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Abstract

Vision-Language Models (VLMs) face massive
inference overhead from extensive visual tokens.
Existing Top-K pruning methods mitigate this
but suffer from severe spatial bias, information
redundancy, and crucial context loss. To address
this, we propose TokenNMS, a training-free two-
stage framework that reframes token reduction as
deterministic feature-space Non-Maximum Sup-
pression (NMS). TokenNMS seamlessly bridges
query-agnostic spatial pruning with query-aware
semantic filtering, enforcing similarity constraints
to penalize semantic overlap. Extensive experi-
ments demonstrate our approach effectively pre-
serves spatially diverse representations while ac-
celerating inference across diverse VLMs.

1. Introduction

Vision-Language Models (VLMs) (Liu et al., 2023; 2024a;
Bai et al., 2025) encode high-resolution images into exten-
sive visual token sequences (Dosovitskiy et al., 2020), caus-
ing excessive computational overhead due to the quadratic
complexity of LLM attention mechanisms. Consequently,
visual token pruning has emerged as a critical research area
to mitigate inference costs.

Existing pruning methods (Chen et al., 2024; Zhang et al.,
2024; 2025a; Xing et al., 2024; Shang et al., 2025) pre-
dominantly rely on Top-K selection strategies based on
predefined importance criteria. Despite introducing vari-
ous compensatory mechanisms or dynamic retention ratios,
these approaches inherently depend on strict, score-centric
ranking. However, Top-K selection suffers from critical
limitations: (i) spatial bias towards salient objects (Endo
et al., 2025) (Figure 1 (a)); (ii) high redundancy with over-
lapping features (Figure 2) ignoring decisive small objects
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Figure 1. Tlustration of comparison between conventional Top-K
approach and our TokenNMS on visual token retention on LLaVA-
1.5-7B.

Unpruned Token Distribution TokenNMS (Ours)

Figure 2. Cosine similarity distribution among tokens. Red dashed
boxes indicate highly redundant tokens with high similarity scores.

(Alvar et al., 2025) (Figure 1 (b)); and (iii) context loss
by eliminating necessary background cues (Huang et al.,
2026) (Figure 1 (c)). This winner-takes-all distribution de-
prives the model of the global context required for complex
reasoning.

To address these limitations, we propose TokenNMS, a
training-free two-stage pruning framework. We reframe
visual pruning as deterministic Non-Maximum Suppression
(NMS) within the semantic feature space, enforcing dis-
tance constraints to prevent local clustering. Unlike Top- K
methods, TokenNMS penalizes semantic overlap to main-
tain a comprehensive, spatially diverse representation, as
illustrated in Figure 2. It seamlessly bridges query-agnostic
spatial pruning, ensuring visual diversity via NMS, with
query-aware semantic filtering that selectively isolates task-
relevant tokens as shown in Figure 1.

Extensive experiments across VLMs (e.g., LLaVA (Liu
etal., 2023; 2024a), Qwen2.5-VL (Bai et al., 2025)) validate
our approach. For instance, TokenNMS preserves 98.45%
of unpruned LLaVA-NeXT-7B (Liu et al., 2024a) perfor-
mance while reducing FLOPs by 90%. In summary, our
contributions are three-fold: (1) we introduce a determin-
istic feature-space NMS strategy to suppress redundancy
and enhance spatial diversity; (2) we propose TokenNMS,
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decoupling query-agnostic spatial pruning and query-aware
semantic filtering; and (3) we achieve an optimal efficiency-
accuracy trade-off across diverse VQA benchmarks with
minimal performance degradation.

2. Methodology

In this section, we first formulate the computational bot-
tleneck of VLMs and expose the structural limitations
of standard Top-K selection approaches. Then we intro-
duce a feature-space deterministic Non-Maximum Suppres-
sion (NMS) strategy, which aims to retain optimal spa-
tial diversity and prevent information redundancy in high-
dimensional embedding space. Based on this formulation,
we propose TokenNMS, a hierarchical two-stage pruning
framework. Lastly, we present the two primary components
of our framework. The first stage performs query-agnostic
pruning to preserve global context through visual saliency,
which is then followed by a query-aware semantic filtering
stage designed to extract task-relevant tokens via text-visual
alignment.

2.1. Preliminaries

In Vision-Language Models (VLMs), encoding high-
resolution images generates extensive visual token se-
quences, which introduces a severe computational bottle-
neck due to the quadratic complexity of LLM self-attention
(Liu et al., 2023; Vaswani et al., 2017). To mitigate this, con-
ventional token pruning employs a Top- K selection strategy
that retains a subset of tokens strictly based on individ-
ual importance scores (e.g., attention weights). However,
this score-centric formulation intrinsically ignores pairwise
semantic relationships between tokens (Wen et al., 2025;
Alvar et al., 2025; Zhang et al., 2025b). Consequently,
when visual saliency is highly concentrated, multiple tokens
encoding nearly identical features dominate the top ranks,
causing severe spatial collapse and information redundancy.
This critical limitation necessitates a pruning metric that
simultaneously evaluates individual saliency and mutual
diversity, naturally leading to our proposed feature-space
Non-Maximum Suppression (NMS) strategy.

2.2. Feature-Space Deterministic Non-Maximum
Suppression

To mitigate the spatial bias and information redundancy
of Top-K pruning, we propose a feature-space NMS strat-
egy. Inspired by the minimum distance constraint of Blue
Noise sampling (Cook, 1986; Ulichney, 2002), we enforce
a deterministic spatial repulsion principle within the high-
dimensional semantic space of VLMs, avoiding the infer-
ence instability of stochastic processes (Bridson, 2007).

We replace physical distance with semantic correlation,

TokenNMS Stage 1: Query-Agnastic Spaial Pruning
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Figure 3. Illustration of TokenNMS with 2-stage visual token
pruning framework.

quantified by the cosine similarity between token embed-
dings x; and x;:

T,
Li Tj

Sz, 25) = T

(1)
To enforce a minimum semantic distance, we introduce a
similarity threshold 7. Tokens are considered to occupy
highly overlapping semantic regions if their similarity ex-
ceeds 7.

We iteratively construct a sparse, spatially diverse token
set V, initialized as V = ). Traversing the candidate to-
kens based on their importance-based permutation 7 (Sec-
tion 2.1), each token x ;) is evaluated against all currently
selected tokens in V. The candidate is appended to V if and
only if it satisfies the strict distance constraint:

. _ <r
Tea‘ic sim(z(;),v) < 7T 2)

Conversely, if max, ey sim(z.(;),v) > 7, the token ;)
is suppressed as redundant. By greedily selecting salient
tokens while rigidly penalizing semantic overlap, this de-
terministic NMS process yields a highly informative and
structurally diverse visual token subset.

2.3. TokenNMS

Our TokenNMS framework (Figure 3) seamlessly bridges
query-agnostic spatial pruning and query-aware semantic
filtering, effectively decoupling global context preservation
from task-relevant feature isolation.

Query-Agnostic Spatial Pruning. To conservatively com-
press the massive visual token sequence into a structurally
diverse subset of budget K, we extract visual saliency di-
rectly from the ViT [CLS] token self-attention prior to the
LLM projection. Let A € RY denote the average attention
map. To stabilize scales, we apply 99th-percentile clipping
(Darcet et al., 2023) and min-max normalize it to obtain the
saliency score s; for each projected token 27 € RP:
A; — min(A)

Q. (PO
si = Sus(@}) = max(A) — min(A)’ 3)
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We sort the projected token set X by s; to obtain per-
mutation 7;. Guided by 71, we iteratively construct the
intermediate subset V() initialized empty. A candidate
token z” rloj(i) is admitted to V(1) only if its maximum cosine
similarity to previously selected tokens satisfies the spatial
threshold 7 :

max Sim(zfﬂi),v) <. 4)

vey®)
This NMS process in the projected LLM embedding space
preserves highly attended regions while filtering out redun-
dant background textures.

Query-Aware Semantic Filtering. The second stage re-
fines V) to a final budget K» < K by isolating query-
relevant features. To compute semantic alignment r;, we
utilize the raw visual feature e; € RE prior to projection
and the query embeddings Q = {q1,...,qn} € RM*in
the aligned contrastive space (Radford et al., 2021). We use
average pooling to preserve holistic context:
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To balance semantic alignment with spatial perception, we
employ a joint importance score:

+ (1 -7y, 6)

where 7; is the min-max normalized semantic alignment
and « controls the balance. We sort V() by Sioint to obtain
permutation 7.

Sioint (V) = a - s;

Crucially, to prevent semantic collapse—where spatially dis-
tinct objects sharing a high-level concept mutually suppress
each other—we decouple the suppression criterion from
the selection priority. We impose the NMS constraint in
the pre-projection visual space (RY). Evaluating candidate
against the selected set V(2), we apply the decoupled

U (5)
criterion usimg raw features 671-2 ) and Cy-
max sityis(eny(5), €u) < 72, )

where simy; is the cosine similarity in dimension C' and
To is the decoupled threshold. By ranking semantically
but suppressing visually, TokenNMS extracts a compact,
query-grounded representation while maintaining spatial
multiplicity.

3. Experiments

3.1. Experimental Setup

We evaluate TokenNMS on LLaVA-1.5-7B (Liu et al.,
2024a), LLaVA-NeXT-7B (Liu et al., 2024b), and Qwen2.5-
VL-7B (Bai et al., 2025) across diverse multimodal bench-
marks, including VQAv2 (Goyal et al., 2017), GQA (Hud-
son & Manning, 2019), TextVQA (Singh et al., 2019), and

Table 1. Performance comparison of different visual token reduc-
tion methods on LLaVA-1.5-7B across multiple VQA benchmarks.
Rel. indicates the relative performance preserved compared to the
upper bound.

Method | vQAY? GQA SQA™C VQA™ POPE MME MMB MMvVet | Rel
Upper Bound, All 576 Tokens (100%)
LLaVA-1.5-7B | 785 619 695 582 859 15065 647 313 | 100.00%
Retain 192 Tokens (| 66.7%)
FastV (Chen et al., 2024) 671 527 619 52.5 648 13984 612 277 | $8.73%
PyramidDrop (Xing etal., 2024) | 749  57.1 702 56.1 823 14659 632 305 | 96.66%
SparseVLM (Zhang et al., 2024) | 756 576  69.1 56.1 836 14529 625 315 | 97.02%
VisionZip (Yang et al., 2025) 768 593 689 57.3 853 14386 630 317 | 98.08%
CDPruner (Zhang etal. 2025b) | 772 603 688 513 873 14462 632 305 | 98.4%
TokenNMS (Ours) 773 605 691 57.3 87.5 14621 636 321 | 99.23%
Retain 128 Tokens (1. 77.8%)
FastV (Chen et al., 2024) 710 540 692 564 682 13689 630  27.0 | 91.01%
PyramidDrop (Xing 024) | 743 571 701 56.7 775 14441 623 276 | 9447%
SparseVLM (Zhang 024) | 751 573 69.0 563 8301 13993 626 297 | 9569%
PruMerge+ (Shang et a 750 582 691 54.0 83.1  1408.1 618 304 | 9558%
VisionZip (Yang et al., 2025) 756 516 687 56.9 833 14369 621 316 | 9691%
DivPrune (Alvar et al., 2025) 760 594 68.6 559 870 14051 615 306 | 96.86%
CDPruner (Zhang etal.,2025b) | 766 599  69.0 56.2 877 14314 63.1 328 | 98.70%
TokenNMS (Ours) 767 600 685 56.6 873 14613  63.1 324 | 9877%
Retain 64 Tokens (| 88.9%)
FastV (Chen et al., 2024) 559 460 701 516 355 9735 501 189 | 72.35%
PyramidDrop (Xing 024) | 563 461 688 492 408 9822 480 177 | 71.64%
669 520 592 52.1 69.7 11904 583 244 | 84.02%
713 554 695 520 757 13168 596 280 | 90.85%
VisionZip (Yan; ) 724 551 69.0 55.5 770 13652 60.1 294 | 9287%
DivPrune (Alvar et al., 2025) 741 515 68.0 545 855 13347 60.1 28.1 | 93.70%
CDPruner (Zhang etal, 2025b) | 754 586  68.1 553 87.5 14151 611 305 | 9642%
TokenNMS (Ours) 756 589 693 55.9 874 14237 614 309 | 97.14%

POPE (Li et al., 2023). Token deficits from NMS suppres-
sion are deterministically padded with top unselected can-
didates to support batched inference. For hyperparameters,
Stage 1 conservatively retains ~88% of tokens (7, = 0.6)
to eliminate only highly redundant backgrounds. Stage 2
employs a = 0.5 to balance visual structure with query
relevance, and 7o = 0.8 to prevent over-suppressing query-
critical features. Additional results and details can be found
in the Appendix.

3.2. Main Results

Performance on LLaVA-1.5-7B. Table 1 demonstrates To-
kenNMS’s superiority across varying reduction rates. When
retaining 192 tokens, it preserves 99.23% of vanilla per-
formance. Under extreme compression (64 tokens), To-
kenNMS robustly maintains 97.14%, effectively preserving
crucial spatial context compared to existing Top-K base-
lines.

Scalability to High-Resolution VLMs. Table 2 highlights
our scalability to massive token sequences via LLaVA-
NeXT-7B (Liu et al., 2024b). At a 640-token budget, Token-
NMS achieves 100.78% relative performance, surpassing
the unpruned baseline by successfully filtering redundant vi-
sual noise. Remarkably, even at an extreme 94.4% compres-
sion rate, it preserves 96.71% of the original performance.
Evaluations on Qwen2.5-VL (Bai et al., 2025) further con-
firm our framework’s strong generalizability across diverse
architectures and text-dense benchmarks.

Table 3 details results on Qwen2.5-VL-7B. TokenNMS
achieves the highest relative performance at 512 (98.98%)
and 256 (94.02%) token budgets, outperforming all base-
lines. Even under extreme compression (128 tokens), it
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Table 2. Performance comparison of different visual token reduc-
tion methods on LLaVA-NeXT-7B across multiple VQA bench-
marks. Rel. indicates the relative performance preserved compared
to the upper bound.

Table 4. Efficiency and performance comparison across various
pruning methods on POPE. We report FLOPs, prefill/decode time,
KV cache size, GPU memory footprint, and the resulting F1 score
on LLaVA-NeXT-7B.

Method | vQAY? GQA SQA™® VQA™ POPE MME MMB MMVet | Rel
Upper Bound, All 2880 Tokens (100%)
LLaVA-NeXT-7B | 813 625 675 60.3 868 15118 658 400 | 100.00%
Retain 640 Tokens (|, 77.8%)
FastV (Chen et al., 2024) 770 589 674 58.1 795 14126 631 395 | 95.60%
PyramidDrop (Xing etal 2024) | 79.1  60.0  66.7 57.8 838 14759 641 367 | 96.41%
SparseVLM (Zhang etal., 2024) | 792 612 67.6 59.7 853 14568 659 361 | 97.44%
PruMerge+ (Shang etal, 2025) | 782 608  67.8 54.9 853 14802 646 327 | 95.13%
VisionZip (Yang et al 5 7901 612 68.1 59.9 86.0 14934 658 389 | 98.82%
DivPrune (Alvar et al., 2025) 793 619 678 57.0 869 14697 658 380 | 97.99%
CDPruner (Zhang etal. 2025b) | 799 626 679 584 873 14745 663 419 | 99.94%
TokenNMS (Ours) 80.1 655  68.1 59.8 87.5 14895 663  4L1 | 100.78%
Retain 320 Tokens (| 88.9%)
FastV (Chen et al., 2024) 615 498 666 522 495 10990 534 200 | 75.18%
PyramidDrop (Xing etal., 2024) | 668 504 667 49.0 608 11715 555 240 | 7935%
SparseVLM (Zhang etal., 2024) | 74.6 579 672 56.5 769 13861 631 328 | 91.98%
PruMerge+ (Shang etal, 2025) | 753 588  68.1 54.0 795 14443 630 314 | 9231%
VisionZip (Yang et al., 202 762 589 675 58.8 823 13971 633 358 | 94.80%
DivPrune (Alvar 772 6Ll 67.7 56.2 847 14233 639 348 | 9526%
CDPruner (Zhang et 784 616 678 57.4 872 14530 655 379 | 97.69%
TokenNMS (Ours) 788 613 679 57.8 873 1500.1 657 386 | 98.45%
Retain 160 Tokens (| 94.4%)
PruMerge+ (Shang et al. 2025) | 705 562 669 50.3 71112896 580 293 | 85.97%
VisionZip (Yang et al., 2025) 714 552 619 55.0 749 13278 586 323 | 88.98%
DivPrune (Alvar et al., 2025) 750 593 671 54.1 800 13566 629 320 | 91.72%
CDPruner (Zhang etal. 2025b) | 767 608 675 55.4 868 14253 642 362 | 9573%
TokenNMS (Ours) 770 606 676 57.2 87.1 14582  65.1 365 | 96.71%

Table 3. Performance comparison of different visual token reduc-
tion methods on Qwen2.5-VL-7B across multiple VQA bench-
marks. Rel. indicates the relative performance preserved com-
pared to the upper bound. The best and second-best results are
highlighted in bold and underlined, respectively.

Method | ChartQA  AI2D OCRBench HallBench MME MMB | Rel.
Upper Bound, All 1296 Tokens (100%)

Qwen2.5-VL-7B 86.1 80.4 863 64.8 2304 828 | 100.00%
Retain 512 Tokens (|, 60.5%)

FastV (Chen et al., 2024) 82.2 78.8 815 62.1 2317 820 | 97.62%

DivPrune (Alvar et al., 2025) 79.6 78.6 800 60.9 2279 816 | 96.34%

CDPruner (Zhang etal., 2025b) | 82.8 78.9 827 623 2327 822 | 98.08%

TokenNMS (Ours) 83.6 799 827 64.0 2313 839 | 98.97%
Retain 256 Tokens (|, 80.2%)

FastV (Chen et al., 2024) 709 76.2 703 59.6 2238 796 | 91.98%

DivPrune (Alvar et al., 2025) 65.1 765 692 574 2184 80.0 | 90.13%

CDPruner (Zhang et al., 2025b) | 73.0 71.5 749 59.7 2245 809 | 93.61%

TokenNMS (Ours) 732 78.1 727 613 2252 823 | 94.02%
Retain 128 Tokens (|, 90.1%)

FastV (Chen et al., 2024) 52.2 714 531 492 2008 729 | 80.30%

DivPrune (Alvar et al., 2025) 504 72.1 549 53.6 2108 778 | 82.86%

CDPruner (Zhang et al., 2025b) | 59.2 74.0 632 55.4 2127 762 | 86.26%

TokenNMS (Ours) 56.4 75.0 554 55.7 2087 804 | 85.23%

maintains a highly competitive 85.23%, securing top scores
on tasks like AI2D, HallusionBench, and MMBench. This
confirms TokenNMS’s robust generalizability across diverse
architectures.

3.3. Efficiency Analysis

We evaluate computational efficiency on LLaVA-NeXT-
7B using a single RTX 4090 GPU and the POPE bench-
mark. We adopted POPE for its uniform prompt lengths
and straightforward single-prefill, single-decode inference
structure. The TFLOPs were computed by summing the
floating-point operations for each transformer computation.
The prefill time (i.e., Time-To-First-Token) was measured
by generating a single token and counting the elapsed time
from input processing to the first output token. The decode
time was computed by subtracting the prefill time from the
total generation time and dividing by the number of subse-

Prefill Time Decode Time KV Cache GPU Memory Score

Method #Token TFLOPs ) (mstoken) By By 1)
LLaVA-NeXT-7B 2880 418 393 13 1543 185 86.8
PyramidDrop (Xing et al., 2024) | 320 47 168 10 190 158 60.8
SparseVLM (Zhang et al., 2024) | 320 48 163 10 193 20.6 76.9
VisionZip (Yang et al., 2025) 320 5 105 11 167 16.2 823
CDPruner (Zhang etal., 2025b) | 320 42 162 10 168 16.4 87.2
TokenNMS (Ours) 320 42 165 9 167 16.4 87.3

quently generated tokens, yielding the average latency per
token during autoregressive decoding. The KV cache size
was calculated based on the number of layers, key-value
heads, sequence length, head dimension, and data precision.
As detailed in Table 4, retaining 320 tokens with TokenNMS
reduces computational cost (TFLOPs) by roughly 10x and
KV cache size by nearly 90% compared to the vanilla base-
line. Furthermore, TokenNMS achieves the lowest TFLOPs
and fastest decode latency among existing methods. While
SparseVLM vyields a slightly faster prefill time, it suffers
from severe performance degradation and higher memory
usage. Ultimately, these results demonstrate that TokenNMS
maximizes inference acceleration and token informativeness
with minimal overhead.

4. Conclusion

In this paper, we introduce TokenNMS, a training-free
two-stage pruning framework for Vision-Language Model
(VLM) inference acceleration. By reframing token selection
through a feature-space Non-Maximum Suppression (NMS)
strategy, we effectively mitigated the spatial bias and redun-
dancy inherent in conventional Top-K methods. Integrating
query-agnostic spatial pruning with query-aware semantic
filtering enables massive token reduction without sacrificing
crucial visual context. In addition, decoupling selection
priority from the suppression criterion allows the model
to rank tokens by task relevance while ensuring spatial di-
versity through raw visual feature constraints. Extensive
experiments on various VLMs and benchmarks confirm that
TokenNMS achieves highly competitive hardware efficiency
and maintains exceptional reasoning performance under ex-
treme compression, providing a robust solution for efficient
VLM deployment.

Impact Statement

This paper presents work aimed at advancing the efficiency
of Vision-Language Models. By reducing the computational
overhead of multimodal inference, our approach has the po-
tential to lower the energy consumption and carbon footprint
of deploying large models, while democratizing access to
advanced Al on resource-constrained devices.
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A. Related Work

A.1. Vision-Language Models

Vision-Language Models (VLMs) (Liu et al., 2023; 2024a; Wang et al., 2024) integrate a vision encoder with a large
language model (LLM) (Touvron et al., 2023a;b; Bai et al., 2023) by aligning visual tokens to the LLM feature space.
Through instruction tuning, VLMs serve as general-purpose reasoners for tasks ranging from descriptive generation (Chen
et al., 2015; Agrawal et al., 2019) to fine-grained question answering (Goyal et al., 2017; Hudson & Manning, 2019; Gurari
et al., 2018). However, handling high-resolution images or videos generates massive visual token sequences, causing a
severe inference bottleneck. This token overload leads to several challenges, including the quadratic computational scaling
of self-attention (Vaswani et al., 2017; Tay et al., 2022) and excessive memory pressure from KV caches (Xiao et al., 2023;
Zhang et al., 2023; Li et al., 2024). Furthermore, the resulting increase in latency hinders the deployment of VLMs for
long-context inputs (Lin et al., 2024; Li et al., 2025; Jin et al., 2024). Consequently, achieving efficient multimodal inference
requires balancing the preservation of vital visual semantics with the reduction of token-dependent overhead, strongly
motivating methods that prune or restructure visual tokens.

A.2. Visual Token Compression

Visual token compression aims to shorten visual sequences during VLM inference to decrease computation and memory
usage. Prior works (Rao et al., 2021; Liang et al., 2022) range from training-based compression, which requires architectural
changes or fine-tuning, to training-free approaches. The latter are widely adopted for their seamless deployment. Token
pruning seeks to retain only a highly informative subset of tokens, categorized mainly into attention-based and diversity-
based methods. Attention-based pruning (Chen et al., 2024; Xing et al., 2024; Zhang et al., 2024; Arif et al., 2025) selects
top-ranked tokens using vision or cross-attention scores. While straightforward, these scores can be unstable, and aggressive
pruning often collapses retained tokens into limited spatial regions. Conversely, diversity-based pruning (Wen et al., 2025;
Alvar et al., 2025) leverages feature similarity to preserve spatial and semantic diversity. However, depending exclusively
on similarity often fails to capture instruction-specific relevance and incurs computational overhead. Hybrid methods
(Yang et al., 2025; Shang et al., 2025; Zhang et al., 2025a;b) combine attention relevance with diversity constraints to
balance query-awareness and redundancy, though this often necessitates complex selection mechanisms. Alternatively,
token merging (Bolya et al., 2022; Huang et al., 2026) compresses the sequence by aggregating similar tokens. While it
preserves global context without explicit token discarding, aggressive merging dilutes the fine-grained visual cues essential
for text-dense or localization-centric tasks.

B. Algorithmic Details of TokenNMS

To facilitate the reproducibility of our framework, we provide the detailed the algorithmic implementations of the proposed
TokenNMS framework. Algorithm 1 formalizes the query-agnostic spatial pruning process. Given the projected visual
tokens X,o;, we first compute the inherent visual saliency score s; for each token and sort the sequence in descending order.
We then iteratively construct the intermediate subset V(1) through a greedy selection process. A candidate token is appended
to the subset only if its maximum cosine similarity to all previously selected tokens remains below the spatial threshold 7.
This Non-Maximum Suppression (NMS) effectively filters out highly redundant regions. The process terminates once the
cardinality of the subset reaches the predefined budget K, yielding a structurally diverse visual representation.

Algorithm 2 details the query-aware semantic filtering stage. Taking the intermediate subset V(1) as input, we first compute
the semantic alignment score r; between each visual token and the text query (. After applying min-max normalization
to these scores, we calculate a joint importance metric Sjin by blending the preserved visual saliency and the normalized
semantic alignment using a weighting parameter «. The tokens are subsequently re-sorted based on this joint score. To
prevent semantic collapse, we apply a decoupled NMS strategy: a candidate token is admitted to the final set V(2) only if its
pre-projection visual feature e.,,q €xhibits a similarity below the threshold 75 when compared against the pre-projection
features of the currently selected tokens. This loop concludes when the final target budget K5 is met.
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Algorithm 1 TokenNMS: Query-Agnostic Spatial Pruning

Input: Projected visual tokens Xproj = {2}, ..., 2/\}, threshold 71, token budget K
Output: Query-agnostic spatial pruned visual token set V()
1: Initialize query-agnostic token set V) §
2: For each token 2™ € Xy; do
proj

3:  Compute visual saliency score s; = Syis(x] )

4: End For

5: Sort X,,r0j in descending order of s; to obtain permutation
6: Fori = 1to N do

7: Zana < 2V 10](1)

8:  If max,cya) SiMyis(Zeand, v) < 71 then
9: VO VO U {2ena}

10:  EndIf

11:  If|[VM| == K; then

12: break // Reach Stage 1 budget

13:  EndIf

14: End For

15: Return YV

C. Experimental Setup Details
C.1. Evaluated VLM Backbones

LLaVA-1.5 (Liu et al., 2024a) is a widely adopted Vision-Language Model (VLM) that integrates a vision encoder with
a large language model through a simple projection layer. It operates on a fixed-resolution visual processing paradigm,
uniformly generating a consistent number of visual tokens regardless of the original image dimensions. Due to its fixed
token generation and standard architecture built upon a fine-tuned variant of the LLaMA family, it serves as a foundational
baseline for evaluating the efficacy and computational trade-offs of various visual token pruning algorithms.

LLaVA-NeXT (Liu et al., 2024b) advances the baseline architecture by introducing a dynamic, high-resolution processing
mechanism that significantly improves fine-grained visual comprehension. Instead of relying on a fixed-size input, it adopts a
multi-patch strategy that yields a substantially larger and variable number of visual tokens, generating up to 2,880 tokens for
a single input. This extended sequence length preserves detailed spatial information but inherently increases computational
overhead. Consequently, LLaVA-NeXT provides a rigorous testbed for assessing the scalability and robustness of token
reduction methods under heavy computational constraints.

Qwen2.5-VL (Bai et al., 2025) is a multimodal model designed with robust native support for high-resolution visual
inputs and arbitrary aspect ratios. The architecture dynamically scales the number of generated visual tokens according to
the intrinsic resolution and complexity of the input image. Furthermore, Qwen2.5-VL explicitly incorporates structured
positional encodings, such as Rotary Position Embeddings (RoPE), to establish implicit visual coordinates essential for
spatial reasoning. This capacity for native high-resolution processing and robust spatial representation makes it a critical
backbone for evaluating spatially-aware and adaptive token pruning frameworks.

C.2. Evaluation Benchmarks

VQAV2 (Goyal et al., 2017) is a large-scale benchmark for open-ended visual question answering on natural images. The
balanced annotation design reduces reliance on language shortcuts and encourages answers to be grounded in the visual
content.It consists of over 1.1 million questions derived from more than 200,000 images from the MS COCO dataset (Lin
et al., 2014), with each question featuring 10 human-annotated answers.

GQA (Hudson & Manning, 2019) targets compositional visual reasoning through scene-graph annotations of real-world
images, evaluating whether a model can reason about objects, attributes, and their relations in a structured and multi-step
manner. The dataset comprises roughly 22 million questions associated with over 113,000 images from Visual Genome,
heavily utilizing scene graphs for structured question generation.

ScienceQA (Lu et al., 2022) serves as a multimodal multiple-choice benchmark composed of science problems paired with

9
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Algorithm 2 TokenNMS: Query-Aware Semantic Filtering

Input: Query-agnostic spatial pruned visual token set V1), preserved visual saliency scores {s;}, text query tokens @,
pre-projection visual features E' = {e; }, weight parameter c, threshold 7, token budget K>
Output: Pruned and query-grounded visual token set V()
: Initialize final token set V(?) < ()
: For each token v; € V) do
Compute semantic alignment score 7; = Seem (Vj, Q)
: End For
: Normalize {r;} to obtain 7; € [0, 1] / Min-max normalization
: For each token v; € V) do
Compute joint importance Sjoin(v;) = - 55 + (1 — ) - 75
: End For
- Sort V) in descending order of Sjoinc to obtain permutation 7o
10: For j = 1 to [V™)| do
11: Veand €~ Vry(5)
12 If max,cy2) SiMyis(€cand; €u) < T2 then
13: V@ V@ U {veana} // Decoupled spatial NMS
14:  End If
15:  If [V?)| == K, then
16: break // Reach final target budget
17:  EndIf
18: End For
19: Return V)

—

- RN o NV I NN

textual context and visual content. Following standard practice in VLM evaluation, we report results on the image subset to
assess visually grounded scientific reasoning. The full dataset encompasses over 21,000 questions sourced from elementary
and high school science curricula, categorized across diverse topics such as biology, physics, and chemistry.

TextVQA (Singh et al., 2019) measures the ability to answer questions that depend on reading text embedded in natural
scenes. Strong performance requires both accurate text perception and reasoning with the surrounding visual context.
The benchmark is built upon around 28,000 images from the Open Images dataset, containing over 45,000 questions that
explicitly require reading and interpreting scene text.

POPE (Li et al., 2023) is designed to evaluate object hallucination in multimodal models through object-presence queries,
and is widely used to test whether model responses remain faithful to the actual visual content. The evaluation framework
formulates binary yes-or-no questions across three distinct sampling settings—random, popular, and adversarial—using
images from MS COCO and other generated sources.

MME (Fu et al., 2023) offers a broad multimodal evaluation suite that spans both visual perception and higher-level
reasoning tasks, covering abilities such as text reading, recognition, counting, spatial interpretation, and commonsense
reasoning. It is structured into 14 distinct subtasks evaluated through standardized binary questions to measure both
perception and cognition capabilities systematically.

MMBench (Liu et al., 2024c¢) provides a large-scale multiple-choice framework for the standardized evaluation of
multimodal models, incorporating diverse question types to assess perception and reasoning ability in a unified setting. The
benchmark contains approximately 3,000 multiple-choice questions meticulously categorized into 20 fine-grained ability
dimensions structured within a three-level hierarchical taxonomy.

MM Vet (Yu et al., 2023) challenges models to combine multiple vision-language skills within a single open-ended response,
making it particularly useful for evaluating holistic multimodal reasoning beyond isolated recognition tasks. It is composed
of 218 open-ended questions paired with 200 images, specifically designed to test the integration of six core capabilities
including recognition, spatial awareness, and OCR.

ChartQA (Masry et al., 2022) focuses on question-answering over charts and plots, requiring an understanding of both
the visual structure and the underlying numeric information for multi-step or arithmetic reasoning. The dataset includes
about 32,000 charts paired with over 31,000 questions, blending machine-generated queries for structural extraction and

10
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Table 5. Ablation results on the effectiveness of our 7Zable 6. Ablation results on decoupled NMS and joint ranking in query-
proposed framework using LL.aVA-1.5-7B across various aware semantic filtering.
benchmarks.

Retain 128 Tokens
GQA VQA™ POPE MME Distance Space \ Ranking Criteria \ Retain 128 Tokens
Top-K 552 485 821 13455 Semantic | Visual | Relevance r; | Blended Sjoi | GQA VQA™' POPE MME
Ous 568 502 855 13902 55 521 202 13203

Top-K  56.5 54.8 832  1378.0 54.8 535 81.5 1350.0
Ours 57.5 55.4 84.1 1405.5 572 55.1 85.8 1410.2

Top-K 583 55.8 845 14227 60.0 56.6 87.3 14613
Ours 60.0 56.6 873 1461.3

Stage1 Stage2 Method

x % N\
NN X% X%
> N\ X% N\
N X% N\ %

ANANIR R
NSSNISS X%

human-written queries for complex reasoning.

AI2D (Kembhavi et al., 2016) evaluates diagram understanding based on science diagrams from educational materials,
testing whether a model can interpret diagram components, their relations, and the meaning conveyed by structured visual
layouts. It consists of nearly 5,000 educational science diagrams annotated with rich structural representations, accompanied
by over 15,000 multiple-choice questions.

OCRBench (Liu et al., 2024d) aggregates diverse text-related tasks across scene and document images to evaluate text
perception, text-centric reasoning, and robustness in visually rich language understanding. By integrating 29 distinct
OCR-centric datasets, it provides 1,000 carefully curated question-answer pairs that evaluate five specific text-related
abilities.

HallusionBench (Guan et al., 2024) diagnoses multimodal hallucination under visually confusing or linguistically mis-
leading conditions, examining whether predictions remain properly grounded in the image rather than drifting towards
unsupported responses. The benchmark comprises 346 images and 1,092 question-answer pairs, purposefully pairing
original images with manipulated versions and control questions to strictly evaluate visual and knowledge illusions.

D. Ablation Studies

D.1. Effectiveness of Two-Stage Framework

We conducted an ablation experiment on the effectiveness of TokenNMS to demonstrate the necessity of both pruning stages
and the superiority of our suppression method over the conventional Top-K approach under a 128-token budget. As shown
in Table 5, relying solely on stage 1 (i.e., query-agnostic spatial pruning) yields lower performance on text-dependent tasks
such as TextVQA (Singh et al., 2019), although our method reduces hallucinations compared to Top-K validated by a
higher POPE (Li et al., 2023) score. Conversely, leveraging only stage 2 (i.e., query-aware semantic filtering) improves text
alignment, but lacks the spatial diversity required for complex spatial reasoning, resulting in suboptimal GQA (Hudson
& Manning, 2019) scores. Integrating both stages with our suppression method achieves optimal overall performance,
demonstrating that systematically decoupling spatial and semantic pruning is crucial to preserving both global context and
fine-grained visual details.

Decoupled NMS and Joint Ranking We ablated the core components of our query-aware semantic filtering stage in
Table 6. Simply computing the NMS distance metric in the post-projection semantic space suffers from drastic performance
degradation, as shown in the first and second rows. This occurs because visually distinct objects sharing similar semantic
concepts are erroneously suppressed. By computing the distance metric in the pre-projection visual space, our TokenNMS
preserves fine-grained spatial diversity, significantly improving the performance. Furthermore, relying solely on text
relevance r; for token ranking limits the capacity of the model to retain crucial background context, as shown in the third
row. Employing Sjin. optimally balances visual saliency and semantic alignment, producing optimal reasoning capabilities
across all benchmarks.

D.2. Hyperparameter Sensitivity Analysis

To validate the robustness and optimal configuration of our framework, we conducted hyperparameter sensitivity analysis on
the GQA (Hudson & Manning, 2019) and POPE (Li et al., 2023) benchmarks. Figure 4 (a) illustrates the GQA performance
across different combinations of the spatial threshold 7; and the decoupled threshold 75. The results exhibit minimal variance,
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Figure 4. Hyperparameter sensitivity analysis. (a) GQA score variations across different NMS thresholds 7, and 7. The minimal variance
indicates high robustness, with the optimal setting at 71 = 0.6 and 72 = 0.8. (b) Sensitivity of GQA and POPE scores to the blending
ratio cv. The inverted U-shape demonstrates that the optimal balance between inherent visual structure and query-driven semantics is
achieved at v = 0.5.

10

Figure 5. Visualization of token similarity across the two-stage pruning process. (a) Initial similarity matrix sorted by visual saliency. (b)
Suppression graph during stage 1 spatial NMS. (c) Intermediate similarity matrix re-sorted by joint importance Sjoini- (d) Final selected
tokens after stage 2, preserving spatial diversity.

demonstrating that our decoupled NMS strategy is highly robust to threshold choices. Notably, the peak performance is
achieved at 7; = 0.6 and 75 = 0.8, which empirically validates our design choice of employing conservative spatial pruning
followed by relaxed semantic filtering. Furthermore, Figure 4 (b) visualizes the impact of the blending ratio « in the joint
importance scoring. Relying solely on query-driven semantic relevance (i.e., « = 0.0) or purely on visual saliency (i.e.,
o = 1.0) leads to suboptimal performance, as it sacrifices either spatial structural diversity or task-specific focus. The results
validates that equally prioritizing inherent visual structure and semantic relevance (i.e., « = 0.5) is crucial for extracting the
most informative visual tokens.

D.3. NMS Suppression Analysis

To demonstrate how our framework mitigates token redundancy, we visualized the token similarity matrices throughout the
pruning process. Figure 5 (a) shows the initial similarity matrix sorted by visual saliency, where extensive regions of feature
homogeneity indicate spatial redundancy. In the first stage, our spatial NMS effectively mitigates these dense clusters, as
illustrated by the suppression graph in Figure 5 (b). After spatial pruning, the remaining tokens are re-sorted based on their
joint importance score Sjoini. The intermediate similarity matrix in Figure 5 (c) demonstrates a reduction in structural bias,
although semantic overlaps still remain. Finally, Figure 5 (d) visualizes the tokens retained after the query-aware semantic
filtering. The resulting matrix exhibits minimal semantic overlap where self-similarity is maximized along the diagonal,
while the off-diagonal regions remain predominantly distinct. This demonstrates that TokenNMS successfully discards
redundant information, yielding a highly sparse, mutually exclusive, and structurally diverse set of visual tokens.
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Table 7. Ablation results on initial token budget K using LLaVA-1.5-7B across various benchmarks.

‘ Retain 128 Tokens
‘ GQA VQATeXt POPE MME

128 56.8 50.2 855  1390.2
256 57.7 55.6 86.2  1445.7
512 60.0 56.6 87.3 14613
576 57.5 554 84.1 1405.5

Ky

D.4. Analysis of the Initial Token Budget K

We conducted an additional experiment on LLaVA-1.5-7B under a 128 token budget using the GQA, TextVQA, POPE
and MME benchmarks to demonstrate the impact of the initial token budget K; on reasoning capabilities. As shown in
Table 7, setting K; to 512 achieves the optimal performance across all evaluated benchmarks. A smaller budget degrades
performance because it discards necessary background context based solely on visual scores before considering the text
query. Conversely, using all tokens (i.e., K; =576) also reduces performance, as redundant visual noise interferes with the
subsequent semantic filtering stage. Setting K7 to 512, which is approximately 88% of visual tokens, provides the best
trade-off by effectively removing obvious spatial redundancy while preserving enough diverse candidate tokens for the
query-aware stage.

D.5. Visualizations on Joint Importance Scores

In Fig. 6, we provide visualization of joint importance scores Sjoin: on the POPE benchmark across varying text queries
using LLaVA-1.5-7B. The heatmaps demonstrate that the proposed joint scoring mechanism dynamically adapts token
relevance based on the specific semantic instruction. As shown across the examples, the high-scoring regions, indicated in
red, accurately localize the target objects regardless of their scale or position. The metric effectively captures fine-grained
details, such as a toothbrush or backpack, as well as broader contextual elements, like a couch or car, corresponding to the
exact text prompt. Simultaneously, visually salient but query-irrelevant regions are assigned low scores, indicated in blue.
This confirms that the joint importance metric successfully alignes raw visual features with text semantics, ensuring that the
subsequent pruning stage isolates only task-critical visual tokens while suppressing uninformative background noise.

E. Limitations

While TokenNMS demonstrates robust performance across diverse benchmarks, it presents certain limitations. First, as
a training-free framework, its efficacy inherently depends on the quality of attention maps and pre-projection features of
the base Vision Transformer (ViT). If the underlying ViT fails to assign sufficient initial saliency to a tiny but task-critical
object, the query-agnostic stage may inadvertently discard it before text-visual alignment occurs. Second, the framework
relies on predefined parameters such as 79, 7o, K7 and a. Although empirical analysis indicates general robustness to
these parameters, applying fixed configurations across images with drastically different structural complexities may lead to
suboptimal token retention. Finally, in scenarios with extreme feature homogeneity , the strict Non-Maximum Suppression
(NMS) constraint can over-suppress tokens, causing a token deficit. While this is resolved by deterministically padding the
sequence with the highest-scoring unselected candidates, this fallback mechanism risks reintroducing localized redundancy,
slightly diminishing the spatial diversity enforced by the NMS.
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Figure 6. Visualizations on joint importance scores on POPE benchmark. Red refers to high score, while blue indicates low.
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