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Abstract

High-resolution multimodal foundation models
spend a large fraction of inference compute on
visual tokens, making visual-token pruning a prac-
tical mechanism for resource-efficient deploy-
ment. Existing pruning methods expose a recur-
ring trade-off: fast heuristic methods add little se-
lection overhead but weakly control redundancy,
while diversity-aware subset-optimization meth-
ods better preserve non-redundant evidence but
often rely on sequential greedy search, which can
erase part of the wall-clock benefit of pruning.
We propose SFPruner, a single-pass approxima-
tion to redundancy-aware visual-token subset se-
lection. Instead of constructing the subset itera-
tively, SFPruner builds redundancy control into
the scoring stage through semantics-guided ridge
leverage and ranking-based directional masking,
enabling one-shot Top-K selection under a target
token budget. Across image and video MLLMs,
SFPruner preserves competitive quality—resource
trade-offs while substantially reducing selection
overhead; for example, compared with CDPruner
on Qwen2.5-VL at a 512-token budget, selection
latency decreases from 112.4 ms to 2.5 ms while
retaining 99.0% relative performance. These re-
sults show that visual-token pruning must opti-
mize not only which tokens are retained, but also
how efficiently the retained subset is selected.

1. Introduction

Recent multimodal large language models (MLLMs) (Liu
et al., 2023; Wang et al., 2024; Liu et al., 2024a) perform
fine-grained reasoning over high-resolution images and long
videos, but dynamic-resolution models such as LLaVA-
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NeXT (Liu et al., 2024b) and Qwen-VL (Wang et al., 2024)
often produce thousands of visual tokens per input. Because
self-attention scales quadratically with sequence length, this
visual-token growth creates substantial latency and memory
bottlenecks during inference. Visual tokens are therefore a
natural unit for resource allocation: reducing the retained
visual sequence can lower attention cost, memory pressure,
and prefill latency. The key challenge is to select a compact
subset that preserves task-relevant, non-redundant visual
evidence while keeping the selection procedure lightweight
enough to preserve end-to-end speedups.

Vision token pruning addresses this budgeted subset-
selection problem by retaining informative tokens before
expensive attention operations (Xing et al., 2024; Chen
et al., 2024; Zhang et al., 2025b), yet existing methods often
trade selection efficiency for redundancy control (Fig. 1).
Heuristic methods rank tokens using attention or similar-
ity signals (Zhang et al., 2024a; Shang et al., 2025; Yang
et al., 2025; Wen et al., 2025; Zhang et al., 2024b); they
are fast, but weakly control spatial redundancy and can de-
grade under aggressive pruning. Merging variants such
as VisionZip (Yang et al., 2025) partially recover accu-
racy by averaging discarded tokens into retained neigh-
bors, but this can homogenize local features and blur fine-
grained cues (Wen et al., 2025). Subset-optimization meth-
ods (Zhang et al., 2025a; Alvar et al., 2025; Zhang et al.,
2026) preserve diversity through combinatorial objectives
such as DPP, MMDP, or maximal independent set. Many
of these objectives are optimized with sequential greedy ap-
proximations, whose K -step updates make selection latency
grow with the retention budget. As a result, theoretical
FLOP reductions do not always translate into measured
wall-clock gains in high-resolution regimes (Fig. 1, right).
This motivates a different design goal: token pruning should
optimize both the quality of the retained subset and the cost
of finding that subset.

We propose Single-Forward Pruner (SFPruner), a single-
forward approximation to redundancy-aware visual-token
subset selection. Rather than constructing the subset itera-
tively, SFPruner embeds redundancy control directly into
the scoring space. SFPruner adapts the ridge leverage score
(RLS) (Musco & Musco, 2017; McCurdy, 2018) to estimate
feature-space uniqueness with a ridge solve, avoiding per-
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Figure 1. Left: LLaVA-NeXT—Rel. (%) vs. selection latency (ms, log scale): fast heuristics vs. slower subset optimizers (dashed
limitation); SFPruner (red) moves toward the ideal fast-and-accurate corner. Right: Qwen2.5-VL at three retention ratios (marker
size)—subset methods trade large latency for Rel.; SFPruner stays at few-ms latency.

step subset updates. In one selection pass, it combines two
complementary mechanisms. First, covariance-level redun-
dancy attenuation via semantics-guided ridge leverage fuses
instruction relevance and visual saliency to downweight
dominant covariance directions before selection. Second,
ranking-based directional masking resolves residual pair-
wise overlap through asymmetric similarity competition:
higher-scoring tokens suppress redundant lower-scoring al-
ternatives using parallel tensor operations, removing the
need for sequential state updates. On Qwen2.5-VL (Bai
et al., 2025), compared with CDPruner at a 512-token bud-
get, SFPruner reduces selection latency from 112.4 ms to
2.5 ms while retaining up to 99.0% relative performance.
These results suggest that practical visual-token pruning re-
quires redundancy-aware subset selection whose own over-
head is small relative to the inference savings it enables.

2. Proposed Method: Single-Forward Pruner
(SFPruner)

SFPruner performs one-pass scoring via semantic guidance
(Section 2.1), semantics-guided ridge leverage (Section 2.2),
and directional masking (Section 2.3); Figure 2 summarizes
the pipeline.

2.1. Semantic Guidance: Textual Relevance and Visual
Saliency

We first compute a semantic guidance score per token from
instruction relevance and visual saliency. Let V' € RV*P
stack Ly-normalized visual token rows v;, and ¢ € R'*P
be the projected text embedding.

Textual relevance. We measure instruction relevance us-
ing cosine similarity between each visual token and the text
embedding, followed by temperature-scaled normalization:

exp(rvig "/ ([[villllqll))

SN exp(rviqT /(s lllall)”

where 7 controls sharpness.

Srel,i =

Visual saliency. To capture instruction-agnostic visual
importance, we use a saliency score from vision-encoder
self-attention, i.e., attention from a global token (e.g., CLS)
to each visual token. When no canonical CLS token exists
(e.g., Qwen2.5-VL (Bai et al., 2025)), we use a proxy ob-
tained by aggregating self-attention weights across spatial
tokens:

Sattn,i = Attention(CLS — v;). 2)

Fusion and normalization.
and saliency,

We linearly fuse relevance

Sguide,i = aSrel,i + (1 - O‘)Sattn,ia ac [07 1]7 3)

using only S,ttn When no text encoder is available. For
stable scaling across inputs we min—max normalize:

o Sguide,i — Il Sguide,j

guide,i N .
’ max; Sguide,j — min, Sguide,j +e

“

The map S’guidc feeds SG-RLS in Section 2.2.

2.2. Covariance-Level Attenuation: Semantics-Guided
Ridge Leverage Score

Instead of sequential residual updates, we attenuate redun-
dancy globally with ridge-regularized leverage. We define
the feature covariance matrix as

C=V'VeRP*P )
and the ridge leverage score of token ¢ as

6 = v;(C + Mp) "], (©6)
where A > 0 is a small regularization constant. The in-
verse covariance attenuates dominant eigendirections, as-
signing lower leverage to globally redundant tokens and
higher scores to structurally distinctive ones. To incorporate
task-awareness, we modulate this structural score with the
semantic guidance from Section 2.1:

Ssa-rLs,i = 4i - Sguide,i- @)
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Figure 2. Pipeline. SFPruner computes semantics-guided ridge leverage scores, applies ranking-based directional masking to suppress
tokens covered by higher-scoring neighbors, and performs one-shot Top- K selection.

Thus, ridge leverage captures global structural uniqueness,
while semantic guidance suppresses task-irrelevant outliers.

The computation uses parallel matrix operations and a single
ridge solve, avoiding high-resolution inversions and elimi-
nating iterative subset updates.

2.3. Ranking-Based Directional Masking

Beyond covariance-level control in SG-RLS, we add pair-
wise exclusion, where high-scoring tokens suppress near-
duplicate alternatives based on Cj,, = VV I € RVXN,

We define a directional masking mechanism based on the
SG-RLS scores: for each token ¢, suppression is applied
only from tokens with strictly higher scores. Formally,

M;; = I(Ssa-RLs,j > SSG-RLS.i) 3
with M;; = 0. The directional suppression penalty is

Pi =1- maX(MU . Csirn,ij)) (9)
J

so P; <1 (the max includes O from M;;). The final score is

Sfnal,i = Ssa-rLs,i - P (10)

and we select the top K tokens under a deployment-
specified token budget. All steps are implemented with
parallel GEMMs, element-wise comparisons, and row re-
ductions.

3. Experiments

Setup. We evaluate SFPruner on LLaVA-NeXT-7B (Liu
et al., 2024b), Qwen2.5-VL-7B (Bai et al., 2025), and
LLaVA-Video-7B (Zhang et al., 2024c), covering multi-
patch, dense single-sequence, and multi-frame visual-token

regimes. We report task accuracy and relative performance
retention (Rel. %) against the corresponding unpruned back-
bone. Unless otherwise stated, SFPruner uses o=0.5,
temperature T=20, and ridge regularization A=0.005; for
Qwen2.5-VL, which lacks a canonical CLS token, we use
the visual-saliency proxy only. Full experimental protocols,
additional image and video results, extreme-scale profiling,
and robustness analyses are provided in Appendices A—H.

3.1. Quality-Latency Trade-off

We evaluate Qwen2.5-VL-7B, a dense single-sequence set-
ting where all high-resolution visual tokens compete within
one attention window. This regime is sensitive to prun-
ing overhead, since selection cost can offset the inference
savings from token reduction.

As shown in Table 1, subset-optimization methods retain
strong quality but incur high selection latency. At 40% reten-
tion, CDPruner, DivPrune, and D2Pruner require 112.4 ms,
23.1 ms, and 31.2 ms, respectively, with lower latency at
20% retention due to their K-dependent greedy selection.
In contrast, SFPruner remains at 2.5 ms for both budgets
by using parallel covariance-level attenuation and ranking-
based directional masking without iterative subset updates.

SFPruner also achieves the best aggregate Rel. at both bud-
gets: 99.0% at 40% retention and 96.5% at 20% reten-
tion. Thus, SFPruner preserves redundancy-aware selection
quality while keeping selection latency close to lightweight
heuristics, supporting practical visual-token pruning for de-
ployment.

3.2. End-to-End Scalability

We next test whether selection efficiency translates into real-
ized wall-clock gains. Table 2 profiles Qwen2.5-VL under
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Table 1. Qwen2.5-VL-7B results. Rel. (%) is relative to the unpruned model; sel. is selection time (ms). SFPruner achieves the best Rel.

with 2.5 ms selection at both budgets.

Method TextVQA  AI2D HBench MME MMB MMBCN  POPE MMStar Rel. sel.
Vanilla (100% tokens)
Qwen2.5-VL-7B 85.3 80.8 64.3 2316.0 79.7 81.8 86.4 56.7 100.0 -
Retain 40% (~512 tokens avg.)
PruMerge (Shang et al., 2025) 82.1 79.8 62.6 2287.0 78.4 80.0 86.0 55.6 98.1 1.2
VisPruner (Zhang et al., 2024a) 82.6 79.9 61.7 2297.5 78.7 79.9 85.4 55.3 98.0 12.3
VisionZip (Yang et al., 2025) 82.6 79.5 61.2 2306.5 78.3 80.5 86.1 55.2 98.0 1.1
DivPrune (Alvar et al., 2025) 82.3 78.6 61.4 2230.6 78.5 80.0 84.5 54.7 97.0 23.1
CDPruner (Zhang et al., 2025a) 83.7 79.6 63.4 2302.2 79.2 80.3 86.1 55.9 98.8 112.4
D2 Pruner (Zhang et al., 2026) 83.2 82.9 63.7 2305.3 78.2 79.6 85.3 54.9 98.7 31.2
SFPruner 84.0 79.9 63.1 2319.3 79.0 79.7 86.5 55.9 99.0 2.5
Retain 20% (~256 tokens avg.)
PruMerge (Shang et al., 2025) 74.7 77.2 59.1 2280.1 77.6 77.7 84.5 52.8 94.6 1.1
VisPruner (Zhang et al., 2024a) 75.3 774 59.0 22139 77.5 78.3 84.5 52.2 94.3 7.5
VisionZip (Yang et al., 2025) 75.9 77.6 59.1 2276.5 774 78.5 84.5 53.5 95.1 1.1
DivPrune (Alvar et al., 2025) 76.5 76.6 58.1 2203.7 76.9 71.5 83.6 51.8 93.7 11.8
CDPruner (Zhang et al., 2025a) 79.1 78.4 61.1 2264.5 77.9 79.5 84.9 534 96.2 56.7
D2 Pruner (Zhang et al., 2026) 78.6 79.4 60.2 2280.5 76.1 78.6 83.0 52.1 95.3 18.9
SFPruner 79.8 78.3 60.2 2295.7 78.1 79.4 85.7 53.7 96.5 2.5

Table 2. Extreme-scale hardware profiling on Qwen2.5-VL with
N=9,216 visual tokens on full MME.

Method FLOPs Memory Pruning Prefill Infer

My MB)L (ms)l @ms)l ()
Full Seq. 148 19,749 - 1813 6101
DivPrune (Alvar et al., 2025) 44.4 18,512 458 1547 5387
CDPruner (Zhang et al., 2025a)  44.4 18,736 576 1658 5787
SFPruner 44.4 18,432 28 1114 3601

an extreme high-resolution setting with N=9,216 visual
tokens and a 30% retention budget. Although DivPrune and
CDPruner reduce theoretical FLOPs to the same level as
SFPruner, their selection overhead remains large: 458 ms
and 576 ms, respectively. Consequently, their total inference
times improve only modestly over the full sequence.

SFPruner completes pruning in 28 ms, reduces prefill latency
from 1813 ms to 1114 ms, and cuts total inference time
from 6101 s to 3601 s. This corresponds to a 1.69x end-
to-end speedup, compared with 1.13x for DivPrune and
1.05x for CDPruner. The result shows that SFPruner’s
single-forward design converts token reduction into actual
deployment speedup rather than merely reporting lower
token counts.

3.3. Ablation Study

Finally, we isolate the two components of SFPruner on
LLaVA-NeXT-7B with 320 retained tokens per image. As
shown in Table 3, naive Top-K selection is fastest but leaves
local redundancy unresolved, reaching only 96.9% Rel. Se-
quential selection improves Rel. to 98.0%, but its per-step
state updates increase selection time to 18.6 ms. Directional
masking recovers nearly the same retention, 97.9%, in only
0.8 ms by suppressing lower-scoring neighbors in parallel.

Adding covariance-level attenuation through SG-RLS fur-
ther improves Rel. to 98.3%, with consistent gains on GQA
and POPE. The ridge computation increases total selection

Table 3. Ablation on LLaVA-NeXT-7B with 320 retained tokens
per image. SG uses Sguide Only; SG-RLS multiplies Sguide by
ridge leverage /;.

Scoring Selection GQA TextVQA POPE Rel. Time
(%)  (ms) |
SG (Sguidc) Top-K 60.3 57.8 85.5 96.9 0.7
SG (Sguide) ~ Sequential  61.2 58.2 86.3 98.0 18.6
SG (Sguide)  Dir. mask 61.2 58.3 86.4 97.9 0.8
SG-RLS Dir. mask  61.5 58.3 86.7 98.3 2.3

latency to 2.3 ms, still far below sequential search. Together,
these results show that SFPruner’s two design choices are
complementary: SG-RLS improves score quality, while
directional masking approximates iterative redundancy ex-
clusion without introducing a K -dependent loop.

4. Conclusion

We revisited visual token pruning as a budgeted subset-
selection problem for resource-efficient high-resolution
MLLM inference. While subset-optimization methods pro-
vide strong redundancy control, their iterative greedy loops
introduce selection overhead that grows with the target bud-
get and can erode the wall-clock benefits of token reduc-
tion. We proposed SFPruner, a non-iterative framework
that embeds redundancy-aware subset selection into struc-
tured tensor operations. SG-RLS attenuates covariance-
level redundancy by rebalancing dominant directions under
semantic guidance, while ranking-based directional mask-
ing suppresses residual pairwise overlap without sequential
subset construction. Together, these components provide
redundancy-aware token selection with low selection over-
head, showing that practical token-level adaptation requires
both a high-quality retained subset and a lightweight selec-
tion policy.
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A. Experimental Setup

This appendix consolidates models, benchmarks, baselines, and implementation details deferred from Section 3.

A.1. Models

We evaluate SFPruner across three representative MLLM architectures, chosen to span distinct token regimes:

* LLaVA-NeXT-7B (Liu et al., 2024b) processes high-resolution images via the dynamic AnyRes strategy, dividing
each image into up to five patches and yielding 5x576=2,880 visual tokens. This setting represents multi-patch
high-resolution encoding.

* Qwen2.5-VL-7B (Bai et al., 2025) encodes the entire image as a single continuous token sequence rather than
independent patches. This setting represents dense single-stream encoding, where all tokens compete within one
attention window.

* LLaVA-Video-7B (Zhang et al., 2024c) extends MLLM inference to multi-frame video inputs, where temporal stacking
further inflates token counts. This setting represents the temporal multi-frame regime.

Together these cover image-centric and temporal multimodal settings, allowing us to assess SFPruner under different
visual-token budget regimes.

A.2. Benchmarks

Image understanding. We evaluate on a broad suite of vision-language benchmarks: VQA"2? (Goyal et al., 2017),
GQA (Hudson & Manning, 2019), ScienceQA-IMG (SQA™&) (Lu et al., 2022), TextVQA (Singh et al., 2019), POPE,
MME (Yin et al., 2024), MMBench (MMB), MMBench-CN (MMB-CN), MM Vet, AI2D, HallusionBench (HBench), and
MMStar.

Video understanding. For video reasoning, we use Video-MME (Fu et al., 2025) (Short / Medium / Long splits),
MLVU (Zhou et al., 2024), LongVideoBench (Wu et al., 2024) (Val, Perception, Relation tracks), and MMVBench.

These benchmarks collectively probe fine-grained reasoning, instruction alignment, OCR-style text grounding, hallucination
resistance, and large-scale visual token processing.

A.3. Baselines

We compare SFPruner against representative methods from both pruning paradigms:

* Heuristic methods: SparseVLM (Zhang et al., 2025b), PruMerge / PruMerge+ (Shang et al., 2025), VisionZip (Yang
et al., 2025), and VisPruner (Zhang et al., 2024a).

* Subset-optimization methods: DivPrune (Alvar et al., 2025), CDPruner (Zhang et al., 2025a), and D?Pruner (Zhang
et al., 2026).

A.4. Evaluation Metrics

We report absolute task accuracy on each benchmark and relative performance retention (Rel. %) with respect to the
corresponding unpruned vanilla model of the same backbone, defined as the per-task average of pruned-to-vanilla score
ratios.

To evaluate computational behavior, we report selection latency (ms), measuring only the execution time of the token-
selection module before the LLM forward pass. This isolates the algorithmic overhead of pruning from the rest of the
pipeline. All latency measurements are performed on a single NVIDIA RTX 4090 GPU. Each measurement is bracketed
by torch.cuda.synchronize () to capture true kernel execution durations rather than asynchronous host-side
timings. Reported values exclude cold load and data I/O; weights are cached in GPU memory before measurement. For
peak memory profiling (Appendix E), we additionally invoke gc.collect (), torch.cuda.empty_cache (), and
torch.cuda.reset_peakmemory_stats () before each run, so the reported peak corresponds to the transient
footprint of internal pruning tensors.
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A.5. Implementation Details

Hyperparameters. Unless otherwise noted, we use shared values across all benchmarks: fusion weight «=0.5, softmax
temperature 7'=20, and ridge regularization A=0.005. For Qwen2.5-VL, which lacks a canonical CLS token, we set a=0
and rely solely on the visual saliency proxy aggregated over spatial self-attention. A complete sensitivity analysis over «, T,
and A is provided in Appendix H.

Computation. The ridge leverage computation in SG-RLS is performed in either the primal (D x D) or dual (N xN)
space using the standard primal—dual ridge identity (Appendix F); we choose the smaller system for the Cholesky solve.
The pairwise similarity matrix Cg;,,, is materialized in FP16 to reduce memory at high V. All operations are implemented in
standard PyTorch using batched GEMMs, element-wise comparisons, and row-wise reductions; no custom CUDA kernels
are required.

Token-budget conventions. For LLaVA-NeXT, we report per-patch budgets of 128, 64, and 32 retained tokens, cor-
responding to total budgets of 640, 320, and 160 tokens across five patches (~22%, ~11%, and ~5.5% retention). For
Qwen2.5-VL, we report 40% and 20% retention ratios over the dense visual-token sequence. For LLaVA-Video, we report
512 and 256 tokens per frame.

B. Full Image-Benchmark Results and Protocol
B.1. Supplementary Experimental Protocol

We evaluate SFPruner across three model families: LLaVA-NeXT-7B for high-resolution multi-patch images, Qwen2.5-VL-
7B for dense single-sequence image encoding, and LLaVA-Video-7B for multi-frame video inference. Image benchmarks
cover VQA”z, GQA, SQAIMG, TextVQA, POPE, MME, MMB, MMBCSN, MMVet, AI2D, HallusionBench, and MMStar
depending on the backbone; video benchmarks cover Video-MME, MLVU, LongVideoBench, and MM VBench. Task scores
are reported in their native units and summarized by relative performance retention (Rel. %) against the unpruned vanilla
model. Selection latency isolates only the pruning-forward module before the LLM forward pass and is measured on a
single NVIDIA RTX 4090 with torch.cuda.synchronize () around the timed region.

B.2. LLaVA-NeXT-7B: High-Resolution Multi-Patch Setting

LLaVA-NeXT-7B evaluates SFPruner in the high-resolution multi-patch setting. Table A presents the full sweep at 5x 128,
5x64, and 5x 32 retained tokens, evaluated on nine image benchmarks: VQA2, GQA, SQA™E | TextVQA, POPE, MME,
MMB, MMB®N, and MM Vet. Relative performance (Rel.) is normalized to the unpruned vanilla model. Heuristic-based
methods are listed first within each block, followed by subset-optimization methods.

Selection efficiency. Optimization-based methods such as DivPrune and CDPruner rely on iterative subset construction,
and their selection latency scales noticeably with the retention budget. At 5x 128, DivPrune and CDPruner require 33.8 ms
and 35.2 ms, respectively. SFPruner, in contrast, performs covariance-level attenuation and directional masking via parallel
tensor operations; its selection latency stays nearly constant across budgets (3.4-3.5 ms), as the absence of K-dependent
loops removes the iterative bottleneck.

Performance retention. At 5x 128 (~22% retention), SFPruner reaches 100.0% Rel., matching the vanilla baseline within
evaluation variance. At 5x64 (~11%), Rel. drops only to 98.2%, remaining competitive with optimizer-based baselines
while requiring substantially lower selection time. Under aggressive compression at 5x 32 (~5.5%), SFPruner retains 96.4 %
Rel., outperforming heuristics such as VisionZip (90.0%) and remaining competitive with CDPruner (95.5%) at 3.4 ms vs.
8.9 ms. The trend confirms that single-forward redundancy modeling preserves reasoning quality without sequential subset
construction.

B.3. Qwen2.5-VL-7B: High-Resolution Single Sequence

Qwen2.5-VL encodes each high-resolution image as a dense continuous visual-token sequence, creating a stronger single-
window redundancy problem than the patch-separated LLaVA-NeXT setting. Table B reports the full result sweep at 40%
and 20% retention, matching the main-paper protocol in Table 1.
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Table A. Full results on LLaVA-NeXT-7B at 5x 128, 5% 64, and 5 x 32 retained tokens. Rel. (%) is normalized to the unpruned vanilla
model; Time (ms) is selection latency on RTX 4090 with CUDA synchronization.

Method VQAY2 GQA SQA™E TextVQA POPE MME MMB MMBSYN MMVet Rel. (%) Time (ms)
Vanilla 5 X 576 tokens
LLaVA-NeXT-7B 81.3 62.5 67.5 60.3 86.8 1511.8 65.8 57.3 40.0 100.0 -
Retain 5 X 128 tokens
SparseVLM (Zhang et al., 2025b)  79.2 61.2 67.6 59.7 853 1456.8 65.9 58.6 36.1 97.9 19.0
PruMerge+ (Shang et al., 2025) 78.2 60.8 67.8 54.9 853 1480.2 64.6 57.3 32.7 98.3 1.2
VisionZip (Yang et al., 2025) 79.1 61.2 68.1 59.9 86.0 14934 65.8 58.1 38.9 99.5 1.1
DivPrune (Alvar et al., 2025) 79.3 61.9 67.8 57.0 86.9 1469.7 65.8 57.3 38.0 98.5 33.8
CDPruner (Zhang et al., 2025a) 79.9 62.6 67.9 58.4 873 14742 663 57.5 41.9 99.9 35.2
SFPruner 80.1 62.7 67.6 59.0 87.1 1480.3 67.1 57.6 41.0 100.0 3.5
Retain 5 X 64 tokens
Sparse VLM (Zhang et al., 2025b) 74.6 57.9 67.2 56.5 76.9 1386.1 63.1 56.7 32.8 93.3 18.2
PruMerge+ (Shang et al., 2025) 75.3 58.8 68.1 54.0 79.5 14442 63.0 55.6 314 95.7 1.2
VisionZip (Yang et al., 2025) 76.2 58.9 67.5 58.8 823 1397.1 633 55.6 35.8 95.7 1.1
DivPrune (Alvar et al., 2025) 77.2 61.1 67.7 56.2 84.7 14233 63.9 55.7 34.8 96.0 11.9
CDPruner (Zhang et al., 20252) 78.4 61.6 67.8 57.4 87.2 1453.1 65.5 55.7 37.9 97.6 19.2
SFPruner 78.5 61.5 67.8 58.3 86.7 1507.6 65.1 56.6 37.9 98.2 34
Retain 5 x 32 tokens
PruMerge (Shang et al., 2025) 70.5 56.2 66.9 50.3 71.1  1289.6 58.0 48.9 29.3 87.7 1.1
VisionZip (Yang et al., 2025) 714 55.2 67.9 55.0 749 1327.8 58.6 50.4 32.3 90.0 1.1
DivPrune (Alvar et al., 2025) 75.0 59.3 67.1 54.1 80.0 1356.6 62.9 53.7 32.0 92.9 7.8
CDPruner (Zhang et al., 2025a) 76.7 60.8 67.5 55.4 86.8 1425.1 64.2 53.8 36.2 95.5 8.9
SFPruner 76.6 60.3 67.9 57.0 86.6 14353 64.3 55.0 37.2 96.4 34

Table B. Full results on Qwen2.5-VL-7B at 40% and 20% retention. Rel. (%) is normalized to the unpruned Qwen2.5-VL-7B baseline;
Time (ms) is pruning-forward selection latency.

Method TextVQA AIZD HBench MME MMB MMBCY POPE MMStar Rel. (%) Time (ms) ]
Vanilla 100% tokens
Qwen2.5-VL-7B 85.3 80.8 643 23160 79.7 81.8 86.4 56.7 100.0 -
Retain 40% tokens (avg. 512 tokens)
PruMerge (Shang et al., 2025) 82.1 79.8 62.6  2287.0 784 80.0 86.0 55.6 98.1 1.2
VisPruner (Zhang et al., 2024a) 82.6 79.9 61.7 2297.5 78.7 79.9 85.4 55.3 98.0 12.3
VisionZip (Yang et al., 2025) 82.6 79.5 61.2 23065 783 80.5 86.1 55.2 98.0 1.1
DivPrune (Alvar et al., 2025) 82.3 78.6 614  2230.6 78.5 80.0 84.5 54.7 97.0 23.1
CDPruner (Zhang et al., 2025a) 83.7 79.6 63.4 23022 79.2 80.3 86.1 55.9 98.8 112.4
D?Pruner (Zhang et al., 2026) 83.2 82.9 63.7 23053 782 79.6 85.3 54.9 98.7 31.2
SFPruner 84.0 79.9 63.1 2319.3 79.0 79.7 86.5 55.9 99.0 2.5
Retain 20% tokens (avg. 256 tokens)
PruMerge (Shang et al., 2025) 74.7 77.2 59.1 2280.1 77.6 71.7 84.5 52.8 94.6 1.1
VisPruner (Zhang et al., 2024a) 75.3 77.4 59.0 22139 775 78.3 84.5 52.2 94.3 7.5
VisionZip (Yang et al., 2025) 75.9 77.6 59.1 2276.5 774 78.5 84.5 53.5 95.1 1.1
DivPrune (Alvar et al., 2025) 76.5 76.6 58.1 2203.7 769 71.5 83.6 51.8 93.7 11.8
CDPruner (Zhang et al., 2025a) 79.1 78.4 61.1 22645 779 79.5 84.9 53.4 96.2 56.7
D?Pruner (Zhang et al., 2026) 78.6 79.4 60.2  2280.5 76.1 78.6 83.0 52.1 95.3 18.9
SFPruner 79.8 78.3 60.2  2295.7 78.1 79.4 85.7 53.7 96.5 2.5

Dense-sequence latency. Optimization-based methods incur visible overhead in this single-sequence regime: at 40%
retention, CDPruner, DivPrune, and D2Pruner require 112.4 ms, 23.1 ms, and 31.2 ms, respectively. At 20% retention, their
costs drop with the target subset size, reflecting iterative dependence on K. SFPruner instead remains at 2.5 ms for both
budgets because covariance attenuation and directional masking are evaluated in parallel.

Performance retention. At 40% retention, SFPruner reaches 99.0% Rel., matching or exceeding slower optimizers while
being much faster. At 20% retention, it retains 96.5% Rel., remaining competitive with CDPruner and D?Pruner but avoiding
their sequential search overhead. These results show that the non-iterative formulation scales to long continuous visual
sequences as well as multi-patch image inputs.
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B.4. Core Ablation on LLaVA-NeXT-7B

We also include the full component ablation underlying Table 3. All variants retain 64 tokens per patch on LLaVA-NeXT-7B,
corresponding to 320 total retained visual tokens across five patches, and report GQA, TextVQA, POPE, aggregate Rel. (%),
and pruning-forward selection time.

Table C. Core ablation on scoring metrics and selection strategies. SG uses only the semantic guidance score; SG-RLS adds covariance-
level leverage attenuation.

Scoring Metric Selection Strategy GQA TextVQA POPE Rel. (%) Time (ms) |
SG (§guidc) Top- K Selection 60.3 57.8 85.5 96.9 0.7
SG (é:guidc) Sequential Search 61.2 58.2 86.3 98.0 18.6
SG (Sguide) Directional Masking 61.2 58.3 86.4 97.9 0.8
SG-RLS Directional Masking 61.5 58.3 86.7 98.3 2.3

Directional masking vs. sequential selection. Naive Top- K is fastest but leaves spatial redundancy unresolved, yielding
96.9% Rel. Sequential search raises Rel. to 98.0% by updating token state step by step, but its iterative loop costs 18.6 ms.
Directional masking achieves similar retention (97.9%) in 0.8 ms by suppressing lower-ranked neighbors in parallel,
approximating much of the benefit of iterative exclusion without sequential state updates.

Effect of covariance-level attenuation. Replacing SG with SG-RLS under the same directional mask raises Rel. to 98.3%,
with consistent gains on GQA and POPE. The leverage computation adds modest overhead, but the final 2.3 ms latency
remains far below sequential selection.

C. Full Video-Benchmark Results: LL.aVA-Video-7B

We further evaluate scalability under multi-frame video settings with LLaVA-Video-7B. Video inference inflates token
counts via temporal stacking, making redundancy modeling more demanding than in single-image regimes. Table D reports
performance and selection latency at 512 and 256 tokens per frame across Video-MME (Short/Medium/Long), MLVU,
LongVideoBench (Val/Perception/Relation), and MM VBench.

Latency. Sequential optimizers incur substantial overhead: at 512 tokens/frame, DivPrune and CDPruner spend 131 ms
and 92 ms, respectively, while D?Pruner spends 31.2 ms. SFPruner stays at 3.1 ms, close to lightweight heuristic methods.
The latency is also retention-invariant: it remains 3.1 ms when reducing the budget from 512 to 256 tokens/frame, since
pruning is parallelized.

Performance retention. At 512 tokens/frame, SFPruner attains 94.9% Rel., the highest among all compared methods.
Under stronger compression at 256 tokens/frame, Rel. remains at 92.1%, comparable to optimizer-based baselines while
requiring far less selection time. This shows that the non-iterative formulation transfers cleanly to the temporal regime,
converting token reduction into measured wall-clock gains without sacrificing spatio-temporal reasoning.

D. Extreme Scalability: High-Resolution Stress Test

To evaluate structural scalability under extreme conditions, we scale Qwen2.5-VL inputs to a continuous sequence of
N=9,216 visual tokens with feature dimension D=3,584 on the full MME dataset. We apply a 30% retention budget
(~2,770 tokens) and profile FLOPs, peak GPU memory, isolated pruning time, end-to-end prefill latency, and total inference
time (Table E).

At this scale, the limitation of sequential optimizers becomes acute: CDPruner spends 576 ms and DivPrune spends 458 ms
purely for subset selection, eroding the savings from token reduction. SFPruner completes pruning in 28 ms, reduces prefill
latency from 1813 ms (vanilla) to 1114 ms, and cuts total inference time from 6101 sec to 3601 sec. This corresponds to a
1.69x end-to-end speedup, whereas DivPrune (5387 sec, 1.13x) and CDPruner (5787 sec, 1.05X) recover far less because
their pruning overhead offsets much of the attention savings.
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Table D. Results on LLaVA-Video-7B. Performance comparison across video benchmarks at 512 and 256 tokens per frame. Rel. (%) is
normalized to the unpruned baseline.

Method Video-MME MLVU LongVideoBench MMVBench Rel. (%) Time
Short Medium Long Avg. Val Perception Relation (ms) |
Vanilla 100% tokens
LLaVA-Video-7B 67.1 62.8 47.6 603 61.1 65.0 53.8 58.8 100.0 -
Retain 512 tokens / frame
VisPruner (Zhang et al., 2024a) 64.0 50.8 440 575 535 52.5 53.5 56.5 91.0 12.3
VisionZip (Yang et al., 2025) 65.0 51.5 445 585 542 53.0 54.0 58.1 92.4 1.1
DivPrune (Alvar et al., 2025) 66.6 53.0 450 60.1 556 55.2 55.5 58.1 94.5 131.0
CDPruner (Zhang et al., 2025a) 64.6 52.0 457 60.0 549 54.9 54.7 57.1 93.5 92.0
D?Pruner (Zhang et al., 2026)  65.5 52.5 46.0 595 550 54.5 54.8 57.5 93.8 31.2
SFPruner 67.4 52.6 46.0 60.2 55.7 55.2 55.6 58.3 94.9 3.1
Retain 256 tokens / frame
VisPruner (Zhang et al., 2024a)  60.5 47.0 41,5 540 505 49.5 49.5 53.0 85.3 7.5
VisionZip (Yang et al., 2025) 61.5 48.0 420 550 510 50.5 50.0 54.5 86.8 1.1
DivPrune (Alvar et al., 2025) 64.1 51.2 453 583 54.1 56.3 52.6 54.9 91.9 64.0
CDPruner (Zhang et al., 2025a) 61.1 49.6 460 572 524 52.9 51.9 52.8 89.4 44.0
D?Pruner (Zhang et al., 2026)  62.1 49.9 454 575 528 52.0 52.2 55.2 90.0 18.9
SFPruner 64.1 51.8 47.0 582 53.1 532 53.0 56.7 92.1 3.1

Memory. Peak memory remains comparable across methods. SFPruner consumes 18,432 MB—Ilower than the unpruned
full sequence (19,749 MB) and slightly under the optimizer baselines—confirming that covariance-level redundancy
attenuation does not introduce extra memory burden even in ultra-high-resolution settings.

E. Micro-Architectural Profiling and Code-Level Analysis

To clarify the limited speedups of existing baselines at high resolutions, we profile their pruning overhead at the kernel level.
The total wall-clock latency can be viewed as

Ttotal = Tinference(K) + Tpruning(Nv K)a

where Tinference (/) decreases with the retained token budget, but Tprning (NN, /) may offset these savings if the selection
policy is expensive.

We conduct standalone PyTorch micro-benchmarks at fixed D=3,584 and 30% retention while sweeping N from 256
to 16,384 (Section E.1). Across 10 trials with explicit torch.cuda.synchronize () boundaries, the pure selection
latency of SFPruner is 27.7 ms at N=9,216 and 54.12 ms at N=16,384. In contrast, DivPrune and CDPruner, which rely on
iterative for i1 in range (keep_k) : loops with sequential reductions such as torch.min, torch.argmax, and
torch.einsum, reach 2,630 ms and 1,435 ms at N=16,384, respectively—large enough to negate much of the inference
speedup from token reduction.

Why parallelism wins. SFPruner removes the K -dependent loop entirely. The Ridge Leverage Score is computed via a
single batched Cholesky solve, the directional masking step is implemented with parallel tensor operations, and Top-K runs
once. The GPU thus evaluates redundancy with a small number of large kernels rather than many sequential update steps,
eliminating the kernel-launch and synchronization overhead that dominates iterative pruners.

E.1. Benchmarking Methodology

We isolate the algorithmic overhead of the pruning module from the full LLM pipeline using a standalone PyTorch micro-
benchmark on a single NVIDIA RTX 4090. DivPrune and CDPruner are imported from their official GitHub repositories;
intermediate visual embeddings are simulated with D=3,584 and 30% retention while NV is swept from 256 to 16,384.

* Latency. We bracket every measurement with torch.cuda.synchronize () to capture true kernel execution
durations rather than asynchronous host-side timings.
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Table E. Hardware profiling under extreme scale on Qwen2.5-VL (N=9,216, full MME). All methods retain 30% tokens; selection
latency, prefill latency, and total inference time are reported on a single RTX 4090.

Method FLOPs (T) | Peak Memory (MB) | Pruning (ms) | Prefill (ms) | Infer Time (sec) |
Vanilla 100% tokens

Full Seq. 148 19,749 - 1813 6101
Retain 30% tokens

DivPrune (Alvar et al., 2025) 44.4 18,512 458 1547 5387

CDPruner (Zhang et al., 2025a) 44.4 18,736 576 1658 5787

SFPruner 444 18,432 28 1114 3601

Latency & Peak Memory Breakdown: Inference vs. Pruning
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Figure A. End-to-end latency and peak memory across token counts N. Sequential optimizers (DivPrune, CDPruner) accumulate
severe overhead as N grows, while SFPruner maintains low parallelized selection overhead up to N=16,384, closely approaching the
pure inference time of the 16K baseline (1,531 ms). Bar charts: total latency. Line plots: peak memory.

¢ Peak memory. Before each measurement, we invoke gc.collect () and torch.cuda.empty_cache (), then
call torch.cuda.reset _peak_memory_stats (), so the reported peak corresponds to the transient footprint of
internal tensors.

E.2. Latency Analysis: Sequential Overhead

The latency growth of subset-optimization methods at high resolution stems from the sequential nature of their selection
procedure. Each iteration depends on the result of the previous one; reductions and state updates over the remaining
tokens cannot be fused across iterations on the GPU. For target subset size K, this produces O(K) kernel-launch and
synchronization rounds.

In contrast, SFPruner expresses redundancy evaluation as a small set of large matrix operations, element-wise comparisons,
and reductions. Although the pairwise masking stage still materializes an N x N similarity matrix, its computation is
parallelized rather than sequentially updated over the retained subset. This explains why SFPruner remains substantially
faster than iterative subset optimizers in the high-/V regime shown in Figure A.

E.3. Peak Memory Analysis

Sequential optimizers also accumulate intermediate state. CDPruner, for example, instantiates a 3D historical state tensor of
shape (K, B, N) to support iterative orthogonalization, which scales quadratically with N once K scales linearly with N;
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we measure 3,296 MB at the 16K scale. DivPrune slices intermediate distance buffers, such as cosine_dist[s[:1]],
at every step, reaching 2,272 MB.

SFPruner bounds peak memory to 2,195 MB by (i) computing ridge leverage in the smaller primal or dual system (Section F),
and (ii) materializing the pairwise similarity matrix in FP16, where [N x NV x 2 bytes occupies 512 MiB at N=16,384. Within
the profiled range, this fits comfortably in standard GPU VRAM, requiring no chunking, tiling, or sparse operators.

F. Algorithmic Derivations and Complexity Analysis

Section 2.2 forms SG-RLS from diagonal leverage scores ¢; of the ridge hat matrix H. A naive N x N Gram inversion
is O(N?); the standard primal—dual ridge identity gives the same leverage scores from either the primal (D x D) or dual
(NN x N) system, allowing us to use the smaller solve.

For V € RY*D and \ > 0,
Hyima =V (V' V + Mp) VT, Hya = (VVT 4 MN)" VYT, (11)
From
V(VTV + Mp)=(VVT + ANV,

we obtain

(VVT 4 XNV =V(VTV + \p)~L.
Right-multiplying by V' T yields Hyima = Haua = H, so ¢; = [H]; ; is exact in either representation.
Cost. The ridge solve requires O(min(N, D)?3) inversion work up to lower-order terms. For N> D (typical high-resolution
MLLMs, e.g., N=9,216, D=3,584), the primal form uses O(N D?) work to form V'V plus O(D?) for Cholesky. For
N<D, the dual form requires O(DN? + N3) and is preferable when N3< D3. The directional masking stage additionally

computes pairwise token similarities and reductions over an N x /N matrix. This term is parallelizable on GPU, but it is not
iterative in K; this distinction is what separates SFPruner from sequential subset optimizers in practice.

G. Implementation Details of Directional Suppression

We record algebraic and engineering choices that keep directional suppression numerically well-behaved beyond the
main-text definition.

In Section 2.3, the suppression penalty is built from a score-ordered triangular mask and the pairwise similarity matrix Cgip,.
The implementation must ensure that penalties act as decay factors on SG-RLS rather than accidentally amplifying scores.

Clamped penalties under negative cosines. Cosine similarity can be negative for inversely correlated features, so
evaluating 1 — max; (M;; - Csim ;) naively can yield P; > 1, which would increase Sana1; = Ssc-rrs,: - P instead of
suppressing redundancy. We clamp the overlap term before subtracting from 1:

P=1- max(O, max(M;; - Csim,ij))a (12)

J
so P; € [0, 1] and Shpar; > 0. In PyTorch, this corresponds to:
sim.max (dim=-1) [0] .clamp_(min=0.0)

applied to the masked similarity row before multiplying with Ssa-rLs.
Max pooling vs. mean or softmax. We use a max reduction rather than mean or softmax to mirror non-maximum
suppression: token ¢ is suppressed if it overlaps strongly with at least one higher-priority token. A mean-based penalty can
dilute the signal when a redundant token is compared with many orthogonal background tokens, allowing near-duplicates to

pass the filter.
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H. Hyperparameter Robustness Analysis

We emphasize structural robustness rather than exhaustive per-dataset tuning. SFPruner exposes three knobs—semantic
fusion weight o, softmax temperature 7' (denoted 7 in Eq. 1), and ridge regularization A in Eq. 6. Instead of hand-tuning
each benchmark, we sweep wide ranges on five vision-language tasks (MME, SQA, GQA, TextVQA, POPE) and observe
narrow Rel. bands.

H.1. Semantic Fusion Weight «
a € [0, 1] trades off instruction-aware textual relevance against intrinsic visual saliency (Eq. 4). Table F reports Rel. at three

LLaVA-NeXT budgets: 128, 64, and 32 retained tokens per patch.

Stable modality fusion. Rel. remains stable for o € [0.3,0.7]: whenever both modalities contribute without an extreme
bias toward text or vision alone, redundant tokens are still identified reliably. The peak shifts mildly with budget—a=0.4 at
128 tokens, o=0.5 at 64 and 32 tokens—yet row-wise variation stays below 1 pp Rel., indicating low sensitivity to minor
shifts in modality weighting.

Default. We therefore adopt a=0.5 as a balanced default; fine-grained per-dataset tuning is unnecessary for the compres-
sion regimes we study.

H.2. Sensitivity to Temperature (7') and Ridge Regularization ()\)

Table G sweeps 1" and A at the 64-token-per-patch budget on LLaVA-NeXT-7B.

Temperature 7. T controls the sharpness of the textual-relevance distribution (Eq. 1). Sweeping T € {10, 15, 20, 25, 30}

keeps Rel. between 98.6% and 99.2%, showing that token ranking does not hinge on a brittle sharpness setting. We set
T'=20 as the default.

Ridge constant \. ) stabilizes the covariance inversion in SG-RLS (Eq. 6). Scaling A over a 20x range (0.001-0.020)
shifts Rel. only between 98.8% and 99.2%, consistent with a well-conditioned ridge formulation where covariance attenuation
is stable without exact tuning. We adopt A=0.005 as the default.

15



SFPruner: Single-Forward Visual Token Subset Selection

Table F. Robustness to o on LLaVA-NeXT-7B at 128/64/32 retained tokens per patch. Per-budget optima are highlighted in bold.

Tokens o MME SQA GQA TextVQA POPE Rel. (%)

128 03 1468 679 623 59.8 87.2 994
04 1472 679 62.6 59.8 87.2 99.6
0.5 1480 67.6  62.7 59.0 87.1 99.3
0.6 1483 67.6  62.6 59.3 87.2 99.4
0.7 1485 678  62.6 59.2 87.3 99.5
64 0.3 1488 674  61.1 58.5 86.8 98.6
04 1496 67.7 613 58.3 86.7 98.8
0.5 1507 67.8 61.6 58.3 86.7 99.1
0.6 1495 67.5 613 58.2 86.8 98.7
0.7 1487 675 613 57.8 86.8 98.5
32 03 1436 67.6 60.1 57.3 86.3 97.1
04 1426 678  60.2 57.1 86.6 97.1
0.5 1435 679 603 57.0 86.6 97.3
0.6 1435 67.8  60.2 56.9 86.6 97.2
0.7 1416 675 60.1 56.8 86.5 96.7

Table G. Robustness to 7" and )\ on LLaVA-NeXT-7B at 64 retained tokens per patch. Defaults are 7=20, A=0.005 (highlighted).

Setting Config MME SQA GQA TextVQA POPE Rel. (%)
Baseline Full Model 1511.0 67.5 625 60.3 86.8 100.0
T 10 1485.0 675 61.1 58.5 86.7 98.6
15 1490.6 678 61.2 58.4 86.7 98.8
20 1507.6 678 61.5 58.3 87.2 99.2
25 15032 676 614 58.2 86.7 98.9
30 1503.0 675 613 58.4 86.6 98.8
A 0.001 15029 679 614 58.2 86.7 98.9
0.005 1507.6 67.8  61.5 58.3 87.2 99.2
0.010 15104 676 614 58.0 86.6 98.9
0.015 14999 678 614 58.2 86.6 98.8
0.020 1504.7 67.7 61.3 58.4 86.6 98.9
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