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Supplementary Material

This appendix supplements the main paper with the the-
oretical analysis of Proposition 3.1, additional details on the
experimental configuration and evaluation strategy, and fur-
ther quantitative and qualitative results that illustrate the to-
ken preservation patterns across a range of scenarios. The
contents are organized as follows:
• Appendix A: Implementation details for KDE experi-

ments in Section 3.2 of the main paper.
• Appendix B: Theoretical analysis of the proposed sensi-

tivity estimator.
• Appendix C: Experimental setup, implementation de-

tails, and evaluation protocols.
• Appendix D: Further quantitative results and inference

efficiency analysis.
• Appendix E: Additional qualitative results, including

both successful and failure cases.
• Appendix F: Discussion and Future Work.

A. Spearman Correlation Setup
For the correlation analysis in Fig. 2 of the main paper, we
examined how closely the token-importance rankings from
the vision encoder matched those from the projection layer.
Specifically, we selected 50 random samples per dataset
from MMMU and POPE. For each sample, token sensi-
tivities were first computed using RGE at both the vision
encoder output and the projection layer. To ensure stable
ranking comparisons, we applied a 0.5 threshold to filter out
low-sensitivity tokens before computing ranks. The Spear-
man’s rank correlation coefficient was then calculated for
each sample, and the distribution across 50 samples was vi-
sualized using a kernel density estimate (KDE) plot.

The resulting average Spearman correlations were 0.55
for MMMU and 0.49 for POPE, indicating a consistent
alignment between token rankings obtained at the projec-
tion layer and those from the full vision encoder. This con-
firms that the projection layer can serve as a reliable proxy
for token-level importance estimation while significantly re-
ducing the computational overhead.

B. Theoretical Analysis
B.1. Proof of Proposition
Proposition B.1 (Approximated Mean Sensitivity). Let
M : Rn → Rm be differentiable at x ∈ Rn with Jacobian
J(x)=∇M(x). Let u∼N (0, In) be an isotropic Gaussian
perturbation and h> 0 a small step size. Define the finite-
difference sensitivity S(x)=Eu

[∥∥∥M(x+hu)−M(x−hu)
2h

∥∥∥
2

]
.

Then, for sufficiently small h,

S(x) = Eu

[
∥J(x)u∥2

]
+O(h2). (1)

Proof. Since M is differentiable at x, we apply a first-order
Taylor expansion around x for perturbations hu:

M(x+ hu) = M(x) + hJ(x)u+O(h2), (2)

M(x− hu) = M(x)− hJ(x)u+O(h2). (3)

Subtracting and dividing by 2h gives the symmetric finite-
difference approximation:

M(x+ hu)−M(x− hu)

2h
= J(x)u+O(h2). (4)

Taking the ℓ2-norm,∥∥∥∥M(x+hu)−M(x−hu)

2h

∥∥∥∥
2

= ∥J(x)u+O(h2)∥2 (5)

= ∥J(x)u∥2+O(h2). (6)

Finally, taking expectation over isotropic Gaussian pertur-
bations u ∼ N (0, In) yields

S(x) = Eu

[
∥J(x)u∥2

]
+O(h2). (7)

This proposition establishes that the finite-difference
sensitivity S(x), computed using small isotropic Gaussian
perturbations, provides an accurate approximation of the
mean local effect of input changes on the output. Specif-
ically, for sufficiently small step size h, the finite-difference
estimate is equivalent, up to an O(h2) error, to the expected
ℓ2-norm of the Jacobian applied to random Gaussian direc-
tions. Intuitively, this means that S(x) captures the aver-
age magnitude of output variation induced by small, ran-
domly oriented perturbations in the input space. By sam-
pling u from an isotropic Gaussian, all directions are treated
equally, ensuring an unbiased and comprehensive measure
of token sensitivity without requiring backpropagation.

C. Experimental Setup
C.1. Model Settings
We evaluate the effectiveness of ZOO-Prune on widely
used VLMs, including LLaVA-v1.5-7B [9], LLaVA-v1.5-
13B [9], and LLaVA-1.6-7B [10] (also referred to as
LLaVA-NeXT-7B), and Qwen2.5-VL-7B [2]. All LLaVA



Table A. Summary of primary evaluation metrics.

Benchmark Primary Metric

VQAv2, GQA, ScienceQA, TextVQA Accuracy (Acc.)
MMBench, MMMU, SeedBench Accuracy (Acc.)
POPE F1-score (F1)
MME Perception + Cognition (P+C)

models adopt the CLIP [13] as the vision encoder and Vi-
cuna [4] as the base language model.

LLaVA-v1.5 models process images at 336 × 336 reso-
lution, yielding 576 visual tokens, while LLaVA-NeXT-7B
supports higher resolutions (up to 672 × 672), generating
up to 2,880 tokens and achieving a 6.0% gain at the cost
of 3.5× more computation. Qwen2.5-VL-7B, in contrast,
utilizes a dynamic-resolution ViT encoder with window at-
tention and is built upon the Qwen2.5-7B language model,
supporting a variable number of visual tokens depending on
input resolution. Across all experiments, our pruning is ap-
plied in a fully training-free and calibration-free manner.

C.2. Implementation Details
All experiments are conducted on 4×NVIDIA A6000
GPUs with a batch size of 1. ZOO-Prune is entirely
training-free and attention-free, requiring no manual speci-
fication of layers in either the LMM or the vision encoder.
Token selection is performed at the lightweight projection
layer, which enables seamless integration across different
VLM architectures. Sensitivities are also computed at this
layer using simple perturbation-based operations, ensuring
negligible computational overhead during inference.

For pruning ratios, we adopt 66.7% / 77.8% / 88.9% for
LLaVA-v1.5 and 77.8% / 88.9% / 94.4% for LLaVA-NeXT-
7B. In the latter case, we follow the implementation of Vi-
sionZip [15], where the model dynamically samples up to
five image patches, resulting in as many as 2,880 vision to-
kens. For example, with a pruning budget of 160 tokens,
we retain 32 tokens per patch across five patches (32 × 5
= 160). If fewer patches are sampled (e.g., four), the num-
ber of retained tokens is adjusted proportionally (e.g., 128
tokens for 160 / 2880). We applied a low-rank factorization
(k = 128) to the MM-projector layers to further boost effi-
ciency on LLaVA-NeXT, due to the large number of visual
tokens. For the dynamic-resolution Qwen2.5-VL-7B, we
evaluate at 10% and 20% token retention rates.

Finally, as validated in ablation, our method remains ro-
bust across different hyperparameter choices. Unless oth-
erwise noted, we fix the perturbation hyperparameters to
m = 64 and h = 0.01 for all experiments. Evaluation
is performed using the lmms-eval [17] framework under
official protocols and metrics.

C.3. Evaluation Protocol and Benchmark Datasets
We conduct a comprehensive evaluation of ZOO-Prune
across nine widely adopted vision-language benchmarks,

spanning four core capabilities: Visual Question Answer-
ing, Advanced Multimodal Reasoning, Object Hallucina-
tion Evaluation, and Comprehensive Multimodal Assess-
ment. All experiments strictly follow the official evaluation
protocols, metrics, and data splits of each benchmark to en-
sure fair and reproducible comparisons.

To facilitate a unified and interpretable comparison, we
report both per-benchmark scores and a normalized average
performance (Avg.), computed as the mean relative score
across benchmarks with respect to the unpruned baseline.
Depending on the benchmark, we report Accuracy (Acc),
F1-score (F1), or Perception+Cognition (P+C), summarized
in Table A. All evaluations of ZOO-Prune are performed
under a single-model, zero-shot setting, without any task-
specific fine-tuning.

Visual Question Answering (VQA). This category eval-
uates a model’s ability to ground language understanding in
visual content. Performance across all VQA benchmarks is
measured by Accuracy (Acc). We select four representative
benchmarks covering diverse scenarios:
• VQAv2-Test-Dev [5]: General-purpose VQA with real-

world images and open-ended questions.
• GQA [6]: Focused on compositional reasoning over

scene graphs and structured images.
• ScienceQA (IMG) [12]: Multimodal science questions

requiring domain knowledge and diagram interpretation.
• TextVQA [14]: Requires OCR capabilities to reason over

text embedded within images.

Advanced Multimodal Reasoning. To probe deeper rea-
soning capacities beyond standard VQA, we evaluate on
three challenging benchmarks. Performance on these
benchmarks is also measured by Accuracy (Acc):
• MMBench [11]: Assesses perception and reasoning

across 20 fine-grained skill areas.
• MMMU [16]: Requires expert-level multimodal reason-

ing across 30+ subjects grouped into six major disciplines
(e.g., Art & Design, Science, Engineering, Medicine), of-
ten involving complex diagrams and charts

• SeedBench [7]: Designed for evaluating multimodal
large language models across diverse visually grounded
question types, with an emphasis on perception, reason-
ing, and knowledge.

Object Hallucination Evaluation. To quantify the crit-
ical failure mode of object hallucination, we adopt the
POPE [8] benchmark, which measures factuality in ob-
ject recognition through binary existence questions. Per-
formance is evaluated using the F1-score (F1) over object
existence predictions, balancing precision and recall to re-
flect grounding reliability.



Table B. Performance Comparison on LLaVA-1.5-7B.

Method GQA
Acc. ↑

MMB
Acc. ↑

MME
P+C ↑

POPE
F1 ↑

SQA
Acc. ↑

VQAV 2

Acc. ↑
VQAText

Acc. ↑
MMMU
Acc. ↑

SEED
Acc. ↑

Avg.
↑

Total 576 Tokens

LLaVA-1.5-7B 61.90 64.70 1862.00 85.90 69.50 78.50 58.20 36.30 58.60 100%

Retain 192 Tokens ↓ 66.7%

FastV (ECCV 2024) 52.70 61.20 1612.00 64.80 67.30 67.10 52.50 34.30 57.10 89.6%
SparseVLM (ICML 2025) 57.60 62.50 1721.00 83.60 69.10 75.60 56.10 33.80 55.80 95.5%
VisionZip (CVPR 2025) 59.30 63.00 1782.60 85.30 68.90 76.80 57.30 36.60 56.40 97.9%
DivPrune (CVPR 2025) 59.97 62.54 1762.23 87.00 68.91 76.87 56.97 35.44 58.71 98.0%
ZOO-Prune (Ours) 60.03 62.89 1781.66 87.24 69.16 77.34 57.30 36.11 58.80 98.6%

Retain 128 Tokens ↓ 77.8%

FastV (ECCV 2024) 49.60 56.10 1490.00 59.60 60.20 61.80 50.60 34.90 55.90 84.5%
SparseVLM (ICML 2025) 56.00 60.00 1696.00 80.50 67.10 73.80 54.90 33.80 53.40 93.0%
VisionZip (CVPR 2025) 57.60 62.00 1761.70 83.20 68.90 75.60 56.80 37.90 54.90 96.8%
DivPrune (CVPR 2025) 59.25 62.03 1718.22 86.72 68.96 75.96 56.06 35.56 56.98 96.9%
ZOO-Prune (Ours) 59.49 61.86 1751.60 87.13 68.91 76.57 57.87 35.67 57.53 97.8%

Retain 64 Tokens ↓ 88.9%

FastV (ECCV 2024) 46.10 48.00 1256.00 48.00 51.10 55.00 47.80 34.00 51.90 75.5%
SparseVLM (ICML 2025) 52.70 56.20 1505.00 75.10 62.20 68.20 51.80 32.70 51.10 87.0%
VisionZip (CVPR 2025) 55.10 60.10 1690.00 77.00 69.00 72.40 55.50 36.20 52.20 93.1%
DivPrune (CVPR 2025) 57.78 59.28 1674.40 85.56 68.17 74.11 54.69 35.56 55.13 94.8%
ZOO-Prune (Ours) 58.47 60.22 1675.59 85.86 68.27 75.02 55.35 35.44 55.84 95.5%

Comprehensive Multimodal Assessment. For a holistic
evaluation of both perceptual and cognitive abilities across
numerous sub-tasks (e.g., OCR, counting, attribute recogni-
tion), we employ the MME [18]. It reports separate scores
for Perception and Cognition tasks, summed to form the
combined Perception and Cognition score (P+C).

D. Further Quantitative Results and Analysis

D.1. Additional Quantitative Results

Results on LLaVA-1.5-7B: Table B reports the results
on LLaVA-1.5-7B, the most widely used model in the
LLaVA family. Across all token pruning levels, ZOO-
Prune achieves the strongest overall performance. With a
66.7% pruning (192 tokens), it reaches an Avg. of 98.6%,
surpassing the previous best method VisionZip (97.9%)
and achieving leading scores on challenging tasks such as
MMMU (36.11%) and SEED (58.80%). As pruning be-
comes more aggressive, the advantage of ZOO-Prune be-
comes even clearer. At 128 tokens, it maintains the best
average score of 97.8%, substantially outperforming FastV
(84.5%) and SparseVLM (93.0%). ZOO-Prune also deliv-
ers top results on SQA (59.49%), POPE (87.13%), VQAv2
(76.57%), and TextVQA (57.87%). Even under the ex-
tremely compressed 64-token setting, ZOO-Prune retains
an average of 95.5%, outperforming the attention-based
VisionZip by +2.4% and the diversity-based DivPrune by
+0.7%. These results demonstrate that our sensitivity-aware
diversity selection reliably preserves key visual cues and re-
mains robust even under aggressive pruning.

Results on LLaVA-1.5-13B: The robustness of ZOO-
Prune is further validated in Table C, where methods are ap-
plied to the larger LLaVA-1.5-13B model. This evaluation
tests the ability of pruning strategies to generalize to higher-
capacity backbones. With 192 tokens retained, ZOO-Prune
again obtains the highest average score (98.6%). Under
the challenging 64-token setting, ZOO-Prune shows a clear
performance advantage. It reaches 96.5% average accu-
racy, outperforming VisionZip by +2.8% and DivPrune by
+1.1%. Retaining strong performance while discarding
88.9% of visual tokens highlights the robustness of our ap-
proach. Overall, across both 7B and 13B variants, ZOO-
Prune consistently provides the best accuracy–efficiency
trade-off, demonstrating strong generalization to different
model capacities and pruning regimes.

D.2. Further Inference Efficiency Analysis

We evaluate the computational benefits of ZOO-Prune by
measuring prefilling time, end-to-end (E2E) latency, and
FLOPs on LLaVA-NeXT-7B using the POPE benchmark.
The total computational cost can be expressed as:

FLOPstotal = FLOPsprefill(n̂) + ∆FLOPsZOO, (8)

where n and n̂ denote the sequence length before and after
pruning, respectively. Following prior work [1, 3, 15], the
prefilling FLOPs of an L-layer LLM with hidden size d and
FFN intermediate size m scale as: L(4n̂d2+2n̂2d+2n̂dm).
Our pruning overhead comes only from ZOO sensitivity
estimation at the lightweight projector. With mz random
perturbation directions and a rank-k factorization, the addi-



Table C. Performance Comparison on LLaVA-1.5-13B.

Method GQA
Acc. ↑

MMB
Acc. ↑

MME
P+C ↑

POPE
F1 ↑

SQA
Acc. ↑

VQAV 2

Acc. ↑
VQAText

Acc. ↑
MMMU
Acc. ↑

SEED-I
Acc. ↑

Avg.
↑

Total 576 Tokens

LLaVA-1.5-13B 63.20 67.70 1818.00 85.90 72.80 80.00 61.30 36.40 66.90 100%

Retain 192 Tokens ↓ 66.7%

VisionZip (CVPR 2025) 59.10 66.90 1754.00 85.10 73.50 78.10 59.50 36.40 65.20 97.9%
DivPrune (CVPR 2025) 59.42 66.58 1781.50 86.76 72.88 77.98 58.46 36.56 65.72 98.1%
ZOO-Prune (Ours) 59.95 66.67 1762.41 86.73 73.12 78.65 59.11 37.33 65.56 98.6%

Retain 128 Tokens ↓ 77.8%

VisionZip (CVPR 2025) 57.90 66.70 1743.00 85.20 74.00 76.80 58.70 36.10 63.80 97.0%
DivPrune (CVPR 2025) 58.89 66.07 1748.56 86.53 72.83 77.10 58.17 35.56 64.22 97.0%
ZOO-Prune (Ours) 58.89 67.01 1791.10 86.95 73.38 77.83 58.80 35.56 64.50 97.8%

Retain 64 Tokens ↓ 88.9%

VisionZip (CVPR 2025) 56.20 64.90 1676.00 76.00 74.40 73.70 57.40 36.40 60.40 93.7%
DivPrune (CVPR 2025) 57.66 64.60 1777.93 84.80 71.34 75.20 57.11 35.22 62.44 95.4%
ZOO-Prune (Ours) 58.58 64.78 1780.03 85.34 72.09 76.39 58.59 36.00 63.02 96.5%

(a) Prefilling Time (ms) vs. Performance (%) vs. TFLOPs (b) E2E Latency (secs) vs. Performance (%) vs. TFLOPs

Figure A. Inference efficiency on the POPE benchmark relative to the LLaVA-NeXT-7B baseline. Circle size is proportional to TFLOPs.
ZOO-Prune achieves the strongest accuracy–efficiency trade-off, sustaining higher POPE performance while operating at substantially
lower latency and computational cost.

tional cost is:

∆FLOPsZOO = FLOPsZOO,LR − FLOPsproj (9)

= 2mz n
d

k
(Dv + d)− nDvd (10)

= nd2, when mz=64, k=128. (11)

Therefore, under our default configuration, this overhead is
about 0.3% of the baseline prefilling FLOPs.

As shown in Fig. A, all pruning methods provide notice-
able efficiency gains across token budgets, but ZOO-Prune
offers the most favorable balance between speed and accu-
racy. At the most aggressive setting (160 tokens), prefill-
ing becomes 2.59× faster and E2E latency is reduced by
2.30× relative to the baseline. FLOPs show a similarly
substantial reduction: from 11.8 TFLOPs in the baseline
to just 0.9 TFLOPs with ZOO-Prune. Importantly, despite
this nearly 13× computational reduction, ZOO-Prune re-
tains 96.12% of the baseline’s performance (83.05% F1),

indicating only minimal accuracy degradation. These re-
sults support that ZOO-Prune delivers a consistently supe-
rior accuracy–efficiency trade-off, making it a practical and
effective pruning strategy for real-world VLM deployment.

D.3. Visual Sensitivity: Projector vs. Encoder
The projection layer acts as a modality-alignment bottle-
neck, where high-level visual features are consolidated and
mapped into the LLM embedding space. Tokens that re-
main influential at this stage are therefore those most criti-
cal for downstream language generation. Motivated by this,
ZOO-Prune computes ZOO-based sensitivity at the projec-
tor rather than across the full vision encoder, avoiding costly
end-to-end perturbations.

To evaluate whether the projector serves as a reliable
proxy, we compare performance when sensitivity is com-
puted at each encoder layer. As shown in Table D, mid-
to-deep encoder layers (e.g., 17–24 layers) provide mod-
erately strong estimates but consistently underperform the



Table D. Performance comparison between the projector and vision encoder layers as sensitivity proxies. The projector consistently
provides the strongest accuracy across pruning ratios.

Vision Encoder GQA
Acc. ↑

MMB
Acc. ↑

MME
P+C ↑

POPE
F1 ↑

SQA
Acc. ↑

VQAText

Acc. ↑
MMMU
Acc. ↑

SEED-I
Acc. ↑

Avg.
↑

Total 2880 Tokens

LLaVA-NeXT-7B 64.20 67.90 1842.00 86.40 70.20 61.30 35.10 70.20 100%

Retain 640 Tokens ↓ 77.8%

Layer 01 61.23 65.29 1779.27 81.41 67.87 52.49 37.56 66.25 95.8%
Layer 03 61.96 65.64 1819.21 86.35 68.47 57.80 36.67 67.68 98.1%
Layer 05 61.73 65.55 1815.92 86.74 68.17 57.43 36.78 67.59 97.9%
Layer 07 61.85 65.29 1815.84 86.41 67.18 56.85 37.89 68.07 98.1%
Layer 09 62.18 65.12 1813.60 86.44 67.97 57.39 37.67 67.33 98.1%
Layer 11 61.98 65.21 1806.98 86.41 68.17 57.41 37.22 67.69 98.0%
Layer 13 61.93 65.12 1803.63 86.47 67.72 54.06 37.78 67.62 97.4%
Layer 15 62.03 65.38 1782.60 86.72 67.92 56.41 37.56 67.98 97.8%
Layer 17 61.99 65.38 1803.06 86.83 67.87 55.57 38.00 68.28 98.0%
Layer 19 61.94 65.03 1840.15 86.78 67.97 56.07 37.44 68.12 98.1%
Layer 21 62.03 65.29 1820.98 86.78 67.77 57.94 36.89 67.71 98.1%
Layer 23 61.70 65.46 1829.87 84.83 67.23 56.53 37.56 67.32 97.6%
Layer 24 61.99 65.21 1838.67 86.34 67.63 58.31 36.56 67.77 98.1%
Projector (Ours) 62.19 65.21 1816.45 86.75 68.02 57.98 36.89 67.95 98.2%

Retain 320 Tokens ↓ 88.9%

Layer 01 59.11 63.92 1664.19 76.08 68.86 49.38 36.89 63.94 92.4%
Layer 03 60.71 64.09 1796.69 84.08 67.87 56.74 36.44 65.64 96.3%
Layer 05 60.70 64.60 1789.64 84.48 67.82 55.77 38.44 65.77 96.9%
Layer 07 61.05 64.60 1746.22 83.23 67.67 55.36 37.11 65.87 96.0%
Layer 09 60.90 63.92 1798.27 83.74 67.53 55.81 37.00 65.62 96.2%
Layer 11 60.73 64.26 1784.26 84.36 65.80 56.13 36.56 65.80 95.9%
Layer 13 60.78 63.83 1712.90 83.76 67.38 52.13 36.67 65.64 94.7%
Layer 15 60.99 63.57 1754.49 84.44 67.53 55.02 37.22 66.39 96.0%
Layer 17 60.83 64.86 1799.67 85.00 67.33 53.70 37.11 66.48 96.3%
Layer 19 61.05 64.52 1801.79 85.44 67.63 54.51 37.67 66.42 96.8%
Layer 21 61.00 64.26 1764.22 84.37 66.93 56.05 37.67 65.72 96.4%
Layer 23 60.43 63.57 1766.28 81.46 68.12 54.95 36.89 65.19 95.3%
Layer 24 61.15 64.78 1775.97 84.23 67.03 56.14 37.00 66.29 96.4%
Projector (Ours) 60.97 64.86 1787.68 85.47 67.77 57.28 37.00 66.47 97.1%

Retain 160 Tokens ↓ 94.4%

Layer 01 57.62 61.34 1590.15 70.07 68.12 46.57 36.67 61.45 89.1%
Layer 03 58.88 63.14 1689.52 79.73 67.13 55.26 35.67 62.99 93.2%
Layer 05 59.69 62.54 1705.96 80.85 68.07 54.47 36.11 63.99 93.9%
Layer 07 59.43 63.92 1715.39 78.50 67.38 52.76 39.00 63.66 94.3%
Layer 09 59.58 62.46 1712.23 79.35 67.63 53.39 35.67 63.42 93.1%
Layer 11 59.18 63.23 1700.83 80.18 63.59 54.22 37.22 63.59 93.3%
Layer 13 59.33 62.80 1690.78 79.55 67.77 49.61 38.00 63.60 93.1%
Layer 15 59.78 63.14 1685.21 82.00 66.98 52.99 36.44 64.51 93.8%
Layer 17 60.06 63.32 1712.95 82.54 66.68 50.78 37.44 64.78 94.0%
Layer 19 59.90 62.63 1724.21 82.65 67.63 51.40 37.56 64.43 94.2%
Layer 21 59.53 63.66 1720.90 80.69 67.72 53.94 36.78 63.46 94.1%
Layer 23 58.80 62.71 1665.75 75.96 68.17 52.13 36.67 62.43 92.2%
Layer 24 59.57 63.14 1714.08 81.01 67.67 55.00 37.00 63.87 94.4%
Projector (Ours) 59.93 64.18 1738.64 83.05 68.42 55.42 37.11 64.05 95.4%



Figure B. Revisiting Token Sensitivity Proxy: Projector vs. Encoder. Compared to the visual encoder, the projector is a reliable proxy for
zoo-based token sensitivity estimation.

projector, while early layers degrade sharply under aggres-
sive pruning (e.g., Layer 1 falls to 89.1% at a 160-token
budget). Fig. B further highlights this trend: the projec-
tor achieves the highest and most stable accuracy across
all pruning levels, with its advantage growing more pro-
nounced as token budgets shrink. Overall, these findings
show that the projection layer delivers the most stable, ac-
curate, and efficient signal for token sensitivity, motivating
its use as the default estimation strategy in ZOO-Prune.

E. Additional Qualitative Results
Sensitivity vs. Attention vs. Diversity. Fig. C compares
token selection patterns driven by different token impor-
tance strategies. Attention-based methods exhibit clear lim-
itations: text-visual (T2V) attention often suffers from po-
sitional bias (e.g., disproportionately focusing on lower im-
age regions, leading to the omission of key contextual cues),
while visual-visual (V2V) attention tends to form redundant
clusters. In contrast, diversity-based pruning treats all to-
kens equally, lacking semantic focus, whereas sensitivity-
based selection captures key semantics but may result in
spatial clustering. ZOO-Prune addresses these shortcom-
ings by unifying sensitivity and diversity. This ensures
that selected tokens are both semantically informative and
spatially distributed, maintaining robust coverage of task-
relevant regions even under an aggressive 64-token budget.

More Visualization Examples. Fig. D visualizes the
pruning masks and QA results. VisionZip prioritizes visual
saliency, often focusing on the high-contrast kitchen back-
ground while missing the foreground “Bench” across all ra-
tios. DivPrune enforces diversity but compromises object
integrity (e.g., it sparsifies “Dog”-related tokens, leading to
a Bear” hallucination). ZOO-Prune overcomes these limi-
tations by using sensitivity to anchor dense token clusters

on semantic targets. It effectively preserves the visual cues
of key objects, ensuring correct predictions even when 88%
of tokens are removed. This localization capability is fur-
ther corroborated by Fig. F, demonstrating that ZOO-Prune
consistently retains semantically critical tokens.

Failure Case Examples. Fig. E illustrates representa-
tive failure cases under aggressive pruning, where ZOO-
Prune produces semantically close but inexact predictions.
These errors reveal two limitations: difficulty in captur-
ing fine-grained attributes for distinguishing closely related
concepts, and vulnerability to visual clutter with multi-
ple interfering objects. While our method preserves high-
level semantic integrity at 64 tokens, extreme reduction in-
evitably compromises nuanced visual cues required for pre-
cise recognition in complex scenes.

F. Discussion and Future Work
Although ZOO-Prune achieves strong gains across vi-
sion–language reasoning tasks, several avenues remain
open. First, our evaluation focuses on encoder–decoder
VLMs such as LLaVA-NeXT. Extending ZOO-Prune to
broader architectures, including emerging Omni-style uni-
fied models, may reveal different sensitivity patterns and
grounding behaviors. Second, the method is currently
image-centric. Applying ZOO-Prune to video, 3D scenes,
or egocentric data will require reconsidering token selec-
tion under temporal and geometric structure. Finally, in-
tegrating ZOO-Prune into Vision-Language-Action agents
is a promising direction, as adaptive preservation of task-
critical visual cues may improve long-horizon stability and
reduce cascading errors. In sum, extending ZOO-Prune to-
ward Omni-style models, richer modalities, and interactive
agents presents a promising direction for broadening the
scope and impact of test-time visual refocusing.



Figure C. Selected visual tokens comparison on the GQA benchmark. Token pruning driven by text-visual (T2V) attention often suffers
from positional bias, while visual-visual (V2V) attention tends to retain redundant token clusters. Diversity-based pruning spreads tokens
broadly but lacks semantic focus. ZOO-based sensitivity can capture output-related tokens but overlooks spatial coverage. Our ZOO-Prune
jointly optimizes sensitivity and diversity for balanced selection across compression ratios.



Figure D. Qualitative comparison of pruned token masks from VisionZip, DivPrune and ZOO-Prune on the GQA benchmark.

Figure E. Failure cases of ZOO-Prune illustrating two typical error patterns. Left: Predictions remain semantically close to references but
differ in fine-grained age distinctions (e.g., “boy” vs. “baby”). Right: In visually cluttered scenes with multiple objects, the model makes
incorrect predictions due to confusion among different items present in the scene (e.g., “mug” vs. “glass”).



Figure F. Additional success examples demonstrating that ZOO-Prune preserves key visual cues across attributes, spatial relations, and
object identification, enabling accurate predictions even under aggressive pruning.
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