate intrinsic activation
cues from visual token features with query-guided spatial saliency maps Mi.
This fusion enables fine-grained focusing on semantically important areas while
deemphasizing redundant or background regions.

Given the encoded patch token features X ∈ Rnt×(HpWp)×D, where Xt,p ∈
RD denotes the feature vector of patch token p in frame t, we first compute an
activation-based attention score [16]:

F(Xt,p) =

D∑
d=1

∣∣Xt,p,d

∣∣ ∈ R+. (6)

These scores are normalized to form an activation-based attention map (AAM):

AAM(t, p) =
F(Xt,p)−min(F(X))

max(F(X))−min(F(X))
, (7)

which captures the intrinsic semantic importance of each token, independent of
the query.

To incorporate query awareness, the spatial saliency map Mi of frame Ii is
downsampled via adaptive average pooling to align with the patch-token reso-
lution:

M̃i = AdaptiveAvgPool2d(Mi) ∈ RHp×Wp . (8)

We then fuse the AAM with query-guided saliency M̃i to obtain a query-
informed spatial focus map:

sfocus = γM̃i + (1− γ)AAM, γ ∈ [0, 1], (9)

where γ balances query-driven relevance and intrinsic activation strength.
Finally, spatial tokens are emphasized according to their focus scores sfocus.

We retain the most salient spatial regions while suppressing less informative
ones:

X′ = TopKτ

(
X, sfocus

)
, (10)

where τ denotes a spatial retention rate that selects the top τ fraction of tokens
and controls the degree of spatial emphasis.

By combining temporal context from HTF with query-informed spatial cues
and intrinsic activations, QSF enables fine-grained spatial focusing that high-
lights informative regions while suppressing background content. This process
produces context-aware frame representations that complement temporal focus-
ing for improved video understanding.
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3.5 Temporal Reallocation

Spatial focusing suppresses less informative regions and reduces computational
cost, leaving extra capacity for temporal enhancement. Instead of treating this
saved capacity as the end of the process, STVFocus uses it to expand temporal
coverage. It adopts a budget-aware temporal enrichment scheme that reinvests
unused spatial tokens into additional frame context. This mechanism is inten-
tionally simple yet practical: HTF already produces an ordered list of frames,
allowing STVFocus to incorporate additional frames in a straightforward top-
down manner. Because the total token budget remains fixed, the model main-
tains stable throughput while flexibly reallocating capacity between spatial and
temporal dimensions.

To support this reallocation, we utilize the frame ordering from HTF, which
reflects each frame’s temporal importance. Let Btotal denote the total token
budget and τ the spatial retention rate after QSF, such that the remaining
budget becomes Bremain = Btotal(1−τ). Assuming each frame contributes bframe
tokens, the number of additional frames that can be incorporated is computed
as:

kadd =

⌊
Bremain

bframe

⌋
. (11)

We then expand the fine-phase frame subset by adding the next kadd frames
from the ordered list generated by HTF:

Ffinal = Fdown ∪ {Ij ∈ F \ Fdown | j ≤ kadd}. (12)

4 Experiments

4.1 Experimental Settings

Benchmarks. We evaluate STVFocus on three widely used VQA benchmarks:
Video-MME [19], LongVideoBench (LVB) [57], and MLVU [73]. (1) Video-MME
contains 900 videos ranging from short clips to hour-long content across diverse
domains, with 2.7K curated QA pairs. STVFocus is evaluated without subtitles.
(2) LVB includes 3.7K videos and 6.6K QA pairs up to about an hour, focusing
on long-context reasoning and task-relevant moment identification. STVFocus is
evaluated on the val set. (3) MLVU consists of videos ranging from 3 minutes to
2 hours across multiple genres and nine task types, assessing a model’s ability
to comprehend complex video content.

Implementation Details. To validate STVFocus, we use publicly avail-
able LLaVA-OneVision-7B [27], VILA1.5-8B [36] and InternVL3-8B [74] as base
models. For spatio-temporal saliency extraction, we adopt CLIP-L14 [45] as the
multimodal embedding model. The temporal sharpness factor α is set to 2, and
the spatial saliency maps Mi are smoothed with a Gaussian filter (σ = 8) to
reduce noise. The frame pool F is constructed by sampling each video at 1 FPS.
For the coarse-to-fine selection in HTF, we allocate half of the total frames to
the coarse phase and use the remaining half in the fine phase. In the fine-phase
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Model Size Training-free VideoMME LVB MLVUOverall Short Medium Long
Video-LLaVA [35] 7B ✗ 39.9 45.3 38.0 36.2 39.1 47.3
VideoChat2 [31] 7B ✗ 39.5 48.3 37.0 33.2 - 44.5
Chat-UniVi-V1.5 [26] 7B ✗ 40.6 45.7 40.3 35.8 - -
Qwen-VL [3] 7B ✗ 41.1 46.9 38.7 37.8 - -
LongVU [50] 7B ✗ 60.9 64.7 58.2 59.5 - 65.4
LongVA [67] 7B ✗ 52.6 61.1 50.4 46.2 - -
Video-XL [51] 7B ✗ 55.5 64.0 53.2 49.2 - 64.9
Video-CCAM [18] 9B ✗ 50.3 61.9 49.2 39.6 - 58.5
LLaVA-OneVision [27] 7B ✗ 58.5 70.3 56.6 48.8 56.4 63.2
+ AKS* [53] 7B ✓ 59.6 71.1 57.4 50.1 59.3 -
+ BOLT [39] 7B ✓ 59.9 70.1 60.0 49.6 59.6 66.8
+ STVFocus 7B ✓ 61.1 71.9 61.0 50.4 61.2 68.7
VILA1.5 [36] 8B ✗ 47.5 57.8 44.3 40.3 47.1 46.3
+ Frame-Voyager [62] 8B ✗ 50.5 60.3 47.3 43.9 - 49.8
+ Q-frame [69] 8B ✓ 50.7 59.8 48.0 44.2 51.6 54.4
+ STVFocus 8B ✓ 52.6 61.8 50.8 45.2 52.5 50.9
InternVL3 [74] 8B ✗ 64.5 75.7 64.1 53.8 58.5 67.8
+ STVFocus 8B ✓ 67.0 77.6 68.2 55.3 61.5 74.8
Table 1: Performance comparison of state-of-the-art models across bench-
marks. Gray rows indicate the baseline models without additional modules. Best re-
sults are highlighted in bold. The asterisk (*) denotes the reproduced performance of
AKS [53] on the VideoMME benchmark. LLaVA-OneVision [27] and InternVL3 [74]
use 32 frames, while VILA1.5 [36] uses 8 frames. STVFocus consistently achieves sig-
nificant performance improvements with clear margins across different baseline models
and benchmarks.

frame selection, the diversity–relevance balancing parameter β is set to 0.5. The
token-level fusion parameter γ is fixed at 0.5 for all models. Finally, for QSF,
the spatial focusing threshold τ is set to 80%. All experiments are conducted
on four H100 GPUs using the LMMs-Eval framework [66], with a single set of
hyperparameters across all datasets and base models.

4.2 Main Results

Tab. 1 compares STVFocus with other training-free methods that improve video
understanding across multiple Video LLMs. When LLaVA-OneVision [27] is used
as the base model, STVFocus consistently outperforms all previous methods on
three benchmarks. On VideoMME, it improves performance from 58.5 to 61.1
(+2.6) and shows consistent gains across videos of different lengths, owing to the
Coarse-to-Fine sampling strategy in HTF, which ensures balanced performance
across videos of different lengths. Even when applied alone, HTF achieves higher
accuracy than frame selection methods such as AKS [53] and BOLT [39] (see sup-
plementary material for detailed results). In addition, STVFocus achieves sub-
stantial improvements on LVB and MLVU, increasing from 56.4 to 61.2 (+4.8)
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HTF
QSF Temp.

Realloc.
Resource Video

MME LVB
Coarse Fine # Frames Token Budget

Baseline 32 100% 58.5 56.4
✓ 32 100% 59.2 56.8

✓ 32 100% 60.2 60.5
✓ ✓ 32 100% 60.8 60.6
✓ ✓ ✓ 32 80% 60.8 60.7
✓ ✓ ✓ ✓ 32 + 8 100% 61.1 61.2

Table 2: Ablation studies of each component. Each component contributes to
performance gains, and using all components together yields a notable improvement
without exceeding the token budget.

Model
VideoMME

Overall Short Medium Long

InternVL3-8B8frames 59.8 69.1 60.1 50.1
+ STVFocus8frames 63.3 75.1 60.4 54.4
InternVL3-8B16frames 61.6 74.0 59.4 51.3
+ STVFocus16frames 64.5 75.9 63.7 53.9
InternVL3-8B32frames 64.5 75.7 64.1 53.8
+ STVFocus32frames 67.0 77.6 68.2 55.3

Table 3: Scalability across frame budgets on VideoMME. STVFocus consis-
tently improves InternVL3-8B [74] from 8 to 32 frames. For STVFocus, superscripts
indicate frame-based total token budgets, not the raw number of sampled frames.

and 63.2 to 68.7 (+5.5), respectively—the largest performance margin among all
compared methods.

A similar trend appears with VILA1.5, where STVFocus surpasses the pre-
vious state-of-the-art Q-Frame [69] by +1.9 on VideoMME, maintaining stable
performance across various video lengths. Notably, on VideoMME, STVFocus
surpasses the training-based method Frame-Voyager [62] by a considerably larger
margin. While Q-Frame shows only a 0.2 difference from Frame-Voyager, STV-
Focus achieves a much wider +2.1 improvement, highlighting its strong effective-
ness without additional training. Although Q-Frame shows higher performance
on MLVU, STVFocus demonstrates greater overall improvements on LVB and
VideoMME, reflecting its robustness across benchmarks.

Even on a recent and strong baseline like InternVL3, STVFocus improves
VideoMME from 64.5 to 67.0 (+2.5), with consistent gains on LVB and a large
+7.0 improvement on MLVU.

4.3 Ablation Studies and Analyses

Contribution of Each Component. Tab. 2 presents the results of each pro-
posed component. To demonstrate the generality of our approach, we conducted
ablation studies on two benchmarks, VideoMME and LVB. Even without query
relevance, performing coarse frame selection based solely on visual features im-
proves performance by +0.7 over the baseline. This indicates that considering
global video context with diverse visual cues is more effective than uniformly
sampling frames over time. Using only the fine frame selection module yields a
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QSF Token Budget Video MME
AAM Sal.

100% 58.5
✓ 50% 59.1

✓ 50% 58.4
✓ ✓ 50% 59.4

(a) Effect of AAM and Spatial Saliency.

QSF γ Video MME

0.3 58.8
0.5 59.4
0.6 59.2
0.7 58.6

Mult. 59.1

(b) Effect of γ in QSF.

Table 4: Ablation of QSF components and token-level fusion parameter γ.
Results are obtained by applying QSF only to the baseline model, without HTF or
temporal reallocation.

QSF τ Video MME

90% 60.5
80% 61.1
60% 60.7
50% 60.9

(a) Effect of τ in QSF.

HTF β Video MME

0.3 59.0
0.4 59.9
0.5 60.2
0.6 59.9
0.7 59.7

(b) Effect of β in HTF.

Table 5: Ablation of QSF focusing intensity threshold τ and HTF Diver-
sity–Relevance Balancing Factor β.

+1.7 improvement. The coarse stage contributes more to short videos, while the
fine stage brings larger gains for longer ones. When adopting the Coarse-to-Fine
strategy, performance further improves by +2.3, validating the effectiveness of
the hierarchical approach that first captures the overall video context and then
focuses on fine-grained details. After applying QSF, the model achieves compa-
rable or even higher performance while using only 80% of the tokens, demon-
strating efficient token utilization. Finally, incorporating Temporal Reallocation
further boosts performance by enhancing the temporal richness of the video
representation.

Scalability Across Frame Budgets. Tab. 3 evaluates STVFocus with
InternVL3-8B across frame budgets from 8 to 32. STVFocus delivers substan-
tial improvements even under the 8-frame setting, demonstrating its ability to
extract essential temporal and spatial cues from highly constrained inputs. As
the number of frames increases, the performance gap remains consistent. This
indicates that the gains arise from better capturing salient information while
reducing redundancy, rather than simply leveraging more frames. Overall, the
results confirm that STVFocus consistently improves performance across diverse
temporal budgets.

Effect of Spatial Focusing. In QSF, spatial focusing is achieved by fus-
ing two complementary cues: the intrinsic semantic importance derived from
visual token features through AAM and the spatial importance estimated from
Spatial Saliency. We first validate the individual contributions of AAM and Spa-
tial Saliency, as shown in Tab. 4a. With a fixed focusing intensity of 50%, ap-
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plying only AAM improves performance by +0.6, indicating that emphasizing
semantically important tokens helps retain critical information. When relying
solely on spatial saliency, the model attends to only half of the spatial areas
yet achieves nearly the same performance as the baseline, suggesting that visual
tokens exhibit inherent spatial correlation. When AAM and Spatial Saliency are
fused, the model jointly considers both intrinsic and spatial importance, achiev-
ing 59.4, a +0.9 improvement over the baseline. This result demonstrates that
spatial saliency effectively guides focusing, leading to the most balanced and
informative spatial representation. As shown in Tab. 4b, we also evaluate the
token-level fusion parameter γ, which controls the balance between AAM and
Spatial Saliency in QSF. The best performance is achieved with γ = 0.5, indicat-
ing balanced fusion of both cues. Building on this, we further analyze how QSF
interacts with Temporal Reallocation within the STVFocus framework. In this
process, a trade-off arises between spatial compactness and temporal richness
depending on the focusing intensity threshold τ . As shown in Tab. 5a, When
evaluating performance across different τ values, the model performed best at
τ = 80%. Unlike prior compression-oriented approaches that mainly target ef-
ficiency, our method aims to enhance representational quality, and we do not
explore lower focusing levels. We also observed that applying dynamic thresh-
olds to adaptively vary the number of focused regions or frames degraded the
LLM’s temporal understanding. Therefore, we adopt a fixed focusing threshold
to maintain consistent and stable performance across videos.

Effect of the Diversity–Relevance Balancing Factor In the fine phase
of HTF, frames are selected by jointly balancing query relevance and frame
diversity, controlled by the hyperparameter β. A larger β emphasizes diversity,
while a smaller β favors query relevance. When β = 0, the module operates
as a top-k selector based solely on temporal saliency. As shown in Tab. 5b, we
experimented with β values ranging from 0.3 to 0.7 on LLaVA-OneVision [27],
and the best performance was achieved at β = 0.5.

Quality of Visual Context. As illustrated in Fig. 3a, the visual context
optimized by STVFocus concentrates on spatio-temporally salient regions, pro-
viding richer temporal cues for reasoning. The selected coarse frames are both
semantically and temporally diverse, allowing the model to first grasp the overall
type and context of the video (e.g., movie, documentary) and then focus on the
segments most relevant to the query. Spatially, STVFocus effectively removes ir-
relevant backgrounds and focuses on the subject of the scene, whereas the visual
context without STVFocus often includes redundant or irrelevant content, with
substantial background information remaining. As a result, STVFocus produces
a visual context with high spatio-temporal information density, supplying the
LLM with only the most essential cues for understanding.

Furthermore, as shown in Fig. 3b, spatial saliency serves as an effective guid-
ance signal that preserves tokens in critical regions rather than suppressing them.
In the top example of Fig. 3b, when using AAM only, the model tends to sup-
press tokens around the person’s face and torso. However, when saliency is in-
corporated these regions are retained, preventing the loss of crucial semantic
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Q : What does the lady in the first case in the video do?

Q : How does a thorough comprehension of the first method     

introduced in the video aid in navigating economic downturns?

(b) Qualitative results of QSF. Fusing spa-
tial saliency improves spatial focus compared to
AAM alone.

Fig. 3: Qualitative results of STVFocus and QSF.

information. In the bottom example, using AAM only results in the suppres-
sion of important textual regions, while incorporating saliency prevents such
suppression and leads to improved performance in OCR-related tasks.

This reallocation strategically utilizes the preserved spatial capacity to incor-
porate additional temporally informative frames, thereby providing finer tem-
poral granularity and contextual continuity. As a result, the final visual context
retains only the spatio-temporally essential content while further enriching tem-
poral cues. This produces a focused and information-dense representation that
is fused with text tokens for joint decoding within the LLM.

5 Conclusions

We introduce the STVFocus framework that optimizes the visual context of
Video LLMs by focusing on spatio-temporally salient information. STVFocus
enhances the information density of video representations from the frame to the
token level through saliency-guided focusing. The framework consists of three key
components: Hierarchical Temporal Focus (HTF) for focusing on global context
and fine-grained temporal details, Query-informed Spatial Focus (QSF) for at-
tending to meaningful regions, and Temporal Reallocation (TR) that enriches
temporal cues for coherent understanding. Evaluated on three Video LLMs and
three benchmarks, STVFocus consistently achieves strong and reliable perfor-
mance gains. It provides an effective training-free and model-agnostic approach
for improving video understanding.
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