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Abstract

High-resolution Multimodal Large Language
Models (MLLMSs) face prohibitive computa-
tional costs during inference due to the ex-
plosion of visual tokens. Existing accelera-
tion strategies, such as token pruning or layer
sparsity, suffer from severe "backbone depen-
dency", performing well on Vicuna or Mistral
architectures (e.g., LLaVA) but causing sig-
nificant performance degradation when trans-
ferred to architectures like Qwen. To ad-
dress this, we leverage truncated matrix en-
tropy to uncover a universal three-stage in-
ference lifecycle, decoupling visual redun-
dancy into universal Intrinsic Visual Redun-
dancy (IVR) and architecture-dependent Sec-
ondary Saturation Redundancy (SSR). Guided
by this insight, we propose HalfV, a frame-
work that first mitigates IVR via a unified prun-
ing strategy and then adaptively handles SSR
based on its specific manifestation. Experi-
ments demonstrate that HalfV achieves supe-
rior efficiency-performance trade-offs across
diverse backbones. Notably, on Qwen25-VL,
it retains 96.8% performance at a 4.1 x FLOPs
speedup, significantly outperforming state-of-
the-art baselines. Our code is available at
https://github.com/civilizwa/HalfV.

1 Introduction

Multimodal Large Language Models (MLLMs)
have witnessed remarkable advancements (Liu
et al., 2023; Chen et al., 2023; Wang et al., 2024;
Liu et al., 2024a; Bai et al., 2025). However,
their practical deployment is severely impeded by
prohibitive computational costs. Specifically, un-
der high-resolution settings, the input sequence
becomes overwhelmingly dominated by visual to-
kens encoded by the Vision Transformer (ViT)
(Dosovitskiy et al., 2021). Given the quadratic
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(b) A universal three-stage lifecycle across different LLM backbones.
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Figure 1: (a): Comparison of token-level methods
(HoloV, DART) at a 77.8% pruning ratio and the
layer-level method (ShortV) across Vicuna, Mistral and
Qwen backbones. Results represent the average rela-
tive performance compared to the baseline (%) across
POPE, MME, MMBench, and SQA datasets; (b): We
find that models with different backbones all exhibit
a universal three-stage lifecycle: Modality alignment,
global aggregation and visual saturation.

O(N?) complexity of self-attention, this visual to-
ken explosion incurs a massive computational bur-
den primarily during the prefill stage, thereby cre-
ating a critical bottleneck for latency-sensitive ap-
plications.

Current acceleration efforts, encompassing
token-level visual token pruning (Chen et al.,
2024a; Shang et al., 2024; Zhang et al., 2024b;
Tong et al., 2025; Ye et al., 2025; Xing et al.,
2024; Endo et al., 2025) and layer-level layer spar-
sity (Yuan et al., 2025; Wu et al., 2024), have at-
tempted to mitigate this cost. However, we ob-
serve that these approaches exhibit severe back-
bone dependency, often being overfitted to Vicuna
or Mistral architectures (e.g., LLaVA series (Liu
et al., 2024a,b)) while neglecting the heterogeneity
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https://github.com/civilizwa/HalfV

of underlying LLM backbones. As shown in Fig-
ure 1, transferring these strategies to the Qwen2.5
backbone results in performance degradation rang-
ing from 5.7% to 22.4%. Crucially, by utiliz-
ing LLaVA-Next (Liu et al., 2024b) which em-
ploys dynamic resolution as a control variable, we
rule out the possibility that this failure stems from
the visual front-end (More details see Appendix
B.2). While LLaVA-Next remains robust to ex-
isting pruning methods, Qwen2.5-VL exhibits dis-
tinct sensitivity. This firmly establishes that the
bottleneck lies in the intrinsic mechanism by
which different LLM backbones process visual
information.

To decode this mechanism and break the archi-
tecture barrier, we employ fruncated matrix en-
tropy (Zhang et al., 2024a; Xiong et al., 2025) as
a probe to systematically trace the evolution of
visual information. Our analysis uncovers a uni-
versal three-stage lifecycle across architectures: 1.
Modality Alignment, II. Global Aggregation and
III. Visual Saturation. Based on this evolution, we
categorize the observed redundancies into two dis-
tinct types:

(1) Intrinsic Visual Redundancy (IVR): Dom-
inating Stage I, this redundancy stems from ViT’s
dense tokenization, where highly correlated, spa-
tially adjacent patches are mapped into the LLM
space with minimal interaction.

(2) Secondary Saturation Redundancy
(SSR): Emerging in Visual Saturation (Stage
III), this redundancy is a direct byproduct of
Global Aggregation (Stage II). After the LLM
aggregates dispersed visual evidence into key
semantic regions, the deep layers reach a state of
semantic saturation where additional computation
yields diminishing information gain. Notably,
while I'VR is universal, the physical manifestation
of SSR is architecture-dependent: it appears as
layer-level inactivity in Vicuna/Mistral backbones
but as extreme token sparsity in Qwen backbones.

Guided by the distinct mechanisms, we propose
HalfV, an architecture-aware acceleration frame-
work that decouples redundancy reduction into
two steps. Specifically, HalfV targets the univer-
sal IVR with a unified pruning strategy applicable
across models, while addressing the architecture-
dependent SSR with an adaptive reduction mech-
anism that tailors the acceleration paradigm to
each backbone’s unique saturation manifestation.
By disentangling this complex evolution process,
HalfV achieves a superior efficiency-performance

frontier. Extensive experiments across diverse

architectures validate the effectiveness of our

method, providing a principled perspective for de-
signing future universal MLLM acceleration.
Our contributions are summarized as follows:

* Unveiling Backbone Heterogeneity: We con-
duct a systematic evaluation of existing accel-
eration strategies and identify a critical "back-
bone dependency". We find that this dependency
stems from intrinsic LLM processing mecha-
nisms rather than visual front-end differences.

* Decoupling Redundancy Mechanisms: Utiliz-
ing an entropy-based probe, we decouple vi-
sual redundancy into universal Intrinsic Visual
Redundancy (IVR) and architecture-dependent
Secondary Saturation Redundancy (SSR).

* HalfV Framework: We propose HalfV, an
architecture-aware framework that aligns with
this redundancy evolution. It employs a uni-
fied pruning strategy for the universal IVR and
an adaptive reduction mechanism targeting the
specific SSR manifestation of each backbone,
achieving a superior efficiency-performance
frontier across diverse architectures.

2 Related Work

2.1 Multimodal Inference Acceleration

Our work focuses on inference acceleration dur-
ing the prefill stage of MLLMs. From a redun-
dancy perspective, existing methods fall into two
categories: (i) Token-level redundancy, which re-
tains a subset of visual tokens via heuristic scor-
ing rules (Chen et al., 2024a; Zhang et al., 2024b;
Endo et al., 2025; Yang et al., 2025b; Xing et al.,
2024; Wen et al., 2025; Alvar et al., 2025). (ii)
Layer-level redundancy. ShortV (Yuan et al.,
2025) shortens the effective inference path by sup-
pressing visual state updates in layers with low
contribution to the final output. VITW (Lin et al.,
2025) assumes that visual information has been
transferred to text in deeper layers, and thus re-
moves all visual tokens in deeper layers for higher
speed.

2.2 Internal Evolution of Representations

Understanding the internal evolution of repre-
sentations has been widely recognized as a pre-
requisite for model optimization. Prior works an-
alyzed internal signals from three perspectives: (i)
intermediate representations (Jiang et al., 2025),
using probes or classifiers to evaluate how layers
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Figure 2: (a) The average truncated matrix entropy for different architectures on GQA dataset. The x-axis is the
depth percentage of the layer; (b) The average truncated matrix entropy for different types of tokens on LLaVA-
1.5v-7B. Additional results see Appendix B.2; (c) 3D Line Plot of the Average Spectrum of G across Layers on
LLaVA-1.5v-7B. Additional results see Appendix B.1; (d) KL divergence for Vicuna and Qwen2.5 backbones on

AI2D dataset.

encode objects, relations, and semantics; (ii) acti-
vation patterns and channel sparsity (Chen et al.,
2024b), to understand information flow; (iii) at-
tention mechanism, with Wu et al. (2024) sum-
marizing MLLM inference into three stages and
using a controller to dynamically discard visual
tokens for speedup. However, it relies on heuris-
tic stage boundaries and introduces additional
training costs and complexity. In contrast, our
work provides a principled foundation for stage-
aware acceleration without auxiliary training or
controllers.

3 Method

In this section, we first introduce truncated ma-
trix entropy and use it as a unified probe to track
redundancy across inference depth. Building on
these observations, we present HalfV, a two-step
acceleration framework that aligns acceleration
strategies with redundancy evolution.

3.1 Preliminary: Truncated Matrix Entropy

In each transformer layer, a set of tokens from a
given modality is represented by high-dimensional
hidden states. Let h; € RP denote the hidden
states of the i-th token at a certain layer, where D
is the hidden dimension. For a group of N tokens,
we stack its hidden states into a representation ma-
trix Z = [hy, hy, ..., hy]" € RV*P where N is
the number of tokens. The Gram matrix G is then
computed from Z as:

T .
g:{z Z, it N > D, W

zZz7 if N<D,

where G € RP*P or RVXN accordingly. The
eigenvalue spectrum of G reflects the effective di-
mensionality of the representation space. As illus-

trated in Figure 2c, the spectrum typically exhibits
an elbow point (Cangelosi and Goriely, 2007), be-
yond which eigenvalues contribute marginally to
the overall variance.

Following prior work (Xiong et al., 2025), we
retain the top-k eigenvalues {A1(G),..., \t(G)}
before the elbow point to suppress noise and redun-
dancy. Let G denote the rank-k truncated Gram
matrix (keeping the top-k eigenpairs), and define
the truncated trace as try(G) = Zﬁle Ai(G) =
tr(Gr). We then define the truncated matrix en-
tropy H(Z) as:

Ai(G)

k
H(Z) = —Zpilogpi, PG . @
i=1

More details are provided in Appendix B and C.

Different !

(a) Initial Layer of Stage I (b) Final Layer of Stage I

Figure 3: Comparison of attention heatmaps at the ini-
tial and final layers of Stage I on LLaVA-1.5v-7B.

3.2 Unveiling the Redundancy Evolution
Lifecycle

By tracking the trajectory of Truncated Matrix
Entropy H(Z) across layers, we uncover a consis-
tent three-stage redundancy lifecycle inherent to
MLLM inference. This evolution delineates the
distinct origins and manifestations of visual redun-
dancy.

Stage I: Modality Alignment. In early layers,
we observe asymmetric entropy dynamics: visual
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Figure 4: Suppressing only 1% of visual tokens leads
to a performance comparable to pruning 70% of
them in Stage II. This experiment is conducted on the
MME (top) and AI2D (bottom) datasets, using cosine
similarity (left) and attention scores (right) as criteria.
For comparison, we also report the baseline results and
the performance when pruning only 1% of visual to-
kens.

entropy remains consistently high, whereas textual
entropy rapidly compresses (see Figure 2b). Con-
currently, attention shifts from balanced to text-
dominated (see Figure 3), indicating active fea-
ture alignment. Crucially, this high-entropy vi-
sual state implies that tokens retain their raw, un-
compressed structure. Consequently, the sequence
is dominated by Intrinsic Visual Redundancy
(IVR), which refers to the spatially correlated sig-
nals inherited from the ViT’s dense tokenization.

Stage II: Global Aggregation. As inference
proceeds, the decrease in visual entropy marks the
onset of global information aggregation. Our em-
pirical analysis reveals two critical properties of
this stage:

(i) High Sensitivity to Local Perturbation. We
find that suppressing visual state updates for even
a tiny fraction of tokens during this stage causes se-
vere performance degradation (see Figure 4). This
confirms that the aggregation process is globally
coupled, meaning any local interruption disrupts
the overall integration pathway.

(ii) Optimal Timing for One-Shot Pruning.
Given the high sensitivity, we seek the safest
intervention point by evaluating the efficiency-
performance of pruning. We formalize this via
Marginal Utility (MU), defined as the ratio be-
tween performance drop AM and latency gain
AC:

MUb = —AMur

= 3
Lr AC” +¢€ 3)

As detailed in Table 1, minimizing this metric re-

Pruning Layer Stage MU | Latency Gain 1
Early Layer I 0.87 46.8%
Stage IT Start 11 0.21 41.5%
Stage II Mid II 0.29 37.8%
Deep Layer I 0.65 22.4%

Table 1: Marginal utility (MU) of one-shot token prun-
ing at different layers.

Setting GQA OCRBench ChartQA
LLaVA-1.5v-7B 61.9 275 18.2

(a) Withdraw 54.7(-11.6%) 52(-81.1%) 13.6(-25.3%)
(b) Suppress 60.9(-1.6%) 311(+13.1%) 17.0(-6.5%)
Qwen25-VL-7B 60.7 848 84.0

(¢) Withdraw 59.7(-1.6%) 698(-17.6%) 75.4(-10.2%)
(d) Suppress 41.2(-321%) 117(-86.2%) 67.2(-20.0%)
(e) 5% Tokens 60.6(-0.1%)  827(-2.4%)  83.6(-0.4%)

Table 2: Comparative experiments on the LLaVA-
1.5v-7B and Qwen25-VL-7B models. We evalu-
ate their performance on the GQA, OCRBench, and
ChartQA datasets.

veals that the onset of Stage II offers the optimal
trade-off. Thus, Stage II prohibits layer-by-layer
intervention but defines the precise window for
one-shot IVR elimination at its boundary. More
details are provided in Appendix D and E.

Stage III: Visual Saturation. In deep layers,
the visual context becomes saturated, inducing
Secondary Saturation Redundancy (SSR). Un-
like the universal IVR, the physical manifestation
of SSR is highly architecture-dependent, branch-
ing into two distinct patterns:

(i) Layer-level Inactivity (Vicuna/Mistral). For
architectures like LLaVA, we observe consistently
low Kullback-Leibler divergence (Kullback and
Leibler, 1951) (Dk = 0) in deep layers (Fig-
ure 2d), implying minimal information gain. Ex-
perimentally, suppressing all visual updates main-
tains baseline performance (e.g., +13.1% on OCR-
Bench). Here, SSR manifests as entire layers be-
coming redundant, allowing for static KV reuse.
More details are provided in Appendix F.

(ii) Extreme Token Sparsity (Qwen). In contrast,
Qwen maintains high divergence, and total sup-
pression causes catastrophic failure (e.g., -86.2%
on OCRBench). However, we find that the ef-
fective information flow collapses onto a minimal
subset of dominant tokens S;,p,. Restricting com-
putation to just this top 5% subset (S, C V) re-
stores near-lossless performance. This indicates
that while layers remain active, the redundancy
manifests as extreme sparsity within the token se-
quence.
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Figure 5: Overview of HalfV. (a) Preliminary analysis. We use a small subset of the dataset (100 samples) to
identify the onset of the three internal stages in the LLM. (b) Prefill acceleration. Implementation details of our

two-step acceleration strategy in the LLM prefill stage.

3.3 Halfv

Based on the observations, we propose HalfV,
a two-step inference acceleration method. The
overview of HalfV is illustrated in Figure 5.

Stepl: Mitigating IVR via Unified Pruner. We
perform token pruning at the boundary of Stage I
and Stage II. Our goal is to select a subset S that
preserves the cross-modal semantic alignment es-
tablished in Stage I while mitigating IVR. Cru-
cially, pruning should avoid representational col-
lapse so that the retained tokens provide a stable
basis for Stage II global aggregation. Given visual
tokens ) and a budget K, we denote the optimal
subset by S* and formulate:

S*

arg max (Z Rel(v, T) + X - Vol(S)) L@
Scv,ISI=K \cs
The first term ) s Rel(v, T) aggregates token-
wise relevance to the textual condition T, while
the second term Vol(S) promotes geometric
spread (coverage) in feature space to prevent de-
generation; A > 0 balances the two. Since Eq. (4)
is NP-hard, we propose AnchorCover, a greedy
solver that optimizes the two terms sequentially.
(1) Relevance Maximization (Semantic Anchor-
ing). We use cross-modal attention o) as a
utility proxy where L is the pruning layer, i.e.,
Rel(v, T) =~ JE[ozq(JL)|T]. For hardware efficiency
and conditioned relevance, we compute cross-
attention using only the query of the last textual
token against the keys of all visual tokens. The

last token summarizes the instruction, and the
computation reduces to a single vector product
compatible with FlashAttention (Dao et al., 2022).
As shown in Tab. 7, this module adds negligible
overhead (0.7% TTFT). To reduce positional bias,
we disable position embeddings (Su et al., 2024)
when computing scores. We then form Syychor bY
selecting the Top-K s tokens.

(2) Volume Maximization (Coverage Expan-
sion). With the relevant anchors fixed, we further
aims to maximize the incremental geometric cov-
erage AVol(S). It is a known geometric property
that the volume of a simplex is maximized when
its vertices are mutually distant. Therefore, we
employ Farthest Point Sampling (FPS) (Gonzalez,
1985) as a greedy surrogate. Let h,, denote the (5-
normalized hidden state of token v. At each step,
we select the token u* that is most distant from the
current set S*):

min |/h, — flvH2> . Q)

u* = arg max
veS®)

ueV\S®)
We iterate «* into SU+1) until |S®)| = K, obtain-
ing a coverage set Sqover- The final selection

8" = Sanchor U Scover (6)

By prioritizing tokens that are nearly orthogonal to
the existing anchors, this step effectively mitigates
the spatial redundancy while ensuring the final rep-
resentation forms a robust basis for Stage II.

Step2: Architecture-aware SSR Mitigation.
We adopt differentiated strategies based on SSR
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Method | TFLOPS | GQA' MME POPE SQA VQA™ VizWiz MMB® AI2D | Average
LLaVA-1.5v-7B (Liu et al., 2023), Backbone: Vicuna
Vanilla ‘ 8.31 62.0 1859 85.9 70.4 58.2 54.4 64.8 54.8 ‘ 100.0%
FastV (Chen et al., 2024a) 348 57.6 1730 81.0 689 52.5 51.3 61.6 49.7 94.6%
VTW (Lin et al., 2025) 448 58.7 1792 834  69.6 49.7 51.8 63.0 554 96.7%
FitPrune (Ye et al., 2025) 3.16 58.5 1776 779  68.0 57.4 51.7 62.7 52.4 96.6%
HiRED (Arif et al., 2025) - 58.7 1737 828 684 474 50.1 62.8 51.7 93.9%
Sparse VLM (Zhang et al., 2024b) 348 59.5 1787 853 68.6 56.1 514 60.0 53.5 96.7%
PDrop (Xing et al., 2024) 3.38 57.1 1664 823 683 56.1 51.0 61.1 50.6 94.0%
VisionZip (Yang et al., 2025c) 3.16 59.3 1782 853 689 57.3 52.0 63.4 534 97.2%
DivPrune (Alvar et al., 2025) 3.16 58.8 1792 85.1 68.4 56.8 51.8 62.1 522 97.1%
BTP(Li et al., 2025) 2.62 59.0 1821 85.6  69.1 - 52.8 62.7 53.1 97.8%
DART(Wen et al., 2025) 348 60.0 1840 82.8 69.8 57.4 51.2 63.6 53.9 98.2%
HoloV (Zou et al., 2025) 3.16 59.0 1820 85.6  69.8 574 50.9 63.9 54.1 97.8%
ShortVT(Yuan et al., 2025) 3.77 59.8 1839 84.0 68.7 57.1 52.8 64.8 53.7 98.4%
HalfV (Ours) 3.12 60.5 1862 86.0 70.2 57.6 529 63.7 55.6 | 99.2%
LLaVA-1.5v-13B (Liu et al., 2023), Backbone: Vicuna
Vanilla ‘ 16.21 ‘ 63.2 1818 859 72.9 60.1 56.7 68.7 59.5 ‘ 100.0%
FastV (Chen et al., 2024a) 6.68 60.0 1752 83.6 729 54.7 53.2 67.0 56.2 94.6%
PDrop (Xing et al., 2024) 5.90 60.5 1773 85.1 73.7 57.2 54.2 67.3 56.9 96.0%
DivPrune (Alvar et al., 2025) 6.18 58.8 1741 853 726 58.4 53.8 65.8 57.7 96.2%
BTP (Li et al., 2025) 5.72 622 1819 86.1  72.7 58.3 54.5 68.0 58.3 98.2%
ShortVT (Yuan et al., 2025) 7.26 62.0 1802 85.7 735 57.9 54.1 68.6 589 98.6%
HalfV (Ours) 4.81 61.6 1831 87.2 75.0 58.0 55.1 68.5 59.3 | 99.4%
LLaVA-NeXT-7B (Liu et al., 2024b), Backbone: Mistral
Vanilla | 4042 | 648 1824 86.8 78.7 65.8 63.8 68.1 67.3 | 100.0%
FastV (Chen et al., 2024a) 15.03 60.3 1782 85,5 70.1 59.7 58.4 64.3 66.1 94.1%
DivPrune (Alvar et al., 2025) 13.34 614 1703 862 719 63.7 60.0 65.4 66.5 95.7%
BTP (Li et al., 2025) 11.92 60.6 1802 86.7 744 63.2 61.8 66.3 65.7 97.1%
DART (Wen et al., 2025) 15.03 624 1789 86.0 753 64.5 61.7 67.5 65.9 97.7%
HoloV (Wen et al., 2025) 13.34 62.5 1796 859 76.2 64.0 62.2 67.1 66.5 97.8%
ShortVT (Yuan et al., 2025) 16.92 634 1809 86.5 771 63.9 614 67.2 66.7 97.9%
HalfV (Ours) 11.22 62.5 1813 87.3 788 64.2 62.4 68.0 67.0 | 98.9%
QOwen25-VL-7B (Bai et al., 2025), Backbone: Qwen2.5
Vanilla 36.63 ‘ 60.7 2307 86.5 88.7 83.2 70.6 82.5 81.4 100.0%
FastV (Chen et al., 2024a) 10.33 52.7 2036 80.7  78.0 72.5 61.2 74.9 67.1 87.9%
DivPrune (Alvar et al., 2025) 8.30 50.1 2002 839 73.0 70.9 62.8 76.9 75.1 88.1%
BTP (Li et al., 2025) 11.16 572 2198 84.7 74.1 72.1 62.8 75.2 74.3 91.1%
DART (Wen et al., 2025) 10.33 56.5 2137 829 821 75.3 67.4 79.3 77.8 93.9%
HoloV (Zou et al., 2025) 8.30 543 2043 823 79.8 70.3 - 76.5 75.6 90.5%
ShortVT (Yuan et al., 2025) 13.57 475 1516 68.7 72.8 64.1 59.8 74.1 67.4 80.0%
HalfV (Ours 8.91 584 2242 84.5 87.0 76.7 68.5 81.1 79.7 | 96.8%

Table 3: Comparison with state-of-the-art inference acceleration methods on LLaVA-1.5-7B/13B, LLaVA-
NeXT-7B and Qwen25-VL-7B models. The best result in each group is highlighted in bold, and the second-best
result is underlined. Results that are higher than the original model are marked in red. T method focuses on layer-
level redundancy, while others focus on token-level redundancy.

manifestations.

(1) Handling Layer-level Inactivity. For archi-
tectures like LLaVA, we terminate both attention
and feed-forward updates for all visual tokens
(AHy = 0) to eliminate redundant computation,
while maintaining normal updates for textual to-
kens:

AHY = o,

@)
AHY = FHY, Concat(HY, HY)).

More details are provided in Appendix G.1.

(2) Handling Extreme Token Sparsity. For archi-
tectures like Qwen, we sparsify deep-layer com-
putation by updating only the Top-Kgssgr visual
tokens. Concretely, we rank visual tokens by
the cross-modal attention scores induced by the

last textual token with positional embeddings (e.g.,
RoPE) enabled, and select S, accordingly. Com-
putation in subsequent layers is then restricted to
tokens in S;,p, While the remaining visual tokens
are pruned. This design differs from our IVR
stage, where positional encoding is disabled for
scoring. We discuss the rationale and ablations in
Appendix G.2.

4 Experiments

4.1 Experimental Settings

We conduct extensive evaluations to verify the
robustness of HalfV across varying model archi-
tectures. Our benchmarks cover four mainstream
MLLMs built upon different linguistic founda-
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Method |GQA MMB MME POPE SQA VQA™ ADZD| Avg.

Qwen2-VL-7B Upper Bound, All Tokens (100%)
Vanilla ‘ 60.7 825 2307 86.5 88.7 83.2

81.4 | 100%

Qwen2-VL-7B Flops Ratio Reduction (| 88.9%)

+ FastV (ECCV24) 50.1 692 1940 786 774 60.3 68.7 | 83.6%
+DART (EMNLP25) | 543 748 2086 769 81.7 62.5 72.1 | 87.9%
+ HoloV (NIPS25) 528 724 2006 80.7 795 61.8 72.6 | 86.8%

+ HalfV (Ours) 56.8 79.2 2124 82.6 865 68.8 74.6 | 92.7%
Qwen3-VL-4B-FP8 Upper Bound, All Tokens (100%)

Vanilla | 59.0 83.6 857 908 817 839 | 100%
Qwen3-VL-4B-FP8 Flops Ratio Reduction (] 77.8%)

+ FastV (ECCV24) 537 715 - 789 841 703 715 | 91.1%
+ DART (EMNLP25) | 558 79.2 - 825 859 722 80.3 | 94.0%
+ HalfV (Ours) 57.3 809 - 831 875 764 814 |96.3%
Qwen3-VL-4B-FP8 Flops Ratio Reduction (| 88.9%)

+ FastV (ECCV24) 49.7 749 - 746 827  66.7 742 | 87.0%
+DART (EMNLP25) | 524 762 - 783 839  70.1 76.3 | 90.1%
+ HalfV (Ours) 541 774 792 847 752 781 |92.5%

Table 4: More comparative experiments on Qwen2-VL-
7B and Qwen3-VL-4B models.

Method TGIF MSVD MSRVT Avg.
Acc. Score Acc. Score Acc. Score Acc. Score
VideoChat-7B 344 23 563 28 450 25 451 25
LLaMA-Adapter-7B - - 54.9 3.1 43.8 2.7 - -
Video-ChatGPT 514 3.0 64.9 33 49.3 2.8 55.2 3.0

Video-LLaVA-7B 470 34 702 39 573 35 582 3.6
+ FastV (ECCV24) 452 31 710 39 55 35 571 35
+DART (EMNLP25) 463 34 710 40 567 36 580 37
+ HoloV (NIPS25) 46.1 32 710 40 565 3.6 578 3.6
+ HalfV (Ours) 465 35 708 40 569 3.6 581 3.7

Table 5: Comparative experiments on video under-
standing tasks.

tions: the Vicuna-based LLaVA-1.5v-7B/13B (Liu
et al., 2023), the Mistral-based LLaVA-1.6v-7B
(Liu et al., 2024b), and the Qwen-based Qwen2.5-
VL-7B (Bai et al., 2025). For comprehensive im-
plementation details, please refer to Appendix I.

4.2 Main Results

HalfV Maintains High Performance across Di-
verse MLLM Backbones. As shown in Table
3, our method achieves SOTA or near-SOTA re-
sults across various model series and scales. No-
tably, on the Qwen series, HalfV significantly out-
performs previous SOTA methods: (i) HalfV re-
tains 96.8 % performance at 4.1 x FLOPs speedup,
outperforming DART by 2.9%; and (ii) at 6.1x
FLOPs speedup, this gap widens to 4.8% (Table
4). Experiments on Qwen3-VL-4B-FP8 (Yang
et al., 2025a) further validate our superiority
across different acceleration ratios. For video un-
derstanding, integrating HalfV into Video-LLaVA
(Lin et al., 2024) (Table 5) yields performance
comparable to the original model, demonstrat-
ing strong reasoning retention even with high-
resolution inputs.

HalfV Mitigates Hallucination and Surpasses
Baseline. Unlike prior methods that merely aim
to preserve accuracy, HalfV surpasses the un-
compressed baseline on hallucination benchmarks.
As shown in Table 3, HalfV improves POPE on
LLaVA-1.5v-7B (86.0% vs. 85.9%) and further

Total Time TTFT Prefill Time Latency
" (Milli )il )il N
LLaVA-NeXT-7B (Mistral)
Vanilla 73:44 391.9 391.0 195.1 86.8
FastV 44:21 (1 39.8%) 202.7 (] 48 201.9 (L 249.1 (1 49.6%) 85.5 (| 1.5%)
DART 46:17 (| 37.29 205.4 (1 47 205.2 (1 277.4 (| 43.99 86.0 (1 0.9%)
ShortV 50:48 (| 18.8%) 284.7 (] 27 284.1 (] 382.4 (] 22.7%) 86.5 (| 0.3%)
HalfV (Ours) 45:03 (| 38.9%) 2018 (| 48, 201.1 () 263.2 (] 46.8%) 87.3 (1 0.6%)
Qwen25-VL-7B
Vanilla 19:56 171.6 - 200.5 86.5

Method Perf.

FastV 25:03 (| 49.8%) 137.2(} 20.0%) 165.7 (1 17.3%)  80.7 (1 6.7%)
DART 26:44 (1 46.5%)  140.5 (| 18.1%) 169.9 (1 15.3%)  82.9 (| 4.2%)
HalfV (Ours) 25:41 (| 48.6%) 139.4 (| 18.8%) 168.4 (| 16.0%) 84.5 (| 2.3%)

Table 6: Evaluation of efficiency for different models
on POPE. Inference costs of Total Time, Time To First
Token (TTFT), Prefill Time, Latency on POPE dataset
for LLaVA-NeXT-7B and Qwen25-VL-7B models.

# IVR SSR Perf. TTFT  Speedup MO MO/TTFT
LLaVA-NeXT-7B (Mistral)

@ v 67.1(10.3%) 2809ms 148x  20.6 ms 7.3%

(b) V' 673(100%) 3327ms 1.26x  0.8ms 0.2%

© v vV 67.0(04%) 2209ms 1.89x  21.7ms 9.8%
Qwen25-VL-7B (Qwen2.5)

@ v 795(123%) 173.0ms 1.84x  102ms 5.8%

(e) V' 814(100%) 1927ms 1.66x  14ms 0.7%

® v ¥V 797(120% 1661ms 1.92x  10.6ms 6.3%

Table 7: Ablation study of module efficiency on

AI2D dataset. IVR denotes the module that mitigates
Intrinsic Visual Redundancy; SSR denotes the module
that suppresses Semantic Saturation Redundancy. MO
abbreviates module overhead, and MO/TTFT mea-
sures the modules relative time overhead as a fraction
of TTFT.

boosts LLaVA-1.5v-13B by +1.3% on POPE and
+13 points on MME (reaching 1831). Similar
gains are observed on LLaVA-NeXT-7B. We at-
tribute these improvements to the suppression of
IVR and SSR, which effectively reduces mislead-
ing visual evidence.

4.3 Efficiency Analysis

To assess the practical speedup of HalfV, we
benchmark multiple methods on the POPE task us-
ing LLaVA-NeXT-7B and Qwen2.5-VL-7B. We
report the average total time, time-to-first-token
(TTFT), prefill time, end-to-end latency, and per-
formance. Following the same experimental set-
tings as in the main table 3, we evaluate FastV
(Chen et al., 2024a), DART (Wen et al., 2025),
ShortV (Yuan et al., 2025), and our method. As
shown in Table 6, on LLaVA-NeXT-7B, HalfV
reduces Total Time by 38.9%, TTFT by 48.5%,
and latency by 46.8%, while accuracy not only
remains intact but also improves by 0.6%. Com-
pared with prior methods, HalfV better preserves
the original model performance under comparable
speedups. On Qwen2.5-VL-7B, HalfV achieves a
48.6% reduction in Total Time with only a 2.3%
accuracy drop, and improves accuracy by 1.9%
over DART.

17334



LLaVA-NeXT-7B(Mistral): MME LLaVA-NeXT-7B(Mistral): AI2D

1850

Qwen25-VL-7B(Qwen2.5): MME Qwen25-VL-7B(Qwen2.5): AI2D

1840 675 ~e .
w0 & | EETTE - e |
o ~ o ] © 67.0 M—— T :‘ =
© 1820 S -~ 9 L e
£ -n- - g 53
£ 1810 o £ 665
S 1800 P H
( I ‘t
8 1190 Vanilla ~<8 g0 Vanill
1780 Layer=2 Layer=2
i Layer=8 6551 i Layer=8
17701 @ Layer=16 @ layer=16

1760

2350

®
2

2325 'y r 3 -
OO - 82 - QT e o---0
230{ @ - -————"0 Ty
9 I~ o
R B £ 80 ._,I~\
gasod y --m_ g gl "‘.‘\__1__
S 2225 N I SN 578 ==
Ve y-——" \ = € Y
: 2200 Vanilla \\ g Vanill \\\\
175 | N Laver=2 \ 77 ¥ Layer=2 N\
4 Layer=8 \ 4 layer=8
2150 { @ Layer=21 v 74 @ Layer=21

&

01 02 04 08 10
Anchor Ratio

01 02 04 08 10
Anchor Ratio

01 02 04 08 10
Anchor Ratio

01 02 04 08 10
Anchor Ratio

Figure 6: Performance comparison of different models under different pruning layers and anchor retention ratios.

5 Analysis and Discussion

5.1 Ablation Study for Module Efficiency

To quantify each modules contribution, we per-
form ablations on HalfVs two-step pipeline. The
first step mitigates IVR from the ViT encoder, and
the second step suppresses SSR caused by global
aggregation in the LLM. We evaluate variants on
LLaVA-NeXT-7B and Qwen2.5-VL-7B, reporting
performance, TTFT, speedup, and module over-
head (MO). As shown in Table 7, the IVR mod-
ule accounts for 7.3% of TTFT on LLaVA-NeXT-
7B and 5.8% on Qwen2.5-VL-7B. In contrast,
the architecture-aware SSR module costs less than
1% on both models. Notably, on Qwen2.5-VL-
7B, enabling both modules yields higher speedup
than IVR-only and even improves performance by
0.3% (Table 7(f) and 7(d)). This indicates that
jointly mitigating the two types of redundancy is
not a naive concatenation, but a complementary
design that yields synergistic benefits from an in-
ternal model perspective.

gt

ak o
cadd,
b EA

Figure 7: Comparison of feature space coverage

5.2 Sensitivity Analysis of the Anchor
Retention Ratio Rs

In practice, we implement the anchor count
as a ratio Rs to accommodate dynamic resolu-
tions. We evaluate Rs on LLaVA-NeXT-7B and
Qwen2.5-VL-7B, applying the first-step pruner at
layers 2, 8, and the Stage III onset (Layer 16/21).
As shown in Figure 0, early layers (e.g., Layer 2)
benefit from lower Rs, indicating a reliance on to-
ken diversity. Conversely, deep layers maintain
performance even with high anchor ratios, con-
firming that Stage II aggregation effectively con-
centrates key visual evidence, rendering extensive
spatial coverage unnecessary in later stages. We

further visualize the selected visual tokens in the
IVR stage on LLaVA-1.5v-13B and Qwen2.5-VL-
7B. We apply t-SNE (van der Maaten and Hinton,
2008) to project the D-dimensional visual tokens
into a 2D space. As shown in Fig. 7, HalfV cov-
ers different clusters more uniformly, reducing the
risk of spatial collapse.

LLaVA-NeXT-7B(Mistral): AI2D

Accuracy

27

16 13
Layer Layer

Figure 8: Impact of SSR start layer on different models

5.3 Sensitivity Analysis of the SSR Start
Layer

We evaluate the SSR module in isolation on
LLaVA-NeXT-7B and Qwen2.5-VL-7B across
varying start layers: Layer 2 (IVR), mid-Stage 11
(8/14), Stage III onset (16/21), and deep Stage II1
(24/27). As shown in Figure 8, early application
significantly degrades performance. Conversely,
initiating SSR at the Stage III onset yields near-
lossless results, even surpassing the Qwen base-
line. Notably, delaying SSR further into Stage III
also harms performance. This confirms that the
optimal insertion point is not "the later the better,"
but rather the Stage II-to-III transition (the infor-
mation aggregation valley).

6 Conclusion

This paper tackles the limited cross-architecture
generalization of existing MLLM acceleration
methods and proposes an acceleration framework,
HalfV. Using truncated matrix entropy as a unified
probe, it reveals a three-stage redundancy evolu-
tion during inference and decomposes visual re-
dundancy into Intrinsic Visual Redundancy (IVR)
and Secondary Saturation Redundancy (SSR).
HalfV then applies a two-step acceleration method
to improve efficiency across model backbones.
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7 Limitations

Although HalfV demonstrates strong and con-
sistent improvements across multiple MLLMs and
benchmarks, its applicability is constrained by
practical considerations. First, similar to many ex-
isting inference acceleration methods, HalfV re-
quires access to token-level hidden states during
inference, and thus cannot be directly applied to
closed-source black-box models such as the GPT
and Gemini families. Second, due to current com-
pute and hardware limitations, we have only de-
ployed and evaluated HalfV on MLLMs in the
4B-13B parameter range, and we have not yet
conducted systematic experiments on larger-scale
models. In addition, to balance completeness and
readability under the page limit, we defer some im-
plementation details of evaluation metrics as well
as further analyses and observations about inter-
nal model behaviors to the appendix. The main
text presents the method, core experiments, and
primary findings in full, ensuring that the key con-
tributions and conclusions can be understood with-
out relying on the appendix.
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A Theoretical Analysis of Truncated
Matrix Entropy

Setup. In each layer, we stack the hidden states
of N tokens into Z = [hy,...,hy]" € RV*P,
We form the Gram matrix G as in Eq. 1, and de-
note its eigenvalues by A\ (G) > --- > A\.(G) >0
where = rank(G). We retain the top-k eigen-
values and define the truncated trace tr(G) =
Zle Ai(G), and the truncated matrix entropy
(H):

k

N ¥ ()
HE) == plogpe pis S nG)

Throughout, p = (p1, ..., pk) is a probability vec-
tor supported on the principal subspace.

(®)

A.1 From Matrix Entropy to Effective Rank

Definition 1 (Entropy-based effective rank). We
define the entropy-based effective rank associated
with the truncated spectrum as

rB(2) = exp (H(Z)). ©)

This is the standard effective number of active
spectral components implied by Shannon entropy.

Lemma 1 (Basic properties). Let p; =
Xi(G)/Sh 1 Aj(G) for i = 1,...,k. Then
pi > 0 and Zlepi = 1.  Defining
k

r{(2) == exp(H(2)) = exp(~LE pilog i),
we have

k
1<r®(2) <k

Moreover, ré?(Z) =1liffp=(1,0,...,0) (spec-
tral mass concentrates on one component), and
P82y = kiffp = 1k foralli = 1,....k
(uniform truncated spectrum).

Connection to stable rank / participation ratio.
A closely related notion is the participation ratio
(a.k.a. stable rank of the truncated spectrum):

1 (ZE,0(9)" ()

SE 2 SE on©Ge: 6l
(10)

where ||G||% = Zle Ai(G)? when only the top-k
spectrum is kept.

ré’ﬁ)(Z) =

Lemma 2 (Entropy lower-bounds participation
ratio). v (2) > P (2).

Proof. Let H(p) = — ), pi log p; be Shannon en-
tropy and Ha(p) = —log ) ,p? be Rényi-2 en-
tropy. It is well-known that H (p) > Ha(p) for any
discrete distribution. Exponentiating both sides

gives exp(H(p)) > exp(Ha(p) = 1/ ¥, p2. O

Interpretation for redundancy. For a fixed
truncated trace tr(G) (i.e., fixed total variance in-
side the principal subspace), a more redundant
/ collapsed representation concentrates spectral
mass on fewer eigen-directions, which decreases
H (p) and thus decreases both ré? and rgﬁ). There-
fore, H(Z) is a principled, scale-free proxy for
“how many directions are effectively used” by the
token representations.

A.2  Why Truncation is Well-Behaved

Truncation controls noise sensitivity. Let p de-
note the full normalized spectrum over 7 nonzero
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eigenvalues, p; = Ai(G)/ >_5_; Aj(G). Define the
tail mass beyond the elbow as

e Te©)
0= D Bi= S gy

When the spectrum has a clear elbow, ¢ is small:
most variance lies in the principal £ components.

1D

i>k

Proposition 1 (Entropy perturbation bound (in-
Jormal)). If the discarded tail mass is 0 < 1, then
the difference between the full matrix entropy and
the truncated (renormalized) entropy is controlled:

|H(p) — H(Z)| < ha(6) + dlog(r — 1), (12)

where hy(d) = —dlogd — (1 —9)log(1—0) is the
binary entropy.

Implication. Proposition 1 states that truncation
yields a robust estimate of the intrinsic spectral di-
versity: as long as the elbow tail carries little mass
(common in practice), H differs from the full en-
tropy by at most O(d log ). This justifies trunca-
tion as a denoising step that suppresses small, un-
stable eigenvalues caused by stochasticity, finite-
sample effects, or irrelevant redundancy.

A.3 Connecting Spectral Entropy to
Geometry via Curvature

Discrete curvature surrogate. To relate spec-
tral diversity to geometry, we treat the token rep-
resentations {h;}? , as a polyline in R (tokens
are naturally ordered, e.g., by spatial rasterization,
patch order, or attention order). Define the second-
order finite difference A%h; := h; 1 —2h; +h;_;
for: =2,..., N — 1, and the curvature energy

1 N-1
= Z | A%hy 3.
=2

This quantity is a standard, analytically tractable
proxy of geometric “bending”: larger C(Z) indi-
cates more rapid directional change along the to-
ken trajectory.

c(2) (13)

Matrix form (curvature is a Gram-functional).
Let L € RWW=2)%N pe the second-difference oper-
ator such that (LZ);. = A%h; ;. Then

1
N -2

1
N -2
When G = ZZ" (e.g., N < D case), we further
have

c(z) = ILZ|% =

tr(ZTLTL z) . (14)

C(2) = tr(LTLZZT) - Nl

2tr(LTLg> .
(15)

N -2

Thus, curvature is completely determined by the
Gram matrix G, establishing a direct bridge be-
tween a geometric quantity and spectral statistics.

Theorem 1 (Curvature is controlled by spectral
concentration). Let G;, denote the rank-k trun-
cated Gram matrix that keeps the top-k eigenpairs
of G. Define Cy(Z) = i5tr(L"LGy) as the
curvature induced by the principal subspace. Then

LL 7L ¢
e T
Tpr (Z)
.
< IL L”F tr(Gr)

- N =2 ) ’
ViR (2)

16)

Proof. The first inequality is Cauchy—Schwarz
for the Frobenius inner product: tr(AB) <
|A||lF||B||r for any matrices A, B, applied to
A= L"L (PSD) and B = G;, (PSD). The equal-
VI (9 =

ity follows from ||Gy||r =

tr(Gr)/ rg;)(Z) by definition of rlgﬁ). The last
inequality uses Lemma 4, i.e., ré? > r}()lﬁ) . O

Interpretation. Eq. (30) provides an explicit
link between geometry and information: for a
fixed principal-subspace variance tr(Gy) and a
fixed token order (hence fixed L), the curvature
energy is upper-bounded by a term inversely pro-

portional to \/rgff) = exp(H/2). Therefore,

when representations become spectrally concen-
trated (lower H, smaller effective rank), the bound
becomes looser, allowing larger geometric bend-
ing/instability; conversely, higher # implies a
more spread spectrum, smaller |G| 7, and thus
tighter control on curvature energy. This theoret-
ical coupling supports using H as a probe of in-
ternal redundancy that correlates with geometric
complexity.

A4 From Curvature Energy to Angle-Based
Curvature

Our main analysis uses C(Z) for tractability. If
one uses an angle-based curvature (as in prior rep-
resentation geometry analyses), we can connect
them as follows. Let d; = h;,; — h; and let 6;
be the turning angle between d;_; and d;. Us-
ing the identity ||d; — d;—1]|3 = ||A%h;||3 and
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[di—d;i—1]I3

ofdialdi1l2® Ve obtain

1—cosl; =

[14%h; 13
255 (17)
ldill2, [|di-1]|2 > so > O.

1—cosb; <
whenever

Averaging over 7 yields that the mean turn-
ing (hence angle-based curvature) is controlled by
C(Z), which in turn is controlled by H(Z) via
Theorem 2. This closes the loop between spectral
entropy and geometric curvature.

Takeaway. The above results establish a princi-
pled chain:

= 2@ = 16l
—> Cx(Z) = (angle-based curvature).

H(Z)

Hence, truncated matrix entropy serves as a the-
oretically grounded and robust spectral probe for
redundancy and geometry of internal token repre-
sentations.

B Additional Experiments of Truncated
Matrix Entropy

B.1 Spectrum of Different Models

Extensive experiments verify that the evolu-
tion of internal visual redundancy captured by the
truncated matrix entropy is primarily an intrin-
sic property of the model, and is largely insensi-
tive to the dataset type and the number of sam-
pled instances. Specifically, on POPE (He et al.,
2025), GQA (Hudson and Manning, 2019), and
MME (Fu et al., 2025), we visualize the layer-wise
eigenvalue spectra of Qwen2.5-VL-7B (Bai et al.,
2025), LLaVA-1.5v-13B (Liu et al., 2024a), and
LLaVA-Next-7B (Liu et al., 2024b), computed
from random subsets of 10, 100, and 1000 samples
as well as from the full datasets. As shown in Fig-
ure 9,10 and 11, all models exhibit a pronounced
spectral skewness: a large fraction of eigenvalues
concentrate near zero, while only a few dominant
components carry most of the informative vari-
ance. This consistent spectral structure suggests
that the tail eigenvalues mainly reflect noise or re-
dundancy, thereby providing direct empirical sup-
port for adopting truncated matrix entropy rather
than the full matrix entropy as our probe of inter-
nal redundancy.

In addition, we observe a pronounced discrep-
ancy in sampling convergence of the eigenvalue

spectrum across model series. For the LLaVA se-
ries, the layer-wise eigenvalue spectrum computed
from as few as 10 randomly sampled instances is
already highly consistent with that obtained from
much larger subsets (see Figure 9a and 9d). In con-
trast, for the Qwen series, the spectrum estimated
from 10 samples on MME remains noticeably dif-
ferent from the results under larger sample sizes
(see Figure 11e and 11h).

This observation yields two implications. First,
the difference in convergence behavior cannot
be simply attributed to whether the ViT back-
bone uses dynamic resolution. For example, both
LLaVA-Next and Qwen2.5-VL adopt dynamic res-
olution, yet their spectral stability with respect to
sample size differs substantially. Second, from a
statistical estimation perspective, the eigenvalue
spectrum is determined by the Gram matrix of to-
ken representations, whose estimation error crit-
ically depends on the ratio between the represen-
tation dimensionality and the number of samples.
When each instance contains substantially more vi-
sual tokens, the spectrum becomes more suscepti-
ble to finite-sample noise, and therefore requires a
larger sample size to obtain a stable, reproducible
spectral shape. Concretely, images in MME are
typically of higher resolution than those in POPE
and GQA, leading the ViT to output 2,000 and
even up to 15,000 visual tokens for MME, whereas
the other two datasets usually produce fewer than
500 tokens. As a result, for spectral analysis of
Qwen models on MME, 10 samples are often in-
sufficient for convergence, making it necessary to
increase the sampling budget accordingly.

B.2 Top-% Eigenvalues Selection

In Equation 2, we select the top-k eigenvalues
to calculate the truncated matrix entropy based on
the location of the inflection point in the model’s
eigenvalue spectrum. In this subsection, we inves-
tigate the impact of different top-k selections on
the entropy curves of various models.

As shown in Figure 9, the inflection point in the
eigenvalue spectrum of the LLaVA-1.5v-7B model
tends to approach zero across different datasets.
This suggests that most of the model’s information
is concentrated in a small number of high eigen-
values. Therefore, we select top-2, 4, 8, and 16 as
truncation points and compute the truncated ma-
trix entropy for the model’s hidden states across
different layers in the GQA and MME datasets.
To maintain consistent units, we set the number
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of samples to 100.

The experimental results are shown in Figure
12, where the green line represents the entropy
variation of the visual modality’s hidden layer
states across layers. We observe that, regardless
of the chosen k value, the entropy of the visual
modality still shows an aggregation process (a val-
ley), with the lowest point occurring at the 25%
position. Additionally, we visualized the entropy
curves for the LLaVA-NeXT-7B (Mistral) and
Qwen25-VL-7B models. For the Mistral-based
model, the lowest point of aggregation appears at
the 50% position, while for the Qwen2.5-based
model, the lowest point appears at the 75% posi-
tion. Moreover, we notice that the entropy trend
for the text modality of LLaVA models differs sig-
nificantly from that of Qwen models, which is also
an interesting observation. However, as our work
currently focuses on the visual modality’s entropy
curves, we will not delve into this aspect in detail
here.

C Theoretical Analysis of Truncated
Matrix Entropy

Setup. In each layer, we stack the hidden states
of N tokens into Z = [hy,...,hy]" € RV*P,

We form the Gram matrix G as in Eq. 1, and denote
its eigenvalues by A\1(G) > --- > A.(G) > 0,
where r = rank(G). Throughout we assume 1 <
k<r.

Let G denote the rank-£ truncation of G (keep-
ing the top-k eigenpairs), and define the truncated
trace

k
tri(G) = Y_Ni(G) = tr(G).
i=1

We then define the truncated matrix entropy (H):

k
H(Z)=-) pilogpi,  pi:= G (18)
=1

Here p = (p1,...,px) is a probability vector sup-
ported on the principal subspace. Unless other-
wise stated, log(-) denotes the natural logarithm,
so that exp(H) is consistent.

C.1 From Matrix Entropy to Effective Rank

Definition 2 (Entropy-based effective rank). We
define the entropy-based effective rank associated

with the truncated spectrum as
(2 = en(mz). (9

This is the effective number of active spectral com-
ponents implied by Shannon entropy.
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Lemma 3 (Basic properties). Assume 1 < k <
rank(G), and let p; = X\;(G)/tri(G) for
1,...,k. Then p; > 0 and Zlepi = 1.
Moreover,

r =
7 =

1<r®(z) <k

In addition, 7\ (2) = 1iffp = (1,0,...,0) all
mass on one component), and rélgf)(Z) = k iff
p; = 1/kforall i = 1,..., k (uniform truncated
spectrum).

Connection to participation ratio / Rényi-2 ef-
fective rank. A closely related notion is the par-
ticipation ratio (also known as the Rényi-2 effec-
tive rank) of the truncated spectrum:

(k) L 1 _ (Zf:1 )‘i(g))Q _ tr(gk)2
Tpr (Z) T k - k - 2
Zi:l p? Zizl Xi(G)? HngF
(20)

where |Gy 13 = 3711 i(9)*

Lemma 4 (Shannon effective rank lower-bounds
participation ratio). rgff) (2) > Té’ﬁ) (2).

Proof. Let H(p) = — Y, pi log p; be Shannon en-
tropy and Ha(p) = —log>_.p? be Rényi-2 en-
tropy. It is standard that H(p) > H(p) for any
discrete distribution. Exponentiating both sides

yields exp(H(p)) > exp(Ha(p)) = 1/, p%,
which is exactly réllff) > rl(,lﬁ). O]

Interpretation for redundancy. For a fixed
principal-subspace variance tr(Gy ), a more redun-
dant or collapsed representation concentrates spec-
tral mass on fewer eigen-directions, which de-

(k)

creases H(Z) and therefore decreases both 7 g
and r}(ﬁ). Hence, #H(Z2) is a principled, scale-free
proxy for how many directions are effectively used
by the token representations within the top-k sub-

space.

C.2  Why Truncation is Well-Behaved

A decomposition of full entropy into head and
tail. Let p denote the fully normalized spectrum
over the r nonzero eigenvalues:

_ Ai(G)

Di = =5 1=1,...,7
' Z§:1 )‘j(g)
Define the tail mass beyond the top-k£ components
as
5= 3 pi = Lk i(G)
: - .
D SARPI()

When the spectrum has a clear elbow, § is small.
Let p be the renormalized head distribution, i.e.,

21

(22)

pi = pi/(1 —0) for i < k. Also define the nor-
malized tail distribution g; = pyy;/d for j =
1,...,7 — k (when § > 0). Then the full entropy
admits an exact decomposition:

Proposition 2 (Head-tail entropy decomposi-
tion). Let H(-) denote Shannon entropy and
he(6) = —dlogd — (1 — 9)log(1 — 4) be binary
entropy. For 0 € (0,1), we have

H(p) = (1-0) H(p) + h2(6) + 0 H(q). (23)
Proof. Write the head probabilities as p; = (1 —

d)p; for i < k and the tail probabilities as pj; =
dq; for j < r — k. Then

— > hilogpi = —(1-38) Y pilog ((1—6)p:)

i<k i<k

=(1-96)H(p) — (1 —6)log(1 —9).
(24)

and similarly

— Y Prrjlogper; = 0H(q) — dlogd. (25)

j<r—k
Summing the two parts gives Eq. (23). O
Implication. Eq. (23) shows that truncation is

well-behaved when § is small. In particular, since
0 < H(q) <log(r — k), Proposition 2 implies

H) = hald) = Bloglr =k) gy, o B =T

§
(26)
Thus, the truncated (renormalized) entropy
H(p) = H(Z) tracks the spectral diversity of the
full distribution up to an O(dlogr) correction,
supporting truncation as a denoising step that
suppresses small, unstable eigenvalues due to
stochasticity, finite-sample effects, or irrelevant
long-tail variations.

C.3 Connecting Spectral Entropy to
Geometry via Curvature

Discrete curvature surrogate. To relate spec-
tral diversity to geometry, we treat the token rep-
resentations {h;}}¥, as a polyline in R? (e.g.,
ordered by spatial rasterization of patches). De-
fine the second-order finite difference A%h; :=
hit1 —2h; + h;_; fori = 2,...,N — 1, and
the curvature energy

N—-1
C(Z) = b A?h;||3 27
(2) = N_QZII illa- @27
=2
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Matrix form (curvature is a Gram-functional).
Let L € RWV=2)%N pe the second-difference oper-
ator such that (LZ);, = A%h; ;. Then

1 2
= mHLZHF
1

TN_2

1 T T

- L LZZ)
N—Qtr<

- Nl_ 2tr<LTLg) .

e(2)

tr(ZTLTL Z)
(28)

Hence, curvature is completely determined by
the Gram matrix G.

Theorem 2 (Curvature is controlled by spectral
concentration). Let G be the rank-k truncated
Gram matrix, and define

Cu(Z) = tr(LTLgk>, (29)

N -2

i.e., the curvature energy induced by the principal
subspace. Then

T
||ngF _ ”L LHF . tr(gk) )

N -2
ron (Z)
(30)

ILTLl|r
<
C(2) = 5=y

Proof. By Cauchy—Schwarz for the Frobenius in-
ner product, [tr(ATB)| < ||A||r||B|F for any
conformable matrices A, B. Since LTL > 0 and
G = 0, we have tr(LTL Gr) > 0 and hence

1
N -2

1
N -2

Cu(Z2) = tr(L' LGk) < ILT L7 |Gkl #.

31)
SEING)?E =
tr(Gr)/\/r(2), which

0

Moreover, ||Gk||lr =

tr(Gr) /i P =

gives Eq. (30).

Interpretation. Eq. (30) links geometry and
spectral concentration: for fixed tr(Gy) and a
fixed token order (hence fixed L), the curvature
energy is upper-bounded by a term inversely pro-

portional to 4/ rgﬁ). Thus, a more spread spectrum

(larger rgﬁ)) yields a smaller upper bound on cur-

vature. Since ré? = exp(H) satisfies ré? > rr(fi)

(Lemma 4), H provides a convenient, scale-free

summary of sl(ae)ctral diversity that empirically cor-
k

relates with ;" and therefore with geometric sta-
bility.

C.4 From Curvature Energy to Angle-Based
Curvature

Our main analysis uses C(Z) for tractability. If
one uses an angle-based curvature, we can connect
them as follows. Let d; = h;;; — h; and let 6;
be the turning angle between d;_; and d;. Using
Idi — di—1[|3 = [|A%hy]|3 and

Ildi —di—1]5
1—cos; < G~ Gitlla 32
0= Sl 2 42
we obtain
AQh' 2
1—cosb; < 7H ;”2,
25§
whenever ||d;||2, ||di—1]|l2 > so > 0.
(33)

Averaging over ¢ shows that the mean turn-
ing (hence angle-based curvature) is controlled by
C(Z), which in turn is controlled by spectral con-
centration through Theorem 2.

Takeaway. The above results establish a princi-
pled chain:
H(Z) = g (2) 2 rR(E) = 1IGk]r
—> Cy(Z) = (angle-based curvature).
(34)
Hence, truncated matrix entropy serves as a robust
spectral probe for redundancy and (via its connec-
tion to spectral concentration) correlates with ge-
ometric complexity of internal token representa-
tions.

D Additional Cues for Global
Aggregation

In this section, we further characterize the
global aggregation behavior in Stage II by visual-
izing information flow in LLaVA-1.5v-7B across
the three stages. Given an attention map A €
RNXN e define the information inflow of each
token as its primary information source, i.e.,
argmax(Ali,:]). Based on this definition, we vi-
sualize the information flow in Stage I (Layers 12),
Stage II (Layers 35), and Stage III (Layers 18, 19,
20, 21, and 23).

As shown in Figure 15, in the shallow layers
of Stage I (Layers 12), visual information predom-
inantly propagates among neighboring visual to-
kens, exhibiting localized and short-range flows.
In Stage II, a clear global aggregation pattern
emerges, where a small subset of visual tokens act
as hub tokens that collect global information and
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Figure 15: Layer-wise Information Flow in LLaVA-1.5v-7B

redistribute it to other visual tokens. Consequently,
global aggregation in this stage can be viewed as
hub-driven global information exchange. When
the model enters Stage III, the influence of hub to-
kens diminishes and the information flow becomes
more scattered and less structured, which is consis-
tent with the observed increase in visual entropy in
Stage II1.

E Implementation Details of Marginal
Utility

Definition of Marginal Utility. To quantify the
cost-effectiveness of token pruning at different
depths, we define the marginal utility (MU) as the
ratio between performance degradation and effi-
ciency gain. Specifically, for one-shot pruning ap-
plied at layer [ with retention ratio r, we compute

I _AMI,T

M _ =V
Ul,’/‘ ACLT + 6’

(35)

where AM, , denotes the change in task perfor-
mance relative to the unpruned baseline, AC; - de-
notes the reduction in inference latency, and € is a
small constant for numerical stability. Lower MU
indicates a more favorable efficiencyperformance
trade-off.

Experimental Protocol. For each pruning layer
I, we apply one-shot token pruning once and keep
the pruned token set fixed for all subsequent lay-
ers. All experiments use identical decoding set-
tings and benchmarks. We evaluate multiple re-
tention ratios r € {1/2,1/4,1/8} and report both
performance and latency.

F Implementation Details of
Redundancy Metric

We denote the LLM backbone as F' with L
Transformer layers. The input to layer ¢ is Z() ¢
RN*D and the standard block update is

Z(t+1) _ B0 (zw)) , (36)

where B consists of a self-attention module and
a feed-forward network (FFN), with residual con-
nections and normalization omitted for brevity.
Let zl(aLg:r U be the hidden state at the last token po-
sition after the final layer. The next-token logits

are computed by the language-model head g(-):
L+1
s(F) = g<zl(ast )> .

To quantify the contribution of layer £ on a to-
ken subset 2 C {1,..., N}, we construct a termi-
nated layer gg ) that keeps tokens in €2 unchanged
at layer ¢. The resulting model is denoted as

FUR)  Concretely, for any input Z, we define

(37

~ 1€ Q,

@ o Ll
B, (Z)]i] = {B“)(Z)[i], icq.

(38)
where () is the complement of 2. In implemen-
tation, we apply this termination to both submod-
ules: (i) in self-attention, we only compute up-
dates for query positions i € €, while positions
i € (2 bypass the attention update; (ii) in the FFN,
we only forward tokens in  and skip FFN updates
for tokens in §2. In practice, €2 can be chosen as the
set of visual tokens €2y, or text tokens 7.

We define the layer redundancy degree of layer
¢ with respect to token subset {2 as the KL
divergence between the output distributions of
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Figure 16: Illustration of Handling Inactivity Layers

the original model and the terminated model:
KL (softmax(s(F)) H softmax(s(F(E’Q)))). A
smaller value indicates that terminating € at layer
¢ barely changes the final prediction, suggesting
that the transformations on 2 in this layer con-
tribute little to the model output and may be in-
effective or redundant.

G Implementation Details of HalfV

G.1 Layer-level Inactivity Implementation
Details

As shown in Figure 16, we consider a decoder
layer with input hidden states H € RV*?, where
N = Ny + Nr denotes the total number of
tokens, consisting of Ny visual tokens and Nt
textual tokens. For notational convenience, we
write the sequence as H = Concat(Hy,Hr)
and similarly decompose the query matrix Q =
Concat(Qy, Qr). Keys and values are computed
from all tokens, yielding K, V € RN *d,

Self-Attention with Visual Update Termination.
We only compute attention outputs for textual
queries, while terminating the attention update for
visual tokens. Specifically, the attention-induced
updates are defined as

KT
AHT = softmax(Q;d» > V, AHY{ =
k
QrK' NpxN : (39~)
where \;@ e RYT and dy, is the key di-

mension. After the residual connection, the post-
attention hidden states are

H' = H + Concat(AH{,, AH},). (40)

Note that this construction preserves visual states
in the attention sublayer, i.e., H{, = Hy.

FFN with Visual Update Termination. In the
FFN sublayer, we similarly update only textual to-
kens and terminate updates for visual tokens:

AHJ =FFN(H}), AH{ =0. (4]
The final output of the layer is then given by
H' =H+ Concat(AH{/, AH;), (42)

so that visual tokens remain unchanged through-
out this layer, while textual tokens are updated as
usual.

G.2 RoPE: enabled or disabled?

To study the impact of enabling or disabling
positional encoding at different stages, we con-
duct experiments on POPE and ChartQA with
Qwen2.5-VL-7B. Specifically, for both the IVR
and SSR modules, we toggle positional encoding
at the points where attention scores are used for
decision making, and report the results in Table
8. The results show that disabling positional en-
coding in the IVR module improves performance,
suggesting that early layers suffer from positional
bias induced by positional encoding, and remov-
ing it can partially mitigate this bias. In contrast,
enabling positional encoding in the SSR module
yields better performance, indicating that after
Stage-II global aggregation, the attention mecha-
nism can more reliably capture the truly relevant
information and positional bias becomes less pro-
nounced during forward inference. These findings
suggest that positional encoding should be con-
figured in a stage-aware manner, enabling or dis-
abling it at different points of inference to improve
localization and reasoning.

G.3 Inplementation Details of Qwen3-VL

When implementing acceleration on Qwen3-
VL-4B-FP, we account for the DeepStack mecha-
nism used in the Qwen3-VL family, which injects
visual features from the vision encoder at layers
5/11/17 into the decoder layers 1/2/3 via residual
connections. Accordingly, for the IVR module,
we shift the pruning location to decoder layer 4,
i.e., after the third decoder layer. For a fair com-
parison, all baseline methods also perform visual
token pruning at decoder layer 4.
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Setting IVR SSR  w/rope POPE ChartQA
Accuracy F1 Score Precision Recall Augmented Split Human Split Overall
Ryvg =05,Rs=02 ¢ X v 86.94 85.50 96.14 7698  92.64+0.74  64.56+135 78.60+0.82
Rwvg =05Rs=02 ¢ X X 87.12 85.71 9624 7727  92.16+£0.76  65.12+135 78.64+0.82
Ryvr=025Rs=01 ¢ X v 86.14 84.41 96.46  75.04 83.20+1.06  48.16+1.41 65.68+0.95
Rwvr=025Rs=01 ¢ X X 86.32 84.65 96.45 7542 82.8+1.07 49.12:£1.41  66.00-£0.95
Rssg = 0.15 X v v 87.70 86.45 9634 7840  93.6040.69  72.32+127 82.96+0.75
Rssg = 0.15 X v X 87.63 86.36 96.26 7831 93.76+0.68  71.76+£1.27 82.76+0.76
Rssr = 0.05 X v v 87.73 86.48 9632 7847 92964072  70.00+1.30 81.48+0.78
Rssr = 0.05 X v X 87.69 86.42 9631 7838  92.804+0.73  69.84+1.30 81.32+0.78

Table 8: Performance comparison of Qwen2.5-VL-7B under different settings when enabling or disabling RoPE

in the IVR and SSR stages.

H Case Study
H.1 Llava Model Case

We provide a comprehensive qualitative analy-
sis of LLaVA-1.5-7B across three diverse bench-
marksMME, POPE, and ScienceQAas visualized
in Figure 17, 18 and 19.

Sensitivity to Stylistic Textures (MME). Fig-
ure 17a illustrates the impact of pruning on art-
work perception. In the left example, when queried
if an oil painting is “architecture,” FastV in-
correctly answers “Yes.” This failure suggests
that saliency-based pruning aggressively removes
background stylistic tokens (e.g., brushstrokes)
while retaining structural objects like the fence,
leading the model to misinterpret the scene as a
physical building. Similarly, in the right exam-
ple (a sketch), FastV hallucinates that the religious
scene is a “still-life.” The attention mechanism
assigns low scores to the sparse, thin ink lines,
causing FastV to prune the structural outlines and
destroy the semantic meaning of the crowd. In
contrast, HalfV preserves textural diversityboth
the brushstrokes and the high-contrast ink linesen-
abling the model to correctly identify the artwork
forms.

Mitigation of Object Hallucination (POPE).
We further examine robustness against hallucina-
tion in Figure 18a. For the skiing scene (left),
FastV hallucinates a “dining table” due to the
loss of environmental context; by pruning the low-
saliency snowy background, the model loses the
scene constraints needed to reject the unlikely ob-
ject. In the urban scene (right), FastV suffers
from saliency bias, focusing heavily on the ele-
vated train while pruning the cluttered street level.
Lacking fine-grained evidence of the specific vehi-
cles, it hallucinates a “truck” based on street scene
priors. HalfV effectively mitigates these issues
by retaining diverse background and non-salient

tokens, providing the necessary context to verify
object absence.

Preservation of Visual Cues for Reasoning
(ScienceQA). Finally, Figure 19a investigates mul-
timodal reasoning. In the state change task (left),
FastV misidentifies melting ice as a “chemical
change” because the melted water on the dark
surface has significantly lower saliency than the
ice cubes. Pruning the “water” tokens leaves the
model with a static view, leading to hallucinated
descriptions of bubbles. In the map reading task
(right), FastV fails to locate the equator, incor-
rectly selecting “Australia.” This is attributed to
the pruning of grid lines, which are thin and oc-
cupy minimal pixel area. Without these coordinate
references, spatial reasoning collapses. By recog-
nizing the high feature diversity of liquid textures
and geometric grid lines, HalfV preserves these
critical cues, enabling accurate scientific and spa-
tial reasoning.

H.2 Qwen Model Case

We extend our qualitative analysis to the Qwen-
2.5-VL-7B backbone, examining its performance
across the MME, POPE, and ScienceQA bench-
marks.

Perception of Peripheral and Fine-Grained
Details (MME). Figure 17b highlights the chal-
lenge of preserving information in non-salient re-
gions. In the movie poster task (left), the title
“THE NEON DEMON?” is positioned at the ex-
treme bottom edge. FastV incorrectly answers
“Yes” to an adversarial title (“Man on Fire”), in-
dicating that saliency-based pruning assigned low
scores to the image periphery, effectively discard-
ing the textual anchor. Without the text, the model
relied on the high-contrast visual style to hallu-
cinate a match. In the cluttered movie scene
(right), FastV fails to reject a false title due to
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background interference. The high-saliency red
wallpaper dominates the attention map, causing
the model to prune the less salient but identity-
defining facial features of the actors (e.g., Robin
Williams). HalfV overcomes both issues by identi-
fying the high feature diversity of the neon text and
the unique facial textures, preserving these critical
tokens regardless of their position or background
clutter.

Robustness to Color Distraction (POPE). Fig-
ure 18b demonstrates a specific failure mode we
term Color Distraction. When queried about a
“giraffe” (left) or a “banana” (right), FastV fails
to reject their presence, misled by a yellow taxi
and yellow pavement lines, respectively. This sug-
gests a failure to disentangle color from object
identity: saliency-based pruning retains the dom-
inant “yellow” color tokens but discards the high-
frequency tokens representing the taxi’s metallic
texture or the pavement lines’ geometric edges.
Consequently, the language model, primed by the
color cue, hallucinates objects associated with yel-
low. HalfV mitigates this by utilizing diversity-
based pruning to retain distinct textural and geo-
metric constraints (e.g., sharp edges), enabling the
model to correctly identify the visual inputs as a
vehicle and 2D lines.

Visual Evidence for Complex Reasoning (Sci-
enceQA). Finally, Figure 19b investigates the im-
pact of pruning on multi-hop reasoning. In the
map reading task (left), FastV incorrectly predicts
“10°C” because it fails to perceive the legend. The
legend, containing fine text at the periphery, is
treated as background noise and pruned, blinding
the model to the reference scale. Similarly, in
the trade reasoning task (right), FastV proposes
an incorrect trade involving “almonds” because it
cannot find the “broccoli” requested in the text
prompt. The broccoli, being a small, dark object in
the corner, has low saliency and is pruned. HalfV
succeeds in both cases by recognizing the high fea-
ture diversity of the legend’s text-grid transitions
and the broccoli’s texture, preserving the visual ev-
idence necessary for accurate reasoning.

I Detailed Experiment Settings

I.1 Datasets

We performed experiments on eight widely
used benchmarks, including GQA (Hudson and
Manning, 2019), MME (Fu et al., 2025), POPE
(He et al., 2025), SQA (Lu et al., 2022), VizWiz

(Bigham et al., 2010), TextVQA (VQA'™") (Singh
et al., 2019), MMB (Liu et al., 2024c) and AI2D
(Kembhavi et al., 2016).

GQA consists of three key components: scene
graphs, questions, and images. The image com-
ponent includes the images themselves, as well as
their spatial features and the attributes of all ob-
jects depicted within them. The questions in GQA
are carefully designed to evaluate the model’s abil-
ity to understand visual scenes and reason about
various elements of the images.

MME is intended to rigorously assess a model’s
perceptual and cognitive capabilities through 14
distinct subtasks. It uses carefully designed
instruction-answer pairs and clear instructions to
minimize data leakage and ensure fair evalua-
tion. This setup provides a reliable measure of a
model’s performance across a variety of tasks.
POPE is specifically designed to evaluate object
hallucination. It consists of a series of binary ques-
tions regarding the presence of objects in images,
using accuracy, recall, precision, and F1 score as
metrics. This method provides a precise assess-
ment of hallucination levels under various sam-
pling strategies.

SQA covers a broad range of domains, includ-
ing natural sciences, language, and social sciences.
The questions are organized hierarchically into 26
topics, 127 categories, and 379 skills, offering a
diverse and comprehensive framework for evaluat-
ing multimodal understanding, multi-step reason-
ing, and interoperability.

VizWiz is a visual benchmark created to sup-
port visually impaired individuals. It consists
of real-world images taken by blind users, each
paired with questions they ask about the images.
The dataset includes 20,523 training, 4,319 vali-
dation, and 8,000 test image-question pairs, with
each question having 10 human-annotated an-
swers. VizWiz challenges models to either provide
accurate answers to the questions or determine if
a question is answerable, emphasizing practical vi-
sual understanding and accessibility.

TextVQA focuses on the integration of textual in-
formation within images. It tests a model’s ability
to read and reason about text embedded in visual
content, requiring the model to understand both vi-
sual and textual elements in order to answer ques-
tions correctly.

MMB provides a hierarchical evaluation frame-
work that categorizes model capabilities into three
levels. The first level (L-1) focuses on perception
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and reasoning. The second level (L-2) expands
on this by introducing six sub-abilities, while the
third level (L-3) further refines these into 20 spe-
cific dimensions. This structured approach en-
ables a detailed and comprehensive assessment of
a models diverse capabilities.

AI2D is a dataset that contains over 5,000 ele-
mentary school science diagrams, with more than
150,000 rich annotations, their basic factual syn-
tactic parsing, and over 15,000 corresponding
multiple-choice questions.

1.2 Models

We evaluate HalfV using various open-source
MLLMs. In particular, we assess our method
on four prominent models: LLaVA-v1.5-7B%,
LLaVA-v1.5-13B" (Liu et al., 2023), LLaVA-
NeXT-7B* (Liu et al., 2024b), and Qwen2.5-VL
7B-Instruct’ (Bai et al., 2025).

LLaVA-v1.5. LLaVA-vl.5 models process im-
ages with a 336 x336 resolution and treat each im-
age as 576 tokens. Each image is divided into non-
overlapping patches, with each patch being treated
as a token, enabling the model to process the im-
age in a way that aligns with the transformer archi-
tecture used for multimodal tasks.

LLaVA-NeXT. LLaVA-NeXT divides high-
resolution images into smaller subimages and
encodes both the subimages and downsampled
original images independently. This approach en-
ables the model to scale the input to any arbitrary
resolution without the need for positional embed-
ding interpolation, which is typically required for
Vision Transformers (ViTs) (Dosovitskiy et al.,
2021). Compared to LLaVA-1.5, LLaVA-NeXT
scales the input image resolution by 4(E and
increases the number of visual tokens by up to
5, resulting in 2880 tokens per image.
Qwen2.5-VL. Qwen2.5-VL’s architecture is de-
signed to handle large-scale vision-language tasks
by efficiently processing high-resolution images,
making it more capable of understanding and gen-
erating accurate descriptions of images. This
makes it particularly effective for real-world appli-
cations that require both high visual fidelity and

*https://huggingface.co/liuhaotian/1lava-v1.
5-7b

Thttps://huggingface.co/liuhaotian/llava—v1.
5-13b

*https://huggingface.co/liuhaotian/1lava-v1.
6-mistral-7b

§https://huggingface.co/Qwen/QwenZ.
5-VL-7B-Instruct

multimodal reasoning. Additionally, Qwen2.5-
VL employs advanced attention mechanisms that
allow it to efficiently scale to larger datasets
while maintaining accuracy across a wide range of
benchmarks.

1.3 Baselines

To evaluate the effectiveness of HalfV, we
compare it with mainstream methods based on
token-level redundancy and layer-level redun-
dancy. Token-level redundancy-based methods
mainly focus on how to select and prune visual to-
kens, which can be further divided into attention-
based visual token pruning and diversity-based vi-
sual token pruning. In the comparative experi-
ments, we use FastV (Chen et al., 2024a), Spar-
seVLM (Zhang et al., 2024b), PDrop (Xing et al.,
2024), VisionZip (Yang et al., 2025¢), HoloV (Zou
et al., 2025), and other attention-based methods,
as well as DivPrune (Alvar et al., 2025) and other
diversity-based visual methods as baselines. Addi-
tionally, we include layer-level redundancy-based
visual token pruning methods such as BTP (Li
et al., 2025) and VTW (Lin et al., 2025) for com-
parison. As a novel approach based on layer lock-
ing, ShortV (Yuan et al., 2025) is also included as
one of our baselines for comparison.

FastV concentrates on pruning tokens in the early
stages by utilizing attention maps, thereby signif-
icantly reducing computational costs in the initial
layers.

SparseVLM assesses token importance through
cross-modal attention and incorporates adaptive
sparsity ratios, along with an innovative token re-
cycling mechanism.

PDrop employs a progressive token-dropping ap-
proach throughout the model stages, creating a
pyramid-shaped token structure that optimizes
both efficiency and performance.

VisionZip determines token importance using at-
tention in the encoder and clusters the remaining
tokens based on key similarity.

DivPrune addresses the token pruning challenge
in LMMs by formulating it as a Max-Min Diver-
sity Problem (MMDP), selecting a subset of to-
kens that maximize diversity.

BTP reduces the number of vision tokens by prun-
ing in multiple stages, initially focusing on the
global impact on subsequent layers and later em-
phasizing the preservation of local output consis-
tency.

VTW drops all visual tokens after the K-th layer,
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Model LIVR RIVR Rs

LLaVA-1.5v-7B (32 Layers) 3 50% 0.2 15
LLaVA-1.5v-13B (40 Layers) 3 50% 0.2 15
LLaVA-NeXT-7B (32 Layers) 2 50% 0.1 16

Qwen25-VL-7B (28 Layers) 2 [25%,5%] 0.1 21

Table 9: Hyperparameters for HalfV

enabling only text tokens to engage in the subse-
quent layers.

ShortV uses a novel metric, Layer Contribution
(LC), to identify ineffective layers in Multimodal
Large Language Models (MLLMs) and freezes vi-
sual token updates in these layers, significantly re-
ducing computational costs while maintaining per-
formance.

I.4 Implementation Details

All of our experiments are conducted on
NVIDIA GeForce RTX 4080 SUPER (32G) GPU.
The implementation was carried out in Python
3.10, utilizing PyTorch 2.1.2, and CUDA 13.0. All
baseline settings follow the original paper.

LI.5 Hyperparameters

In the real test environment, four hyperparame-
ters need to be defined for the inference process:
the number of IVR layer Liyg, the retention ratio
Ryvr, the anchor retention ratio Rs, and the SSR
starting layer Lssr. To facilitate the reproduction
of our experimental results, we list the parameter
settings used for different models in Table 9. Note
that Lyyr and Lgsr correspond to the starting lay-
ers of Stage II and Stage III, respectively. The
detailed recognition process for each stage can be
found in Section 3.1 and Appendix B.

The experiment also includes other baseline
methods, with specific experimental parameters
shown in Table 10. For single-stage visual to-
ken pruning methods, such as FastV, FitPrune, and
SparseVLM, the pruning layer number K and the
pruning ratio [2. For multi-stage visual token prun-
ing methods, the list of pruning layers and the ratio
of retained tokens after each pruning stage must
be provided. For the reproduction of the VITW
method, we follow the approach in the original pa-
per, removing all visual tokens at the L/2 layer,
where L is the total number of layers. For the re-
production of the ShortV method, we lock the vi-
sual tokens based on the layer number N selected
in the original paper.

In the efficiency evaluation and the module-
efficiency ablation experiments, we use the same

Model Method R K N
Single-stage 33.3% 2
LLaVA-1.5v-7B  Multi-stage  [50%,75%.,87.5%] [5,10,20] -
ShortV - - 19
Single-stage 33.3% 2
LLaVA-1.5v-13B  Multi-stage  [50%,75%.,87.5%] [5,10,20] -
ShortV - - 24
Single-stage 33.3% 2
LLaVA-NeXT-7B  Multi-stage  [50%,75%,87.5%] [5,10,20] -
ShortV - - 24
Single-stage 22.2% 2
Qwen25-VL-7B  Multi-stage  [50%,75%,87.5%] [5,10,20] -
ShortV - - 19

Table 10: Baseline Settings

settings as in the main experiments for both
LLaVA-NeXT-7B and Qwen2.5-VL-7B. For the
anchor retention ratio sensitivity study, we set the
overall pruning ratio to 50% on LLaVA-NeXT-
7B and 77.8% on Qwen2.5-VL-7B. For visualiza-
tion, we fix the overall pruning ratio to 77.8% for
both LLaVA-1.5v-7B and Qwen2.5-VL-7B. In ad-
dition, for the sensitivity study on the SSR starting
layer, we set the sparse-token retention ratio to 5%
on Qwen2.5-VL-7B.

1.6 Computational Complexity

We analyze the computational operations in the
self-attention mechanisms and FFNs within the
layers of the underlying LLM architecture. Let ¢
denote the count of text tokens, v is the count of
visual tokens, A is the hidden state dimension, and
m is the intermediate dimension of the FFNs. The
FLOPs in the three stages are calculated as:

By = 2(t + v)(4h + 3m)h + 4(t + v)°h,
Fi =2(t +v")(4h 4+ 3m)h + 4(t +v')?h,

A {2t(4h + 3m)h + 4t(t +v')h,
2(t + vesr) (4h + 3m)h + A(t + vesr) b,

43)
where v’ is the number of visual tokens after Stage
II pruning. For Stage III, Fyy depends on the
architecture-aware strategy: for Layer-level Inac-
tivity (e.g., LLaVA), visual updates are terminated
(Vactive = 0), so only text tokens consume com-
pute while attending to the full context v’; for Ex-
treme Token Sparsity (e.g., Qwen), computation is
restricted to the top active visual tokens vy (Where
vssr << V). The total FLOPs for the entire process
is then the weighted sum of the FLOPs for each
stage, calculated as:

FLOPs = Ly x Fi+ Li X Fii+ L X Fin, (44)

where Ly, Ly, Ly represent the number of layers
for each corresponding stage.
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Model t ) h m
LLaVA-1.5v-7B 50 576 4096 11008
LLaVA-1.5v-13B 50 576 5120 13824
LLaVA-NeXT-7B 50 2352 4096 14336
Qwen25-VL-7B 50 2352 3584 18944

Table 11: Computational Settings

In the computational complexity analysis of
Section 1.6, the number of text tokens ¢ and visual
tokens v are required. Since the number of text
tokens varies in real-world testing environments,
we assume ¢ = 50 for consistency. Additionally,
for the LLaVA-1.5v series models, the number of
visual tokens generated is fixed at 576. However,
for the LLaVA-NeXT and Qwen series models, the
number of visual tokens is dynamically changing.
Based on the demand for high-resolution images
in real-world scenarios, we set v = 2352. The
other parameter settings are determined by the spe-
cific characteristics of each model, with the de-
tailed data presented in Table 11.

J Clarifications and Differences from
Related Work

Current approaches for accelerating multimodal
large models during the prefill stage can be
broadly categorized into two main directions:
token-level acceleration and layer-level accelera-
tion. The former studies how to design effective
selection strategies that retain informative tokens
while removing redundant ones to reduce compu-
tation. The latter focuses on identifying ineffi-
cient or redundant layers and lowering overall cost
through layer skipping, early exiting, or freezing.
We systematically analyze the strengths and limi-
tations of both lines of work.

Token-level methods can significantly speed up
prefill by retaining only a small number of vi-
sual tokens in early layers. However, under ag-
gressive pruning ratios, especially for training-
free schemes, model performance often degrades
substantially, making the final outputs fall short
of practical expectations. In contrast, layer-level
methods typically preserve model quality more re-
liably, but their speedup is constrained by a clear
bottleneck. When processing high-resolution im-
ages or videos that produce a large number of vi-
sual tokens, even keeping only a few dense lay-
ers can still incur considerable computation, so the
overall acceleration often struggles to exceed 2(E.

Moreover, we find that such methods are highly
model-dependent. For architectures with more ac-
tive inter-layer representations and few ineffective
layers, it is difficult to maintain original perfor-
mance while sparsifying computation across lay-
ers.

Prior work usually designs acceleration strate-
gies from a single perspective. Our observations
suggest that a multi-level, model-aware accelera-
tion design grounded in internal inference dynam-
ics can improve efficiency while preserving perfor-
mance to a much greater extent. In this section,
we further clarify and distinguish our method from
several related works that share partially similar
designs from certain viewpoints.

J.1 Comparison with ShortV

ShortV (Yuan et al., 2025) proposes a layer
contribution metric to estimate how much each
layer affects the model output on a calibration set,
thereby identifying redundant layers. It then re-
duces computation by freezing visual tokens in
these layers, avoiding their matrix operations dur-
ing the forward pass. We find that this strat-
egy is highly dependent on the models internal
redundancy structure. For the LLaVA family,
where inter-layer redundancy is relatively high,
ShortV can effectively skip visual-token compu-
tation in redundant layers and thus improve infer-
ence speed.

However, when transferring this approach to
the Qwen family, freezing even 5-6 relatively re-
dundant layers leads to a substantial performance
drop. We further analyze the layer-wise redun-
dancy of Qwen2.5-VL-7B and observe that its re-
dundancy is 2-3 orders of magnitude lower than
that of LLaVA. This indicates that Qwen models
exhibit very limited inter-layer redundancy, mak-
ing layer-redundancy-based acceleration less suit-
able.

In contrast, we observe that Qwen, despite
its low layer redundancy, still exhibits a visual
saturation phenomenon similar to LLaVA. More-
over, in Qwen this phenomenon manifests as ex-
treme token sparsity. We explicitly leverage this
architecture-dependent property to achieve a bet-
ter balance between high speedup and strong per-
formance on the Qwen family.

J.2 Comparison with BTP

BTP (Li et al., 2025) applies multi-stage prun-
ing and selects pruning layers via inter-layer co-
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sine similarity on a fixed sample set. It thus relies
on a static, data-driven layer profile. By contrast,
our method is grounded in the functional lifecy-
cle of redundancy. We explicitly align acceleration
with how redundancy emerges and evolves.

J.3 Comparision with PDrop

PDrops (Xing et al., 2024) key contribution is
to reveal an important phenomenon: LVLMs are
much more sensitive to visual-token pruning in
shallow layers, while pruning in deeper layers is
considerably more robust. However, PDrop does
not further investigate the underlying mechanism
behind this observation. In contrast, our work pro-
vides a principled explanation through Truncated
Matrix Entropy (TME). We show that the robust-
ness in deep layers stems from a global aggrega-
tion stage inside the model, after which critical in-
formation can be consolidated into a small subset
of visual tokens.

Moreover, PDrop adopts a uniform stage par-
tition and prunes tokens progressively from shal-
low to deep layers based on intuition. Differ-
ent from this heuristic design, our method lever-
ages internal model properties to identify more
appropriate processing layers. Empirically, we
achieve better performance than PDrop under com-
parable speedup ratios, which we attribute to our
model-aware design rather than an intuitive, uni-
form pruning schedule.

K Ethics Statement

This work utilizes public datasets and open-
source models, and we identify no significant eth-
ical issues regarding data privacy or potential mis-
use. In accordance with the ACL Policy on Al
Writing Assistance, we declare that Al tools were
employed solely for the purpose of refining the
writing style, correcting grammatical errors, and
improving readability. The generation of core
ideas, experimental design, data analysis, and the
formulation of scientific conclusions were con-
ducted entirely by the human authors.
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4 )

Does this artwork exist in the form of painting? Does this artwork belong to the type of religious?
Please answer yes or no. Please answer yes or no.
] ]
a2 - §
Q Q
& Yes. = Yes.
1 1
Q Yes. a Yes.
Yes. Yes.
. . . - . I -
Does this artwork exist in the form of architecture? a2 Does this artwork belong to the type of still-life? a2
Please answer yes or no. Please answer yes or no.
Q Q
& No. =] No.
1 1
@ Yes. @ Yes.
= No. "o' No.
Q : -1.5- -1.5- Q : 1.5~ 1.5~
@ Llava-1.5-7B Q Llava-1.5-7B Llava-1.5-7B @ Llava-1.5-7B a Llava-1.5-7B Llava-1.5-7B
- (FastV) a (HalfV) - (FastV) (HalfV)

L -

(a) MME (Artwork): FastV fails to reject false attributes (e.g., classifying a painting as architecture) due to the loss of
stylistic textures.

(" R

Is this movie titled the neon demon (2016)? Is this movie titled the fisher king (1991)?
Please answer yes or no.
(] )
a a2
Q Q
D) Yes. = Yes.
' '
@ Yes. Q Yes.
Yes. Yes.
-
Is this movie titled man on fire (2004)? “ Is this movie titled a good day to die hard (2013)? ;
Please answer yes or no. Please answer yes or no.
? 1
a Yes. Q Yes.
No No.
Q Quen2.5-VLTB é Qwen-2.5-VL-7B ) Qwen-2.5-VL-7B Q é Qwen-2.5-VL-7B ) Qwen-2.5-VL-7B
& ’ 8 (FastV) a (HalfV) @ oven25viB & (FastV) (HalfV)

)

(b) MME (Fine-Grained Perception): FastV fails adversarial queries by pruning critical peripheral text (Left) or fine-
grained facial features (Right).

Figure 17: Qualitative Case Studies on MME
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Is there a person in the image? Is there a train in the image?
Yes, there is a person in the image. I can see a skier . L. . . .
Q . . . Q Yes, there is a train in the image. It is moving along
&= wearing a blue jacket and orange helmet coming & i
the elevated railway track above the street.
down the slope.
. .
a Yes, there is a person. ) Yes, there is a train.
Yes, there is a person in the image. @ Yes, I can clearly see a train on the bridge.
. . o [ ] . . . )
Is there a backpack in the image? a Is there a truck in the image? a
Q Yes, there is a backpack. The skier is carrying a @ No, there is no truck in the image.
L=y backpack, which appears to be orange or brown. .
. Q Yes, there is a truck on the road.
a Yes, there is a backpack.
@ No, there is no truck in the image.
@ Yes, there is a backpack visible on the skier's back.
-
- Is there a dog in the image? 2
Is there a dining table in the image? “
Q . . .
Q @ No, there is no dog in the image.
()] No, there is no dining table in the image. s
' a No, there is no dog.
a Yes, there is a dining table.
€ No, I do not see a dog.
@ No, there is no dining table in the image. =
Q # Llava1.5.7B 5\ Llava-1.5-7B ) g Llava-15-7B Llava-1.5-78
k @ Llava-1.5-78 @ (FastV) (HalfV) @ Hove 378 @ (FastV) (HalfV)

(a) POPE (Hallucination): FastV hallucinates objects (e.g., a dining table or truck) caused by pruning environ-
mental context or non-salient details.

. . - -
Is the the ? = i i 9 2
s there a person in the image -y Is there a truck in the image? a2
o Yes, there is a person in the image. There are several o Yes, there is a truck in the image. It appears to be a
& people walking on the wet street, some holding & white commercial van or broadcasting vehicle
umbrellas to shelter from the rain. equipped with a satellite dish.
' .
a Yes, there is a person. a Yes, there is a truck.
Yes, I can see people walking in the street. @ Yes, I can see a white truck or van.
- -
Is there a giraffe in the image? a2 Is there a banana in the image? a2
& No, there is no giraffe in the image. @ No, there is no banana in the image.
: R R :
) Yes, there is a giraffe. ) Yes, there is a banana.
=) No, there is no giraffe in the image. @ No, there is no banana in the image.
Is there a handbag in the image? ; Is there a car in the image? ;
Q Yes, th_ere is a handbag. "_l'he Wo@an on the right, Q Yes, there is a car in the image. The white van can
& holding a red umbrella, is carrying a patterned @ | be considered a type of car, and there may be other
shoulder bag. vehicles in the background.
@ Yes, there is a handbag. a No, there is 1o dog.
) Yes, I can clearly see a handbag carried by the woman No, I do not see a dog.
= on the right.
) L 2.5-VL- Q 3 2.5 VL Qwen-2.5-VL-7B
P Qwen-2.5-VL-TB () Qwen-2.5-VL-7B 25.vL7B (@) QVen-25-VLTB !
\ @) Quen25-vL78 (@ Faty) . @alty) & Qven2- : (FastV)

(HalfV) j
(b) POPE (Color Distraction): FastV suffers from color-induced hallucinations, misinterpreting yellow objects
(a taxi or pavement markings) as a “giraffe” or “banana” due to the loss of texture and geometry.

Figure 18: Qualitative Case Studies on POPE
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/ ‘Which term matches the picture?

"o

["chemical change", "physical change"]
hint: Read the text. When a substance goes through a
physical change, its form or shape changes, but its
chemical composition does not. For example, when
water freezes and becomes a solid, its form changes,
but it is still made up of the same molecules. In a
chemical change, by contrast, one or more of the
molecules in a substance changes. For example, when
vinegar is mixed with baking soda, water and carbon
dioxide molecules form.

The term that matches the picture is physical change.
The image shows ice cubes melting into water on a surface. According to
= the hint, a physical change occurs when a substance changes its form but
not its chemical composition. Since melting changes water from solid to
liquid without changing the molecules, it is a physical change.

The term that matches the picture is chemical change. The image displays
ice cubes. I can see bubbles forming inside the ice, which suggests that a
@) | gas is being released or a reaction is taking place. The hint states that in a
chemical change, new molecules are formed. Therefore, the formation of
bubbles indicates a chemical change.

The term that matches the picture is physical change.
The image clearly shows a process where ice cubes are turning into liquid
water. This is a change in the state of matter, specifically melting. Based
on the hint, when water freezes or melts, its form changes but it is still
made of the same molecules. Thus, this is a physical change.

Llava-1.5-7B
(HaltV)

é Llava-1.5-7B

Q
\ & Liava-157B :
(FastV)

Which of these continents does the equator intersect?
["North America", "Australia", "Africa"]

P U
T

The correct answer is Africa. Based on the lecture, the
equator is the line located at 0° latitude. Looking at the
o map, I can identify the horizontal line labeled '0°' in the
@ middle. Tracing this line across the map, it clearly passes
through the continent labeled South America and the
continent labeled Africa. It lies to the south of North
America and to the north of Australia. Since 'Africa’ is the
only correct option provided, that is the answer.

The correct answer is Australia. The equator is the
imaginary line in the middle of the earth. In the image, I
@) can see the continents. Australia appears to be located near

the central region of the map where the equator would be.
North America is too far up. Therefore, the equator
intersects Australia.

The correct answer is Africa.
According to the hint, the equator is at 0° latitude. On the
map, I can clearly see the grid lines. The line marked 0°
runs horizontally across the center. By following this

specific line, I can see it intersects the landmass labeled
Africa. In contrast, the line is above Australia and below
North America. Thus, the equator passes through Africa.

@ Levelsos (@ VlsvelSTB Llava-1.5-78

(FastV) (HalfV))

-/

(a) ScienceQA (Reasoning): FastV fails in multimodal reasoning tasks (state changes and map reading) due to

the loss of critical fine-grained visual cues.

/

Which air temperature was measured within the
outlined area shown? ["32°C", "10°C", "5°C"]
hint: The map below shows air temperatures in
the lower atmosphere on October 1, 2015. The
outlined area shows an air mass that influenced -
weather in North America on that day. Look at

the map. Then, answer the question below.

b2

Data source: United States National Oceanic
and Atmospheric Administration/Earth System
Research Laboratory, Physical Sciences
Division.

The correct answer is 32°C. First, I located the area outlined in white
on the map, which is in the southwestern region. The color inside
this outline is a deep dark orange. Next, I looked at the legend at the

@0

bottom of the map. The legend shows that the dark orange/brown
color corresponds to the temperature range between 30°C and 35°C.
Among the choices, 32°C is the only value that fits within this range. @

The correct answer is 10°C. The map shows air temperatures across
North America. I can see the outlined area, but based on the general
a color patterns, it seems to represent a moderate temperature. The .
legend is not clearly visible to define the exact range, but light a
orange usually suggests around 10°C.

The correct answer is 32°C. I can clearly see the white oval outline
enclosing a dark orange region. Although the legend at the bottom is
small, I can read the scale. The color of the outlined area matches the @)
far right side of the legend, which indicates temperatures above
25°C, specifically in the 30-35°C bracket. Therefore, 32°C is the
correct temperature.

Qwen-2.5-VL-7B
(HaltV)

&, Quen25VLTB

Q
@) Quen25-VL7B
k (FastV)

‘What can Riley and Ken trade to each get what they want?

["Riley can trade her tomatoes for Ken's broccoli.", "Ken can trade his broccoli
for Riley's oranges.", "Riley can trade her tomatoes for Ken's sandwich.", "Ken
can trade his almonds for Riley's tomatoes."]
hint: Trade happens when people agree to exchange goods and services.
People give up something to get something else. Sometimes people barter, or
directly exchange one good or service for another.Riley and Ken open their
lunch boxes in the school cafeteria. Both of them could be happier with their
lunches. Riley wanted broccoli in her lunch and Ken was hoping for tomatoes.
Look at the images of their lunches. Then answer the question below.

The correct answer is Riley can trade her tomatoes for Ken's broccoli.
According to the hint, Riley wants broccoli and Ken wants tomatoes.
Looking at the images: Riley's lunch (left) contains cherry tomatoes. Ken's
lunch (right) contains broccoli florets. Since Riley has what Ken wants
(tomatoes) and Ken has what Riley wants (broccoli), they can trade these two
items so that both get what they desire.

The correct answer is Ken can trade his almonds for Riley's tomatoes.
The hint says Ken wants tomatoes, and I can see tomatoes in Riley's lunch.
Ken has almonds in his lunch. Trading almonds for tomatoes would give Ken
what he wants.

The correct answer is Riley can trade her tomatoes for Ken's broccoli.
The hint states that Riley specifically wants broccoli and Ken wants tomatoes.
In the image, I can identify the specific contents of the lunchboxes. Riley has
tomatoes to give. Ken has broccoli in the green compartment of his lunchbox.
By trading tomatoes for broccoli, both specific needs mentioned in the hint are

met.
Q .
Qwen-2.5-VL-7B Q Qwen-2.5-VL-7TB Qwen-2.5-VL-7TB
@ T (FastV) (HalfV)

\

b2

o/

(b) ScienceQA (Multimodal Reasoning): FastV fails in complex reasoning tasks due to the loss of visual refer-
ence tools (the map legend) or small, low-saliency objects (the broccoli).

Figure 19: Qualitative Case Studies on SQA
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