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Supplementary Material

Al. Details of Benchmarks

We describe the details of nine benchmarks used in
“Sec. 3.2. Motivation Investigation: Modality-Aware Sen-
sitivity Analysis” and “Sec. 4. Experiments”, including:

* GQA [9] evaluates compositional visual reasoning over
real-world images. It uses scene graphs from images to
generate complex, multi-step questions, aiming to move
beyond simple object recognition and reduce the biases
found in earlier VQA datasets.

¢ MMBench-EN (referred as MMB) [14] is the En-
glish portion of MMBench, a bilingual multiple-choice
benchmark designed for holistic evaluation of large vi-
sion—language models. It covers diverse abilities such as
perception, reasoning, math, and world knowledge, with
carefully curated questions and quality control to enable
fair, scalable comparison across models.

* MME [7] is a comprehensive evaluation suite for multi-
modal large language models that explicitly separates per-
ceptual and cognitive skills. It spans 14 subtasks (e.g., ex-
istence, OCR, counting, commonsense, code reasoning,
etc), using manually designed instruction—answer pairs to
reduce data leakage. We report the sum score of their per-
ception and cognition (all 14 subtasks) evaluation.

e MMMU [22] is a challenging benchmark featuring ques-
tions from college-level problems across six core dis-
ciplines, such as Art & Design, Science, Health &
Medicine, etc. It is designed to evaluate a model’s expert-
level knowledge and ability to perform deliberate reason-
ing with complex, multi-modal information.

* OK-VQA [16] is a visual question answering benchmark
where answering requires external world knowledge be-
yond what is directly visible in the image.

¢ POPE [12] is a targeted benchmark for measuring object
hallucination in large vision-language models. It builds
yes/no questions about the presence of candidate objects
in images to quantify hallucination via accuracy and re-
lated metrics.

* ScienceQA-IMG (referred as SQAjmg) [15] is the image-
based subset of ScienceQA, a multimodal science ques-
tion answering benchmark collected from elementary and
high school science curricula, emphasizing the chain of
thought (CoT) reasoning ability.

* TextVQA [19] focuses on answering questions that re-
quire reading and understanding text embedded in im-
ages.

¢ VizWiz [8] is a VQA dataset constructed from real visual
questions asked by blind and visually impaired users, who

capture images with a mobile phone. It features challeng-
ing, often low-quality images, making it a realistic bench-
mark for evaluating practical VQA systems.

A2. Beyond Unstructured Pruning: Additional
Discussion on Semi-Structured Pruning

While the main paper focuses on the flexible unstructured
pruning to demonstrate the fundamental capability of AT V-
Pruning, here we complement those results by evaluat-
ing our approach under hardware-friendly semi-structured
sparsity in the general N:M setting. This format imposes
fixed, non-negotiable structural constraints crucial for en-
abling efficient inference acceleration on modern GPUs. In
the N:M setting, in each group of M consecutive weights
exactly N remain non-zero. Specifically, we study the
NVIDIA-compatible 2:4 pattern and the more flexible 4:8
variant, both yielding uniformly distributed 50% sparsity
across linear layers. The 2:4 format, in particular, is natively
supported by NVIDIA Ampere and Hopper architectures
and allows direct use of sparse Tensor Cores [17]; prac-
tical acceleration for LLM backbones (e.g., LLaMA [21])
commonly falls in the range of 1.2x-1.6x [20].

Tab. Al reports results on LLaVA-NeXT (8B) [13],
where we apply o« = 1.0 for ATV-Pruning in both patterns.
As expected, semi-structured pruning is more restrictive
than unstructured sparsification, causing all methods to ex-
perience noticeable degradation relative to the dense model.
Nonetheless, AT V-Pruning consistently shows the strongest
robustness: it achieves the highest average retained perfor-
mance of 76.29% under 2:4 and 85.54% under 4:8, out-
performing all baselines by a clear margin and leading on
most benchmarks. Notably, the gains persist across both the
stricter 2:4 constraint and the more relaxed 4:8 setting, indi-
cating that our pruning criterion reliably preserves essential
weights even under rigid structural patterns. These results
highlight ATV-Pruning as a practical and effective solution
for accelerating LLMs on widely used hardware backends.

A3. An Extension of “Tab. 2”’: Additional Re-
sults on Other Backbone Models

To further examine the robustness and generality of our ap-
proach, we extend ATV-Pruning to two additional LVLMs:
LLaVA-OneVision (7B) [11] and Qwen2.5-VL (7B) [2],
with e = 1.0. The comparison results at 60% unstructured
sparsity are reported in Table A2, which serves as an exten-
sion of “Tab. 2”. Overall, ATV-Pruning continues to deliver



Methods | GQA MMB MME MMMU OKVQA POPE  SQAj,, TextVQA VizWiz | Average
LLaVA-NeXT 8B, Dense ‘ 65.34 72.16 1965.12 40.11 60.13 87.84 73.28 65.42 57.65 ‘ 100%
LLaVA-NeXT 8B 2:4 Semi-Structured Sparsity

SparseGPT [6] 55.13 42.61 1249.34 28.89 16.79 88.21 34.71 58.58 53.88 70.86%
Wanda [20] 54.67 37.80 1370.97 28.00 11.07 87.52 58.08 55.84 55.01 72.62%
TAMP [10] 56.31 42.44 1401.91 28.67 13.84 87.46 57.76 56.11 57.15 74.90%
ATV-Pruning (Ours) 57.14 46.82 1466.78 29.56 17.91 87.11 52.16 55.71 58.01 76.29%
LLaVA-NeXT 8B 4:8 Semi-Structured Sparsity

SparseGPT [6] 59.72 57.39 1451.30 30.44 26.47 87.87 59.59 62.25 58.76 82.57%
Wanda [20] 60.01 59.88 1507.97 30.67 16.60 88.33 63.91 60.13 56.69 81.52%
TAMP [10] 60.57 59.19 1590.90 32.56 20.66 88.20 64.65 60.08 57.90 83.57%
ATV-Pruning (Ours) 60.38 60.57 1688.91 32.89 27.23 88.01 61.68 60.44 59.70 85.54%

Table Al. Semi-structured (2:4; 4:8) pruning comparisons on LLaVA-NeXT (8B). Best results are highlighted in green.

Methods ‘ GQA MMB MME MMMU OKVQA POPE SQAj,, TextVQA VizWiz ‘ Average
LLaVA-OneVision 7B, Dense ‘ 62.25 80.84 1998.62 49.22 61.00 89.13 95.93 76.05 60.38 ‘ 100%
LLaVA-OneVision 7B 60% Sparsity

SparseGPT [6] 58.56 73.71 1538.61 37.33 44.65 89.72 79.03 72.62 62.72 88.19%
Wanda [20] 54.86 72.34 1293.20 37.89 25.28 89.54 78.58 69.64 61.00 78.25%
TAMP [10] 57.64 73.20 1571.36 39.67 37.65 89.54 78.58 69.64 61.00 86.56%
ATV-Pruning (Ours) 58.05 74.57 1406.75 40.11 46.15 89.78 80.47 70.23 61.98 88.07%
Qwen2.5-VL 7B, Dense ‘ 60.49 83.25 2333.14 50.78 42.22 87.48 - 82.93 70.48 ‘ 100%
Qwen2.5-VL 7B 60% Sparsity

SparseGPT [6] 54.26 72.94 2165.54 33.89 26.52 88.58 - 76.63 65.28 85.75%
Wanda [20] 51.30 73.88 1557.82 34.78 15.80 89.16 - 75.60 60.53 78.15%
TAMP [10] 55.76 74.23 1974.18 39.22 22.81 88.52 - 77.96 63.58 85.33%
ATV-Pruning (Ours) 57.58 74.91 1977.43 39.89 23.57 88.56 - 78.07 64.73 86.44%

Table A2. Additional pruning results for LLaVA-OneVision and Qwen2.5-VL at 60% unstructured sparsity, serving as an extension of
“Table 2”. Best results are highlighted in green. SQAjn results for Qwen2.5-VL are omitted because the current 1mms—eval setup does

not yield reliable evaluations.

strong performance across architectures, confirming its ef-
fectiveness beyond the models discussed in the main paper.

Across both models, ATV-Pruning consistently outper-
forms Wanda-style baselines (Wanda [20] and TAMP [10])
by a clear margin. For instance, on LLaVA-OneVision, it
improves average retention by +9.82 and +1.51 points over
Wanda and TAMP, respectively; on Qwen2.5-VL, the gains
are +8.29 and +1.11. This underscores that ATV-Pruning
better preserves multimodal activation statistics during cal-
ibration compared to other activation-aware methods.

Notably, AT V-Pruning is also competitive with, and often
superior to, SparseGPT [6]. It delivers the best results on a
greater number of benchmarks across both models, closely
tracking SparseGPT’s average performance on LLaVA-
OneVision (88.07% vs. 88.19%) while achieving the high-
est overall average on Qwen2.5-VL with 86.44%—a +0.69
point improvement over SparseGPT.

In summary, across all four tested models (LLaVA-
NeXT, Qwen2-VL, LLaVA-OneVision, and Qwen2.5-VL)
at high sparsity (60%), ATV-Pruning consistently exhibits
superior stability, leading on more individual benchmarks
than other methods. Given our high performance reten-
tion at a pruning cost only marginally higher than Wanda

(as shown in “Sec. 4.5. Pruning Efficiency Analysis™),
ATV-Pruning provides the optimal trade-off between per-
formance and efficiency.

A4. Experimental Details for “Sec. 3.2. Moti-
vation Investigation: Modality-Aware Sen-
sitivity Analysis”

We detail the experimental setup for the motivation investi-
gation in Sec. 3.2, involving the following aspects:

Adopted Benchmarks. Our sensitivity analysis is con-
ducted on three standard LVLM benchmarks: MMBench-
EN (MMB) [14], ScienceQA-IMG (SQAing) [15], and
VizWiz [8]. Consistent with our main experiments, all eval-
uations are managed via the lmms—eval toolkit [23] and
adhere to the official metrics for each benchmark.

Implementation Details. All analyses use LLaVA-NeXT
(8B) [13] as the backbone model. Activation statistics
are estimated from a calibration pool of 128 high-quality
image-text pairs from ShareGPT4V [3], identical to the cal-
ibration set used in our main experiments. The Mixture-
of-Transformer (MoT) [5, 18] analysis probe is constructed
by replicating the QKV and FFN linear layers within each



Transformer block to create distinct textual and visual path-
ways. A modality mask routes tokens to their respective
pathway. Other components, such as residual connections,
positional encodings, and the core attention logic, remain
shared and identical. Pruning is then applied independently
to each pathway under the three calibration configurations:
text-only, image-only, and mixed.

AS. Implementation Details for “Sec. 4.3.2 Dis-
cussion on Selection Strategy of Visual To-
kens”

Recalling Sec. 4.3.2, we evaluate two alternative saliency
signals for visual token selection: (i) an attention-based
signal (ABS) and (ii) a diversity-based signal (DBS).
These serve as ablative comparisons to our proposed visual
drift metric (defined in Eq. 4). Here, we further provide
their corresponding implementation details.

AS.1. Attention-based Signal (ABS)

For the ABS strategy, we replace the visual drift saliency
score in Eq. 4. The new saliency s, for a visual token v
at block b is defined as the average cross-attention score it
receives from all text tokens 7 in the prompt.

Let AEb_)W be the attention weight from a text token ¢ €
T to a visual token v in the cross-attention mechanism of
block b. The saliency score is:

1 ()
Sv = T Z At—w
|T| teT

A higher s, indicates that the visual token receives more
attention from the text prompt, implying greater saliency.
This attention-based s,, then replaces the visual drift score
in all subsequent calculations: it is used to calculate the
block-average saliency s (Eq. 5), determine the block-
adaptive budget K (Eq. 6), and perform the final TopK se-
lection (Eq. 7). This approach is inspired by prior attention-
based visual token pruning work [4, 24].

AS.2. Diversity-based Signal (DBS)

The DBS strategy involves a two-part modification, replac-
ing both the saliency definition (Eq. 4) and the selection
mechanism (Eq. 7).

First, to maintain the block-adaptive budgeting frame-
work, we define a per-token diversity score as the saliency
sy in Eq. 4. This score measures the average cosine dis-
tance of a visual token v from all other visual tokens V in
the same sample, using their input representations X;,:

1
Z (1 — cos(Xin,v, Xin,u))

Sy = ———
|V| -1 ueEV, u#v

This score s, is used only to set the block-adaptive bud-
get. Specifically, it is aggregated across all visual tokens to
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Figure Al. Trend of ATV-Pruning’s block-wise Visual Drift
and Adaptive Token Allocation on LLaVA-NeXT (8B) with o =
1.0. The left y-axis measures the average visual drift per block.
The right y-axis indicates the corresponding average number of
visual tokens selected per sample. The trend illustrates the block-
adaptive nature of our method: more tokens are retained in layers
where visual representations undergo significant updates.

compute the block-average saliency s (Eq. 5), which in turn
determines the per-sample budget K (Eq. 6).

Second, we replace the simple TopK selection (Eq. 7).
Note that we do not simply take the TopK of these s,
scores. A high s, only indicates high average diversity. It is
possible for the K tokens with the highest s, to be clustered
together (e.g., all are distant from the majority of tokens, but
form a small, tight cluster themselves). Therefore, to en-
sure the selected subset is internally diverse, we replace the
TopK rule with a max-min diversity selection scheme [1].
This scheme directly selects the subset Vg, of size K that
maximizes the minimum pairwise distance among its mem-
bers, operating directly on the token representations. For-
mally, the selection rule (replacing Eq. 7) becomes:

Vsub = argmax ( min

A(Xin s X;
SCVIS|=K \#wESuFtw (Kinus Xin.o)

where d(-, -) is the cosine distance 1—cos(+, -). This directly
optimizes for a diverse subset, avoiding the issue where
TopK selection might choose K tokens that are individu-
ally diverse on average but are all clustered in a similar re-
gion of the representation space, lacking internal diversity.

A6. An Extension of “Sec. 4.3.2 Discussion
on Selection Strategy of Visual Tokens:
Additional Visualization of Visual Drift
across Blocks

To better understand the behavior of our proposed Block-
Adaptive Visual Selection (Sec. 3.3.2), we further visualize
the block-wise statistics of visual drift. Recall that we de-
fine visual saliency based on the representation drift, quan-
tified as the cosine distance between the input and output
features of a visual token within a block (Eq. 4). Conse-
quently, the budget of visual tokens retained, K, is directly



Calibration ‘ MMB MME  SQAjng VizWiz | Average
Visual-only 60.65 1591.69 66.93 60.73 90.4%
Mixed (default) | 63.83 1620.02 69.06 60.73 92.6%
Text-only 64.69 1756.87 69.56 63.25 95.9%

ATV-Pruning 6529  1801.51  69.86 63.34 96.8%

Table A3. Performance of pruning the original LLaVA-NeXT at
50% sparsity under different calibration pools. For Wanda, mixed
calibration is the default setting, and text-only calibration gives the
best retention among all vanilla calibration choices.

proportional to the average saliency 5 of that block (Eq. 5).

Fig. Al illustrates the progression of visual drift across
the 32 Transformer blocks of LLaVA-NeXT (8B) [13] with
a = 1.0 (default setting). We observe that visual drift is
highly non-uniform across the blocks. Specifically, drift is
relatively low in the early stages (Blocks 0-3), indicating
stable feature representations. In contrast, the trend high-
lights two distinct zones of high activity: a broad elevation
in the middle layers (peaking around Blocks 8-12) and a
sharp, significant spike in the final layer (Block 31). By
explicitly coupling the visual token budget K to this trend,
ATV-Pruning acts dynamically: it aggressively minimizes
visual tokens in “visually stable” blocks to allow essential
text tokens to dominate the calibration pool, while automat-
ically preserving a higher density of visual tokens for cal-
ibration in blocks where significant visual feature transfor-
mations occur.

A7. Further Justification for the MoT Probe

We emphasize that the MoT probe in Sec. 3.2 is used solely
as an analysis tool to disentangle modality-specific sensitiv-
ity in LVLM pruning; all pruning results reported in Sec. 4
are obtained on the original LVLM. We further justify this
design from the following three aspects.

(i) MoT does not distort LVLM behavior. Without prun-
ing, the MoT probe is functionally equivalent to the origi-
nal LVLM and produces mathematically identical outputs.
Moreover, when only the visual pathway is pruned while
keeping the textual pathway intact, the model retains over
99% performance (Tab. 1), suggesting that the probe itself
does not introduce obvious artifacts.

(i) The same calibration trend also appears on the orig-
inal LVLM. To verify that our conclusions are not spe-
cific to the probe, we directly prune the original LLaVA-
NeXT [13] with Wanda [20] under different calibration
pools. As shown in Tab. A3, the default mixed calibra-
tion yields 92.6% average retention, while switching to text-
only calibration improves it markedly to 95.9%; visual-only
calibration performs the worst. Thus, the best-performing
vanilla calibration choice for Wanda can be viewed as
text-only, which further supports our main claim that text-
anchored calibration is crucial for activation-aware prun-

ing in LVLMs. ATV-Pruning still achieves the best over-
all performance, reaching 96.8% average retention and out-
performing this oracle text-only calibrated Wanda. We
also note that this behavior is specific to activation-aware
Wanda-style pruning: in our experiments, we do not ob-
serve the same trend for SparseGPT [6], where mixed cali-
bration remains the strongest choice on LVLMs.

(iii) The MoT probe provides additional diagnostic insight.
Beyond recovering the same calibration trend, the MoT
probe further explains why text-only calibration is already
markedly better. In particular, it reveals that the textual
pathway is the primary sensitivity bottleneck, making text
calibration especially important for activation-aware prun-
ing, while the visual pathway is considerably more redun-
dant and can largely preserve performance even under text-
only calibration. These observations motivate our final de-
sign choice in ATV-Pruning, i.e., anchoring calibration on
all text tokens while supplementing them with a compact
subset of salient visual tokens.
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