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Abstract

High-resolution visual tokens impose substan-
tial computational burdens owing to extreme
redundancy in Large Visual Language Mod-
els (LVLMs). Existing visual token pruning
methods typically leverage simple metrics de-
rived from human experience, such as attention
or similarity, to rank and select tokens within
a highly entangled feature space. However,
these metrics lack interpretability and often
introduce human bias, failing to capture the
genuine semantic significance of tokens, espe-
cially amidst the inherent semantic complexity
and ambiguity of visual tokens. To mitigate
this limitation, we propose a novel Semanti-
cally Comprehensive Token Selection (SCTS)
method for unbiased, interpretable visual to-
ken pruning via a concept-driven paradigm.
To unravel the model’s intrinsic semantic rep-
resentation mechanism, we first introduce a
Sparse Autoencoder to disentangle visual fea-
tures into an interpretable space, with each di-
mension encoding a distinct semantic concept.
We then formulate the token pruning task as a
Maximum Concept Coverage problem, quan-
tifying the Marginal Semantic Gain (MSG) of
each token’s contribution to uncovered con-
cepts and iteratively selecting tokens with the
highest MSG. This concept-centric approach
prioritizes tokens with unique semantic contri-
butions, guaranteeing semantic comprehensive-
ness while preserving robust performance even
at high compression ratios. Extensive experi-
ments across multiple LVLM architectures and
benchmarks verify that SCTS consistently out-
performs state-of-the-art approaches, achieving
a superior trade-off between computational ef-
ficiency and semantic completeness.

1 Introduction

Large Vision Language Models (LVLMs) (Zhu
et al., 2024; Liu et al., 2024a,c,b; Li et al., 2024b,

*Corresponding author

T
v FEcaat @% //F\
- 11T (
N _L = I o \Cy
= \ o Attention-based ~ Similarity-based  Gradient-based

= > D -
L Y )
= o

Patch
Embedding yj, cortain Jud

Which tokens are more

oP o
o®o
Input Image [ ] oo
Diversity-based Clustering-based
[a Drawbacks: Biased, Uninterpretable ]

(a) Existing Human-Experience-Based Methods

000 e e  Maximum

Surfboard | 1 s
Sea waves| CONP! gy

important?

=] % ¥ | Coverage £
! “‘?\. & &'%%gg : )Dog‘ 0’ U‘;Hh‘
mnEEES .88y 1) Sunglasses

: Sparse Semantic Atomic Semantic
Visual Patches Projection Concepts

(b) Concept-Driven Token Selection (Ours)

Interpretable

Figure 1: (a) Existing methods rely on human expe-
rience metrics, leading to subjective bias and poor in-
terpretability. (b) Ours uncovers the intrinsic seman-
tic concepts of LVLMs and reformulates pruning as a
Maximum Concept Coverage problem. By maximizing
the coverage of unique semantic concepts, our SCTS
ensures objective and unbiased token selection while
preserving both interpretability and semantic integrity.

2025; Bai et al., 2025) have significantly en-
hanced the capability to capture fine-grained details
through high-resolution inputs. However, this ad-
vancement comes at a steep price: the proliferation
of visual tokens triggers quadratic computational
complexity within Transformer architectures. This
massive spatial redundancy, introduced by high-
resolution processing, imposes a prohibitive com-
putational overhead, which has become the primary
bottleneck restricting the practical application of
LVLMs (Kim et al., 2024; Qu et al., 2025). Con-
sequently, visual token pruning has emerged as a
critical strategy to reduce inherent redundancy and
alleviate this computational pressure.

Despite progress in visual token pruning, ex-
isting approaches predominantly rely on metrics
derived from human experience, such as attention
weights (Chen et al., 2024; Zhang et al., 2025¢; Hu
et al., 2025; Zhang et al., 2025a) or similarity (Li
et al., 2024a; Sun et al., 2025a), to assess token
importance, operating within a highly entangled
feature space. Fundamentally, this adherence to
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external definitions imposes artificially set experi-
ential information on the selection process. Since
cognitive perspectives on “how to identify critical
visual tokens” naturally vary among different re-
searchers, such subjective definitions inevitably in-
troduce human-induced inductive biases and limit
interpretability (Figure 1 (a)). Furthermore, given
the inherent polysemy and high complexity of vi-
sual features, relying on simple human experience
metrics often fails to capture their multifaceted se-
mantic content comprehensively. As a result, the
selected tokens frequently misalign with the in-
trinsic semantic information required for model
reasoning, compromising information integrity.

In this paper, we argue that token pruning should
be grounded in the model’s intrinsic semantics,
rather than relying on external, manually defined
metrics. To this end, we propose Semantically
Comprehensive Token Selection (SCTS), a novel
unbiased and interpretable visual token pruning
framework. Diverging from approaches that rely
on human experience, SCTS achieves unbiased to-
ken selection via an objective mechanism rooted in
the model’s intrinsic semantic concepts. First, to re-
veal the model’s intrinsic semantic representation,
we leverage a Sparse Autoencoder (SAE) as an in-
ternal knowledge decoupler, mapping visual token
features into an interpretable space composed of
atomic semantic concepts. Subsequently, based on
these disentangled concepts, we reformulate the to-
ken pruning task as a Maximum Concept Coverage
(MCC) problem (Figure 1 (b)). Our goal is not to
rank tokens, but to identify the minimal subset of
tokens capable of covering all activated semantic
concepts within the image.

To effectively address this MCC problem, we
define Marginal Semantic Gain (MSG) to quan-
tify the incremental contribution of each token to-
ward semantic concepts uncovered by the current
subset. We then employ an efficient greedy strat-
egy to select tokens that maximize this MSG it-
eratively. This mechanism intrinsically penalizes
redundancy, by which tokens replicating previously
covered concepts deliver zero marginal gain and are
discarded, whereas those encoding unique, uncov-
ered semantic concepts are retained. By grounding
the selection process in the model’s intrinsic con-
ceptual mechanism, we adhere to a “concept-first”
principle—prioritizing tokens that capture unique
semantic concepts. This approach not only ensures
an unbiased and interpretable filtration of visual in-
formation but also significantly enhances semantic

completeness, enabling superior performance even
under high compression ratios.

We validate SCTS through extensive experi-
ments across diverse vision-language tasks and
multiple advanced LVLMs, such as LLaVA-1.5,
LLaVA-Next, and Qwen-2.5. Experimental results
demonstrate that our method achieves superior per-
formance, effectively retaining unique semantic
details even under high compression ratios. Our
main contributions are summarized as follows:

* We propose a novel visual token pruning
framework, SCTS, which leverages an SAE to
uncover the mechanisms of semantic expres-
sion in LVLMs and redefines pruning as an
interpretable, concept-driven process, effec-
tively addressing subjective human biases.

* We are the first to formally define visual to-
ken pruning as an MCC problem and de-
sign the MSG to select tokens based on their
unique semantic contributions, ensuring se-
mantic integrity and providing fine-grained
interpretability in the selection process.

* We apply SCTS to various advanced LVLMs
and conduct comprehensive experiments on a
range of vision-language tasks, demonstrating
that our method maintains high performance
even at extreme reduction ratios.

2 Related Work

Large Vision-Language Models. Driven by the
paradigm shift in Large Language Models, mod-
els such as LLaVA (Liu et al., 2024a,b), Qwen-
VL (Bai et al., 2023), and Mini-Gemini (Li et al.,
2025) have propelled the dominance of LVLMs
by aligning visual and linguistic spaces. To over-
come perception bottlenecks, modern architectures
(e.g., LLaVA-Next (Liu et al., 2024c) and Qwen2.5-
VL (Bai et al., 2025)) widely adopt dynamic reso-
lution strategies, encoding high-resolution images
into extensive sequences of visual tokens. How-
ever, this pursuit of fine-grained detail comes at a
significant cost: the self-attention mechanism in
Transformers incurs a computational complexity
that grows quadratically with the number of tokens.
This renders inference in high-resolution LVLMs
extremely inefficient, underscoring an urgent need
for effective token compression schemes.

Visual Token Pruning and Compression. To
address efficiency bottlenecks, visual token prun-
ing has become a key research direction. Existing
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Figure 2: Overview of SCTS. Left: Integration of SCTS within the LVLM pipeline for efficient inference. Right:
Details of the SCTS workflow. First, the Greedy Coverage Optimization mechanism iteratively selects tokens with
the maximum MSG (AG, Equation 7) to construct a minimal subset ensuring semantic completeness. Subsequently,
any remaining token budget is allocated to Saliency-based Completion to preserve fine-grained spatial details.

methods mainly rely on human experience metrics,  anism to map visual token features into an inter-
utilizing metrics such as attention weights (Chen  pretable space of atomic concepts, laying a disen-
et al., 2024; Hu et al., 2025; Zhang et al., 2025a;  tangled semantic foundation for subsequent token
Lyu et al., 2026b; Hu et al., 2025; Xu et al., 2026),  selection. Specifically, we leverage the SAE archi-
gradients (Kim et al., 2025), similarity scores (Li  tecture from Bricken et al. (Bricken et al., 2023;
et al., 2024a; Sun et al., 2025a), or clustering (Ma  Lyu et al., 2026a) to decompose dense, polyseman-
et al., 2026) to assess token importance. How- tic representations into independent, monosemantic
ever, operating in a highly entangled feature space,  features.

their reliance on scalar proxies often fails to cap- Formally, let zz(»l) € RP denote the hidden state
ture complex semantics, frequently leading to the  of the ¢-th token at layer [, where D is the hidden
loss of critical tokens. While learning-based alter-  dimension. The SAE projects Zgl) into an over-
natives (Huang et al., 2024; Zhang et al., 2025b;  complete latent space of dimension M and subse-
Lyu et al.; Zeng et al., 2025; Sun et al., 2025b) quent]y reconstructs it:

offer different approaches, they are often hindered W

by high re-training costs and opacity. In contrast, hi = ReLU(Wene(2;* — bpre) + bene), (1)
f)ur.S(;TS framf.:work leverages SAE to uncover igl) — Waeeh; + byee, )
intrinsic semantic representations. By reformulat-

ing pruning as an MCC problem, SCTS prioritizes ~ Where h; € RM is the sparse feature vector, igl) is
intrinsic semantic completeness. the reconstructed state, Wepc, Wy, are learnable

weight matrices, and by, berc, bgec are bias vec-
3 Methodology tors. To ensure h; captures disentangled atomic

semantics, the network is optimized in an unsuper-

In this section, we first introduce Sparse Semantic  yiced manner via the composite objective:

Projection in Sec. 3.1, which disentangles features
into atomic concepts to lay an interpretable seman- = ”Z(l) — 12 + Al 3)
tic foundation. Subsequently, in Sec. 3.2, we detail
the core token selection mechanism, where we re-
formulate the pruning task as a MCC problem to
prioritize semantic completeness. The overall ar-
chitecture of our SCTS is illustrated in Figure 2.

The first term ensures reconstruction fidelity, while
the L, penalty, weighted by A, explicitly enforces
sparsity by driving most neurons to zero. Conse-
quently, each active dimension in h; signifies a
distinct atomic semantic concept.

3.1 Sparse Semantic Projection 3.2 Concept-Driven Token Selection

To reveal the model’s intrinsic semantic expression,  Problem Reformulation. Building upon the dis-
we introduce a sparse semantic projection mech-  entangled semantic foundation, we fundamentally
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reformulate the pruning task. Departing from exist-
ing methods that depend on simple metrics derived
from human experience for token selection, we
model the process as an MCC Problem. Given the
full set of visual token indices V = {1,..., N},
where N denotes the total number of tokens, our
primary objective is to identify an optimal subset
S C V that achieves comprehensive coverage of
the global semantic universe U/ (defined below).
This perspective prioritizes semantic completeness,
ensuring that no unique visual concept is omitted.

Discrete Concept Generation. To enable dis-
crete optimization, we binarize the continuous
sparse activations. For each token ¢ € V, we
generate its corresponding binary concept vector
t; € {0,1}M via thresholding:

if hi,j > T,
. “)
otherwise,

where 7 is the significance threshold and j €
{1,..., M} indexes semantic dimensions. Thus,
t; serves as the discrete representation of token ¢ in
the concept space. We formally define the global
semantic universe of the image as:

U= U{j | ti; =1}, (5)

icV

where the operator |J denotes the set-theoretic
union, aggregating all unique semantic indices
present across the token population.

Greedy Coverage Optimization. Solving the
MCC problem exactly is an NP-hard combinatorial
optimization task. To ensure efficiency, we adopt a
greedy search strategy based on our proposed MSG.
Let us € {0, 1} denote the cumulative semantic
coverage vector of the currently selected subset of
token indices S C V. It is updated by aggregating
the binary concept vectors of all selected tokens:

us = \/ tr, (6)

keS

where the symbol \/ represents the element-wise
logical OR operation. Let P = V\ S denote the set
of unselected candidate tokens. For any candidate
p € P, we define the MSG AG(p) as the number
of new semantic concepts it activates. This is cal-
culated by masking the candidate’s vector with the
inverse of the current coverage:

AG(p) = Ity © (1 —us)1, ()

where © denotes the Hadamard product, 1 is a
vector of all ones, and || - ||; represents the L1 norm.
The term (1 — ug) acts as a filter, preserving only
the dimensions that are not yet covered.

The optimization process iteratively identifies
the optimal token p* that maximizes this gain:

* AG(p). 8
P argprgg\% G(p) (®)

To resolve ambiguity, if multiple tokens provide
the same AG(p), we select the one with the highest
semantic density ||t ||, prioritizing tokens with
richer information content.

Following the selection of p*, we update the sub-
set via S <— S U {p*} and the coverage vector via
us ¢ ug V t,«. This iterative procedure contin-
ues until the target budget |S| = B is reached or
the maximum MSG drops to zero, ensuring that
each step minimizes semantic redundancy while
maximizing the visual diversity.

Implementation Note. While theoretically for-
mulated on RM, our implementation exploits SAE
sparsity by restricting operations to the effective
universe {{. This significantly reduces computa-
tional and memory overhead. Further details are
provided in Appendix B.

Saliency-based Completion. In scenarios
where the maximum MSG drops to zero before the
token budget is exhausted, the selection strategy
transitions to a saliency-based completion. The re-
maining slots in S are filled by prioritizing tokens
from the candidate set P with the highest infor-
mation density, quantified by the L; norm ||t;]|;.
This unified strategy ensures that the pruned subset
first guarantees semantic completeness and subse-
quently maximizes information richness.

3.3 Integration with LVLM Inference

Upon identifying the semantically complete sub-
set S, we refine the input sequence for subsequent
processing. Specifically, the original hidden states
are pruned such that Z;()Quned = {zgl) | i € S},
effectively condensing the sequence length from N
to |S|. These representative tokens are then propa-
gated through the remaining layers. This reduction
significantly mitigates the quadratic complexity of
subsequent self-attention operations.

4 Experiments

4.1 Experimental Setup

Implementation Details. To verify the efficacy of
our framework, we conduct extensive experiments
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Methods GQA MMBEN MMB®™ MME POPE SQA™¢ VQAY? VQA™' VizWiz Average
Upper Bound, 576 Tokens 619 647 58.1 1862 859 69.5 78.4 58.2 50 100%
LLaVA-1.5-7B Retain 192 Tokens (| 66.7%)

ToMe (ICLR23) 543  60.5 - 1563 724 652 68.0 52.1 - 88.5%
FastV (ECCV24) 527 612 57.0 1612 648 67.3 67.1 52.5 50.8  90.5%
LLaVA-PruMerge ICCV25) 543  59.6 529 1632 713 67.9 70.6 54.3 50.1  91.4%
PDrop (CVPR25) 57.1 632 568 1766 823 68.8 75.1 56.1 51.1  96.9%
HiRED (AAAI25) 587  62.8 547 1737 828 68.4 74.9 474 50.1  94.6%
VisionZip (CVPR25) 593 645 573 1767 864  68.9 76.8 57.3 51.6  98.7%
SparseVLM (ICML25) 576 625 537 1721 836 69.1 75.6 56.1 50.5  96.1%
DART (EMNLP25) 589  63.6 57.0 1856 828 69.8 76.7 574 51,1 98.5%
HoloV (NeurIPS25) 59.0  65.4 580 1820 85.6 69.8 76.7 574 509  99.1%
SCTS (Ours) 591 653 582 1864 86.1  69.7 76.9 57.7 521  99.8%
LLaVA-1.5-7B Retain 128 Tokens (| 77.8%)

ToMe (ICLR23) 524 533 - 1343 628 59.6 63.0 49.1 - 80.4%
FastV (ECCV24) 496  56.1 564 1490 59.6 60.2 61.8 50.6 513 85.4%
LLaVA-PruMerge (ICCV25) 533  58.1 517 1554 672 67.1 68.8 54.3 503  89.4%
PDrop (CVPR25) 560  61.1 56.6 1644 823 68.3 72.9 55.1 51.0 94.9%
HiRED (AAAI25) 572 615 536 1710 798 68.1 73.4 46.1 513 93.1%
VisionZip (CVPR25) 576 634 56.7 1768  84.7 68.8 75.6 56.8 520  97.7%
SparseVLM (ICML25) 56.0  60.0 51.1 1696  80.5 67.1 73.8 54.9 514 93.8%
DART (EMNLP25) 579 632 570 1845 80.1 69.1 75.9 56.4 517 97.5%
HoloV (NeurIPS25) 577 639 56.5 1802 840  69.8 75.5 56.8 515 98.0%
SCTS (Ours) 584 637 571 1837 856  69.3 76.1 57.0 51.9  98.6%
LLaVA-1.5-7B Retain 64 Tokens (] 88.9%)

ToMe (ICLR23) 486 437 - 1138 525 50.0 57.1 453 - 70.1%
FastV (ECCV24) 46.1  48.0 527 1256 480  51.1 55.0 47.8 50.8  76.7%
LLaVA-PruMerge (ICCV25) 519 553 49.1 1549 653 68.1 67.4 54.0 50.1  87.8%
PDrop (CVPR25) 419 333 50.5 1092 559 68.6 69.2 45.9 50.7  77.4%
HiRED (AAAI25) 546  60.2 514 1599  73.6 68.2 69.7 44.2 502 89.4%
VisionZip (CVPR25) 551  60.1 554 1690 770  69.0 72.4 55.5 529  945%
SparseVLM (ICML25) 527 562 46.1 1505 75.1 62.2 68.2 51.8 50.1  87.3%
DART (EMNLP25) 559  60.6 532 1765 739 69.8 72.4 54.4 51,6 94.0%
HoloV (NeurIPS25) 553 633 551 1715 803  69.5 72.8 554 528  95.7%
SCTS (Ours) 572  63.1 562 1730 819 679 73.5 55.8 513 96.1%

Table 1: Main results on LLaVA-1.5-7B across three token budgets. Gray rows indicate pruning configurations.

Bold and underline denote the best and second-best performance among reduction methods, respectively.

across three representative LVLM architectures:
LLaVA-1.5 (Liu et al., 2024a), LLaVA-Next (Liu
et al., 2024c¢), and Qwen2.5-VL (Bai et al., 2025).
For the implementation of SCTS, we integrate the
SAE into the 3rd layer of the respective LLM back-
bones to capture foundational semantic features.
All training and evaluations are conducted on a
single NVIDIA RTX A6000 Pro (96GB) GPU.

Benchmarks. To evaluate the efficacy of
our framework, we conduct experiments on sev-
eral widely recognized benchmarks, including
POPE (Li et al., 2023), VizWiz (Bigham et al.,
2010), MMBench and MMB-CN (Liu et al.,
2024e), GQA (Hudson and Manning, 2019),
MME (Fu et al., 2025), ScienceQA-IMG (Lu
et al., 2022), VQA V2 (Goyal et al., 2017), and
TextVQA (Singh et al., 2019).

Comparison Methods. We compare our
approach with a broad spectrum of token re-
duction methods, ranging from representative
baselines to recent state-of-the-art (SOTA) ap-
proaches, including ToMe (Bolya et al., 2023),
FastV (Chen et al., 2024), SparseVLM (Zhang

et al., 2025¢), HiRED (Arif et al., 2025), LLaVA-
PruMerge (Shang et al., 2025), PDrop (Xing
et al., 2025), MustDrop (Liu et al., 2024d), Faster-
VLM (Zhang et al., 2024), GlobalCom? (Liu et al.,
2025), VisionZip (Yang et al., 2025), DART (Wen
et al., 2025) and HoloV (Zou et al., 2025). Un-
like these methods that depend on human expe-
rience metrics, our proposed SCTS leverages the
model’s intrinsic semantic representations to formu-
late pruning as an MCC problem. By prioritizing
semantic completeness, this principled approach
achieves superior performance, particularly at high
compression ratios.

Further details about implementation settings
and benchmarks are provided in the Appendix A.

4.2 Main Results

Performance on LLaVA-1.5-7B. As shown in Ta-
ble 1, our method consistently outperforms base-
lines relying on simple metrics derived from hu-
man experience across all budgets. At 66.7% prun-

ing, it achieves 99.8% accuracy, surpassing recent
SOTA methods, including SparseVLM (+2.7%),
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Methods GQA MMBEN MMB®™ MME POPE SQA™¢ VQAY? VQA™' VizWiz Average
Upper Bound, 2880 Tokens 642  67.4 60.6 1851 865 70.1 81.8 64.9 57.6 100%
LLaVA-NeXT-7B Retain 320 Tokens (. 88.9%)

FastV (ECCV24) 559  61.6 51.9 1661 717 62.8 71.9 55.7 53.1  88.00%
LLaVA-PruMerge (ICCV25) 53.6 613 55.3 1534 60.8 66.4 69.7 50.6 540  85.60%
PDrop (CVPR25) 564 634 562 1663 776 67.5 73.5 54.4 541  90.90%
MustDrop (2024.11) 573 62.8 55.1 1641 821 68.0 73.7 59.9 540  92.20%
Faster VLM (ICCV25) 569  61.6 53.5 1701  83.6 66.5 74.0 56.5 52.6  91.20%
HiRED (AAAI25) 593 642 559 1690 833 66.7 75.7 58.8 542 93.30%
SparseVLM (ICML25) 56.1  60.6 54.5 1533 824  66.1 71.5 58.4 52.0  89.70%
GlobalCom? (AAAI26) 57.1  61.8 534 1698 838 67.4 76.7 57.2 546  92.20%
DART (EMNLP25) 617 653 582 1710 841 684 79.1 58.7 56.1  95.60%
HoloV (NeurIPS25) 617 653 575 1738 839 689 79.5 587 553 95.60%
SCTS (Ours) 621 654 58.1 1756 843 69.2 79.6 58.9 561 96.20%

Table 2: Performance comparison on LLaVA-Next-7B across varying token budgets. Bold and underline denote the

best and second-best performance, respectively.

Method SQAMG YQATt POPE MME MMBFN  Avg,
Upper Bound 84.7 848  86.1 2304 828 100%
Qwen2.5-VL-7B Retain 192 Tokens (| 66.7%)

FastV (ECCV24) 78.5 719 822 2072 757 92.3%
HoloV (NeurIPS25) 79.8 789 850 2093 783 94.3%
SCTS (Ours) 855 773 864 2317 78.6 97.6%
Qwen2.5-VL-7B Retain 128 Tokens (. 77.8%)

FastV (ECCV24) 780  69.0 807 2036 749 89.2%
HoloV (NeurlPS25) 79.8  70.3 823 2043 765 90.8%
SCTS (Ours) 840 755 859 2218 781 95.7%
Qwen2.5-VL-7B Retain 64 Tokens (J 88.9%)

FastV (ECCV24) 774 603 786 1940 69.2 84.3%
HoloV (NeurIPS25)  79.5 61.8 807 2006 724 87.0%
SCTS (Ours) 829 710 815 2026 739 90.7%

Table 3: Performance on Qwen2.5-VL-7B across vary-
ing token budgets. Bold denotes the best performance.

PDrop (+2.9%), and HoloV (+0.7%). Even under
extreme compression (88.9% pruning), it retains
96.1% of the original performance. Remarkably,
our approach matches or exceeds the performance
upper bound on benchmarks like MMB, POPE,
and VizWiz. These results confirm our concept-
prioritized semantically complete selection reduces
redundancy and enhances performance by eliminat-
ing interference.

SCTS with Higher Resolution. LLaVA-NeXT
employs a dynamic processing strategy with vari-
able token lengths. Table 2 highlights SCTS’s supe-
rior scalability on this architecture: even when com-
pressed from 2880 to just 320 tokens, it achieves
an average score of 96.2%, significantly surpass-
ing the 95.6% SOTA. This confirms the efficacy of
SCTS for high-resolution visual inputs.

SCTS with Qwen Architecture. To verify gen-
eralization beyond LLaVA, we evaluated SCTS
on Qwen2.5-VL-7B. As shown in Table 3, SCTS
consistently outperforms human-experience-based
baselines. Notably, with 128 retained tokens, it
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Figure 3: Ablation analyses on the insertion layer and
threshold 7 (at 77.8% pruning rate).

achieves a retention rate of 95.7%, significantly sur-
passing FastV (+6.5%) and HoloV (+4.9%). Even
under the extreme pruning ratio of 88.9% (64 to-
kens), SCTS maintains high retention (90.7%), out-
performing the strongest baseline, HoloV (+3.7%).
These findings demonstrate the robustness of our
pruning strategy across diverse architectures.

4.3 Ablation Study

Impact of the SCTS Insertion Layer. We evaluate
the accuracy-computation trade-off across varying
depths in Figure 3 (a). Insertion at L; degrades
performance due to premature information loss,
while deeper layers (I > 8) incur excessive over-
head with diminishing returns. We select L3 as the
Pareto-optimal choice, which balances significant
accuracy recovery with a minimal FLOPs budget
compared to deeper layers.

Impact of Hyperparameter 7. Figure 3 (b)
shows that lower thresholds (7 < 1) underperform
due to insufficient noise filtering, while aggressive
thresholds (7 > 2) degrade metrics by discard-
ing critical semantic concepts. The setting 7 = 1
strikes the optimal balance, achieving peak perfor-
mance on both benchmarks. Thus, we adopt 7 = 1
for all subsequent experiments.

Impact of Token Selection Strategy. As shown
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Figure 4: Visual comparison with HoloV across retention rates of 33.3%, 22.2%, and 11.1%. Bounding boxes

highlight fine-grained text and objects.

POPE VQAText
166.7% | 77.8% |88.9% |66.7% |71.8% | 88.9%

Random 83.8 81.6 71.3 71.6 68.0 59.5
Uniform  84.2 83.4 78.9 73.0 70.2 59.1
Lo Top-k  86.2 85.7 75.8 72.9 68.0 58.1

Ours 86.4 85.9 81.5 77.3 75.5 71.0

Strategy

Table 4: Ablation study on token selection strategies.

Original Image

L, Top-k Ours

Figure 5: Visualization of token selection masks compar-
ing our method with the Ly Top-k baseline, where red
boxes highlight fine-grained details and yellow boxes
indicate redundant regions retained by L Top-k.

in Table 4 and Figure 5, we evaluate SCTS against
three baselines: Random sampling (stochastic se-
lection), Uniform sampling (fixed-interval grid re-
tention), and Ly Top-k (prioritizing tokens activat-
ing the most concepts). Surprisingly, Ly Top-k lags
behind even random sampling. Figure 5 reveals the
cause: equating activation count with importance
wastes the token budget on redundant dominant

features, crowding out subtle yet vital details (e.g.,
text, fork). Conversely, by prioritizing Semantic
Coverage, SCTS minimizes redundancy and pre-
vents semantic collapse, ensuring the retention of
essential cues.

Detailed ablation on SAE latent dimension M is
provided in the Appendix C.

4.4 Qualitative Analysis

Qualitative Visualization. Figure 4 compares
the retained tokens of our method and HoloV
on Qwen2.5-VL-7B across varying pruning ratios.
The results highlight our method’s robustness in
high compression scenarios. While HoloV, based
on human experience, discards semantically impor-
tant but low-scoring features, leading to the loss
of fine details (e.g., bicycle and poster in (a), jer-
sey numbers in (b), and text in (d)) and small ob-
jects (e.g., cat in (c), kite in (e), surfer in (f)), our
SCTS successfully retains these semantically dis-
tinct instances. Additionally, our method preserves
structural integrity in text-rich scenes (e.g., (a)),
preventing semantic fragmentation and ensuring
reliable visual cues for LVLMs.

Visualization of Interpretable Features. Fig-
ure 7 validates the SAE’s disentanglement capa-
bility, revealing that individual dimensions capture
distinct atomic concepts. Features #578, #2791,
and #804 exhibit precise selectivity for ‘Cat’, ‘Ze-
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Figure 6: Visualization of the progressive token selection process at 77.8% pruning rate. We visualize the selection
sequence across 6 steps ((a)—(f)). Green boxes indicate tokens selected at the current step, while Red boxes
represent the accumulated selections from previous steps. As the process advances, our method incrementally
captures unique semantic concepts, aiming for comprehensive semantic preservation while minimizing redundancy.

(c) Feature #804 Donut

Figure 7: Visualization of learned interpretable features.

bra’, and ‘Donut’ respectively, effectively isolating
targets from background clutter. This confirms the
decomposition of entangled representations into
an orthogonal interpretable space, laying a solid
foundation for our concept-based pruning.

Visualization of Token Selection Trajectory
Dynamics. Figure 6 illustrates the coarse-to-fine
evolution of the selection trajectory at a 77.8%
pruning rate. By distinguishing current choices
(Green) from the accumulated history (Red), a con-
tinuous complementary pattern emerges. Taking
the first row as an example, the process initially
prioritizes distinct semantic anchors (e.g., apple,
plate) to establish the scene skeleton, then progres-
sively covers previously unselected semantic re-
gions to complete the global context (e.g., milk
carton), and finally densifies features of critical
concepts to enhance local details (e.g., text pat-
terns). This dynamic mechanism ensures that our
strategy effectively mitigates redundancy, securing
semantic diversity before refining feature fidelity.

Additional visualization results are provided in

Methods Tokens Latency FLOPs Acc.
Qwen2.5-VL-7B 1296 175ms  36.6T 86.1
HoloV (NeurIPS25) 144 158ms 22T  80.7 (] 6.3%)
SCTS (Ours) 144 109 ms 60T 81.5(53%)

Table 5: Efficiency analysis on POPE benchmark.

Appendix G.

4.5 Efficiency Analysis

We evaluate efficiency on the POPE benchmark
using Qwen2.5-VL-7B, reporting the average end-
to-end latency and LLM-decoder FLOPs per sam-
ple on a single NVIDIA RTX PRO 6000 Black-
well GPU (96GB). As detailed in Table 5, SCTS
achieves a 1.6x speedup over the baseline, with
the SAE introducing negligible computational over-
head (0.14 T). Compared to HoloV at the same
pruning ratio, SCTS yields higher accuracy (81.5%
vs. 80.7%) and significantly lower latency (109
ms vs. 158 ms). SCTS replaces HoloV’s complex
indexing with GPU-optimized matrix operations,
effectively converting theoretical efficiency into
real-world speedups.

5 Conclusion

In this paper, we propose SCTS, a novel visual to-
ken pruning framework for LVLMs. We introduce
an SAE to disentangle visual features into atomic
semantic concepts, then reformulate pruning as an
MCC problem to quantify token contributions via
MSG. This enables SCTS to select tokens while en-
suring semantic completeness. Our method priori-
tizes semantically distinct tokens, maintaining high
performance even under aggressive compression.
Extensive experiments across various LVLM archi-
tectures and benchmarks demonstrate that SCTS
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outperforms SOTA methods.

6 Limitations

While SCTS enhances efficiency and interpretabil-
ity, we acknowledge certain limitations. First,
although the SAE’s marginal overhead is off-
set by LLM savings, the pipeline requires fur-
ther optimization to maximize throughput. Sec-
ond, pre-trained SAE weights cannot be directly
transferred across LVLMs due to dimensional
and distributional mismatches; while adaptation
is lightweight, universal weight transfer remains
challenging. Third, as the SAE learns from internal
representations, it may inherently reflect training
data distributions, necessitating careful evaluation
for safety-critical deployment. Future work will
focus on cross-model adaptation, distributional ro-
bustness, and broader practical applications.
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A Detailed Experiment Settings
A.1 Reproducibility

To achieve disentanglement of visual token fea-
tures, we construct a sparse interpretable concept
space with a latent dimension of M = 16D, where
each dimension represents a specific semantic con-
cept. We employ a Sparse Autoencoder (SAE) ar-
chitecture consisting of a single-layer encoder and
decoder, trained on the VQA v2 (Goyal et al., 2017)
validation set. During training, all LVLM param-
eters remain frozen. The process is completed in
approximately 24 hours on a single NVIDIA RTX
PRO 6000 Blackwell GPU (96 GB), with a configu-
ration of 1 epoch, a batch size of 64, and a learning
rate of 5 x 10™%. To ensure highly sparse concept
generation, an L; penalty with weight A = 0.5 is
applied. It should be noted that the SAE is specifi-
cally optimized for the frozen hidden states of the
backbone; thus, a retraining process is required if
the LVLM architecture changes. At inference, a
significance threshold of 7 = 1.0 is applied to filter
noisy activations, ensuring that pruning is guided
solely by the most salient concepts. All experimen-
tal tasks, including training and evaluation across
multiple benchmarks, were conducted on a single
NVIDIA RTX PRO 6000 Blackwell GPU (96 GB).

A.2 Evaluation Benchmarks

VQA v2 (Goyal et al., 2017): VQAvV2 evaluates
open-ended visual recognition using 265,016 im-
ages from MSCOCO (Lin et al., 2014). It features
an adversarially balanced design, ensuring each
question corresponds to at least two images with
different answers to reduce statistical bias. We
evaluate on the test-dev set (107,394 pairs) using
10 ground-truth answers per question and standard
automated metrics.

GQA (Hudson and Manning, 2019): The GQA
benchmark evaluates structured understanding and
reasoning in visual scenes. It comprises three com-
ponents: scene graphs, questions, and images. De-
rived from the Visual Genome dataset (Krishna
et al., 2017), the scene graphs provide structured
descriptions of objects, attributes, and relations,
while the image component includes spatial and
object-level features. Questions are generated via a
semantic engine based on scene graphs to ensure
clear reasoning paths. We evaluate our method on
the 12,578 samples of the "test-dev" subset, using
accuracy as the primary metric.

ScienceQA (SQA™O) (Lu et al., 2022): This

benchmark evaluates zero-shot generalization on
scientific topics across three subjects: natural, lan-
guage, and social sciences. The questions are hier-
archically organized across 26 topics. For evalua-
tion, we utilize the SQA-IMG subset, which con-
sists of 2,017 image-question pairs.

TextVQA (Singh et al., 2019): TextVQA as-
sesses the capability to recognize and reason
over textual information embedded in diverse real-
world scenarios, such as signs and packaging. It
challenges models to integrate Optical Character
Recognition (OCR) with natural language under-
standing to perform contextual reasoning. The
benchmark provides reference OCR tokens to fa-
cilitate text-based answering. We evaluate perfor-
mance on the standard validation set of 5,000 sam-
ples, reporting accuracy.

VizWiz (Bigham et al., 2010): The VizWiz
benchmark evaluates a model’s visual understand-
ing using real-world images captured by blind users.
Due to the uncontrolled capture environment, im-
ages often present challenges like blur or poor light-
ing, and some questions may be irrelevant to the
image content. Each question is paired with 10
crowdsourced answers for automated evaluation.
We report performance on the test-dev set, which
includes 8,000 image-question pairs.

POPE (Li et al., 2023): The POPE benchmark
evaluates object hallucination by probing models
with targeted yes/no questions regarding object ex-
istence. It employs metrics such as accuracy, preci-
sion, and F1 score across three sampling strategies
to quantify the model’s susceptibility to hallucina-
tion. In our experiments, we report the F1 score on
the test split comprising 9,000 samples.

MME (Fu et al., 2025): MME is a comprehen-
sive benchmark evaluating perceptual and cogni-
tive capabilities across 14 subtasks. It covers a
wide spectrum of perception tasks, including OCR
as well as coarse-grained recognition (e.g., object
count, position, and color) and fine-grained identi-
fication (e.g., celebrities, landmarks, and artworks).
It consists of binary judgment questions, and we
report the perception score based on the total 2,374
image-question pairs.

MMBench (Liu et al., 2024¢): This benchmark
assesses multi-modal capabilities through a three-
level hierarchical taxonomy. It spans from funda-
mental perception and reasoning skills, through 6
specific capabilities, to 20 concrete subtasks. Uti-
lizing a multiple-choice format to ensure rigorous
evaluation, we test on both the English version
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(4,377 pairs) and the Chinese version (MMBench-
CN, 4,329 pairs).

A.3 Generalizability of the Concept Space

To optimize the SAE within the SCTS framework,
we utilize the VQAvV2 (Goyal et al., 2017) valida-
tion set as the primary training corpus. Although
this subset consists of approximately 41k images, it
encompasses over 214k question-answer pairs char-
acterized by high semantic density and adversarial
balancing. This diversity provides a sufficiently
dense distribution of visual features, enabling the
SAE to learn robust and interpretable latent decom-
positions.

Our empirical results demonstrate that SCTS
exhibits remarkable cross-domain generalizabil-
ity.  Despite being trained on object-centric
VQA samples, the framework achieves state-of-
the-art performance on benchmarks with signifi-
cant domain shifts, such as OCR-intensive tasks
(TextVQA (Singh et al., 2019), VizWiz (Bigham
et al., 2010)) and specialized scientific reasoning
(ScienceQA (Lu et al., 2022)). For instance, at a
77.8% compression ratio on LLaVA-1.5-7B, SCTS
reaches 57.0% accuracy on TextVQA, significantly
outperforming FastV’s 50.6%.

This consistent performance gain across dis-
parate domains underscores the robustness of our
concept-driven paradigm. It suggests that by de-
composing complex visual features into sparse, fun-
damental semantic units, SCTS captures universal
visual primitives that transcend specific training
distributions. This enables effective token selec-
tion even in specialized out-of-distribution scenar-
i0s, confirming SCTS as a robust, general-purpose
pruning strategy for LVLMs.

B Complexity and Scalability Analysis

A potential concern regarding the proposed Seman-
tically Complete Token Selection (SCTS) frame-
work is the scalability of the greedy selection pro-
cess, particularly given the high-dimensional latent
space (M = 16D) utilized by the SAE. In this
section, we provide a detailed analysis of the the-
oretical complexity and the effective complexity
achieved through our sparsity-aware implementa-
tion.

B.1 Theoretical Formulation

Let NV denote the number of visual tokens, M the
dimension of the SAE dictionary, and B the tar-
get token budget. A naive implementation of the

greedy Maximum Concept Coverage (MCC) algo-
rithm requires recalculating the Marginal Semantic
Gain (MSG) for all remaining candidates against
all uncovered concepts in each iteration. The worst-
case time complexity of such a naive implementa-
tion is:

Onaive = O(B - N - M). 1)

Given that M is significantly expanded (e.g.,
M = 65536 for LLaVa-1.5-7B and M = 57344
for Qwen2.5-VL-7B), direct computation could
theoretically become a bottleneck compared to
attention-based ranking methods (O(N log INV)).

B.2 Effective Complexity via Sparsity

However, the theoretical upper bound ignores a crit-
ical property of our framework: the high sparsity of
SAE features. Controlled by the sparsity coefficient
A and the significance threshold 7, the number of
unique concepts activated in any single image is
extremely small. To exploit this, we implement an
Active Dimension Reduction mechanism prior to
the greedy selection loop. This process involves
two steps:

1. Global Filtering: We first compute a global
boolean mask to identify the subset of seman-
tic dimensions that are active in at least one
token. Let M.t denote the size of this sub-
set. This pre-processing step has a complexity
of O(N - M), but is executed as a highly par-
allelized element-wise operation on the GPU.

2. Sparse Iteration: The subsequent greedy se-
lection operates solely on the reduced feature
matrix of size N X Mctive. Consequently, the
iterative complexity reduces to:

Oeffective = O(B -N - Mactive)' (2)

B.3 Empirical Efficiency

Empirical statistics on the Qwen2.5-VL-7B model
across our evaluation benchmarks indicate that
while the total encoded latent dimension is M =
a X D (where o = 16, totaling 57, 344), the num-
ber of active concepts M. typically resides
within a sparse subspace. Taking the POPE bench-
mark as a representative case due to its sensitivity to
object-level feature precision and hallucination, we
observe that M., averages approximately 3, 889
(representing less than 7% of M). As illustrated in
Figure 8, while M4 adaptively scales based on
the visual complexity of the scene—ranging from
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Figure 8: Distribution of the union of active semantic
dimensions (Mctive) per sample on the POPE bench-
mark.

POPE VQAText
1667% |77.8% |889% |66.7% |77.8% | 88.9%

8D 85.2 84.7 81.0 75.3 73.5 69.7
12D 859 84.9 81.2 75.8 73.6 70.1
16D 86.4 85.9 81.5 77.3 75.3 71.0
20D  86.5 85.0 81.6 71.5 75.4 71.5
24D 86.3 85.1 81.7 713 75.4 71.8

M

Table 6: Performance comparison across different dic-
tionary dimensions (M) and token compression ratios.
M represents the dimension of the high-dimensional
sparse features projected by the SAE encoder.

a minimum of 890 to a maximum of 11, 749—it
consistently remains an order of magnitude smaller
than M. Consequently, the total computational
cost T' is formulated as:

O(N : M) +O(B "N - Mactive) )

Parallel Pre-filtering Iterative Selection

T =

By filtering out over 93% of inactive dimensions
on average in the first stage, the burden of iterative
selection is substantially reduced. This adaptive
mechanism ensures that the selection process does
not become a system bottleneck, even in adversarial
scenarios requiring high semantic granularity to
distinguish real objects from hallucinatory ones.
Furthermore, our implementation optimizes this
process through bitwise operations and vectorized
matrix multiplication, maintaining minimal actual
latency as evidenced in Table 5.

C Further Ablation Studies

Analysis of Expansion Factor a.. To further in-
vestigate the impact of the SAE encoded latent di-
mension (M) on token selection, we conduct exper-
iments on the Qwen2.5-7B-VL model with various

expansion factors « € {8,12,16, 20,24}, where
M = a x D and D represents the model’s hidden
dimension. As summarized in Table 6, increasing
the expansion factor o generally enhances perfor-
mance across both POPE and VQAT! benchmarks,
yet the marginal gains diminish as the dictionary
scales. Specifically, on the POPE benchmark, in-
creasing the expansion factor o from 8 to 16 yields
a significant 1.2% accuracy improvement, whereas
further expansion up to 24 only results in negligible
gains or slight fluctuations. This suggests that an
expansion factor of 16 already provides sufficient
capacity to capture the essential visual primitives
for this architecture. A similar saturation effect
is observed in the text-dense VQAT™ task, where
accuracy plateaus after o reaches 16. Given that
a larger M increases the computational complex-
ity of the parallel pre-filtering stage (O(N - M)),
we identify o = 16 as the optimal expansion fac-
tor that ensures high semantic granularity without
compromising inference efficiency.

Analysis of Regularization Weight \. Table 7
details the impact of the regularization weight A.
The results demonstrate that A is the core factor
for regulating the sparsity of feature activations
(Lo norm), which directly impacts the quality of
semantic decoupling. Specifically, when A is small,
the number of activated neurons remains high (re-
sulting in a higher Ly norm), leading to insufficient
sparsity and persistent semantic entanglement be-
tween features. As A increases, the activations
become sparser, allowing the decoupled atomic
concepts to exhibit stronger monosemanticity. Our
experiments indicate that A = 0.5 achieves an op-
timal balance between semantic disentanglement
(indicated by Avg. Lg) and downstream task per-
formance.

Table 7: Ablation of A on Qwen2.5-VL-7B (Pruning
Ratio 66.7%).

A Avg. Ly POPE VQAText

0.05 7238 86.0 69.7
0.1 5961 86.2 69.8
0.3 4573 86.2 77.1
0.5 3889 86.4 77.3
0.7 3247 86.3 77.2
0.9 2594 86.1 712

Fine-grained Sensitivity Analysis of Hyper-
parameter 7. Table 8 presents the fine-grained
ablation results for the semantic filtering thresh-
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old 7 on Qwen2.5-VL-7B (at a 66.7% pruning ra-
tio), with a step size of 0.1. The results indicate
that within the broad interval of 7 € [0.7, 1.3], the
POPE metric fluctuates by only 0.2% and VQA-
Text by only 0.8%, demonstrating the exceptional
robustness of SCTS to the parameter 7. Consistent
with the analysis in Figure 3(b) of the main paper,
T serves as a core parameter for controlling the
intensity of semantic filtering, exhibiting a distinct
performance window. Specifically, when T is too
small, the low filtering threshold introduces redun-
dant background noise features. Conversely, when
T is excessively large (exceeding 1.3), overly ag-
gressive filtering leads to the loss of critical sparse
atomic semantics. Experimental results confirm
that 7 = 1.0 represents the optimal balance be-
tween “preserving key semantics” and “suppress-
ing noise”.

Table 8: Fine-grained Ablation of .

Threshold 7 POPE VQAText

0.7 85.7 76.5
0.8 86.0 76.9
0.9 86.2 71.2
1.0 86.4 77.3
1.1 86.4 77.1
1.2 86.3 76.7
1.3 86.4 76.5

D Analysis of Training Overhead and
Inference Efficiency

In this section, we provide a comprehensive anal-
ysis of both the training costs and inference effi-
ciency of SCTS.

D.1 Training and Storage Overhead

To accelerate the training process, we implemented
several key optimizations. Throughout the train-
ing phase, the LVLM backbone remains frozen,
with updates applied only to the lightweight SAE
module. Furthermore, to optimize the pipeline,
the forward pass is truncated immediately after the
third layer once the SAE loss is computed, which
significantly reduces the computational burden.
We conducted an experimental analysis under a
consistent hardware environment (a single NVIDIA
RTX PRO 6000 Blackwell GPU with 96GB mem-
ory) to evaluate the accessibility and cost of SAE
training across different LVLMs. The results, in-
cluding training time and memory footprint, are

summarized in Table 9.

Table 9: Resource Consumption across various LVLMs
(VQAV2 Dataset, Expansion o« = 16).

Model Training Time Batch Size GPU Memory (Training)
LLaVA-v1.5-7B 3.8h 64 38.6 GB
LLaVA-NeXT-7B 13.5h 16 58.4 GB
Qwen2.5-VL-7B 23.5h 48 70.8 GB

The results indicate that the training cost of
SCTS is highly acceptable relative to the benefits
gained. This training process is essential, as its
core objective lies in the model’s self-exploration
and semantic decoupling of its internal hidden fea-
tures. With minimal training overhead, SCTS effec-
tively transforms semantically entangled features
into monosemantic atomic concepts. This trans-
formation not only mitigates performance loss at
high compression ratios and enhances inference
efficiency but also significantly improves model
interpretability, providing a theoretical foundation
for interpretable pruning in large-scale models.

D.2 Detailed Latency Breakdown and
Scalability Analysis

To provide a transparent view of the end-to-end
efficiency, we measured the detailed runtime break-
down of LLaVA-NeXT-7B processing a large-scale
input of 2880 tokens on a single NVIDIA RTX
6000 Ada/Blackwell GPU (96GB).

Although the MSG-based token selection intro-
duces a latency of 10.2 ms, this overhead accounts
for only 6.5% of the total inference time. By incur-
ring this minor computational cost, we successfully
reduced the workload of the subsequent LLM lay-
ers, saving 141 ms in end-to-end latency. Even
under the extreme scenario of an 88.9% pruning
ratio, SCTS maintains 97.5% of its original perfor-
mance. This demonstrates that the token selection
cost is highly acceptable and provides a superior
performance-to-cost ratio for practical deployment.
By significantly reducing the number of tokens
processed by the LLM backbone, SCTS not only
lowers individual request latency but also enhances
potential system throughput, making it highly suit-
able for large-scale vision-language tasks. The
specific results are summarized in Table 10.

D.3 Latency Analysis of Batch Inference and
Streaming Scenarios.

We evaluate SCTS in high-throughput scenarios
to demonstrate its real-world utility. Extensive
batch inference experiments were conducted on
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Table 10: Detailed Latency Breakdown and Efficiency Comparison.

Model Tokens SAE Encoding Latency Token Selection Latency Total Latency Speedup Accuracy
LLaVA-NeXT-7B 2880 0 ms 0 ms 298 ms 1.0x 86.5
SCTS (Ours) 320 1.4 ms 10.2 ms 157 ms 1.9x 84.3
Table 11: Performance Comparison of SCTS with LVPruning.

Method Retain tokens GQA ViViZ SQA-IMG VQAText POPE MMB-CN MMB-EN Average
LLaVA-1.5-7B 576 61.9 50 69.5 58.2 85.9 58.1 64.7 100%
LVPruning 260 59.3 50.8 68.6 57.5 85.8 56.3 63.4 98.4%
SCTS (Ours) 192 59.1 52.1 69.7 57.7 86.1 58.2 65.3 98.8%

a single NVIDIA RTX PRO 6000 Blackwell GPU
(96GB) to simulate real-time deployment require-
ments. As shown in Table 12, SCTS maintains a
robust speedup (up to 1.53x) even at a batch size
of 8. This stable performance gain is particularly
critical for latency-sensitive applications. Given
that video sequences can be viewed as continuous
batches of frames, the significant reduction in per-
frame latency strongly supports the potential of
SCTS for real-time video-LMM applications.

Table 12: Latency Comparison on Qwen2.5-VL-7B
(POPE Task, 88.9% Pruning Ratio).

Batch Size  Qwen2.5-VL-7B (ms/sample) SCTS (ms/sample) Speedup

1 175.7 109.0 1.61x
4 162.2 104.5 1.55x
8 152.9 100.1 1.53x

E Comparison with Existing
Training-based Methods

In this section, we present a comprehensive perfor-
mance comparison between SCTS and represen-
tative training-based pruning methods, including
LVPruning (Sun et al., 2025b) and ATP-LLaVA (Ye
et al., 2025).

Tables 11 and 13 show the performance compar-
ison across multiple datasets. The results demon-
strate that, with fewer retained tokens, SCTS
achieves superior performance across multiple
datasets, with average metrics higher than those
of LVPruning and ATP-LLaVA, while maintaining
stability across several key indicators. These re-
sults strongly demonstrate that SCTS can achieve
better and more stable performance with a lower
token retention rate, significantly outperforming ex-
isting training-based pruning methods. This further
confirms the effectiveness of the concept-driven
approach introduced in this work.

Table 13: Performance Comparison of SCTS with ATP-
LLaVA.

Method Retain tokens GQA SQA-IMG POPE Average
LLaVA-1.5-7B 576 61.9 69.5 85.9 100%
ATP-LLaVA 144 59.5 69.1 84.2 97.5%
SCTS (Ours) 128 59.1 69.7 85.6 98.7%
ATP-LLaVA 88 56.8 67.2 82.6 95.0%
SCTS (Ours) 64 58.4 67.9 81.9 95.8%

F SCTS Implementation Pseudo-code

Algorithm 1 Semantically Comprehensive Token
Selection (SCTS)

Input: Hidden states {z;}Y ,, SAE parameters,
budget B, threshold 7.

Output: Selected index set S.
Initialize: S < 0, P < {1,..., N}, us + 0.
Generate binary concept vectors t; for all i € P.

Stage 1: Greedy Coverage Optimization
while |S| < B do
AG(p) + Ity ® (1 — us)l:
p* + argmaxyep (AG(p), 1)
if AG(p*) = 0 then
break
end if
S+ Su{p*}, P+ P\{p}
us < us V t,« {Update coverage}
end while
Stage 2: Saliency-based Completion
if |S| < B then
S < SUTopp |5 ({p € P} by [tp[l1)
end if
return S

G Additional Visualization Results

As shown in Figure 9, we present additional visual
comparisons between HoloV and our method to
further demonstrate its superior robustness in high-
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Figure 9: Additional visual comparison between HoloV and our method. It presents original images alongside
their pruned versions at retention rates of 33.3%, 22.2%, and 11.1%. The bounding boxes highlight regions with
fine-grained text and objects, where our method preserves semantic integrity even under aggressive pruning.

Figure 11: Additional visualization of the progressive token selection process at 77.8% pruning rate. We visualize
the selection sequence across 6 steps ((a)—(f)). Green boxes indicate tokens selected at the current step, while Red
boxes represent the accumulated selections from previous steps. As the process advances, our method incrementally
captures unique semantic concepts, aiming for comprehensive semantic preservation while minimizing redundancy.
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compression scenarios.

As shown in Figure 10, we also provide ad-
ditional heatmap visualizations of learned inter-
pretable features to further demonstrate that indi-
vidual dimensions can capture distinct atomic con-
cepts.

As shown in Figure 11, we visualize an ad-
ditional progressive token selection process at a
77.8% pruning rate to demonstrate that our method
effectively mitigates redundancy and to illustrate
how semantic diversity is prioritized before refining
feature fidelity.
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