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Abstract
While Large Vision Language Models (LVLMs) demonstrate impressive capabilities, their substantial computational and
memory requirements pose deployment challenges on resource-constrained edge devices. Current parameter reduction tech-
niques primarily involve training LVLMs from small language models, but these methods offer limited flexibility and remain
computationally intensive. We study a complementary route: compressing existing LVLMs by applying structured pruning to
the language model backbone, followed by lightweight recovery training. Specifically, we investigate two structural pruning
paradigms: layerwise and widthwise pruning, and pair them with supervised finetuning and knowledge distillation on logits
and hidden states. Additionally, we assess the feasibility of conducting recovery training with only a small fraction of the
available data. Our results show that widthwise pruning generally maintains better performance in low-resource scenarios,
where computational resources are limited or there is insufficient finetuning data. As for the recovery training, finetuning only
the multimodal projector is sufficient at small compression levels. Furthermore, a combination of supervised finetuning and
hidden-state distillation yields optimal recovery across various pruning levels. Notably, effective recovery can be achieved
using just 5% of the original data, while retaining over 95% of the original performance. Through empirical study on three
representative LVLM families ranging from 3B to 7B parameters, this study offers actionable insights for practitioners to
compress LVLMs without extensive computation resources or sufficient data.
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1 Introduction

State-of-the-art LVLMs (Chen et al., 2024; Chu et al.,
2023; Liu et al., 2024) based on Large Language Models
(LLMs) (Jiang, 2024; Touvron et al., 2023) require substan-
tial resources. For instance, models in the LLaVA (Liu et
al., 2024) family typically range from 7 to 34 billion param-
eters, and even compact models like Bunny-v1.0 (3 billion
parameters) (He et al., 2024) pose significant deployment
challenges in resource-constrained environments. Reducing
the size of these models without compromising performance
is crucial for adapting them to diverse deployment scenarios
with varying resource constraints.

Since the language backbone typically constitutes the vast
majority of an LVLM’s parameters, it represents the primary
target for compression (Chen et al., 2024; He et al., 2024;
Liu et al., 2024). Existing approaches address this mainly
by building LVLMs from Small Language Models (SLMs)
(Chu et al., 2023; He et al., 2024; Zhu et al., 2024). How-
ever, thesemethods suffer from fundamental limitations: they
are constrained by the fixed size of the underlying SLM and
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Fig. 1 Compression decision flow for LVLMs. The left panel presents
a decision flowchart that guides the choice of pruning and recov-
ery based on the given scenarios, i.e., resource availability and
compression ratio requirements. (i) widthwise pruning only (no recov-
ery) in extremely low?resource settings; (ii) layerwise pruning with

MM?projector fine?tuning for moderate compression (≤ 30%); and
(iii) widthwise pruning + knowledge distillation for high compression
(≤ 45%). The right panel shows spider plots of the retained perfor-
mance across multimodal benchmarks, demonstrating each strategy’s
effectiveness at various compression levels

require expensive, from-scratch training to meet target spec-
ifications. In contrast, we investigate an orthogonal and more
flexible approach: directly compressing existing LVLMs via
structured pruning of their language backbone. This strategy
allows customizable model sizing and performance tuning
without retraining from scratch.

However, simply applying established pruning techniques
to this new domain is non-trivial. While pruning has been
extensively studied for unimodal LLMs, its effectiveness
in LVLMs remains largely unexplored. LVLMs present
unique challenges: pruning the language backbone risks
not only degrading linguistic capabilities but also disrupt-
ing the learned vision-language alignment. Consequently,
understanding how different pruning paradigms and recov-
ery strategies interact under varying resource constraints is
essential for practitioners, yet no systematic study currently
exists.

To address this gap, we conduct a comprehensive inves-
tigation into structured pruning for LVLMs. We focus on
structured pruning because it provides immediate efficiency
gains on commodity hardware by physically reducing matrix
dimensions, unlike unstructured pruning, which requires

specialized sparse kernels to realize speedups (Frantar and
Alistarh, 2023; Sun et al., 2024). Concretely, we apply two
pruning paradigms originally developed for LLMs to the
LVLM setting. The first, layerwise pruning (Men et al.,
2024), removes entire transformer blocks, leveraging evi-
dence thatmany layers are redundant. The second,widthwise
pruning (Ma et al., 2023), drops unimportant attention heads
and MLP neurons, reflecting observations that only a subset
of these sub-components is essential. Crucially, we pair these
pruning strategies with various recovery training methods,
including supervised finetuning and knowledge distillation
on both logits and hidden states. Finally, we vary the prun-
ing ratio and the amount of available data to map out the
accuracy/efficiency frontier.

This work extends our preliminary conference version
(Huang et al., 2025) significantly in scope and depth. First,
we expand the empirical evaluation from two to three repre-
sentative LVLM families by addingMini-InternVL-Chat-4B
(Chen et al., 2024), in addition to LLaVA-v1.5-7B (Liu et
al., 2024) and Bunny-v1-3B (He et al., 2024), ensuring our
findings generalize across different architectures. Second,
we broaden the evaluation suite to include domain-specific
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and reasoning-intensive benchmarks such as AI2D (Kemb-
havi et al., 2016), MathVista (Lu et al., 2023), and DocVQA
(Mathew et al., 2021), providing a more granular view of
how compression affects complex reasoning versus simple
perception. Third, we introduce a novel analysis disentan-
gling the degradation of modality alignment versus language
capabilities, offering an explanation for performance drops.
Finally, we provide a new sensitivity analysis regarding cal-
ibration dataset size and a qualitative study of failure modes,
offering a comprehensive guide for practical deployment.
Our systematic empirical analysis provides insights into how
pruning and recovery techniques affect LVLM performance
under varying compression levels and data availability con-
ditions. Specifically, we found:

• We confirm that widthwise pruning outperforms layer-
wise pruning in low-resource settings. A new analysis
of reasoning benchmarks reveals that layerwise prun-
ing disproportionately degrades performance on complex
reasoning tasks compared to widthwise pruning.

• Degradation Dynamics: We demonstrate that low com-
pression ratios primarily damage multimodal alignment
rather than the language backbone, whereas high ratios
degrade both. This finding explains why finetuning only
the projector is sufficient for mild compression.

• Optimal Recovery: We validate that Supervised Finetun-
ing (SFT) combined with hidden-state distillation (L2)
consistently yields the best recovery.

• Data Efficiency and Robustness: We show that calibra-
tion is highly data-efficient. Furthermore, for recovery
training, effective results can be achieved with as little as
5% of the original training data.

We highlight our key findings in Fig. 1. Our findings
enable practitioners to efficiently compress LVLMs, allow-
ing researchers to build upon empirically supported strategies
without undertaking extensive experimentation themselves.

2 RelatedWork

2.1 Pruning.

Model compression via pruning has been extensively studied
to alleviate computational burdens. Early approaches focused
on unstructured pruning (Dong et al., 2017; Farina et al.,
2024; Frankle and Carbin, 2019; Lee et al., 2020; Park et al.,
2020; Sanh et al., 2020), which zeroes out individualweights.
While these methods achieve high sparsity with minimal
accuracy loss, they typically require specialized hardware or
sparse kernels for realizing actual speedups. Semi-structured
pruning offers a middle ground (Zhou et al., 2021), though it
often imposes specific hardware constraints. Consequently,

structured pruning (Hoefler et al., 2021; Li et al., 2017; Liu
et al., 2021; You et al., 2019; Zhang et al., 2022) has gained
traction for its ability to remove coherent parameter groups,
directly reducing model size and latency on general-purpose
hardware.

In the context of Large Language Models (LLMs), recent
work demonstrates that structured pruning can be effectively
applied to different architectural dimensions. This includes
layerwise pruning, which removes full layers (Chen et al.,
2024; Dery et al., 2024; Men et al., 2024; Song et al., 2024),
and widthwise pruning, which targets components such as
attention heads and MLP neurons (Fang et al., 2023; Ma et
al., 2023; Xia et al., 2024), often with only sparse perfor-
mance degradation. Our study builds on these advances by
applying both layerwise and widthwise structured pruning to
the language backbone of LVLMs, systematically evaluating
their efficacywhen pairedwith subsequent recovery training.

2.2 Knowledge Distillation (KD)

KD facilitates the transfer of learned patterns from a high-
capacity “teacher”model to amore compact “student”model
(Gou et al., 2021; Hinton et al., 2015; Sanh et al., 2020).

In the context of language modeling, this transfer is typi-
cally achieved by aligning the student’s output distributions
with those of the teacher (Hsieh et al., 2023; Liang et al.,
2021). Beyond final outputs, the student can also be trained
to mimic the teacher’s internal representations, such as hid-
den states (Jiao et al., 2020; Sun et al., 2019) or self-attention
patterns (Wang et al., 2021, 2020). Recent methodolog-
ical refinements have further optimized this process. For
instance, multi-stage distillation allows for the transfer of
intermediate features to capture more granular model behav-
iors (Hsieh et al., 2023), while (Gu et al., 2023) utilizes
reverse Kullback-Leibler (KL) divergence to prevent the stu-
dent from over-focusing on the teacher’s low-probability
output regions. Notably, KD has emerged as a recovery strat-
egy following aggressive pruning (Hoffmann et al., 2021;
Muralidharan et al., 2024), inwhich the uncompressedmodel
serves as the teacher to restore lost performance.

While KD is increasingly used in the vision-language
domain to distill large LVLMs into smaller architectures
(Cai et al., 2025; Kim et al., 2025), its use as a post-pruning
recoverymechanism forLVLMs remains under-explored.We
address this gap by empirically evaluating various KD strate-
gies against conventional supervised finetuning to identify
the most effective recovery schemes for pruned LVLMs.

2.3 Efficient LVLMs

Research on accelerating LVLMs generally follows two
paradigms: input-level optimization and architectural effi-
ciency.
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A significant body of work focuses on visual token reduc-
tion (Shang et al., 2025; Tang et al., 2025; Wang et al.,
2025). For instance, LLaVA-PruMerge (Shang et al., 2025)
utilizes a dynamic approach of token pruning and merging
for adaptive compression, while CoViPAL (Tang et al., 2025)
introduces a model-agnostic plug-and-play module for token
pruning. While these token-level methods reduce computa-
tional overhead by lowering input dimensionality, they differ
fundamentally from our approach as they leave the underly-
ing model architecture uncompressed.

Alternatively, researchers have developed lightweight
LVLMs by integrating smaller language backbones, as seen
in LLaVA-Phi (Zhu et al., 2024), MobileVLM (Chu et al.,
2023), and Bunny (He et al., 2024). While these models are
inherently efficient, they are constrained by the fixed dimen-
sions of their underlying small language models (SLMs).
In contrast, our study focuses on the structured pruning
and recovery of existing, large-scale LVLMs. This enables
customizable model sizing and performance tuning, offer-
ing greater flexibility than training small-scale models from
scratch.

3 Methodology

This section outlines our approach to compressing LVLMs.
We first introduce two pruning strategies: layerwise and
widthwise pruning. We then describe methods to recover
model performance through supervisedfinetuning andknowl-
edge distillation.

Notation. Given a triplet X = {xv, xp, xr }, the objective
of an LVLM mθ , parameterized by θ = {ψ, φ,W}, is to
generate a response xr based on an input image xv and a
text prompt xp, such that mθ (xv, xp) = xr . The LVLM typ-
ically consists of a vision encoder gψ(·), an LLM fφ(·), and
a multimodal projector W aligning the two modalities. The
prompt xp is tokenized into Tp, while the vision encoder
processes the image xv to extract visual features, which are
then converted into language embedding tokens Tv via the
multimodal projector:

Tv = W · gψ(xv) and fφ(Tv � Tp) = xr . (1)

The concatenated visual tokens Tv and prompt tokens
Tp are fed into the LLM’s M layers, producing hidden
states {Hi ∈ R

T×d}Mi=1, where T is the number of tokens
and d is the hidden dimension. Finally, the probabilities
pmθ (xr |xv, xp, τ ) are computed by passing the final hidden
state through the classification head with softmax tempera-
ture τ .

3.1 Pruning

Large Transformers are largely over-parameterized, as whole
layers can be dropped with little accuracy loss (Fan et al.,
2019; Sajjad et al., 2023), and only a few attention heads
or MLP units per layer truly matter (Hudson and Man-
ning, 2019; Mccarley et al., 2019; Michel et al., 2019; Voita
et al., 2019). Motivated by these findings, we explore two
pruning paradigms specifically targeting the language model
backbone within LVLMs: layerwise pruning, which removes
entire transformer layers, and widthwise pruning, which
eliminates the least important components within each layer.
To determine which layers or components to prune, we draw
a small subset of n samples from the original visual instruct-
tuning dataset as the calibration datasetD = {x j

v, x
j
p, x

j
r }nj=1.

The importance of each layer or component is assessed, and
the lowest-importance components are pruned.

Layerwise Pruning. To identify the redundant layers, we
use the Block Influence (BI) score (Men et al., 2024), which
quantifies the importance of layer i through the cosine dis-
tance between input Hi and output hidden states Hi+1. The
key assumption is that layers that cause larger changes in
hidden states have a greater influence onmodel performance.
The BI score of layer i is then calculated by

BIi (D) = 1 − EX∼D,t

[
HT

i,tHi+1,t

‖Hi,t‖2‖Hi+1,t‖2

]
, (2)

where Hi,t represents the t th row of Hi . After calculating
the BI scores, the layers are ranked by importance, and the
lowest-scoring layers are pruned.

Widthwise Pruning To address the widthwise redun-
dancy, we apply dependency-based structural pruning. Fol-
lowing (Fang et al., 2023) and Ma et al. (2023), we build
a dependency graph inside each LLM layer. Let Ni and N j

represent two neurons in the layer, where In(Ni ) andOut(Ni )

represent the neurons connected to Ni as inputs and outputs,
respectively. Neuron N j is dependent on on Ni if

N j ∈ Out(Ni ) ∧ NumIn(N j ) = 1,

or N j ∈ In(Ni ) ∧ NumOut(N j ) = 1
(3)

where NumIn(N j ) refers to the number of input neurons of N j

andNumOut(N j ) is the number of the output neurons of N j . In
words, Ni is the only downstream or upstream node of N j . If
neuron Ni is pruned, all its dependent neurons N j must also
be pruned. This process results in a set of dependency graphs
G = {wk

i }Mi=1, where M is the number of structures in the
graph and wk

i represents the kth weight parameter within a
structure.

We assess their importance at the group level since all
weights within a graph must be pruned together. Group
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importance is evaluated by comparing the loss of vision
language modeling LCE (mθ (xv, xq), xr ) in the calibration
data set, with and without weight. To efficiently approximate
the importance, we apply a Taylor expansion using gradient
information:

Iwk
i
(X) = |LCE (X,mθ ) − LCE (X,m

wk
i =0

θ )|

≈
∣∣∣∣∣∂LCE (X,mθ )

∂wk
i

wk
i

∣∣∣∣∣ .

(4)

We then prune the graphs with the lowest group impor-
tance IG :

IG(D) = EX∼D
[∑M

i
∑

k Iwk
i
(X)

]
. (5)

3.2 Recovery Training

Pruning LVLMs degrades performance, affecting both lan-
guage modeling and cross-modality alignment. To mitigate
this, we investigate two recovery training methods: super-
vised finetuning (Sec. 3.2.1) and knowledge distillation (Sec.
3.2.2). We consider the original uncompressed model as the
teachermT

θ , the prunedmodel as the studentmS
θ ′ , and a recov-

ery dataset D.

3.2.1 Recovery Training with Supervised Finetuning (SFT)

We first focus on training only the multimodal projector to
realign the vision and language spaces. Second, we jointly
finetune the projector and the pruned language model while
keeping the vision encoder fixed, as finetuning the vision
encoder has been shown to yield negligible gains (Karam-
cheti et al., 2024) and increases training cost. We use the
cross-entropy loss for supervised finetuning:

Ls f t (m
S
θ ′ ,D) = EX∼D[LCE (mS

θ ′(xv, xp), xr )]. (6)

3.2.2 Recovery Training with Knowledge Distillation

KD allows the pruned model to regain lost performance by
mimicking the decision-making process of the more capable
teacher (original model). We explore two main strategies,
logits-based KD and hidden state based KD.

Logits-based KD aligns the output probability distribu-
tions of the pruned model with those of the teacher model.
The logits-based KD loss is defined as

Llogi ts(m
S
θ ′ ,mT

θ ,D) =
EX∼D

[LK D(pmT
θ
(xr |xv, xp, τ ),

pmS
θ ′ (xr |xv, xp, τ ))

]
.

(7)

We explore two losses to evaluate the differences between
the logit distributions of the student pθ and the teacher qθ ′ :
Kullback–Leibler divergence (KL), denoted as KL(pθ‖qθ ′)
and its reversed form (RKL), denoted as KL(qθ ′ ‖pθ ). The
standard KD objective, minimizing the approximated for-
ward KL, encourages the student distribution to match all
modes of the teacher distribution. In contrast, using RKL
encourages qθ ′ to focus on the major modes of pθ while
assigning low probabilities to its less significant regions. This
helps the student model avoid learning unnecessary long-tail
variations of the teacher distribution and instead focus on
generating more accurate responses (Gu et al., 2023; Holtz-
man et al., 2019).

Hidden State Matching involves aligning the pruned

model’s intermediate representations (hidden states) H
mS

θ ′
i

with the teacher model’s H
mT

θ

i . The corresponding loss for
a layer i can be defined as

Lmatch(m
S
θ ′,mT

θ ,D) = EX∼D
[
L f eat (H

mS
θ ′

i ,H
mT

θ

i )

]
, (8)

where L f eat refers to a feature matching loss. Both (Yang
et al., 2024) and Popp et al. (2024) suggest that applying
a feature-based L2 distillation loss improves the student
model’s performance, particularly for pre-trained vision-
language models. Consequently, we employ L2 loss as the
feature matching lossL f eat (x, y) = ‖x− y‖22. The total loss
for recovery training is computed as:

L(mS
θ ,m

T
θ ,D) = αLs f t (m

S
θ ′ ,D)

+ βLlogi ts(m
S
θ ′ ,mT

θ ,D)

+ γLmatch(m
S
θ ′,mT

θ ,D)

(9)

where α, β, and γ are the coefficients that balance three loss
components.

4 Experiments

In this section, we first introduce our experimental setup and
then demonstrate the main findings on model pruning (Sec.
4.2) and performance recovery (Sec. 4.3, Sec. 4.4). We high-
light the findings on recovery training using only a small
fraction of data (Sec. 4.5) and present the model compres-
sion results following our best practices (Sec. 4.6), including
the qualitative performance and failure case.

4.1 Experimental Setup

Model. To ensure architectural diversity, we evaluate prun-
ing and recovery methods on three LVLMs from distinct
model families: LLaVA-v1.5-7B (LLaVA) (Liu et al., 2024),
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Mini-InternVL-Chat-4B (InternVL) (Chen et al., 2024), and
Bunny-v1.0-3B (Bunny) (He et al., 2024). As detailed in
Table 1, the language backbone accounts for the majority
of the total parameter count across all three architectures.
This structural imbalance underscores the need to target the
language component to achieve meaningful compression.

Data.We exclusively utilize each model’s original visual
instruction tuning dataset for both pruning calibration and
recovery training: LLaVA-v1.5-mix665k (Liu et al., 2024)
for LLaVA, InternVL-Chat-V1-2-SFT-Data (Chen et al.,
2024) for InternVL, and Bunny-695K (He et al., 2024) for
Bunny. During the pruning stage, we draw a small subset of
n samples from the respective training data to serve as the
calibration dataset for computing importance scores. For the
subsequent recovery phase, we investigate the impact of data
scale by finetuning on varying fractions (5%, 10%, 20%, and
100%) of the full dataset.

Evaluation We evaluate the pruned and recovered mod-
els on a diverse suite of benchmarks designed to challenge
various facets of multimodal capability. To assess domain-
specific knowledge, we employ MMMU (Yue et al., 2024),
SQA (Lu et al., 2022). For advanced reasoning, we employ
MathVista (Lu et al., 2023) and AI2D (Kembhavi et al.,
2016). Complementing these are assessments of fine-grained
perception and hallucination, including POPE (Li et al.,
2023) and the separate Cognition and Perception subsets of
MME (Yin et al., 2023). Finally, we evaluate general visual
understanding and document understanding via GQA (Hud-
son andManning, 2019) andDocVQA (Mathew et al., 2021).
All assessments are conducted using the lmms-eval suite
(Bo et al., 2024) to ensure reproducibility. Crucially, these
benchmarks span a wide range of prompt formats, requir-
ing the models to adapt to multiple-choice questions (e.g.,
MMMU, SQA, AI2D), binary Yes/No classification (e.g.,
POPE, MME), and open-ended free generation (e.g., Math-
Vista, DocVQA, GQA). For clarity, we report performance
as a percentage relative to the uncompressed model’s score
on each benchmark.

4.2 Structural Pruning Paradigms:Widthwise vs.
Layerwise Analysis

In this section, we compare two structural pruning strategies:
widthwise pruning and layerwise pruning. We evaluate the
relative strengths of these methods by analyzing their zero-
shot performance immediately after pruning in Sec. 4.2.1,
their post-training recovery capabilities after finetuning in
Sec. 4.2.2, and their efficiency regarding actualGPUmemory
and computational cost reduction in Sec. 4.2.3.

4.2.1 Zero-Shot Performance

Our evaluation shows that widthwise pruning consistently
outperforms layerwise pruning when the model is not fine-
tuned. As shown in Table 2, widthwise pruning keeps much
more of the original capability at moderate pruning ratios
(15%-30%). For example, at a 15% ratio, LLaVA retains
90.87% of its performance with widthwise pruning, com-
pared to only 72.22%with layerwise pruning.However, there
is a limit: beyond a 45% ratio, both methods fail, and bench-
mark scores on SQA and DocVQA drop to near-zero.

Notably, the contrast between widthwise and layerwise
pruning becomes much clearer once we stratify benchmarks
by either (i) output format or (ii) reasoning demand. First, on
tasks that require free-form responses (GQA, DocVQA, and
MathVista), the gap is substantially larger than the aggre-
gate trend (Fig. 2). For instance, on Bunny at a 15% pruning
ratio, widthwise pruning improves overall performance by
only 2.2% relative to layerwise pruning, whereas the margin
on generative tasks increases to 31.5%. Second, a similar pat-
tern appears on reasoning-heavy benchmarks (MathVista and
AI2D). Table 2 shows that widthwise pruning reaches 65.64
on AI2D versus 52.73 for layerwise pruning, correspond-
ing to an absolute gap of 12.91 points (nearly 20% relative).
Taken together, these results indicate that layer removal is
disproportionately harmful on benchmarks that place higher
demands on multi-step reasoning and/or free-form genera-
tion.

Crucially, our findings in the multimodal domain strongly
align with recent discoveries in the unimodal LLM pruning
literature, pointing to a fundamental property of transformer
architectures. For instance, Sreenivas et al. (2024) recently
demonstrated a similar phenomenon when pruning LLMs:
widthwise pruning proved vastly superior to layerwise prun-
ing, especially on reasoning-intensive benchmarks such as
GSM8K (Cobbe et al., 2021). The fact that layer removal dis-
proportionately impairs complex reasoning across both pure
language models and vision-language models underscores
that this degradation is not merely an artifact of multimodal
integration. Instead, it exposes a structural vulnerability
inherent to the underlying language backbone itself.

We attribute these trends to two primary structural factors:
feature alignment and architectural depth. First, the general
performance drop in layerwise pruning stems from feature
misalignment. In a pre-trained network, Layer N +1 is opti-
mized to process the specific feature distribution output by
Layer N . Removing a layer forces Layer N to feed directly
into Layer N + 2. This creates a distribution shift that sub-
sequent layers are not calibrated to handle, disrupting the
forward pass for all tasks regardless of complexity. Width-
wise pruning avoids this shock by maintaining the original
layer interfaces, preserving the expected feature flow. Sec-
ond, the disproportionate decline in free-form generation and
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Fig. 2 Comparative Analysis of widthwise vs. layerwise Pruning. We
evaluate the relative performance advantage of widthwise over layer-
wise pruning (
 = (Swidth − Sdepth)/Swidth) at 15% and 30% sparsity
ratios. Widthwise pruning consistently outperforms layerwise strate-

gies, with a significantly larger gap observed in complex freeform
generation tasks (MathVista, DocVQA, GQA) compared to the global
average, suggesting depth is critical for open-ended reasoning

reasoning performance (e.g., MathVista) is directly linked to
the loss of processing depth. Although non-linearity exists
in both dimensions, depth is specifically required to build
sequential reasoning chains (Liu et al., 2024; Telgarsky,
2016). Theoretical studies show that complex logic relies
on a deep sequence of transformations, which cannot be
efficiently approximated by awider, shallower network. Lay-
erwise pruning explicitly shortens this ”chain of thought”,
limiting the model’s ability to perform multi-step reasoning.
In contrast, widthwise pruning reduces redundancy within
layers but preserves the full sequence of steps required for
complex tasks.

4.2.2 The Impact of Recovery Training after Pruning

While zero-shot performance highlights the immediate struc-
tural damage of pruning, recovery training reveals the
model’s capacity to heal. In this section, we compare the
intrinsic recoverability of widthwise versus layerwise struc-
tures under standard conditions, explicitly deferring the
optimization of specific training recipes, such as parameter
selection anddistillation objectives, to Sec. 4.3) andSec. 4.4).

When recovery training is applied, it reshapes the perfor-
mance landscape (see Fig. 3, red lines). Layerwise pruning
demonstrates superior recoverability at low compression
ratios (≤ 30%). However, at high compression ratios (≥
45%), the trend shifts: widthwise pruning generally yields
superior recovery performance acrossmostmodels evaluated
(e.g., Mini-InternVL and Bunny) or, at a minimum, achieves
parity with layerwise pruning (as observed with LLaVA).

This reversal is driven by the shifting balance between
the two factors identified in Sec. 4.2.1: feature misalign-
ment, which is learnable, and processing depth, which is
structural. At low compression ratios, the primary limitation

of layerwise pruning was the immediate feature distribution
shift between unconnected layers. Recovery training effec-
tively mitigates this issue by realigning the feature spaces of
adjacent layers. Once this misalignment is corrected, layer-
wise pruning proves advantageous because it preserves the
full dimensionality (width) of the remaining layers, main-
taining a richer representation subspace than the thinned-out
layers of widthwise pruning. However, as the compression
ratio increases, the model hits the structural depth constraint
discussed in Sec. 4.2.1. While finetuning can address fea-
ture alignment, it cannot overcome the fundamental need
for sequential non-linear transformations required for com-
plex reasoning (Telgarsky, 2016). Thus, widthwise pruning
prevails in the high-compression regime simply because it
sustains the necessary architectural framework for reason-
ing, a structural advantage that recovery training alone cannot
replicate.

Takeaway.Widthwise pruning proves more effective than
layerwise pruning in obtaining the best pruned model. With
recovery training, layerwise pruning shows a slight advan-
tage at compression ratios no greater 30%, while widthwise
pruning performs better at higher compression ratios.

4.2.3 Hardware Efficiency

Table 3 compares the resource efficiency of widthwise
and layerwise pruning across three metrics: GPU memory
usage, computational cost (FLOPs), and real-world inference
latency. As expected, increasing the pruning ratio linearly
reduces memory consumption and computational overhead
across all models. For instance, at a 60% compression ratio,
resource consumption decreases by approximately half for
both methods.
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Fig. 3 Evolution of pruning efficacy across supervised finetuning(SFT)
regimes. The plots illustrate the average performance across LLaVA-
v1.5-7B, Mini-InternVL-Chat-4, and Bunny-v1-3B. ((1) Robustness of
widthwise pruning: in the absence of SFT (gray lines), widthwise prun-
ing (solid) consistently maintains higher performance than layerwise
pruning (dashed). (2)Regime shiftswithSFT:Post-SFT (blue/red lines),

the landscape inverts at lower ratios (≤ 30%), where layerwise prun-
ing becomes superior. However, at higher compression rates (≥ 45%),
widthwise pruning regains its advantage. (3) Efficiency of multimodal
projector SFT: SFT only the projector (blue) yields performance com-
parable to full projector+LLM SFT (red) at low sparsity, highlighting a
cost-effective strategy for moderate model compression

Table 3 Memory (GiB),
FLOPS (T), and Latency(ms)
for Bunny, InternVL, and
LLaVA at various compression
ratios for widthwise and
layerwise pruning

Ratio Bunny InternVL LLaVA
Mem. FLOPS Latency Mem. FLOPS Latency Mem. FLOPS Latency

0% 6.02 4.77 50 ± 1.2 8.22 5.12 58 ± 1.5 13.23 9.57 105 ± 1.5

Widthwise Pruning

15% 5.25 4.14 47.2 ± 1.1 7.05 4.41 54.8 ± 1.4 11.26 8.21 98.2 ± 3.1

30% 4.49 3.50 43 ± 1.0 5.82 3.73 49.2 ± 1.2 9.32 6.89 84.4 ± 2.5

45% 3.68 2.84 38 ± 0.8 4.61 3.06 46 ± 1.1 7.29 5.49 64.5 ± 1.9

60% 2.92 2.20 32.3 ± 0.6 3.43 2.38 36.7 ± 0.9 5.31 4.17 55.4 ± 1.4

Layerwise Pruning

15% 5.28 4.16 46.5 ± 0.8 7.16 4.45 54.3 ± 1.1 11.33 8.03 95 ± 8.1

30% 4.55 3.56 41.2 ± 0.9 6.11 3.79 48.7 ± 1.3 9.44 6.92 80.7 ± 0.6

45% 3.82 2.95 36.1 ± 0.7 5.05 3.12 42.3 ± 0.9 7.54 5.55 58.5 ± 1.6

60% 2.94 2.22 30.2 ± 0.5 3.55 2.41 32.4 ± 0.8 5.37 3.90 49.2 ± 1.2

Our results highlight a strong consistency between width-
wise and layerwise pruning in terms of memory and FLOPs.
Although the twomethods remove parameters from different
parts of the transformer structure, they yield nearly identi-
cal theoretical hardware costs when the overall compression
ratio is held constant. For example, at 30% compression on
LLaVA, the difference in FLOPs between widthwise (6.89
T) and layerwise (6.92 T) pruning is less than 0.5%.

However, measuring actual inference latency reveals a
notable divergence. As shown in Table 3, layerwise pruning
consistently yields lower inference latency than widthwise
pruning across all tested models and compression ratios.
For example, on LLaVA at 30% compression, layerwise
pruning achieves a latency of 80.7 ms, compared to 84.4
ms for widthwise pruning. This empirical advantage stems
from fundamental differences in how each pruning strategy

interacts with GPU execution. Layerwise pruning removes
entire transformer blocks, directly reducing the number of
sequential operations and eliminatingmultiple CUDAkernel
launches per removed layer.Widthwise pruning also delivers
meaningful speedups by reducing the size of matrix opera-
tions within each layer, but it preserves the original network
depth, meaning the fixed overhead of launching kernels for
every layer remains unchanged. Additionally, while smaller
matrix dimensions reduce total computation, the relationship
between matrix size and execution time is not strictly linear
on modern GPUs due to memory bandwidth constraints and
parallelization thresholds.

Consequently, while both strategies provide immense
memory and speed gains, layerwise pruning is more effi-
cient for actual hardware execution. Nevertheless, because
widthwise pruning better preserves reasoning capabilities (as

123



International Journal of Computer Vision          (2026) 134:313 Page 11 of 19   313 

Table 4 Disentangling multimodal versus language degradation. We
compare average performance (AVG) and relative degradation (Deg)
for LLaVA-v1.5-7B under widthwise pruning. Comparisons between
multimodal (mm) and text-only (t xt) inputs reveal that low compression
ratios disproportionately affect modality alignment (Degmm ) compared
to language capabilities (Degtxt )

Ratio AVGmm AVGtxt Degmm Degtxt

0.00% 53.70 40.30 0.00% 0.00%

15.00% 48.80 38.87 9.13% 1.07%

30.00% 42.90 36.12 20.11% 10.38%

45.00% 17.42 17.36 67.56% 56.92%

60.00% 3.62 2.80 93.26% 93.05%

discussed in Section 4.2.1), selecting the superior overall
strategy requires a careful trade-off, balancing deployment
needs for absolute latency reduction against the retention of
task accuracy.

4.3 Supervised Finetuning for Performance
Recovery

Pruning the language backbones in LVLMs inevitably
degrades their capabilities. To understand the mechanism
of this degradation, we first disentangle the effects of prun-
ing on modality alignment versus core language reasoning.
We evaluate pruned models on the same benchmarks using
both multimodal inputs and text-only inputs. Table 4 reveals
a distinct disparity in performance degradation. At a low
compression ratio of 15%, multimodal performance drops
significantly (9.13%) while text-only performance remains
largely intact (1.07% degradation). This implies that mild
pruning primarily disrupts the alignment between the vision
and language components rather than the language model
itself. However, as the compression ratio increases, both
multimodal and text-only performance degrade sharply. This
indicates that at higher pruning ratios, the degradation stems
from damage to both the modality alignment and the funda-
mental language backbone.

To address these issues,we investigate two recovery strate-
gies: (1) supervised finetuning (SFT) only the multimodal
projector, and (2) jointly SFTboth the projector and theLLM.
These experiments allow us to isolate the source of degra-
dation and determine the most efficient recovery method.
Following prior work suggesting that training the vision
encoder can be detrimental (Karamcheti et al., 2024), we
keep the vision encoder frozen in all setups. For the LLM,
we employ Low-Rank Adaptation (LoRA) (Hu et al., 2021)
to facilitate efficient finetuning.

SFT the multimodal projector As shown in Fig. 3 (blue
lines), SFT the projector significantly restores performance,
particularly at lower compression ratios. When the compres-

sion ratio is under 30%, updating the projector alone yields
results comparable to jointly SFT the LLM. Notably, at a
15% compression ratio, this approach retains over 95% of
the original performance for all the models. Even at a severe
compression ratio of 60%, projector SFT recovers 60–80%
of the original performance by re-aligning the visual features
with the pruned language model. These results confirm that
pruning induces a misalignment between visual and textual
representations, which can be largely corrected by updating
the projection layer.

SFT both the projector and the LLM While projector
SFT is effective for realignment, it cannot fully compensate
for the loss of linguistic knowledge at higher compression
rates. We observe consistent performance gains from addi-
tionally SFT the prunedLLM(red lines in Fig. 3), specifically
when the compression ratio exceeds 40%. This aligns with
our observation in Table 4 that the language backbone itself
degrades significantly at these ratios. By SFT the LLM, we
significantly restore these lost reasoning capabilities. For
instance, at 45% compression, joint SFT restores over 80%
of the original model’s performance across all three models,
underscoring its necessity when the language backbone is
heavily compressed.

Takeaway.Whena small compression ratio of around15%
is required, SFT the multimodal projector alone is typically
sufficient to recover most of the model’s performance. For
higher compression ratios (≥ 45%), incorporating SFT of
the LLM yields additional performance improvements.

4.4 Knowledge Distillation for Performance
Recovery.

Standard SFT recovers performance by retraining the model
on ground-truth labels.However, the unpruned teachermodel
contains richer information–both in its output probability dis-
tributions and internal representations–that SFT ignores. We
investigate whether distilling this knowledge back into the
pruned student can further enhance recovery. We first com-
pare standalone KD strategies against SFT, and then identify
the optimal combination of SFT and KD.

Comparison of KD strategies vs. SFT. In Fig. 4, we
evaluate three KD objectives without SFT: standard KL
Divergence (KL), Reverse KL (RKL), and L2 distance on
hidden states (L2). At a low pruning ratio (15%), all methods
perform comparably to SFT. However, as the ratio increases,
all KDmethods fail to surpass SFT. Notably, L2 performance
drops the fastest, becoming the least effective standalone
strategy at high compression rates.

The degradation of KD-only methods underscores that
without ground-truth labels (SFT), the pruned model lacks
the strong supervision needed to realign its output space,
especially at high pruning ratios. Regarding the specific KD
trends (RK L > K L > L2), we attribute RKL’s superiority
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Fig. 4 Performance comparison of KD strategies versus SFT across varying pruning ratios for LLaVA, InternVL, and Bunny models. KD achieves
comparable results to SFT at low pruning ratios but performs significantly worse at higher ratios

Fig. 5 Performance comparison of combined recovery training techniques forLLaVA, InternVL, andBunnymodels.Among the evaluated strategies,
SFT+L2 consistently demonstrates superior robustness and outperforms other loss combinations across varying pruning ratios

Fig. 6 Comparison of performance using different percentages of data
for recovery training. For smaller compression ratios, even a small per-
centage of the training data (as low as 5%) is sufficient to recovermost of

the original performance. However, as the compression ratio increases,
more training data is required to achieve higher recovery performance
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overKL to its optimization behaviors. StandardKL is “mean-
seeking”: it forces the student to match the teacher’s entire
probability distribution, including low-probability tails. A
heavily pruned model lacks the capacity to capture these
nuances, resulting in uncertain predictions. In contrast, RKL
is “mode-seeking”: it penalizes the student only when it
predicts high probability for an incorrect token, effectively
encouraging the model to focus solely on the teacher’s most
likely prediction, as also noted in Gu et al. (2023). For
a capacity-constrained model, focusing on the single-best
answer ismore efficient than trying tomimic the teacher’s full
complexity. Finally, L2 performs worst on its own because
it aligns internal features but does not directly supervise the
final classification head. Without output-level guidance, the
model cannot effectively map these aligned features to cor-
rect text tokens.

Synergy between SFT and KD To combine the ben-
efits of hard labels and soft knowledge, we experiment
with joint objectives in Fig. 5, including dual combina-
tions (e.g., SFT+KL, SFT+L2) and triple combinations (e.g.,
SFT+L2+KL). Interestingly, the performance trend reverses:
while L2 was the weakest standalone method, SFT+L2
consistently outperforms all other strategies, including the
more complex triple combinations. This success stems from
the orthogonality of the objectives: SFT optimizes the final
output (the “what”) while L2 acts as a regularizer for inter-
nal representations (the “how”). Adding further output-level
constraints (KL or RKL) on top of SFT+L2 yields diminish-
ing returns or slight degradation, likely due to optimization
conflicts between the hard labels and soft targets. Thus, the
simple combination of SFT and feature alignment (L2) pro-
vides the most robust recovery.

TakeawayKnowledge distillation, particularlywhen com-
bined with SFT and using L2 loss to map the intermediate
states, delivers the most effective performance recovery after
pruning across all compression ratios.

4.5 Data Efficient Recovery

We investigate the trade-off between training cost (data
usage) and model performance. Fig. 6 illustrates the recov-
ery performance of widthwise-pruned models finetuned with
varying fractions of the original dataset, using the optimal
SFT+L2 strategy established in Section 4.4.

For mild-to-moderate compression ratios
(≤ 45%), we observe a rapid performance saturation.
Remarkably, using just 5% of the training data allows the
model to recover over 90% of the performance achieved with
the full dataset. This trend holds consistently across different
architectures. However, as the compression ratio increases
beyond this point (e.g., 60%), the performance gap between
using partial data and full data widens, indicating that heav-

ily pruned models require more extensive training examples
to recover.

These findings suggest that the nature of the recovery task
shifts with pruning severity. At lower compression ratios, the
model retains most of its knowledge and structural integrity.
In this regime, the recovery phase primarily serves as a cal-
ibration step that realigns the remaining weights and can be
performed with a small, representative subset of data. In con-
trast, at high compression ratios, themodel suffers significant
capacity loss. The recovery process becomes a re-learning
task, in which the model must discover new internal path-
ways to compensate for the removal of neurons. This requires
a larger and more diverse set of examples to generalize effec-
tively.

Takeaway With a compression ratio below 50%, using
only 5% of the dataset is sufficient to achieve performance
comparable to training on the full dataset. However, for
compression ratios greater than 50%, full-data training is
necessary to recover performance effectively.

4.6 Key Insights for Model Compression

Based on the empirical results from the previous section, we
outline the following practices for compressing LVLMs:

• Widthwise pruning is more effective, yielding an
efficient model even without recovery training.

• With recovery training, layerwise pruning excels
for smaller compression ratios (≤ 30%), while
widthwise pruning performs better at higher ratios
(≥ 45%).

• For small compression ratios (≤ 15%), finetuning
just the multimodal projector is often sufficient to
restore performance.

• For recovery training, combining SFT with KD of
the intermediate representations using L2 loss con-
sistently achieves the highest performance.

• Recovery is highly data-efficient, requiring only
5% of the original data to match full-data training
results, though full datasets are still needed for high
compression ratios.

Guided by these insights, we present the comprehensive
performance benchmarks of our pruned and recovered mod-
els in Table 5.

Qualitative Analysis and Failure Cases.Beyond numer-
ical metrics, we validate the practical utility of our com-
pressed and recovered models following our established
insights through qualitative examples in Table 6. For LLaVA-
v1.5-7Bmodels compressedbyup to 45%(retaining approxi-
mately 3.8B parameters), the results demonstrate that despite
significant pruning, these models retain a strong capacity
for understanding complex visual inputs. For instance, they

123



  313 Page 14 of 19 International Journal of Computer Vision          (2026) 134:313 

Ta
bl
e
5

Pe
rf
or
m
an
ce

of
th
e
co
m
pr
es
se
d
m
od
el
s
ac
ro
ss

va
ri
ou
s
be
nc
hm

ar
ks
.T

he
R
at
io

in
di
ca
te
s
th
e
pr
op
or
tio

n
of

L
L
M

pa
ra
m
et
er
s
re
m
ov
ed
.L

ay
er
w
is
e
pr
un
in
g
is
ap
pl
ie
d
fo
r
ra
tio

s
be
lo
w
45

%
,

w
hi
le
w
id
th
w
is
e
pr
un
in
g
is
us
ed

fo
r
ra
tio

s
45
%

an
d
ab
ov
e

M
et
ho

d
R
at
io

M
M
M
U

SQ
A

M
at
hV

is
ta

A
I2
D

M
M
E
-C

M
M
E
-P

P
O
P
E

D
oc
V
Q
A

G
Q
A

A
V
G

A
V
G
-%

L
L
aV

A
-v
1.
5-
7B

-
0.
00
%

35
.1
0

68
.6
7

26
.7
0

54
.8
0

36
3.
21

15
11
.3
3

86
.9
9

28
.1
0

61
.9
8

53
.7
0

10
0.
00
%

L
ay
er
w
is
e+

FT
+
L
2

15
.0
0%

36
.4
0

68
.4
2

25
.5
0

53
.7
0

33
7.
86

14
42
.3
5

86
.9
4

27
.6
0

61
.2
0

52
.6
8

98
.1
0%

L
ay
er
w
is
e+

FT
+
L
2

30
.0
0%

36
.0
0

68
.8
2

23
.4
0

50
.5
0

31
8.
57

14
96
.6
0

85
.9
8

26
.1
0

60
.3
4

51
.7
5

96
.3
8%

W
id
th
w
is
e+

FT
+
L
2

45
.0
0%

30
.8
0

52
.9
2

20
.2
0

48
.4
0

21
5.
00

11
91
.1
7

85
.7
4

23
.7
0

57
.7
4

45
.1
0

83
.9
9%

W
id
th
w
is
e+

FT
+
L
2

60
.0
0%

27
.7
0

46
.2
6

18
.0
0

46
.3
0

21
1.
79

10
85
.9
7

84
.0
6

22
.2
0

52
.3
2

41
.9
6

78
.1
3%

In
te
rn
V
L
-C
ha
t-
4B

-
0.
00
%

43
.2
0

93
.3
0

53
.7
0

76
.9
0

54
7.
50

15
96
.7
1

88
.0
0

87
.7
0

62
.5
0

72
.6
2

10
0.
00
%

L
ay
er
w
is
e+

FT
+
L
2

15
.0
0%

42
.8
0

92
.4
7

53
.2
2

76
.2
1

54
2.
61

15
82
.4
2

87
.2
1

86
.9
2

62
.0
1

71
.9
8

99
.1
2%

L
ay
er
w
is
e+

FT
+
L
2

30
.0
0%

41
.4
5

89
.5
3

51
.5
3

73
.7
9

52
5.
36

15
32
.1
4

84
.4
4

84
.1
5

60
.0
4

69
.6
9

95
.9
6%

W
id
th
w
is
e+

FT
+
L
2

45
.0
0%

37
.2
4

80
.4
3

46
.2
9

66
.3
0

47
2.
00

13
76
.5
3

75
.8
7

75
.6
1

53
.9
4

62
.6
1

86
.2
2%

W
id
th
w
is
e+

FT
+
L
2

60
.0
0%

34
.2
9

74
.0
6

42
.6
3

61
.0
5

43
4.
62

12
67
.5
2

69
.8
6

69
.6
2

49
.6
7

57
.6
5

79
.3
9%

B
un
ny
-v
1-
3B

-
0.
00
%

34
.1
0

70
.7
2

25
.8
0

60
.4
9

28
9.
31

14
87
.7
1

87
.8
2

22
.8
0

54
.7
2

51
.8
9

10
0.
00
%

L
ay
er
w
is
e+

FT
+
L
2

15
.0
0%

33
.0
0

70
.0
0

24
.2
0

59
.8
0

30
4.
29

14
57
.0
6

87
.9
7

21
.8
0

54
.5
6

51
.3
6

98
.9
8%

L
ay
er
w
is
e+

FT
+
L
2

30
.0
0%

32
.3
5

68
.1
2

22
.6
0

57
.2
0

25
2.
51

13
49
.9
1

87
.5
3

20
.8
0

53
.0
8

48
.9
7

94
.3
7%

W
id
th
w
is
e+

FT
+
L
2

45
.0
0%

29
.1
5

63
.0
6

21
.0
0

55
.5
0

24
4.
64

12
81
.6
6

87
.0
9

19
.8
0

52
.3
1

46
.9
5

90
.4
8%

W
id
th
w
is
e+

FT
+
L
2

60
.0
0%

28
.1
0

53
.2
0

19
.4
0

53
.9
0

21
6.
07

11
15
.3
3

86
.7
3

18
.8
0

48
.7
2

43
.5
1

83
.8
6%

123



International Journal of Computer Vision          (2026) 134:313 Page 15 of 19   313 

Ta
bl
e
6

Q
ua
lit
at
iv
e
an
al
ys
is
of

co
m
pr
es
se
d
L
L
aV

A
-v
1.
5-
7B

m
od

el
s
fo
llo

w
in
g
ou

re
st
ab
lis
he
d
in
si
gh

ts
.B

ol
d
te
xt

in
di
ca
te
s
co
rr
ec
tly

id
en
tifi

ed
vi
su
al
de
ta
ils

or
co
un

ts
,w

hi
le
it
al
ic
s
de
no
te
in
co
rr
ec
t

de
sc
ri
pt
io
ns
,h

al
lu
ci
na
tio

ns
,o
r
m
is
co
un

ts

Q
1
:
W

h
a
t
is

fu
n
n
y
in

th
e
im

a
g
e?

Q
1:

Q
2
:
H
ow

m
a
n
y

u
n
cu

t
fr
u
it
s
a
re

in
th
e
im

a
g
e?

Q
2:

R
at
io

St
ra
te
gy

R
es
po

ns
e
1

R
es
po

ns
e
2

0%
-

T
he

im
ag
e
is
fu
nn
y
be
ca
us
e
it
is
a
pa

ro
dy

of
th
e

fa
m
ou

s
M
on

a
L
is
a
pa

in
ti
ng

,b
ut

w
ith

a
do

g’
s

he
ad

an
d
pa

w
s
in
st
ea
d
of

a
w
om

an
’s
.T

he
do
g
is

w
ea
ri
ng

th
e
sa
m
e
da

rk
ve
il
an

d
dr
es
s
as

se
en

in
th
e
or
ig
in
al
ar
tw
or
k.

T
hi
s
is
hu
m
or
ou
s
be
ca
us
e
it

re
pl
ac
es

a
se
ri
ou
s
an
d
ic
on

ic
pi
ec
e
of

ar
t
w
ith

a
cu
te
do

g,
cr
ea
tin

g
a
si
lly

an
d
un

ex
pe
ct
ed

co
nt
ra
st
.

T
he
re

ar
e
th
re
e
un

cu
t
m
an

go
st
ee
ns

in
th
e
im

ag
e.

T
he
y
ar
e
po
si
tio

ne
d
in

th
e
ba
ck
gr
ou
nd

an
d
to

th
e

le
ft
,s
ho
w
in
g
th
ei
r
da

rk
pu

rp
le
sk
in

an
d
gr
ee
n

st
em

s.
Tw

o
ot
he
r
fr
ui
ts
ha
ve

be
en

cu
to

pe
n
in

th
e

fo
re
gr
ou
nd

to
re
ve
al
th
e
w
hi
te
fle
sh

in
si
de
.

15
%

L
ay
er
w
is
e

+
FT

+
L
2

T
he

im
ag
e
is
fu
nn
y
be
ca
us
e
it
fe
at
ur
es

a
do

g
w
ea
ri
ng

a
R
en
ai
ss
an

ce
-s
ty
le
dr
es
s
an

d
a

ba
nd

an
a,

po
si
ng

as
if
it’
s
po

si
ng

fo
r
a
pa

in
ti
ng

.
T
hi
s
is
hu

m
or
ou

s
be
ca
us
e
it
is
a
pl
ay
fu
l

re
pr
es
en
ta
tio

n
of

a
do
g,
w
hi
ch

is
no
ts
om

et
hi
ng

yo
u

w
ou

ld
ty
pi
ca
lly

se
e
in

a
R
en
ai
ss
an

ce
-s
ty
le
dr
es
s.

T
he
re

ar
e
th
re
e
un

cu
t
fr
ui
ts
in

th
e
pi
ct
ur
e.
T
he
se

ar
e
m
an

go
st
ee
ns

w
ith

th
ei
r
gr
ee
n
ca
ps

st
ill

at
ta
ch
ed
.T

he
re

ar
e
al
so

th
re
e
ot
he
r
fr
ui
ts
th
at
ha
ve

be
en

sl
ic
ed

op
en

to
sh
ow

th
e
in
si
de
.

30
%

L
ay
er
w
is
e

+
FT

+
L
2

T
he

im
ag
e
is
fu
nn
y
be
ca
us
e
it
fe
at
ur
es

a
do

g
dr
es
se
d
up

in
a
hu

m
an

-l
ik
e
at
ti
re
,w

ea
ri
ng

a
lo
ng

bl
ac
k
dr
es
s
an
d
a
ha
t.
T
hi
s
un
us
ua
ls
ce
ne

is
no
t

so
m
et
hi
ng

yo
u
w
ou

ld
ty
pi
ca
lly

se
e
in

re
al
lif
e,
as

do
gs

do
n’
t
w
ea
r
cl
ot
he
s
lik

e
hu

m
an
s.

T
he
re

ar
e
th
re
e
un

cu
t
pu
rp
le
on
io
ns

in
th
e

ba
ck
gr
ou
nd
.T

he
im

ag
e
al
so

sh
ow

s
so
m
e
fr
ui
tt
ha

t
ha

s
be
en

cu
t
in

ha
lf
on

a
w
oo
de
n
su
rf
ac
e.

45
%

w
id
th
w
is
e

+
FT

+
L
2

T
he

im
ag
e
is
fu
nn
y
be
ca
us
e
it
fe
at
ur
es

a
do

g
dr
es
se
d
in

a
hu

m
an

-l
ik
e
dr
es
s,
po
si
ng

in
a
po

se
as

if
it
w
er
e
a
pe
rs
on

.T
he

do
g
ap
pe
ar
s
to

be
dr
es
se
d
in

a
dr
es
s,
w
hi
ch

is
a
hu
m
or
ou
s
an
d

un
ex
pe
ct
ed

sc
en
e,
as

do
gs

ar
e
no
tt
yp
ic
al
ly

dr
es
se
d

lik
e
hu

m
an
s.
T
he

do
g’
s
po

se
an

d
th
e
ov
er
al
l

sc
en
e
cr
ea
te

a
se
ns
e
of

hu
m
or

an
d
pl
ay
fu
ln
es
s.

T
he
re

ar
e
tw
o
un
cu
tf
ru
its
.T

he
y
lo
ok

lik
e

po
m
eg
ra
na
te
s
or

so
m
e
ki
nd

of
tr
op
ic
al
fr
ui
t.

60
%

w
id
th
w
is
e

+
FT

+
L
2

T
he

im
ag
e
is
fu
nn
y
be
ca
us
e
th
er
e
is
a
w
om

an
si
tt
in
g

in
a
ch
ai
r.
Sh

e
is
w
ea
ri
ng

a
bl
ac
k
dr
es
s
an
d
ha
s

lo
ng

ha
ir
.I
ti
s
fu
nn
y
be
ca
us
e
sh
e
ha
s
a
se
ri
ou

s
ex
pr
es
si
on

on
he

r
fa
ce
.

T
he
re

is
on
e
la
rg
e
pu
rp
le
ca
bb
ag
e
in

th
e
ce
nt
er
.I
ti
s

si
tt
in
g
on

a
w
oo

de
n
ta
bl
e
ne
xt
to

so
m
e
ga

rl
ic
.T

he
im

ag
e
sh
ow

s
a
he
al
th
y
ve
ge
ta
bl
e
ha

rv
es
t.

123



  313 Page 16 of 19 International Journal of Computer Vision          (2026) 134:313 

effectively identify key elements in thefirst image, such as the
dog’s attire, and generate contextually accurate descriptions
of the humor. However, as the pruning ratio increases, fine-
grained object recognition and counting gradually degrade.
In the second image, while the model correctly counts three
uncut fruits at 15% and 30% pruning ratios, it begins to
exhibit semantic shifts, misidentifying the mangosteens as
"purple onions" at 30%, and eventually miscounting them
as "two pomegranates" at 45%. Furthermore, the analysis
reveals a clear performance boundary at extreme pruning
ratios (e.g., 60%). At this level, visual-semantic alignment
degrades significantly: themodel hallucinates awomanbased
on the global compositional structure (resembling the Mona
Lisa) rather than local visual features, and completely fails
the counting task by hallucinating a "large purple cabbage"
and "garlic." This confirms that while our method effectively
preserves broad capabilities across a wide range of sparsity
levels, there is a critical threshold beyond which semantic
granularity and precise visual grounding are compromised.

5 Discussion

In this section, we discuss the extent to which pruning the
model makes sense (Sec. 5.2), and compare our best prac-
tices with quantization and explore their integration (Sec.
5.3). Finally, we discuss the limitations of structural pruning
and recovery training as compression techniques, as well as
potential directions for future work (Sec. 5.4).

5.1 Impact of Calibration Dataset Size

We investigate the sensitivity of the pruning process to the
size of the calibration dataset. Fig. 7 reports the performance
of LLaVA-v1.5-7B under widthwise and layerwise pruning
using calibration sets ranging from 1 to 50 samples.

We observe a consistent trend where model performance
improves as the calibration set size increases from 1 to
15 samples. However, beyond 10 samples, the performance
effectively plateaus. For instance, with widthwise pruning at
a 15% ratio, the score rises from 43.60 (1 sample) to 48.80
(15 samples) and remains constant thereafter. This saturation
point is consistent across different pruning ratios and strate-
gies, suggesting that a very small subset of data is sufficient
to calculate reliable importance scores.

The rapid stabilization of performance indicates that the
“importance” of specific weights or layers is a structural
property of the model rather than being highly dependent on
specific data examples. In large pre-trained models, redun-
dant neurons tend to remain inactive or contribute minimally
across a wide variety of inputs. Once the calibration set spans
a broad range of features, adding more samples does not sig-

Fig. 7 Impact of calibration dataset size on zero-shot performance
(LLaVA-v1.5-7B). We evaluate model performance across varying
pruning ratios (15%–60%) and paradigms (Widthwise vs. Layerwise)
using calibration subsets ranging from 1 to 50 samples. The results
demonstrate that pruning sensitivity is largely independent of calibra-
tion size, with importance scores converging rapidly

nificantly alter the ranking of parameters deemed “safe” to
prune, allowing for highly data-efficient calibration.

5.2 Howmuch can we prune themodel?

A critical question in model compression is determining
the maximum sparsity level that maintains acceptable per-
formance. Table 5 summarizes the capabilities of LLaVA,
InternVL, and Bunny across varying pruning ratios using
our optimized recovery strategy.

The Safe Zone (≤ 30%). Our results indicate that LVLMs
exhibit significant redundancy. At a pruning ratio of 15%, all
models retain approximately 98–99% of their original capa-
bilities. Even at a 30% compression ratio, the performance
loss is minimal. This suggests that up to 30% of the param-
eters in current LVLMs contribute little to the model’s core
reasoning and multimodal abilities.

The Tipping Point (45%). Performance degradation
accelerates significantly once the pruning ratio exceeds 30%.
At 45% compression, the retained performance for LLaVA
and InternVL drops to 83.99% and 86.22%, respectively,
falling below the 90% fidelity threshold. While Bunny
remains slightly more robust (retaining 90.48%), the trend
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Table 7 Memory usage and average performance of LLaVA-v1.5-7B
when combining structural pruning (layerwise) and int8 quantization.
The results demonstrate that these complementary techniques can be
seamlessly combined to achieve compounded memory reductions

Model Memory Ratio Avg
(GiB)

LLaVA-7B 13.2 0% 53.7

LLaVA-7B.int8() 7.5 0% 52.5

LLaVA-6B 11.3 15% 52.68

LLaVA-6B.int8() 6.5 15% 51.9

LLaVA-5B 9.4 30% 51.75

LLaVA-5B.int8() 5.4 30% 50.8

is clear: aggressive pruning beyond this point compromises
the model’s structural integrity.

Consequently, if the goal is to preserve high fidelity
(> 90% performance), the compression ratio should gen-
erally be kept below 30%. Within this range, pruning offers
significant efficiency gains with negligible impact on mul-
timodal reasoning; beyond it, users must accept a trade-off
between higher efficiency and noticeable performance degra-
dation.

5.3 Combination with Quantization

While our study focuses primarily on structural pruning, inte-
grating quantization into our framework can further optimize
memory efficiency. Here, we demonstrate that pruning and
quantization are highly complementary techniques.

Using LLM.int8() (Dettmers et al., 2022) as a representa-
tive method, Table 7 shows that applying quantization to our
already-pruned models yields compound memory savings.
For instance, quantizing the 30% pruned LLaVA-5B model
reduces the total memory footprint to just 5.4 GiB (down
from the 13.5 GiB baseline) while maintaining a strong
average performance score of 50.83. This confirms that our
structured pruning framework can be seamlessly paired with
quantization to maximize memory efficiency without severe
performance degradation.

5.4 Limitation and FutureWork

Our experiments demonstrate the effectiveness of structural
pruning with recovery training at moderate compression
ratios (up to 30%). However, our study has boundaries. First,
we focused exclusively on structured pruning for hardware
universality; we did not investigate unstructured or semi-
structured methods (Frantar and Alistarh, 2023; Sun et al.,
2024), which represent an orthogonal direction for compres-
sion requiring different hardware considerations. Second,
we kept the vision encoder frozen. While motivated by

the parameter imbalance shown in Table 1, future holistic
compression frameworks could explore pruning the vision
backbone, particularly for architectures where the vision
encoder is larger. Finally, beyond this threshold, performance
loss becomes increasingly difficult to recover, suggesting that
for applications requiring more aggressive compression, the
extreme pruning of a large model is not a viable approach.
Due to computational constraints, this work focuses on two
pruning techniques applied to three different models. Future
work could extend thesefindings to include abroader rangeof
pruning techniques and models, further refining these strate-
gies.

6 Conclusion

We systematically evaluated two structural pruning schemes,
widthwise and layerwise, on LLaVA-v1.5-7B, InternVL-
Chat-4B, andBunny-v1-3B, andpaired themwith lightweight
recovery through supervisedfinetuning andknowledgedistil-
lation. From these experiments, we distilled a decision chart
that guides practitioners in choosing the pruning route and
recovery budget for different target compression ratios. Our
findings provide a concrete path to fit LVLMs within strict
memory, compute, or energy budgets without surrendering
performance.

Funding Open Access funding enabled and organized by Projekt
DEAL.

Data Availability The data used in this study are derived from publicly
available datasets. The original visual instruction tuning datasets–
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