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Abstract

Long-video understanding is bottlenecked by
the high cost of processing massive visual to-
kens. Current reduction strategies often rely
on static allocation or inefficient in-network
selection that disrupts optimized attention ker-
nels. In this paper, we introduce Vista-LLM,
a decoupled framework for query-guided vi-
sual token pruning. By filtering redundancy
prior to inference with minimal overhead, Vista-
LLM ensures full compatibility with Flash
Attention. Our method employs a coarse-to-
fine pipeline: (1) Query-Guided Dynamic Bud-
geting for adaptive temporal allocation; (2) a
lightweight Semantic Scout for fine-grained,
query-specific selection; and (3) Structure-
Aware Compensation to preserve global con-
text. Extensive experiments on benchmarks
like Video-MME and MLVU demonstrate a
significantly improved Pareto frontier. No-
tably, on LLaVA-OneVision, Vista-LLM re-
duces visual tokens by 90% and accelerates
inference while retaining over 98% of baseline
performance on average, effectively filtering
visual noise. Our code is available at https:
//github.com/lizhenyu-123/Vista-LLM.

1 Introduction

The transition from static image understanding
(Radford et al., 2021; Li et al., 2023; Liu et al.,
2023, 2024a; Chen et al., 2023) to long-video com-
prehension (Zhang et al., 2023; Maaz et al., 2024;
Li et al., 2025; Zhang et al., 2025b; Hurst et al.,
2024; Team, 2025) is hindered by the low signal-to-
noise ratio inherent in visual streams. Videos are
characterized by high spatiotemporal redundancy
(Sullivan and Wiegand, 2005), where a significant
portion of frames typically consists of repetitive
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backgrounds or static scenes that contribute little to
answering a specific user query. However, current
Video-LLMs largely treat visual tokens equally,
forcing the model to process a massive number of
redundant tokens to locate sparse relevant informa-
tion. This inefficient brute-force approach not only
exceeds the context window limits of LLMs (Liu
et al., 2024b) but also distracts the model with irrel-
evant visual noise, often leading to hallucinations
(Bai et al., 2024) and degraded reasoning capabili-
ties in long-context scenarios (Guo et al., 2025).

To mitigate this computational bottleneck, prior
research has explored various visual token prun-
ing techniques (Shao et al., 2025b), yet they suffer
from three critical limitations. First, a prevalent
flaw across most paradigms is static budget allo-
cation, where a fixed token count is enforced per
frame regardless of content (Bolya et al., 2023; Yue
et al., 2021). This temporal rigidity fails to adapt
to the varying information density of videos, wast-
ing resources on static backgrounds while truncat-
ing complex motion segments. Second, regarding
token selection, many methods operate in a task-
agnostic manner, relying solely on visual statistics
(Yang et al., 2025; Fu et al., 2025b; Shao et al.,
2025a; Shen et al., 2025; Qu et al., 2024). By
neglecting the user’s query, they inherently risk
discarding visually inconspicuous but semantically
pivotal details. Third, even methods that incorpo-
rate language guidance (Zhang et al., 2025a; Tao
et al., 2025) are often systemically inefficient. Re-
lying on in-network attention for selection necessi-
tates processing the entire sequence through shal-
low layers, introducing unavoidable overhead. Fur-
thermore, extracting intermediate attention weights
is fundamentally incompatible with Flash Attention
(Dao et al., 2022), as avoiding matrix materializa-
tion is central to its I/O optimization. This forces
a fallback to memory-intensive implementations,
often negating the theoretical speedup.

In response to these challenges, we introduce
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Vista-LLM, a resource-efficient visual tokenization
framework designed to resolve the tension between
efficiency and comprehension. The framework
consists of three synergistic components. First,
to break temporal rigidity, we propose a Query-
Guided Dynamic Budgeting strategy. Second, to
bridge the semantic gap, we employ a BLIP-2 Q-
Former (Li et al., 2023) as a semantic scout. By
conditioning the Q-Former on the user’s question,
we identify and retain the most salient visual tokens
based on cross-modal attention weights. Finally,
to prevent semantic tunnel vision, we incorporate
a Structure-Aware Compensation mechanism uti-
lizing a Density Peak Clustering (DPC) (Du et al.,
2016; Rodriguez and Laio, 2014) strategy. We ex-
plicitly identify representative structural anchors by
selecting tokens characterized by high local density
and distinct spatial separation, ensuring compre-
hensive coverage of the frame’s geometric layout.
Furthermore, to mitigate information loss, we im-
plement a soft-pruning technique where unselected
background features are aggregated into their near-
est structural anchors, thereby preserving the in-
tegrity of environmental contexts without incurring
computational redundancy.

We validate the robustness and universality
of Vista-LLM by seamlessly integrating it with
state-of-the-art models such as LLaVA-OneVision
(Li et al., 2025) , LLaVA-Video (Zhang et al.,
2025b) and Qwen2.5-VL (Bai et al., 2025). Ex-
periments across diverse benchmarks—including
Video-MME (Fu et al., 2025a) for general under-
standing, MLVU and LongVideoBench (Zhou et al.,
2025; Wu et al., 2024) for long-context reasoning,
and MVBench (Li et al., 2024) for temporal per-
ception—demonstrate that our method achieves
an optimal trade-off between efficiency and per-
formance, reducing visual token consumption by
up to 90% while consistently maintaining or even
surpassing the accuracy of full-token baselines.

2 Related Work

2.1 Efficient Cross-Modal Alignment

Aligning visual features with linguistic semantics
is fundamental to MLLMs. While dual-encoder
models like CLIP (Radford et al., 2021) provide
effective global alignment, they lack the granular-
ity required for fine-grained token selection. To
address this limitation, BLIP-2 (Li et al., 2023) in-
troduced the Querying Transformer (Q-Former), a
lightweight bottleneck module designed to extract

query-driven visual features via cross-attention,
with optional support for text-conditioned querying
in vision-language tasks. Although originally de-
veloped for representation learning and generation,
the Q-Former’s architecture inherently supports
efficient, query-aware visual filtering. Our work
repurposes this capability, treating the Q-Former
from a feature extractor as a semantic scout to iden-
tify informative regions prior to LLM inference.

2.2 Large Multimodal Models for Video

Recent advancements in Multimodal Large Lan-
guage Models (MLLMs) generally follow two
paradigms: projection-based adaptation and unified
modeling. The former, representing the dominant
open-source approach, aligns pre-trained visual en-
coders with frozen LLMs via learnable interfaces.
Models such as Video-LLaMA (Zhang et al., 2023)
and LLaVA-Video (Zhang et al., 2025b) treat video
as dense frame sequences, leveraging adapters to
map temporal features into the text space. In par-
allel, native multimodal models like Chameleon
(Team, 2024) and the proprietary GPT/Gemini fam-
ilies (Hurst et al., 2024; Team, 2025) explore pro-
cessing interleaved inputs in a unified architecture.
While native models define the state-of-the-art, they
demand prohibitive pre-training resources. Conse-
quently, projection-based architectures remain the
practical standard for academic research, though
they face a critical scalability issue: linearly grow-
ing frame tokens trigger quadratic computational
complexity in self-attention (Vaswani et al., 2017).
This memory bottleneck, which severely limits KV-
cache capacity during inference (Shi et al., 2024;
Tang et al., 2025b; Zhao et al., 2025), creates an
urgent need for efficient visual token reduction in
long-video understanding, as discussed below.

2.3 Visual Token Compression

Strategies for reducing visual redundancy in Large
Multimodal Models (LMMs) can be broadly cate-
gorized based on the information source used for
selection: visual-centric reduction and query-aware
selection.

Visual-Centric Reduction. These methods com-
press visual representations by exploiting intrin-
sic spatial-temporal correlations, independent of
user inputs. A primary direction involves aggre-
gating similar tokens to preserve context; ToMe
(Bolya et al., 2023) applies a bipartite soft match-
ing algorithm to progressively merge visually sim-
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ilar tokens within transformer layers. Adopting
a hybrid strategy, VisionZip (Yang et al., 2025)
retains dominant tokens with high intrinsic atten-
tion while merging the remaining contextual to-
kens based on semantic similarity. Addressing
the unique challenges of video data, FrameFu-
sion (Fu et al., 2025b) integrates similarity-based
token merging with importance-based pruning,
specifically targeting spatially corresponding to-
kens across adjacent frames to reduce temporal
redundancy. Subsequently, FastVID (Shen et al.,
2025) introduces dynamic density pruning to parti-
tion videos into temporally ordered segments, ef-
fectively identifying and removing spatiotemporal
redundancy. HoliTom (Shao et al., 2025a) further
proposes a holistic framework that synergizes outer-
LLM global temporal segmentation with inner-
LLM similarity-based merging. Efficiency is also
addressed at the input level, where TS-LLaVA (Qu
et al., 2024) synthesizes a global thumbnail with
sparse temporal sampling to construct compact in-
puts directly at the source.

Query-Aware Selection. To align visual reten-
tion with user intent, recent research integrates
language guidance to filter information based on
relevance to the textual instruction. FastV (Chen
et al., 2024) identifies redundancy in deep layers
and executes pruning in early blocks by ranking
visual tokens via text-image attention scores. To
mitigate pruning-induced information loss, Sparse-
VLM (Zhang et al., 2025a) employs designated text
tokens as significance evaluators and incorporates
a feature recycling mechanism to preserve context.
Distinct from these static approaches, DyCoke (Tao
et al., 2025) implements dynamic token mainte-
nance during the decoding phase, monitoring at-
tention weights to adaptively discard or recall vi-
sual tokens throughout the generation process. Be-
yond these training-free methods, learning-based
approaches like CoViPAL (Tang et al., 2025a) train
a lightweight classifier that jointly processes visual
and textual tokens to predict and prune redundancy.

Despite these advancements, existing paradigms
face inherent trade-offs. Visual-centric methods
risk discarding semantically important details due
to their task-agnostic nature. In contrast, most
query-aware approaches rely on in-network selec-
tion within the LLM, requiring additional shallow-
layer computation to obtain token importance and
depending on attention statistics that are incom-
patible with modern optimized attention kernels

such as Flash Attention (Dao et al., 2022). We
address these limitations with a decoupled, pre-
inference framework that performs hybrid selec-
tion before the LLM stage, preserving semantic
relevance while fully enabling efficient attention
implementations.

3 Methodology

3.1 Overview

Formal Definition. Given a video sequence V =
{v1, v2, . . . , vT } consisting of T frames and a user
textual query Q, a standard Video-LLM projects V
into a sequence of visual tokens X ∈ RNT×D,
where NT is typically massive for long-form
videos. Our goal is to derive a compressed to-
ken sequence X̂ with length NK ≪ NT , such that
the likelihood of generating the correct response
P (A|X̂,Q) is maximized under a strict computa-
tion budget.

The Coarse-to-Fine Framework. As illustrated
in Figure 1, we propose a decoupled, training-
efficient framework that selects visual tokens
through a three-stage synergistic pipeline. (i)
Query-Guided Dynamic Budgeting: Instead of
treating all frames uniformly, we first segment the
video based on visual coherence. We then com-
pute the relevance between each segment and the
query Q, adaptively allocating a token budget Bt to
each frame vt. This ensures that critical moments
receive higher resolution while redundant frames
are heavily compressed. (ii) Hybrid Spatial Selec-
tion: Within each frame, we employ a dual-stream
strategy to fill the assigned budget Bt. We utilize a
fine-tuned BLIP-2 Q-Former (Li et al., 2023) as a
semantic scout to identify query-relevant patches
serving as the foveal focus, while simultaneously
selecting representative tokens via density peak
clustering to preserve structural context. (iii) Ag-
gregation and Contiguous Assembly: To prevent
information loss, unselected tokens are aggregated
into their nearest selected anchors. Finally, the
selected foveal and peripheral tokens are concate-
nated into a single tensor X̂ for efficient inference.

System Efficiency. All token selection is per-
formed prior to Video-LLM inference, decoupling
query-aware filtering from the LLM. This design
avoids additional shallow-layer computation and
preserves full compatibility with optimized atten-
tion kernels such as Flash Attention.
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Figure 1: The Vista-LLM architecture. The framework consists of three key components: A decoupled pruning
pipeline that identifies query-salient Foveal Tokens; A Query-Guided Dynamic Budgeting module for adaptive
token allocation; and A Visual Information Retention and Aggregation mechanism that maintains global context via
Anchor Tokens and feature aggregation.

3.2 Query-Guided Dynamic Budgeting
To address the inefficiency of static allocation,
we propose a Query-Guided Dynamic Budget-
ing mechanism that redistributes computational
resources based on semantic density. First, to par-
tition the video into coherent events, we derive a
global feature vector ft for each frame vt by per-
forming average pooling over its spatial tokens. We
then compute the inter-frame cosine similarity st
between adjacent feature vectors ft and ft+1. A seg-
ment boundary is determined whenever the visual
coherence drops below a threshold τ :

ft =
1

L

L∑

k=1

vt,k (1)

st =
ft · ft+1

∥ft∥∥ft+1∥
, Boundary if st < τ (2)

where L is the number of tokens per frame. This
yields a set of variable-length segments S. For
each segment Sm, we derive a global prototype
hm via average pooling and measure its semantic
relevance rm to the query embedding q as follows:

hm =
1

|Sm|
∑

vk∈Sm

vk (3)

rm =
hm · q

∥hm∥∥q∥ (4)

The raw scores rm are normalized into importance
weights αm via a Softmax function. Crucially,
to ensure robustness against alignment errors, we
employ a base-plus-bonus allocation strategy: we
guarantee a minimum token count bmin for every
frame to preserve temporal continuity, while dis-
tributing the remaining budget proportional to αm.
Given a total budget Btotal, the specific budget al-
located to segment Sm is defined as:

B(Sm) = |Sm| · bmin + αm (Btotal − T · bmin)
(5)

This mechanism ensures that query-relevant mo-
ments receive high-resolution attention while re-
dundant segments retain only essential structural
sketches.

3.3 The Lightweight Semantic Scout

To efficiently bridge the semantic gap, we employ
a BLIP-2 Q-Former (Li et al., 2023) as a parameter-
efficient Semantic Scout. Unlike standard pooling,
this module actively identifies regions pertinent to
the user’s intent. Specifically, we feed the user’s
textual instruction Q and a set of learnable query
embeddings Ql into the Q-Former. Through inter-
nal self-attention layers, Ql interacts with Q, trans-
forming generic queries into text-aware extractors
tailored to the specific question. These conditioned
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queries then attend to the input frame features Vt

via cross-attention, generating the attention map
A ∈ RNq×Nh×Np , where Nq, Nh, Np denote the
length of query tokens, heads, and patches, respec-
tively.

To derive a fine-grained importance score st,i
for the i-th patch, we aggregate A to capture the
strongest alignment signals. Mirroring our imple-
mentation, we perform a max-pooling operation
across attention heads to preserve peak confidence,
followed by a summation across the query tokens.
Guided by a semantic sampling ratio ρ, the patch
importance and the foveal budget Kt,f are formu-
lated as:

st,i =

Nq∑

j=1

Nh
max
h=1

At,h,j,i (6)

Kt,f = ⌊ρ ·Bt⌋ (7)

where Bt is the dynamic budget for frame t. We
retain the top-Kt,f tokens based on st,i to form
the foveal token set Vt,f . This mechanism ensures
that the model’s computational focus is precisely
directed by the textual query toward the most se-
mantically relevant visual evidence.

3.4 Global Compensation and Aggregation

Exclusive reliance on the Semantic Scout may ne-
glect structural context, creating a fragmented view
of the scene. To prevent this, we allocate the
remaining token budget Kt,r = Bt − Kt,f to a
structure-aware compensation mechanism. Instead
of relying on a simplistic global average, we em-
ploy a Density Peak Clustering (DPC) strategy to
identify representative anchors that capture the di-
verse geometric structures of the frame.

Let Ct be the set of candidate tokens not selected
by the Scout. For each candidate vt,i ∈ Ct, we first
compute its local density ρi based on the average
squared distance to its K-nearest neighbors (KNN).
Subsequently, we calculate δi, the minimum dis-
tance to any token with higher density. Crucially,
for the token with the highest global density, δi
is defined as the maximum distance to any other
token:

ρi = exp


− 1

K

∑

k∈KNN(i)

∥vt,i − vt,k∥22


 (8)

δi =

{
minj:ρj>ρi ∥vt,i − vt,j∥2 if ∃j, ρj > ρi

maxj ∥vt,i − vt,j∥2 otherwise
(9)

We then define the structural importance score
as γi = ρi · δi. This metric favors tokens that are
both locally dense (cluster centers) and distant from
other peaks (distinct structures). The peripheral set
Vt,r is derived by selecting the top-Kt,r candidates
based on γi:

Vt,r = arg topk
i∈Ct

(γi,Kt,r) (10)

The final preserved set is St = Vt,f ∪ Vt,r. To
mitigate information loss, we apply a soft-pruning
aggregation. We partition the discarded tokens
Dt by assigning each vt,j to its nearest spatial-
semantic anchor in St. The local cluster Nt,i for
anchor vt,i is:

Nt,i =

{
vt,j ∈ Dt | i = argmin

k:vt,k∈St

∥vt,j − vt,k∥2
}

(11)
We update the anchor via weighted fusion to

absorb local texture details. The updated feature
v̂t,i is computed as:

v̂t,i = (1− α)vt,i + α · 1

|Nt,i|
∑

vt,j∈Nt,i

vt,j (12)

where α is a balancing hyperparameter. Finally,
we concatenate the optimized tokens across all
frames to form the global compressed sequence
X̂ for the LLM.

4 Experiments

4.1 Experimental Settings

Benchmarks. To assess diverse video under-
standing capabilities, we conduct comprehen-
sive evaluations across four benchmarks. Video-
MME (Fu et al., 2025a) serves as a large-scale eval-
uation suite for general-purpose analysis across
broad domains. MLVU (Zhou et al., 2025) and
LongVideoBench (Wu et al., 2024) assess long-
context reasoning over extended video sequences
requiring multi-hop comprehension. MVBench (Li
et al., 2024) explicitly evaluates fine-grained tem-
poral perception and dynamic action recognition.
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Table 1: Comparison with state-of-the-art token reduction methods on LLaVA-OneVision.

Method
Prefill Retention

MVBench
LongVideo

MLVU
VideoMME Average

FLOPs Ratio Ratio Bench Short Med. Long Score Score %

LLaVA-OneVision 100% 100% 58.56 58.26 68.11 72.00 56.33 47.89 58.74 60.92 100.0

DyCoke 27.2% 26.6% 60.75 57.97 62.58 71.67 55.11 49.67 58.81 60.03 98.5

FrameFusion 25.5% 25% 58.61 58.61 65.39 71.56 57.33 48.56 59.15 60.30 99.0
VisionZip 25.6% 25% 59.04 57.37 67.05 70.78 55.33 47.22 57.78 60.31 99.0
FastVID 25.6% 25% 58.50 57.07 67.14 70.22 56.22 47.33 57.93 60.16 98.8
Vista-LLM 25.6% 25% 58.80 58.71 68.11 71.56 57.67 48.56 59.26 61.22 100.5

FrameFusion 20.5% 20% 58.77 57.67 64.65 69.56 56.00 48.00 57.85 59.74 98.1
VisionZip 20.6% 20% 58.50 56.99 66.64 71.78 57.11 47.22 58.70 60.21 98.8
FastVID 20.6% 20% 58.48 57.37 66.50 70.78 56.44 46.67 57.96 60.08 98.6
Vista-LLM 20.6% 20% 58.93 58.64 67.79 70.22 57.11 48.22 58.52 60.97 100.1

FrameFusion 15.6% 15% 58.34 55.57 63.13 68.33 53.56 46.33 56.07 58.28 95.7
VisionZip 15.6% 15% 57.99 55.35 65.07 68.89 55.56 48.22 57.56 58.99 96.8
FastVID 15.6% 15% 58.90 56.32 63.82 69.11 55.78 49.33 58.07 59.28 97.3
Vista-LLM 15.6% 15% 58.23 57.74 67.70 69.89 56.78 47.78 58.15 60.45 99.2

FrameFusion 10.6% 10% 57.29 53.55 59.59 66.78 51.67 44.89 54.44 56.22 92.3
VisionZip 10.6% 10% 55.12 51.16 61.98 62.44 54.44 47.89 54.93 55.80 91.6
FastVID 10.6% 10% 57.88 55.42 64.41 68.00 55.11 47.89 57.00 58.68 96.3
Vista-LLM 10.6% 10% 57.96 56.62 67.24 68.44 56.22 47.56 57.41 59.81 98.2

Compared Baselines. We compare our frame-
work against state-of-the-art visual token compres-
sion methods. VisionZip (Yang et al., 2025) re-
duces spatial redundancy using attention distribu-
tions. DyCoke (Tao et al., 2025) merges redun-
dant temporal tokens and progressively prunes the
KV cache. FrameFusion (Fu et al., 2025b) inte-
grates similarity-based merging with importance-
based pruning. HoliTom (Shao et al., 2025a) per-
forms holistic token reduction; however, we eval-
uate solely its input-level spatiotemporal merg-
ing module to ensure fair structural comparison.
FastVID (Shen et al., 2025) employs dynamic den-
sity pruning to exploit spatiotemporal dependen-
cies. We utilize the official implementations for
all baselines and strictly align their computational
budgets.

Implementation Details. We implement our pro-
posed framework upon three representative back-
bones: LLaVA-Video-7B, LLaVA-OneVision-7B,
and Qwen2.5-VL-7B. For the LLaVA models, we
adhere to the standard configuration of sampling
64 frames, resulting in a fixed Nv = 196 tokens
per frame. For Qwen2.5-VL, we maintain the 64-
frame sampling protocol but accommodate its na-
tive dynamic resolution, which yields variable to-
ken lengths across frames. Regarding hyperparam-
eters, the semantic coherence threshold τ is set
to 0.80 for retention ratios of 20% and 25%, and
0.95 for ratios of 10% and 15%, while the hybrid

sampling ratio ρ is fixed at 0.85. For the Seman-
tic Scout, we utilize the pre-trained visual encoder
and Q-Former from the BLIP-2 Image-Text Match-
ing model, discarding the LLM decoder to mini-
mize memory overhead. The Q-Former undergoes
a rapid parameter-efficient adaptation to align with
the binary selection objective. Specifically, train-
ing is conducted using the PyTorch framework with
the AdamW optimizer, an initial learning rate of
5 × 10−5, and a batch size of 16 utilizing gradi-
ent accumulation over 20 steps. For the alignment
loss, the weight α is set to 2.0, the Top-K value
K to 64, and the temperature T to 0.1. Further
fine-tuning details are provided in Appendix A. All
inference experiments and latency measurements
are conducted on NVIDIA A40 GPUs.

4.2 Main Results

Performance on LLaVA-OneVision. The eval-
uation on LLaVA-OneVision-7B (Table 1) further
validates our framework’s generalization. Notably,
Vista-LLM outperforms the full-token baseline
at 20% and 25% retention ratios. This counter-
intuitive gain indicates that our query-guided prun-
ing acts as an effective denoising filter, discard-
ing redundant background details that otherwise
distract the LLM, thereby enhancing reasoning
precision. Compared to FastVID, which suffers
a distinct drop at the 10% budget, our method
demonstrates superior resilience, sustaining 98.2%
relative performance. This consistency confirms
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Table 2: Comparison with state-of-the-art token reduction methods on LLaVA-Video. We also adapt our framework
to the structure-free setting (Newline Mode: None) for a strictly fair comparison with baselines like FrameFusion;
detailed results are provided in Appendix B.3.

Method
Newline Prefill Retention

MVBench
LongVideo

MLVU
VideoMME Average

Mode FLOPs Ratio Ratio Bench Short Med. Long Score Score %

LLaVA-Video Grid 100% 100% 62.02 60.66 71.43 76.11 62.22 54.11 64.15 64.56 100.0

DyCoke None 25.4% 26.6% 60.75 57.97 62.58 71.67 55.11 49.67 58.81 60.03 93.0

FrameFusion None 26.6% 25% 60.85 58.49 66.59 73.56 60.78 51.44 61.93 61.96 96.0
VisionZip Grid 30.6% 25% 60.99 60.13 69.22 73.44 61.22 52.33 62.33 63.17 97.8
HoliTom Grid 30.2% 25% 61.50 60.03 68.94 74.19 61.62 53.62 63.14 63.40 98.2
Vista-LLM Grid 30.3% 25% 61.50 60.96 70.92 74.89 61.67 51.56 62.70 64.02 99.2

FrameFusion None 20.5% 20% 60.42 57.44 65.07 72.11 59.11 50.11 60.44 60.84 94.2
VisionZip Grid 25.6% 20% 60.99 60.13 69.22 73.22 60.89 52.33 62.15 63.12 97.8
HoliTom Grid 25.0% 20% 61.39 59.81 69.39 73.75 62.40 52.28 62.81 63.35 98.1
Vista-LLM Grid 25.2% 20% 61.02 61.02 70.37 74.00 60.22 50.78 61.67 63.33 98.1

FrameFusion None 15.5% 15% 60.18 57.07 63.13 70.41 58.67 49.56 59.54 59.98 92.9
VisionZip Grid 21.1% 15% 60.37 56.47 67.19 71.00 60.33 52.22 61.19 61.30 95.0
HoliTom Grid 20.8% 15% 60.38 59.66 67.64 72.75 60.18 52.28 61.74 62.35 96.6
Vista-LLM Grid 20.4% 15% 60.83 60.36 69.26 72.67 59.67 50.78 61.04 62.87 97.4

FrameFusion None 10.7% 10% 58.80 54.67 60.51 65.33 54.56 47.00 55.63 57.40 88.9
VisionZip Grid 16.4% 10% 58.02 53.93 63.92 66.22 56.22 50.11 57.52 58.34 90.4
HoliTom Grid 15.1% 10% 60.49 57.86 65.74 70.75 58.95 51.50 60.40 61.12 94.7
Vista-LLM Grid 15.1% 10% 59.75 59.16 67.37 73.56 58.00 50.78 60.78 61.76 95.7

Table 3: Comparison with state-of-the-art token reduc-
tion methods on Qwen2.5-VL.

Method
Prefill FLOPs

Ratio
Retention

Ratio
MLVU MVBench

Qwen2.5-VL 100% 100% 64.82 68.51

FastVID 21.6% 25% 62.66 65.13
Vista-LLM 21.5% 25% 63.10 66.67

FastVID 13.2% 15% 62.03 64.96
Vista-LLM 13.0% 15% 62.76 66.32

our ability to isolate discriminative visual evidence
across all compression levels, offering a robust so-
lution for resource-constrained scenarios.

Performance on LLaVA-Video. Table 2
presents the comparative analysis on the LLaVA-
Video-7B backbone. In the grid-enhanced category,
Vista-LLM demonstrates superior resilience com-
pared to VisionZip and HoliTom. While HoliTom
remains competitive at the 20% retention ratio, our
approach exhibits greater stability as compression
intensifies. Specifically, at the challenging 15%
and 10% levels, Vista-LLM consistently surpasses
HoliTom (e.g., maintaining 97.4% vs. 96.6%
relative performance at 15%), highlighting the
robustness of query-guided selection against
the rapid degradation observed in visual-centric
baselines.

Performance on Qwen2.5-VL. To demonstrate
that our framework is entirely decoupled from spe-

cific tokenization paradigms, we evaluate Vista-
LLM on the Qwen2.5-VL architecture, which in-
herently produces variable token lengths per frame.
As detailed in Table 3, Vista-LLM consistently out-
performs the FastVID baseline at both the 15%
and 25% retention levels. Notably, at the challeng-
ing 15% setting, our method achieves a 0.73 score
improvement on MLVU and a 1.36 improvement
on MVBench. This resilience confirms that our
Query-Guided Dynamic Budgeting and Semantic
Scout modules effectively generalize to diverse ar-
chitectures, successfully isolating query-relevant
visual information completely independent of the
underlying visual encoding strategy.

Table 4: Generation Efficiency vs. Performance. Gen-
erate Time denotes the end-to-end inference latency,
encompassing both visual token processing and text de-
coding phases. Peak Memory reflects the maximum
GPU memory allocated during the entire forward pass.

Retention
Method

Peak Generate Avg.
Ratio Memory Time Score

100% LLaVA-Video 29.94 GB 4.07s (1.0×) 64.56

25%
VisionZip 24.16 GB 2.61s (1.56×) 63.17
HoliTom 52.68 GB 2.75s (1.48×) 63.40
Vista-LLM 28.42 GB 2.27s (1.79×) 64.02

15%
VisionZip 24.15 GB 2.44s (1.67×) 61.30
HoliTom 52.27 GB 2.47s (1.65×) 62.35
Vista-LLM 28.39 GB 2.02s (2.01×) 62.87
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(a) LLaVA-OneVision-7B (b) LLaVA-Video-7B

Figure 2: Performance consistency across varying token retention ratios. Vista-LLM (solid lines) establishes a
superior trade-off compared to state-of-the-art baselines. (a) On LLaVA-OneVision, our method achieves higher
accuracy than the full-token baseline at 20% and 25% retention ratios. (b) On LLaVA-Video, the framework exhibits
exceptional stability at the challenging 10% retention level, significantly outperforming visual-centric approaches.

Efficiency Evaluation. We evaluate computa-
tional efficiency through prefilling FLOPs, gen-
eration latency, and peak memory allocation. As
evidenced in Table 1, our method retains 98.2% of
LLaVA-OneVision performance using only 10.6%
of the original FLOPs. Regarding wall-clock in-
ference on LLaVA-Video in Table 4, Vista-LLM
demonstrates superior throughput, achieving a
2.01× speedup at a 15% retention ratio. Further-
more, our decoupled architecture strictly preserves
FlashAttention compatibility for the primary LLM
decoding stage and avoids LLM in-network atten-
tion materialization. This prevents the severe mem-
ory overhead observed in baselines like HoliTom,
where explicit dense attention computation causes
peak memory to exceed 52 GB. Vista-LLM reduces
memory consumption below the uncompressed
baseline to approximately 28.4 GB. Although Vi-
sionZip exhibits a marginally lower memory foot-
print, it suffers from significantly slower inference
and degraded accuracy, confirming that our method
achieves an optimal system-level equilibrium.

This comprehensive efficiency stems from the
optimized design of our three selection components.
First, Dynamic Budgeting relies on simple pooling
operations that incur negligible latency. Second, we
implement a parallel execution strategy for the Se-
mantic Scout to maintain strict hardware efficiency.
Both the primary Video-LLM and the BLIP-2 Vi-
sion Encoder remain fully compatible with FlashAt-
tention and avoid attention matrix materialization.
While the Q-Former structurally requires materi-
alizing attention matrices to compute cross-modal
importance scores, this mathematical requirement
does not introduce wall-clock latency overhead.

We launch the lightweight Scout asynchronously
alongside the primary visual backbone. Because
the computational cost of the Q-Former is minimal
relative to the dense Vision Encoder, the Q-Former
completes its execution entirely within the primary
feature extraction window. Consequently, the at-
tention materialization cost is effectively masked,
ensuring the large language model receives a pre-
filtered sequence without computational delays. Fi-
nally, the Structure-Aware Compensation module
remains lightweight as it operates solely on the
residual candidate set and targets a limited token
budget. This minimal selection overhead allows the
inference pipeline to fully benefit from the reduced
token count during the LLM decoding stage. Cru-
cially, since our selection cost scales linearly with
frame count while the LLM self-attention scales
quadratically, the efficiency gains of Vista-LLM
become increasingly significant as video duration
extends.

4.3 Ablation Studies

To validate the individual contribution of each com-
ponent within our framework, we conduct com-
prehensive ablation studies across the full suite
of benchmarks, including VideoMME, MVBench,
LongVideoBench, and MLVU. Unless otherwise
stated, all ablation experiments are performed using
the LLaVA-Video-7B backbone with a 25% reten-
tion ratio. Regarding hyperparameters, we fix the
semantic coherence threshold τ at 0.95 and the hy-
brid sampling ratio ρ at 0.85. Notably, the specific
evaluation for Dynamic Budgeting is conducted on
the LLaVA-OneVision-7B backbone.
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Table 5: Ablation Studies on Component Efficacy.
Systematic evaluation of each module within the Vista-
LLM framework. Bold denotes the best performance in
each block.

Method MVBench
LongVideo

MLVU VideoMMEBench

(a) Impact of Semantic Scout
Intrinsic Attn. 61.03 59.73 69.67 62.11
BLIP-2 (Ours) 61.12 60.66 70.41 63.15

(b) Dynamic Budgeting (LLaVA-OneVision)
Static Alloc. 58.77 56.92 67.33 59.48
Dynamic (Ours) 58.72 58.64 68.11 58.85

(c) Context Compensation Strategy
Random Supp. 60.45 60.21 70.41 63.37
Rep. Supp. 61.15 60.51 70.41 62.70
DPC-KNN (Ours) 61.12 60.66 70.41 63.15

(d) Feature Aggregation
Hard Pruning 60.67 59.31 70.05 62.19
Soft Agg. (Ours) 61.12 60.66 70.41 63.15

(e) Task-Specific Adaptation
Frozen Q-Former 60.67 59.84 68.39 61.89
Fine-tuned (Ours) 61.12 60.66 70.41 63.15

Impact of the Semantic Scout. Block (a) com-
pares our query-guided design against an Intrin-
sic Attention baseline, a task-agnostic approach
that ranks visual tokens based solely on inher-
ent visual saliency derived from the self-attention
weights of the frozen vision encoder. Our method
achieves a consistent improvement across all bench-
marks, raising the average relative performance
from 97.8% to 98.9%. This verifies that pure vi-
sual saliency is insufficient for complex reasoning,
whereas our query-conditional guidance effectively
aligns token selection with specific semantic re-
quirements.

Efficacy of Dynamic Budgeting. Block (b) ex-
amines temporal resource allocation using the
LLaVA-OneVision backbone. While Static Allo-
cation remains competitive on short-term tasks,
the Dynamic strategy yields substantial gains
on long-context benchmarks (e.g., +1.72 on
LongVideoBench). Consequently, the overall av-
erage relative accuracy improves from 99.5% to
100.3%, confirming that prioritizing information-
dense segments captures narrative evolution more
effectively.

Strategy for Context Compensation. Block (c)
evaluates peripheral token selection. We com-
pare our approach against Representation Supple-
ment, which prioritizes candidate tokens exhibiting
the highest similarity to the global frame average.
While this strategy achieves 98.6% relative accu-
racy by approximating the statistical center, our

DPC-KNN approach attains 98.9%. This confirms
that density-based clustering, by identifying dis-
tinct structural anchors, provides a more informa-
tive context than simply retaining tokens closest to
the mean.

Impact of Feature Aggregation. Block (d) as-
sesses the benefit of fusing unselected tokens.
While Hard Pruning yields 97.7% relative accu-
racy, our Soft Aggregation strategy recovers perfor-
mance to 98.9%, indicating that aggregating uns-
elected regions into anchors effectively mitigates
information loss.

Efficacy of Task-Specific Adaptation. Block (e)
compares our fine-tuned module against the frozen
Q-Former. The results show that fine-tuning im-
proves relative accuracy from 97.1% to 98.9%, con-
firming that task-specific alignment is necessary to
accurately locate query-relevant regions.

5 Conclusion

We proposed Vista-LLM, a framework that effi-
ciently prunes visual tokens in long videos via
Query-Guided Dynamic Budgeting and Structure-
Aware Compensation. Unlike prior arts, Vista-
LLM ensures compatibility with standard attention
kernels while significantly reducing redundancy.
Experiments demonstrate a state-of-the-art trade-
off: on LLaVA-OneVision, we achieve a ∼90%
reduction in computation with 98.2% performance
retention, and a 2.01× speedup on LLaVA-Video.
These results highlight Vista-LLM as a practical
solution for deploying long-context MLLMs under
strict resource constraints.

Limitations

The main constraint of Vista-LLM stems from the
representational gap between the lightweight Se-
mantic Scout and the LLM. Although the Scout is
effective at filtering redundancy, its smaller scale
implies that extremely subtle cues could be missed,
leading to information loss before the reasoning
stage. This limitation is particularly relevant for
tasks requiring high-precision visual grounding.
Future work could address this by exploring iter-
ative scouting mechanisms or distilling stronger
visual priors into the Scout to bridge this capacity
gap.
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A Fine-tuning Details for Key Token
Extraction

A.1 Dataset and Sample Construction
We utilize the region descriptions from the Visual
Genome dataset for fine-tuning. To ensure seman-
tic density, we exclude phrases containing fewer
than three words, thereby removing overly generic
descriptions. Since the raw dataset consists solely
of positive pairs, we implement an online hard neg-
ative mining strategy to enhance the discriminative
capability of the model. Specifically, we compute
similarities between all images and texts within a
batch and sample negative counterparts based on a
multinomial distribution derived from these scores.
This process prioritizes hard negatives that are se-
mantically similar but factually incorrect. These
dynamically mined negative samples are then com-
bined with the positive pairs to construct the final
training batch for the Image-Text Matching objec-
tive.

A.2 Model Architecture and Adaptations
Our method builds upon the pre-trained BLIP-2
architecture. To efficiently leverage its powerful
pre-trained visual representations and reduce com-
putational demands, we freeze the parameters of
the Vision Encoder. The core components that un-
dergo fine-tuning are the Q-Former and a newly
introduced lightweight projection module. We in-
troduce a Key Token Projector to bridge the raw
visual patch embeddings and the text embedding
space. This module is implemented as a sequential
network consisting of Linear, LayerNorm, GELU,
Dropout, and a final Linear layer. Its purpose is to
project the weighted visual features from the vision
dimension of 1408 into the Image-Text Contrastive
embedding space of dimension 256. This projec-
tion facilitates direct alignment between the most
relevant visual features and the text query tokens.

A.3 Training Objectives
The overall training objective is a weighted sum of
three distinct loss components:

Ltotal = LITM + LITC + αLAlign (13)

While our primary contribution is the alignment
loss, the retention of the standard Image-Text
Matching (LITM ) and Image-Text Contrastive
(LITC) losses is critical. These objectives act
as essential regularizers that maintain the founda-
tional global semantic alignment between modali-

ties. Without these constraints, optimizing solely
for local token alignment would likely lead the
model to collapse into trivial solutions or overfit to
local noise, effectively losing its ability to perform
meaningful multimodal reasoning.

To explicitly guide the model towards focusing
on key visual regions, we introduce the Soft Top-K
Alignment Loss. Let S denote the patch impor-
tance score vector derived by averaging the cross-
attention maps from the Q-Former. Instead of a
hard selection, we employ a soft relaxation for the
Top-K operation. We first determine a dynamic
threshold value τ which corresponds to the K-th
largest score in S. A soft mask m is then gener-
ated using a sigmoid function with a temperature
parameter T :

mi = σ

(
Si − τ

T

)
(14)

This soft mask is applied to the raw image patch
embeddings. The key visual feature vector vkey

is obtained by aggregating the image embeddings
weighted by the normalized masked scores. Finally,
we minimize the cosine distance between the pro-
jected key visual feature via the projector Φ and
the corresponding text embedding tfeat:

LAlign = 1− cos(Φ(vkey), tfeat) (15)

A.4 Training Dynamics
We monitor the training progression by tracking
the total loss and its individual components: LITM ,
LITC , and LAlign. As illustrated in Figure 3, the
model exhibits rapid convergence. Specifically, the
Alignment Loss drops significantly within the ini-
tial training phase, indicating that the lightweight
Key Token Projector efficiently learns to map vi-
sual features to the textual space without requir-
ing extensive training epochs. The ITM and ITC
losses maintain stable fluctuations, confirming their
role in regularizing the model and preventing catas-
trophic forgetting of the pre-trained knowledge.
Empirical evaluation on the validation set identifies
the optimal checkpoint at step 625, highlighting the
efficiency of our fine-tuning strategy in adapting
the pre-trained BLIP-2 to the key token extraction
task.

B Supplemental Experimental Results

B.1 Ablation Study on Sampling Ratio (ρ).
Table 6 examines the trade-off between semantic
focus and structural preservation using the LLaVA-
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Figure 3: Training curves showing the evolution of
Total Loss, ITM Loss, Alignment Loss, and ITC Loss.
The distinct drop in Alignment Loss demonstrates rapid
adaptation, while ITM and ITC losses provide consistent
regularization.

Table 6: Ablation Study on Sampling Ratio (ρ).
This parameter regulates the budget allocation between
semantic-aware selection and structure-aware compen-
sation.

Ratio (ρ) MVBench
LongVideo

MLVU VideoMME
Avg.

Bench Acc.

0.0 60.48 60.36 69.40 62.56 97.9
0.2 60.29 60.43 70.00 62.70 98.1
0.4 60.75 61.11 70.18 62.40 98.5
0.6 61.50 60.96 70.37 62.33 98.8
0.8 61.02 60.21 70.46 62.67 98.5
0.85 61.12 60.66 70.41 63.15 98.9
1.0 60.80 60.06 70.32 62.70 98.3

Video backbone (25% retention, τ = 0.95). At the
lower bound where ρ = 0, the framework relies
entirely on Structure-Aware Compensation, com-
pletely disregarding the textual instruction. This
configuration yields the lowest performance, con-
firming that task-agnostic selection is insufficient
for complex reasoning. Conversely, setting ρ = 1
allocates the full budget to the Semantic Scout.
The subsequent decline in accuracy indicates that
the total exclusion of background context leads
to semantic isolation, hindering the model from
grounding objects within the global scene. The
peak performance at ρ = 0.85 validates that re-
taining a small proportion of structural anchors
to complement high-relevance tokens ensures the
most robust representation.

B.2 Ablation Study on Semantic Coherence
Threshold (τ ).

Table 7 investigates the impact of the Semantic
Coherence Threshold τ under the LLaVA-Video
setting (25% retention, ρ = 0.85). The empiri-
cal results exhibit a distinct performance peak at

Figure 4: The dashed vertical line indicates the optimal
configuration at 0.85, outperforming both the structure-
only (ρ = 0) and semantics-only (ρ = 1) baselines.

τ = 0.80, yielding an average relative accuracy of
99.2%. Deviating from this optimum leads to per-
formance degradation: lower thresholds (τ < 0.80)
risk obscuring rapid visual changes by merging dis-
tinct events, whereas higher thresholds (τ > 0.80)
cause over-segmentation that fragments narrative
continuity. Consequently, we adopt τ = 0.80 as the
default configuration to ensure a balanced temporal
partition.

Table 7: Ablation Study on Semantic Coherence
Threshold (τ ). Validating that τ = 0.80 strikes the
optimal balance for dynamic segment generation.

Threshold (τ ) MVBench
LongVideo

MLVU VideoMME
Avg.

Bench Acc.

0.65 61.37 61.26 70.65 62.48 99.0
0.70 61.21 61.26 70.74 62.52 99.0
0.75 60.99 60.81 70.83 62.85 98.9
0.80 61.50 60.96 70.92 62.70 99.2
0.85 61.39 61.03 70.28 62.22 98.7
0.90 61.21 60.81 70.46 62.44 98.7
0.95 61.12 60.66 70.41 63.15 98.9

Figure 5: Performance trend across different Semantic
Coherence Thresholds (τ ). The curve indicates that
τ = 0.80 provides the most robust feature segmentation
across diverse benchmarks.
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Table 8: Comparison of methods using the None Newline Mode on LLaVA-Video. This setting strictly excludes
newline tokens, allowing for a direct comparison of token selection capabilities between Vista-LLM* and structure-
free baselines.

Method
Newline FLOPs Retention

MVBench
LongVideo

MLVU
VideoMME Average

Mode Ratio Ratio Bench Short Med. Long Score Score %

DyCoke None 25.4% 26.6% 60.75 57.97 62.58 71.67 55.11 49.67 58.81 60.03 93.0

FrameFusion None 26.6% 25% 60.85 58.49 66.59 73.56 60.78 51.44 61.93 61.96 96.0
Vista-LLM* None 24.0% 25% 61.39 60.06 68.16 73.00 60.33 50.67 61.33 62.74 97.2

FrameFusion None 20.5% 20% 60.42 57.44 65.07 72.11 59.11 50.11 60.44 60.84 94.2
Vista-LLM* None 19.2% 20% 60.58 59.09 67.97 72.00 58.78 51.00 60.59 62.06 96.1

FrameFusion None 15.5% 15% 60.18 57.07 63.13 70.41 58.67 49.56 59.54 59.98 92.9
Vista-LLM* None 14.6% 15% 59.99 58.86 66.31 70.67 57.44 49.89 59.33 61.12 94.7

FrameFusion None 10.7% 10% 58.80 54.67 60.51 65.33 54.56 47.00 55.63 57.40 88.9
Vista-LLM* None 10.1% 10% 58.88 58.86 64.98 69.22 56.22 50.00 58.48 60.30 93.4

B.3 Evaluation on Structure-Free Settings

In the main paper, we demonstrated the perfor-
mance of Vista-LLM using the standard grid struc-
ture of LLaVA-Video. However, some baselines
such as DyCoke and FrameFusion operate in a
structure-free manner, discarding the newline to-
kens typically used to represent spatial layouts. To
ensure a strictly fair comparison, we introduce a
variant, denoted as Vista-LLM*, which removes
newline tokens to match the structural assumptions
of these baselines.

Performance Analysis. Table 8 presents the
comparison between Vista-LLM* and structure-
free baselines. Compared to DyCoke at the 25% re-
tention level, Vista-LLM* achieves a significantly
higher average score (62.74 vs. 60.03) with a lower
FLOPs ratio. Notably, when compared to FrameFu-
sion, our method demonstrates superior robustness
as the compression rate increases. At the challeng-
ing 10% retention ratio, Vista-LLM* outperforms
FrameFusion by 2.9 points (60.30 vs. 57.40) and
maintains a 93.4% relative performance to the full
model, whereas FrameFusion drops to 88.9%.

B.4 Scalability with Video Length

To evaluate the scalability of the proposed frame-
work across varying video durations, we conduct
a stratified performance analysis utilizing a com-
bined dataset comprising VideoMME, MLVU, and
LongVideoBench. This aggregation yields a total
of 6207 evaluation samples. Table 9 delineates the
performance variations when integrating the pro-
posed framework into two distinct backbone mod-
els at a 25% token retention ratio. The numerical
values presented in the table represent the relative

accuracy changes compared to the uncompressed
full token baselines of each respective model. Pos-
itive percentages indicate performance improve-
ments achieved by our method, whereas negative
percentages reflect accuracy degradation compared
to the original architectures.

Table 9: Relative performance changes of the proposed
framework compared to the uncompressed baselines
across different video durations at a 25% token retention
ratio.

Duration Count LLaVA-OneVision LLaVA-Video

< 3m 1261 -0.39% -1.90%
3 - 10m 2696 +1.83% +0.10%
10 - 20m 938 -2.03% -1.49%
20 - 30m 274 -1.46% +3.28%
> 30m 1038 +0.58% -1.93%

Overall 6207 +0.21% -1.20%

The empirical results indicate that the framework
demonstrates consistent efficacy in medium length
videos ranging from 3 to 10 minutes, which consti-
tute the majority of the evaluation samples. Within
this duration bracket, the LLaVA-OneVision back-
bone achieves an accuracy improvement of 1.83
percent over its full token counterpart. This obser-
vation supports the hypothesis that medium length
videos frequently contain substantial temporal re-
dundancy, including static backgrounds and repet-
itive scenes. The dynamic budgeting module ef-
fectively filters this redundancy without compro-
mising semantic integrity. Conversely, a marginal
performance decline is observed in short videos un-
der 3 minutes. These brief clips typically possess
high information density and minimal visual repe-
tition, rendering them less amenable to aggressive
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compression. However, the substantial efficiency
gains achieved in longer contexts justify this minor
degradation for long context applications.

For videos exceeding 10 minutes, the evaluation
exhibits increased performance variance, with di-
vergent behaviors between the two backbone mod-
els. Most notably, the LLaVA-Video model ex-
periences a 1.93 percent performance decrease in
videos longer than 30 minutes. This volatility can
be attributed to the inherent characteristics of stan-
dard video inference protocols. Conventional tem-
poral sampling strategies extract frames sparsely
across the entire video sequence to meet context
limits. Consequently, the semantic weight carried
by each individual token becomes exceptionally
high. Removing 75 percent of the visual tokens
from an already sparse information pool naturally
introduces stochasticity. Discarding any discrim-
inative visual feature in such sparse settings can
significantly impact the reasoning accuracy of the
model. Despite this inherent instability, the ability
of the framework to achieve positive gains in sev-
eral extended video brackets validates its potential
to mitigate visual noise in long context understand-
ing.

C More Visualizations
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Question: Which object was taken by the person?
Answer: The blanket.

Figure 6: Visualization of the token selection strategy on a sample video clip. The red patches indicate high-
relevance regions identified by the Semantic Scout, which aligns closely with the textual query regarding the person
and the blanket. The green patches denote structural anchors retained by the Structure-Aware Compensation module
to preserve global context. This hybrid approach effectively captures the core interaction while maintaining scene
coherence.
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