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A APPENDIX

Al ADDITIONAL ALGORITHM AND EFFICIENCY ANALYSIS

A.l1.1 DETAILED THEORETICAL ANALYSIS OF PSCA-NMS PRUNING

Definition of Information and Redundancy. Let Information(s;), denoted as I(s;), represent
the semantic information carried by token s;. Let Redundancy(s;, s;), denoted as R(s;, s;), denote
the overlapping semantic information shared between tokens s; and s;. For a token set .9, the total
effective information required for downstream VLM reasoning is defined as:

Inform(S) = | J I(s;). (11)

s; €S

Inclusion-Exclusion Principle of Effective Information. Given a retained subset S’ of fixed size
N, the informativeness can be expanded by the Inclusion—Exclusion Principle:

Inform(S') = Y I(s;))— > I(s)NI(s;)+ > I(si))NI(s;)NI(sp)— ...

s; €S’ 8i,8; €8’ 8i,85,5KES’ (12)
> > I(si)— Y Risi,s;).
s; €S’ Si,SjES/

The first term measures the total semantic contribution of retained tokens, while the second term
penalizes redundancy.

PSCA Optimizes Semantic Importance. The first term of Eq.[12, 37 ¢/ I(s;), evaluates how
much semantic information is preserved. PSCA provides a principled way to maximize this term: by
decomposing the token embedding matrix along the foken dimension, PSCA identifies the dominant
semantic directions in the global embedding space. Tokens with larger projections onto these principal
directions possess higher semantic contribution. Thus, ranking tokens by PSCA scores effectively
approximates maximizing I(s;), allowing PSCA to retain globally salient visual semantics while
suppressing noisy or low-level details.

NMS Minimizes Redundancy. Even after PSCA, tokens may cluster around spatially adja-
cent or visually similar regions. This leads to high redundancy, quantified by the second term
Zs,;,sj cs’ R(si,55). NMS eliminates tokens whose pairwise similarity exceeds a threshold e:

R(si,s5) <€, Vsiys;€85. (13)

By bounding semantic overlap among selected tokens, NMS directly minimizes the redundancy term
of Eq.[T2]and ensures diverse semantic coverage.

Joint Optimization of Informativeness. Combining PSCA and NMS yields the constrained
optimization:

Pruneoys(S) = :anrglér}lao?V I(s;) st R(sis5) <€ Vs, 85 € Gg. (14)
= s, €S’

The effective information preserved by our method satisfies the lower bound:

Inform (Pruneoys(S)) > ‘ér/l‘a:)gv ( Z I(sl)> — Z (”Qk) e (15)

s; €S’ k

This guarantees that redundancy is upper-bounded by a constant proportional to €, while semantic
contribution is maximized via PSCA.

Summary. PSCA enhances semantic importance by capturing global principal semantic directions,
whereas NMS enforces diversity by suppressing redundant tokens. Together, these components jointly
approximate the maximization of effective information in Eq. [I2} providing a theoretically grounded
and efficient pruning strategy.
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Figure 7: Runtime comparison of different methods. Vanilla denotes the average runtime of the
uncompressed LLaVA-NeXT 7B model on the POPE dataset and the upper performance bound. Vi-
sionZip and PruneSID represent the runtimes after applying the corresponding compression methods.
While maintaining comparable efficiency to VisionZip, our method achieves better performance.

A.1.2 PSEUDOCODE OF OUR METHOD

To provide a clearer understanding of our proposed visual token compression pipeline, we present
the full pseudocode of our method. The algorithm consists of two key stages: (1) principal semantic
component analysis (PSCA)-based token grouping in Alg. [} and (2) intra-group non-maximum
suppression (NMS) for redundancy removal in Alg.[2| This two-stage design enables both semantic
preservation and token diversity under various compression ratios.

Algorithm 1 Semantic-Aware Token Grouping via PSCA

Require: Visual tokens X = [x1,--- ,x7] € RT*P token budget N
V = pea_group(X, K = [{]),V € RT*K
for each group G, do
Initialize G, <+ 0
end for
fori=1toT do
g(i) < argmax; |V, j|
Gy = Gy UXi
end for
return Semantically coherent groups {G1, - ,Gk}

R AN S

Algorithm 2 Intra-Group Redundancy Removal via NMS

Require: Groups {G1,...,Gk}, visual tokens X, projection matrix V, token budget N
1: Compute global redundancy score: p < ﬁ Dic ; sim(x;, X;)
Set threshold: 7 < \ - p, where A = 3%
for each group G, do
Initialize G, «+ 0
Sort tokens in G, by s; = |V |
for each token x; € G, do B
if sim(x;,x;) < 7 forall x; € G, then
Gr + GrUux;
end if
end for
end for

Allocate n;ﬂ—{ |G ~NJ

TR I aUNAE LN

—

_
N

=, 161
: X ¢+ Uy Top,,, (Gk) -
: return Final compressed token set X

W
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A.1.3 RUNTIME COMPARISON AND EFFICIENCY ANALYSIS

While Alg.[T|and[2]are presented with sequential steps for clarity, our actual implementation leverages
parallel processing to significantly accelerate execution. The full implementation details are available
in our released codebase: https://github.com/ZhengyaoFang/PruneSID.

To further demonstrate the efficiency of our method, we benchmark its runtime under the same
hardware and software configuration as used in the main paper’s Efficient Analysis section. A
detailed comparison with VisionZip|Yang et al.|(2024)) is presented in Fig.[/| On a per-sample basis,
our method achieves a processing time of 22.4ms, which is comparable to VisionZip’s 17.4ms. Our
early compression mechanism significantly reduces the total prefilling latency, decreasing it from
218ms to 27.8ms, by reducing the number of visual tokens before they are fed into the LLM.

Despite comparable preprocessing costs, our method consistently yields better performance. Under
this configuration, our approach outperforms VisionZip by 2.4% on the POPE dataset, and achieves
an average accuracy of 92.8% across multiple benchmarks (see Tab. 2 | 94.4% in the main paper).
These results highlight the practicality of our method, offering a favorable trade-off between speed
and accuracy.

A2 ADDITIONAL EXPERIMENTS

In this section, we present the extended experimental setup and results to validate the effectiveness and
generalization ability of our method: (1) we begin by detailing the implementation of our experiments
in Sec.[A.2.T] (2) To evaluate the generalization of our approach across different model scales,
we report results on larger-scale model LLaVA-1.5 [Liu et al.| (2023)) and LLaVA-NeXT |Liu et al.
(2024b) in Sec.[A.2.2] (3) To further assess the applicability of our method to more advanced and
architecturally sophisticated vision-language models, we present results on Qwen2-VL |Wang et al.

(2024) in Sec.

A.2.1 EXPERIMENT DETAILS

Environments. All experiments are conducted using a single NVIDIA L20 GPU with 48GB memory.
We build our evaluation pipeline upon the publicly available Imms-eval [Zhang et al.| (2024a) frame-
work, ensuring consistency with prior benchmarks. For fair comparison in the Efficient Analysis
section, we directly benchmark both VisionZip |Yang et al.| (2024) and our method on the same
hardware (L20-48GB) under identical settings. To align with previously reported results obtained
using A800-80GB GPUs, we linearly scale our runtime measurements based on VisionZip’s perfor-
mance differential across devices, following standard practice in prior work. This adjustment allows
for a meaningful speed comparison while maintaining experimental reproducibility on accessible
hardware.

A.2.2 EVALUATION ON LARGER-SCALE MODELS

In the main paper, we reported the compression results on 7B-scale models. To further evaluate its
effectiveness across different model scales, we additionally present results on LLaVA-1.5 13B and
LLaVA-NeXT 13B.

LLaVA-1.5 encodes each image into a fixed sequence of 576 visual tokens. Following prior work|Yang
et al.[(2024), we evaluate our method by retaining 192, 128, and 64 tokens, respectively. As shown
in Tab. [9] under all three settings, our method achieves average accuracy within 98.0%, 97.4%, and
95.2% of the uncompressed baseline across multiple benchmarks. Compared to the results on 7B-
scale models, our method maintains similarly strong compression performance. We further compare
our method against VisionZip. Our method outperforms VisionZip by 1% in average accuracy under
the most aggressive compression setting of retaining only 64 tokens. When it comes to LLaVA-NeXT
13B in Tab. [I0} our method demonstrates competitive performance against VisionZip across different
token retention settings, and its advantage becomes particularly prominent under high compression
rates. Specifically, under the largest compression rate (94.4% reduction, retaining only 160 tokens),
our method’s average performance reaches 92.2%, which outperforms VisionZip by 2% (VisionZip:
90.2%). This result fully validates that our method maintains superior visual compression efficiency
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Table 9: Performance of PRUNESID on LLaVA-1.5 13B. Vanilla refers to the uncompressed
baseline model using all 576 visual tokens, serving as the upper performance bound.

Method |GQA MMB MME POPE SQA VQAY VQA™ MMMU SEED' VizWiz| Avg.

Upper Bound, 576 Tokens (100%)
Vanilla(-w,u‘ 632 677 1818 859 72.8 80.0 61.3 36.4 66.9 56.6 ‘ 100%

Retain 192 Tokens (| 66.7 %)
VisionZip 59.6 659 1770 864 728 78.0 58.6 36.9 65.2 549 197.8%
PRUNESID 59.6 659 1770 864 728 78.0 58.6 36.9 65.2 56.0 |98.0%

Retain 128 Tokens (| 77.8%)
VisionZip 579 66.7 1743 852 740 76.8 58.7 36.1 63.8 55.0 |97.0%
PRUNESID 589 655 1811 859 73.1 76.7 57.5 35.8 64.1 56.8 |97.4%

Retain 64 Tokens ( | 88.9%)
VisionZip 562 649 1676 760 744 737 57.4 36.4 60.4 559 |94.2%
PRUNESID 57.8 63.8 1711 820 71.8 752 56.3 35.7 62.8 573 195.2%

Table 10: Performance of PRUNESID on LLaVA-NeXT 13B.

Method |GQA MMB MME POPE SQA VQA'? VQA™! MMMU SEED' VizWiz | Avg.

Upper Bound, 2880 Tokens (100%)
Vanillaup.\,;\‘65.4 70.0 1858 862 735 818 64.3 36.2 71.9 64.0 ‘100%

Retain 640 Tokens ( | 77.8 %)
PRUNESID ‘ 624 67.0 1817 856 70.1 79.1 60.2 36.2 68.5 60.2 ‘96.7%

Retain 320 Tokens (| 88.9%)
PRUNESID ‘61.5 654 1810 827 703 769 58.5 36.8 66.8 58.5 ‘95.2%

Retain 160 Tokens ( | 94.4%)
PRUNESID ‘59‘5 655 1715 778 69.1 73.6 56.7 36.4 64.1 56.7 ‘92.2%

and information preservation capabilities, especially when facing extreme compression demands.

A.2.3 EVALUATION ON ADVANCED VISION-LANGUAGE ARCHITECTURES

To further assess the generalization of our method on recent, more sophisticated VLMs, we conduct
experiments on Qwen-VL Wang et al.|(2024]), a family of models with notable architectural differences
from LLaVA.

Unlike LLaVA’s fixed-resolution vision encoders, Qwen-VL employs a dynamically scalable vision
encoder that supports arbitrary input resolutions. Moreover, the vision encoder is jointly trained with
the language model, enabling tighter cross-modal alignment. After encoding, a lightweight MLP
compresses every 2x2 group of neighboring tokens into a single token, resulting in a compact but
expressive visual representation.

We evaluate Qwen2-VL 7B under token retention ratios of 33.3%, 22.2%, and 11.1%. As shown in
Tab. @ we first compare our method against PACT Dhouib et al.|(2025)), the official compression
implementation available for Qwen2-VL. Across all three retention levels, our method consistently
achieves higher average performance, demonstrating stronger robustness in the low-token regime.

In Tab. [I2] we further compare against VisionZip Yang et al.| (2024) on Qwen2.5-VL and additionally
include two high-resolution benchmarks, HRBench-8k |Wang et al.|(2025b) and XLRS |Wang et al.
(2025a)). Across all token retention settings, our method consistently outperforms VisionZip, with
average performance improvements of +1.6%, +2.2%, and +1.8% at retention ratios of 33.3%,
22.2%, and 11.1%, respectively. Beyond these overall improvements, our method also remains
highly effective on the two high-resolution benchmarks. Specifically, on HRBench-8k, our approach
preserves 91.6%, 90.7%, and 86.5% of the baseline performance at retention ratios of 33.3%, 22.2%,
and 11.1%, respectively. On XLRS, the corresponding preservation ratios are 98.3%, 96.6%, and

18



Published as a conference paper at ICLR 2026

Table 11: Performance of PRUNESID on Qwen2-VL 7B. baseline refers to the uncompressed
model using all the visual tokens, serving as the upper performance bound.

Method  |GQA MMB MME POPE SQA VQA™ MMMU SEED' VizWiz| Avg.
Upper Bound (100%)
baseline | 623 79.1 2318 879 847 812  SLI 765 682 | 100%

Token retention ratio 33.3% ( | 66.7 %)
PACT cypros | 59.1  75.8 2068 85.6 80.5 782 48.2 74.0 679 |953%
PRUNESID | 60.5 72.1 2146 87.0 81.8 79.8 48.3 75.5 66.1 |96.1%

Token retention ratio 22.2% ( | 77.8%)
PACT cypros | 55.8 722 2012 824 783 776 48.8 71.7 674 | 92.8%
PRUNESID | 59.2 692 2119 860 79.5 78.1 473 74.8 64.8 |94.1%

Token retention ratio 11.1% ( | 88.9%)
PACT cypros | 50.1  63.1 1785 714 750 743 48.5 66.0 63.1 |85.8%
PRUNESID | 559 65.0 2039 829 76.1 73.6 46.9 71.8 64.1 |90.4%

Table 12: Performance of PRUNESID on Qwen2.5-VL 7B. baseline refers to the uncompressed
model using all the visual tokens, serving as the upper performance bound.

Method ‘GQA MMB MME POPE SQA VQAY? HRB® XLRS™*® | Avg.
Upper Bound (100%)
baseline ‘ 609 839 2310 863 889 829 68.1 47.1 ‘ 100%

Token retention ratio 33.3% ( | 66.7 %)
VisionZip cvpros | 56.6  78.9 2317 858 80.5 80.7 61.8 46.0 95.4%
PRUNESID 59.8 809 2218 859 87.6 80.4 62.4 46.3 97.0%

Token retention ratio 22.2% ( | 77.8%)
VisionZip cvpros | 54.6  76.8 2224 834 804 785 61.3 452 93.2%
PRUNESID 59.0 78.0 2169 856 869 78.7 61.8 45.5 95.4%

Token retention ratio 11.1% ( | 88.9%)
VisionZip cvpros | 532 75.8 2025 789 80.1 73.8 58.6 44.5 89.6%
PRUNESID 558 739 2076 802 86.5 74.6 58.9 44.6 91.4%

94.7%. These results indicate that our compression method maintains strong performance even
under large-scene, high-resolution conditions, demonstrating its strong generalization ability beyond
standard-resolution benchmarks.

A3 ADDITIONAL ABLATION STUDIES

A.3.1 ABLATION STUDIES ON COMPONENT CONTRIBUTIONS

This section presents detailed ablation studies to isolate and evaluate the individual contributions of
two key components in our framework: the Principal Semantic Components Analysis (PSCA) module
and the Non-Maximum Suppression (NMS) based redundancy removal mechanism. To accurately
assess each component’s impact, we design two ablation variants of our model on LLaVA-1.5: 1)
w/o PSCA: Replaces the PSCA-based grouping with random token grouping, while maintaining the
original NMS algorithm. Within each randomly formed group, tokens are sorted by their vector ¢
norm to determine importance. And 2) w/o NMS: Retains the original PSCA grouping and importance
ranking, but replaces the NMS-based redundancy removal with a simple top-k selection that ignores
token redundancy.
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Table 13: Performance comparison of ablation variants on LLaVA-1.5 7B (relative to vanilla baseline,
100%).

Condition ‘GQA MME POPE SQA MMMU SEED MMB Vizwiz‘ Avg.

Upper Bound, 576 Tokens (100%)
619 1862 859 69.5 363 60.5 647 543 ‘ 100%

Vanilla cypros

Retain 192 Tokens ( | 66.7%)
w/o PSCA 588 1743 849 682 357 58.8 627 541 |97.2%
w/o NMS 59.1 1755 858 68.1 35.2 58.6 623 549 |97.3%
Ours 60.2 1797 87.1 69.1 36.8 59.0 63.8 555 [99.3%

Retain 128 Tokens (| 77.8%)
w/o PSCA 57.8 1703 830 675 35.7 576 612 545 |958%
w/o NMS 575 1722 849 674 36.1 574 614 543 |96.3%
Ours 589 1760 869 68.8 35.8 579 626 56.0 |98.0%

Retain 64 Tokens ( | 88.9%)
w/o PSCA 56.1 1670 785 67.3 36.1 545 593 552 [93.9%
w/o NMS 55.9 1665 79.7 67.5 36.2 549 58.1 563 |94.2%
Ours 572 1734 84.1 68.1 372 56.2 59.7 57.0 |96.8%

Tab. [13] summarizes the comparative performance across all configurations. The experimental
results demonstrate that both components contribute significantly to the model’s overall performance.
Removing either PSCA or NMS leads to consistent performance drops across most datasets and token
retention settings. Our full model consistently outperforms both ablation variants across all token
retention settings, with an average performance advantage of 1.7-2.9% over the ablation variants,
validating the complementary nature of PSCA and NMS.

A.3.2 ABLATION STUDIES ON INFORMATION PRESERVATION OF BOTH IMPORTANCE AND
DIVERSITY

This section presents ablation studies to validate that our method effectively preserves both informa-
tion importance and diversity of visual tokens. To be specific, we design two ablation experiments
on LLaVA-1.5 to isolate these two properties and demonstrate their individual contributions: 1)
Descend: To test the importance preservation property, we retain tokens in descending order of their
importance rankings (i.e., keeping the least important tokens first) while applying our standard NMS
for redundancy reduction. This variant directly challenges the importance preservation mechanism
by prioritizing less critical information. And 2) Ascend: To test the diversity preservation property,
we retain tokens in ascending order of their importance rankings (i.e., selecting the most important
tokens first) but without NMS to considering redundancy. This variant prioritizes importance while
ignoring potential information redundancy and diversity.

Tab. |14 summarizes the performance of all configurations. The Descend variant, which retains less
informative tokens, suffers severe degradation (e.g., 84.2% at 64 tokens), highlighting the necessity
of preserving importance. The Ascend variant, which emphasizes importance but ignores redundancy,
performs better but notably drops on POPE, underscoring the need for diversity. Our full model
consistently surpasses both variants (0.9—1.5% over Ascend, 2.7-12.1% over Descend), demonstrating
its effectiveness in jointly preserving importance and diversity without trade-offs.

A.3.3 ABLATION STUDIES ON SENSITIVITY TO NMS THRESHOLD SCALING FACTOR A

This section presents a comprehensive ablation study to analyze the sensitivity of our method to the
NMS threshold scaling factor A, and its impact on both model performance and the distribution of
retained tokens across semantic groups. As background, our NMS threshold is definedas 7 = A - p
(where p denotes the redundancy metric between tokens), and A is a scaling factor adaptively
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Table 14: Performance comparison of importance and diversity preservation ablation variants on
LLaVA-1.5 7B (relative to vanilla baseline, 100%).

Condition ~ |GQA MME POPE SQA MMMU SEED MMB Vizwiz | Avg (%)

Upper Bound, 576 Tokens (100%)
619 1862 859 69.5 363 60.5 647 543 ‘ 100%

Vanilla cypros

Retain 192 Tokens (| 66.7 %)

Descend 573 1667 839 668 35.8 564 588 548 | 96.1%

Ascend 59.1 1763 85.8 68.1 36.2 58.6 633 549 | 97.9%

Ours 60.1 1791 86.9 685 36.1 59.0 63.7 554 | 98.8%
Retain 128 Tokens (| 77.8%)

Descend 56.0 1556 79.6 664  35.8 53.8 555 549 | 92.1%

Ascend 57.5 1722 849 684  36.1 574 624 553 | 96.9%

Ours 58.8 1749 86.5 683 35.8 578 62.1 558 | 97.6%
Retain 64 Tokens ( | 88.9%)

Descend 51.7 1361 67.5 648 35.1 493 436 54.1 84.2%

Ascend 559 1664 79.7 685 36.2 549 581 563 | 94.8%

Ours 57.1 1733 838 678 37.0 56.1 588 569 | 96.3%

Table 15: Performance sensitivity to NMS threshold scaling factor A on LLaVA-1.5 7B (relative to
vanilla baseline, 100%).

o | Retain 64 | Retain 128 | Retain 192
‘GQA MME POPE SQA  Avg. ‘GQA MME POPE SQA Avg. ‘GQA MME POPE SQA Avg.

24 | 567 1726 834 680 94.8% | 584 1718 855 683 96.1% | 59.7 1770 863 684 97.6%
28 | 57.0 1718 841 67.8 949% | 588 1723 864 682 96.6% | 599 1783 86.8 684 98.0%
32| 571 1733 838 678 951% 588 1749 865 683 97.0% | 60.1 1791 869 685 98.3%
36 | 573 1705 847 679 951% | 587 1733 859 683 965% | 59.7 1789  86.6  68.5 98.0%
40 | 573 1675 847 679 947% | 58.6 1711 857 681 962% | 59.6 1772 863 684 97.6%

determined by the global token budget [V (with a default setting of A = % in our base model). We
design two complementary experiments to evaluate the role of o with A = &:

Performance Sensitivity. We test distinct values of o (24, 28, 32, 36, 40) under three token retention
settings (192, 128 and 64 tokens) on the LLaVA-1.5 7B model. We report performance across four key
benchmarks (GQA, MME, POPE, SQA) to quantify how A impacts multimodal understanding. Tab.
[I5] summarizes the performance across different « values. The results demonstrate that performance
remains highly stable across different values of o (24—40), indicating that the method is not sensitive
to fine-tuning of this parameter. The optimal performance is consistently achieved at o = 32, yielding
the highest average scores across multiple token retention settings.

Token Distribution Sensitivity. For the 64-token retention setting (on the MME benchmark),
analyze how « affects the number of retained tokens across 16 semantic groups (Group 0 to Group
15) generated by the PSCA module. We also include a "Before pruning” baseline to show the initial
token count per group prior to NMS-based redundancy removal. As shown in Tab. we can
observe that the distribution of group token counts remains relatively stable across different values of
«. Additionally, we note the following observations and explanations:

* The number of tokens retained in Group 0 is small: Group ids are related to the principal
component ordering in PSCA. Group O often corresponds to the background regions of
the image that exhibit higher redundancy and contain less important semantic information,
resulting in a smaller number of retained tokens.

* The number of tokens retained increases as group id increases: According to the nature
of PCA, later principal component groups are associated with tokens that have greater
variability and lower redundancy. Under the same NMS threshold, more tokens are retained
after redundancy removal.
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Table 16: Token distribution across PSCA groups (Group 0-15) for different A (retain 64 tokens,
MME benchmark).

m0123456789101112131415

Before pruning [ 1536 28.1 375 363 344 31.1 281 268 251 239 233 231 239 255 271 284
24 1.0 42 41 38 38 40 41 41 41 40 40 40 42 44 46 48
28 1.1 43 43 41 40 42 41 41 40 38 38 38 40 42 44 46
32 1.1 38 38 3.6 37 40 41 41 42 41 41 41 43 45 47 49
36 1.1 34 35 35 36 39 41 4.1 42 42 42 43 44 46 48 50
40 1.3 30 33 34 36 38 40 41 42 42 43 44 46 48 50 52

* As «increases, tokens are more likely to be distributed in higher-numbered groups: As o
increases, A decreases, and the NMS redundancy removal threshold 7 = A - p also lowers.
Tokens in lower-ranked, more redundant groups are more likely to be pruned, leading to a
smaller number of retained tokens.

These findings provide further insight into how « influences the distribution of tokens across different
groups, contributing to the overall balance between redundancy removal and token retention.

A4 VISUALIZATION

A.4.1 VISUALIZATION OF PSCA GROUPING AND RETAINED TOKENS

We present additional visualizations of PSCA-based token grouping and the final retained tokens
to demonstrate the effectiveness of our method. Fig. [§]shows partial results of our semantic token
grouping and compares the retained tokens between our method and the attention-guided baseline,
VisionZip, under an extreme compression ratio (retaining 32 tokens, 5.6%). Fig.[9]shows the grouping
and selection results when retaining 64 tokens (11.1%). As observed, our method selectively preserves
representative tokens from highly redundant groups with shared semantics, enabling broader semantic
diversity within a limited token budget. In contrast, VisionZip tends to retain tokens with high
attention scores that are often semantically similar, leading to redundancy and insufficient coverage
of diverse visual concepts.
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Figure 8: Visualization of PSCA-based semantic token grouping and final retained tokens under an
extreme compression ratio (retaining 32 tokens, 5.6%). Semantically Coherent Groups show partial
grouping results from our PSCA stage, and Refained compares the selected tokens from our method
and VisionZip. Our approach preserves representative tokens from semantically redundant groups,
enabling broader information coverage than attention-only methods like VisionZip.
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| : Selected Visual Tokens from Groups
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Figure 9: Visualization of PSCA-based token grouping and final retained tokens when retaining 64
tokens (11.1%). Similar to Fig. [8] our method effectively selects representative tokens across diverse
groups while filtering redundancy. This helps maintain semantic diversity under tight token budgets,
outperforming redundancy-prone baselines like VisionZip.
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