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ABSTRACT

Visual token pruning is a promising approach to reducing
the inference cost of large vision-language models (LVLMs),
yet aggressive token reduction often causes substantial per-
formance degradation. We identify three key factors be-
hind this degradation: text-guided selection bias, informa-
tion loss from discarded tokens, and positional distortion
caused by sequence compaction. Based on these observa-
tions, we propose VPRune, a training-free pre-LLM prun-
ing framework consisting of visual-only diversity selection,
similarity-guided token recycling, and position-preserving
restoration. Experiments on FastVLM-1.5B across multi-
ple vision-language benchmarks demonstrate that VPRune
achieves a favorable accuracy–compression trade-off, with
particularly pronounced advantages under aggressive com-
pression. Furthermore, evaluations on edge-device show that
VPRune effectively reduces end-to-end inference latency
while maintaining superior task performance, demonstrating
its practicality for resource-constrained LVLM deployment.

Index Terms— Vision-language models, visual token
pruning, token reduction, efficient inference, edge AI

1. INTRODUCTION

Large vision-language models (LVLMs) achieve strong mul-
timodal understanding capability by jointly processing visual
and textual tokens [1, 2, 3]. However, visual representations
often contain substantial redundancy, while long visual-token
sequences increase inference latency and hinder deployment
on resource-constrained edge devices. To this end, visual to-
ken pruning alleviates this cost by removing redundant visual
tokens aggressively [4, 5], but such reduction often causes
severe performance degradation, particularly when pruning is
performed before the LLM.

Existing visual-token reduction methods generally im-
prove efficiency by removing redundant tokens before the
LLM or within early decoder layers [4, 6, 7, 8]. To identify
informative tokens, they typically rely on visual redundancy,
attention responses, or cross-modal relevance [5, 9]. How-
ever, many existing pruning methods are developed around
token-rich LVLM settings, while increasingly efficient edge-
oriented models are designed with compact multimodal repre-
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Fig. 1. Performance and edge efficiency of VPRune. At 30%
token retention, VPRune achieves the highest normalized av-
erage performance of 94.87% in (a), while reducing LLM pre-
fill latency by 38.0% on the QCS8550 CPU in (b); (c) further
shows consistent end-to-end TTFT reductions across differ-
ent visual-token budgets.

sentations for practical deployment [3, 10, 11]. In this regime,
applying the same retention ratio yields a much tighter abso-
lute token budget, making further pruning more sensitive to
information loss and representation distortion.

To understand these degradations, we analyze pre-LLM
pruning under tight token budgets and identify three em-
pirical observations: i) text-conditioned relevance can over-
concentrate token selection and reduce visual coverage, ii)
discarded tokens are often redundant rather than uninforma-
tive and may still contain complementary visual evidence, and
iii) sequence compaction reassigns retained tokens to consec-
utive position indices, distorting the spatial relationships seen
by the pretrained LLM. Motivated by these observations,
we propose VPRune, a training-free pre-LLM framework
with three corresponding components. Specifically, we first
introduce Visual-only Diversity Selection (VDS) to removes
text conditioning and preserves visual diversity. We then
employ Similarity-guided Token Recycling (STR) to transfer
complementary information from discarded tokens to similar
retained tokens. Moreover, we propose Position-Preserving
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Restoration (PPR) to preserve their original raster order and
position indices. Together, these components preserve visual
evidence and positional structure under high compression
without modifying the underlying LVLM.

As highlighted in Fig. 1, VPRune provides a favorable
accuracy–efficiency trade-off under aggressive compression.
At 30% token retention, it achieves a normalized average per-
formance of 94.87%, substantially outperforming representa-
tive methods. At the same retention ratio, VPRune reduces
LLM prefill latency from 9.88 s to 6.13 s (38.0%) on a Qual-
comm QCS8550 platform, while also providing consistent
TTFT reductions across different token budgets.

Our contributions are: i) We analyze three key causes of
performance degradation under aggressive visual-token prun-
ing. ii) We propose VPRune, a training-free pre-LLM frame-
work integrating VDS, STR, and PPR to advance low-budget
token reduction performance. iii) Extensive experiments
demonstrate strong accuracy under aggressive compression
together with practical prefill and end-to-end latency reduc-
tions on a CPU-only edge platform.

2. RELATED WORK

Modern LVLMs typically employ a vision encoder, mul-
timodal projector, and LLM to jointly process visual and
textual representations [1, 2]. Efficient architectures such as
FastVLM [3] reduce visual-processing overhead, while visual
token reduction provides a complementary way to remove re-
dundant representations. Existing methods prune tokens at
different stages: HiPrune [6] and VisionZip [4] exploit vi-
sual structure or attention patterns, CDPruner [5] combines
diversity-aware DPP selection with text-conditioned rele-
vance, FlashVLM [9] performs efficient pre-LLM filtering,
VScan [7] incorporates query-aware token reduction, and
FastV [8] prunes tokens after early LLM processing. De-
spite their effectiveness, preserving visual content, positional
consistency, and discarded information remains challeng-
ing under aggressive compression. VPRune addresses these
issues entirely before LLM computation.

3. METHODOLOGY

3.1. Overview

As illustrated in Fig. 2, VPRune is a training-free pre-LLM
visual token pruning framework designed for aggressive to-
ken budgets. Given the projected visual tokens X = {xi}Ni=1,
where N denotes the number of visual tokens. VPRune con-
sists of three stages. First, Visual-only Diversity Selection
(VDS) removes the potentially misleading text-relevance bias
and selects a compact yet diverse visual subset. Second,
Similarity-guided Token Recycling (STR) recovers comple-
mentary information from discarded tokens by aggregating

Overall Pipeline of VPRune
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Fig. 2. Overview of VPRune. VDS selects diverse vi-
sual tokens, STR recycles complementary information from
discarded tokens, and PPR restores their original positional
structure before LLM inference.

them into their most similar retained tokens. Finally, Position-
Preserving Restoration (PPR) restores the original raster or-
der and positional indices of the retained tokens before they
are fed into the LLM.

For a token retention ratio b, we retain K = round(bN)
visual tokens. In our setting, N = 256, and pruning is per-
formed after the multimodal projector and before the LLM.
Thus, the LLM operates on the reduced visual sequence.

3.2. Visual-only Diversity Selection

Let L denote the cosine-similarity-based visual diversity ker-
nel and Dr = diag(r̂1, . . . , r̂N ) is the diagonal matrix of
normalized text-relevance scores. The conditioned kernel is
therefore L̃ = DrLDr. For a retained subset S of size K, the
corresponding DPP objective [12] can be decomposed as

log det(L̃S) = log det(LS) + 2
∑
i∈S

log r̂i. (1)

This decomposition reveals that text relevance contributes an
explicit additive bias to the diversity objective. Under aggres-
sive compression, visually complementary tokens may there-
fore be strongly suppressed because they receive low text-
relevance scores. VDS removes this conditioning and per-
forms selection solely according to visual diversity. The re-
tained subset is obtained by

S∗ = arg max
|S|=K

log det(LS). (2)

We solve this objective with greedy MAP inference [13].



Table 1. Performance comparison on FastVLM-1.5B under different visual-token reduction ratios. Baseline denotes the full-
token model; “Reduce (%)” is the percentage of visual tokens removed relative to it. “Avg.” is the mean of the five benchmark
scores below normalized by their respective full-token baselines (Baseline = 100%). Best and second-best results among
reduction methods in each column are highlighted in bold and underlined, respectively.

Method TextVQA GQA POPE-adv AI2D-lite ChartQA Avg.

Reduce (%) 20 40 70 20 40 70 20 40 70 20 40 70 20 40 70 20 40 70

Baseline 70.58 63.53 87.97 73.00 77.32 100 (%)

CDPruner 67.08 64.17 54.41 61.85 60.91 58.45 87.77 87.50 87.33 71.00 68.80 66.00 63.88 57.28 42.36 94.41 90.92 82.71

VScan 67.62 55.90 32.06 63.21 60.64 54.71 87.53 84.30 77.57 72.20 69.80 66.40 76.96 57.04 39.84 98.65 87.97 72.44

FastV 69.19 66.67 54.05 63.49 62.97 58.69 88.10 87.93 83.23 71.20 70.00 66.40 75.64 73.64 54.36 98.70 96.93 84.97

HiPrune 69.17 67.73 57.27 62.33 61.15 58.12 88.23 88.13 86.23 71.40 70.40 67.40 67.40 61.08 36.08 96.28 93.57 81.93

VisionZip 56.82 55.04 39.78 59.29 59.17 57.64 87.77 87.63 86.43 65.60 66.40 65.20 35.12 35.28 29.12 81.78 81.46 74.46

FlashVLM 69.58 67.54 57.87 62.39 60.85 57.17 88.07 87.77 85.93 71.20 70.00 66.40 68.12 62.08 35.20 96.51 93.49 81.23

VPRune (Ours) 70.57 69.64 66.36 63.29 63.07 62.13 88.00 87.93 88.13 72.40 70.80 70.80 76.20 74.08 66.00 99.47 98.14 94.87

3.3. Similarity-guided Token Recycling

Directly removing unselected tokens may discard comple-
mentary visual information, especially under tight token
budgets. STR therefore recycles discarded features into
their most similar retained tokens. For each discarded to-
ken i ∈ D, we assign it to j∗(i) = argmaxj∈S cos(xi, xj),
reusing the similarities already computed in the DPP kernel.
Let Gj = {i ∈ D | j∗(i) = j} denote the discarded tokens
assigned to retained token j. Their contribution is weighted
according to

wij =
exp(Lij/τ)∑

i′∈Gj
exp(Li′j/τ)

. (3)

Rather than introducing additional tokens, STR directly up-
dates the retained representation as

x̃j = (1− γ)xj + γ
∑
i∈Gj

wijxi, (4)

where γ controls the amount of recycled information. If no
discarded token is assigned to j, i.e., Gj = ∅, we simply keep
x̃j = xj . Thus, STR recovers complementary information
without increasing the number of tokens passed to the LLM.

3.4. Position-Preserving Restoration

Conventional token pruning typically compacts the retained
visual sequence and reassigns consecutive position indices,
altering the positional relationships encoded by RoPE-based
LLMs [14]. Let the retained tokens correspond to original
raster indices S = {qi}Ki=1 with q1 < · · · < qK . PPR first re-
stores their original sequence order and assigns each retained
token the position

pvisi = Nprefix + qi, (5)

instead of the compact position Nprefix + i. Following
GAP [15], text tokens after the image start from Nprefix +N ,
preserving the original visual-token span. Importantly, the
retained embeddings remain a compact K-token sequence;
gaps exist only in the assigned position indices rather than
as empty token slots. This preserves the original raster or-
der and relative positional distances without reconstructing a
length-N visual sequence.

4. EXPERIMENTS

4.1. Experimental Setup

Model and Baselines. We evaluate VPRune on the frozen
FastVLM-1.5B model [3] and compare it with six repre-
sentative visual-token reduction methods: CDPruner [5],
VScan [7], FastV [8], HiPrune [6], VisionZip [4], and
FlashVLM [9].
Benchmarks. We evaluate five complementary benchmarks:
GQA [16] for compositional reasoning, TextVQA [17] for
text-rich understanding, POPE-adv [18] for object hallucina-
tion, a 500-sample subset of AI2D [19] (AI2D-lite) for dia-
gram understanding, and ChartQA [20] for chart reasoning.
Implementation Details. FastVLM-1.5B uses FastViT-
HD [21] and a Qwen2 LLM. Inputs are padded to 1024 ×
1024, yielding 256 visual tokens; VPRune prunes after
the projector and before the LLM. We report accuracy at
b ∈ {0.3, 0.6, 0.8} and additionally use b = 0.1 for ef-
ficiency. Baselines are matched to the target ratios. All
runs use greedy decoding (batch size 1) without fine-tuning;
VPRune sets γ = 0.3 and τ = 0.1.
Edge Platform. Latency is measured on a Qualcomm
QCS8550-based development platform using CPU-only in-
ference, with GPU and NPU acceleration disabled. The
QCS8550 integrates a 64-bit Kryo CPU with a maximum
clock frequency of 3.2 GHz, providing a representative



resource-constrained platform for evaluating practical edge
inference.

4.2. Main Results

As shown in Table 1, VPRune achieves the highest normal-
ized average performance at all reported reduction ratios,
retaining 99.47%, 98.14%, and 94.87% of full-token perfor-
mance at 20%, 40%, and 70% reduction, respectively. More
importantly, its margin over the second-best method grows
from 0.77 and 1.21 percentage points at 20% and 40% reduc-
tion to 9.90 points over FastV at 70% reduction. At this set-
ting, VPRune ranks first on all five benchmarks. The largest
gains occur on TextVQA and ChartQA, where it exceeds
the corresponding second-best results by 8.49 and 11.64 raw
points. These tasks rely heavily on fine-grained textual or
structured visual evidence and are therefore more sensitive
to information removed by aggressive pruning. This pattern
is consistent with VPRune’s design: VDS and STR preserve
distributed and complementary visual evidence, while PPR
maintains spatial relationships that are particularly important
for structured tasks such as ChartQA. The smaller gap on
POPE-adv, whose scores remain near the full-token baseline
for several methods, further suggests that the main benefit
appears on content-dense reasoning tasks rather than from a
uniform score shift.

4.3. Ablation Study

We conduct ablations at a token retention ratio of b = 0.3.
As shown in Fig. 3, removing text-guided relevance yields
a substantial gain on TextVQA and a modest improvement
on GQA. Position-preserving restoration further improves
both benchmarks, while similarity-guided token recycling
provides consistent additional gains by recovering comple-
mentary information from discarded tokens.

We further study the effect of the recycling strength γ on
TextVQA and GQA at b = 0.3. Performance remains rel-
atively stable over moderate values of γ but degrades when
excessive discarded information is introduced. We therefore
set γ = 0.3, which provides the best overall trade-off across
the two benchmarks.

4.4. Efficiency Analysis

We evaluate practical inference efficiency on the QCS8550
CPU-only edge platform. As shown in Fig. 4, VPRune per-
forms pruning after the multimodal projector and therefore
maintains near-baseline vision-encoder latency, while VScan,
VisionZip, and HiPrune incur higher vision-side overhead.

More importantly, reducing the visual sequence be-
fore LLM inference provides consistent end-to-end bene-
fits. VPRune reduces TTFT from 25.551 s for the full-token
baseline to 20.365 s at b = 0.1, corresponding to a 20.30%
reduction. The reductions remain 14.97%, 8.82%, and 4.02%
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Fig. 4. Efficiency on the QCS8550 CPU-only edge plat-
form. VPRune maintains near-baseline vision-encoder la-
tency in (a) and consistently reduces end-to-end TTFT across
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at b = 0.3, 0.6, and 0.8, respectively. Its TTFT remains com-
parable to the fastest competing methods while maintaining
substantially higher accuracy under aggressive compression,
demonstrating a favorable accuracy–latency trade-off for
edge deployment.

5. CONCLUSION

In this work, we investigate the performance degradation
of visual token pruning under aggressive compression and
propose VPRune, a training-free pre-LLM framework for
efficient LVLM inference. VPRune addresses three key lim-
itations of low-budget pruning through visual-only diversity
selection, similarity-guided token recycling, and position-
preserving restoration. Experiments on FastVLM-1.5B
across five vision-language benchmarks demonstrate that
VPRune achieves a favorable accuracy–compression trade-
off, particularly under tight token budgets. CPU-only edge
evaluations further show reduced end-to-end latency while
maintaining strong task performance, supporting efficient
resource-constrained LVLM deployment.
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