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Abstract

Large Vision-Language Model (LVLM), leveraging Large
Language Model (LLM) as the cognitive core, has re-
cently become one of the most representative multimodal
model paradigms. However, with the expansion of unimodal
branches, i.e. visual encoder and LLM, the storage and com-
putational burdens intensify, posing challenges for deploy-
ment. Structured pruning has proved promising in compress-
ing large models by trimming a large portion of insignificant
network structures. Nevertheless, most of them are predom-
inantly designed for LLMs, either relying on unitary impor-
tance metrics that fail to deal with modality-wise imbalances
or adopting generic pruning and recovery paradigms that
overlook the unique calibration status and capability require-
ments of large models, leading to substantial performance
degradation. To address these issues, we propose a novel
structured pruning approach for LVLMs, dubbed Unified
Knowledge Maintenance Pruning and Progressive Recovery
with Weight Recalling (UKMP). Specifically, we design a
Unified Knowledge Maintenance Importance (UKMI) met-
ric, which simultaneously considers balancing the block-wise
and modality-wise importance by adaptive normalization,
optimizing the importance estimation by refining gradient-
based criteria, and maintaining the knowledge capacity of
LVLMs by using the angle distribution information entropy.
Moreover, we develop a LoRA-based Progressive Distillation
(LPD) method that recalls the pruned weights and performs
progressive distillation for comprehensive recovery. Exten-
sive experimental results across various vision-language tasks
demonstrate the effectiveness of our approach, comparing to
the state-of-the-art structured pruning methods.

Code — https://github.com/Wuzimeng/UKMP.git

Introduction
Large Vision-Language Models (LVLMs), which are built
upon Large Language Models (LLMs) by aligning visual
features to the frozen language feature space, have recently
emerged as a prevalent paradigm (Dai et al. 2023; Alayrac
et al. 2022). Leveraging their powerful language generation
and zero-shot learning capabilities, LVLMs deliver excep-
tional performance on various tasks such as visual question
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Figure 1: Main challenges in pruning LVLMs. (a) Existing
works generate severely imbalanced parameter importance
for distinct modalities and network modules. (b) The pre-
training of LVLMs mostly optimizes a part of parameters
for efficiency with the rest frozen before pruning, resulting
in unconvergence of the frozen parameters (i.e. unfrozen pa-
rameters converge to the black dot along the red line, but the
model can still improve along the blue line), which violates
the convergence assumption of existing pruning methods.

answering, image-text retrieval and image captioning (Li
et al. 2023b). However, the ever-expending scale of models
for both vision and language modalities inevitably increases
computational demands and inference latency, limiting their
deployment on resource-constrained platforms.

In order to reduce model size and computational com-
plexity, various model compression techniques have been
explored for adaptating large models, including quantiza-
tion (Frantar et al. 2023; Wu et al. 2025), token pruning
(Cao et al. 2024), and more. Structured network pruning,
offering flexibility in scaling without relying on hardware-
specific optimizations, emerges as a promising solution for
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explicit acceleration. Unlike pre-LLM era strategies, prun-
ing for large models is generally task-agnostic (Sung, Yoon,
and Bansal 2024). Given the vast data and parameter scales
involved, most methods estimate parameter importance on a
small-scale calibration dataset, followed by one-shot prun-
ing and resource-efficient recovery (Ma, Fang, and Wang
2023; An et al. 2024). However, existing methods are pri-
marily designed for either standalone LLMs (Ashkboos et al.
2024) or the LLM component within LVLMs (Wang et al.
2024), yielding suboptimal performance when applied to
unified pruning of LVLMs.

This limitation mainly arises from three factors: 1) Ab-
sence of global imbalance handling within structured prun-
ing schemes. Although some works have explored globally
adaptive sparsity in LVLMs (Sung, Yoon, and Bansal 2024;
He, Li, and Chen 2024), these efforts are restricted to un-
structured schemes and do not address the module-wise and
modality-wise imbalances inherent in structured pruning, as
shown in Fig. 1(a). 2) Overlooking changes in calibration
status of large models by simply using importance criteria
for traditional models. As displayed in Fig. 1(b), unimodal
components, typically frozen during LVLM pre-training, are
unconvergent prior to pruning, and external calibration data
may not align with the pre-training data. This mismatch re-
sults in suboptimal weight importance estimation when us-
ing widely adopted gradient-based criteria (Ma, Fang, and
Wang 2023). 3) Neglecting maintaining the capability of
large models, when applying existing singular criteria and
recovery techniques (Kim et al. 2024). Concretely, most
methods fail to preserve the internal knowledge that under-
pins the remarkable zero-shot learning capability of large
models. This issue is more pronounced in LVLMs, when the
vision-language pre-training primarily focuses on modality
alignment (Yin et al. 2024), while the zero-shot performance
heavily depends on external knowledge embedded in the
frozen LLM, leading to performance degradation.

To address these issues, we propose a novel structured
pruning approach for LVLMs, dubbed Unified Knowl-
edge Maintenance Pruning and Progressive Recovery with
Weight Recalling (UKMP). We firstly develop a Unified
Knowledge Maintenance Importance metric (UKMI), which
handles the imbalance in unified pruning by using adap-
tive normalization across blocks and modalities based on
the one-shot estimated importance metric. The Taylor im-
portance metric is refined by selecting poorly fitted token
prediction sub-tasks during backpropagation. Subsequently,
to preserve the internal knowledge of LVLMs, we perceive
the correlation between parameters and model’s knowledge
capacity by angular distribution entropy, and integrate it into
the gradient-based importance. For efficient recovery after
pruning, we further design the LoRA-based Progressive Dis-
tillation (LPD). This module recalls pruned weights to reuse
the inherit knowledge and employs progressive learning to
minimize excessive compensation between modalities.

Our main contributions are summarized in three-fold:
• We propose a novel pruning approach, dubbed UKMP,

for large vision-language models. To the best of our
knowledge, we make the first attempt to explore unified
structured pruning for LVLMs.

• We develop a unified knowledge maintenance impor-
tance metric and a LoRA-based progressive distillation
process to address modality imbalance, error in gradient-
based criteria, and loss of knowledge during pruning.

• We conduct extensive experiments across various vision-
language tasks for evaluation. The results demonstrate
that our method significantly outperforms existing state-
of-the-art methods, especially at high pruning ratios.

Related Work
Large Vision-Language Models
Large Vision-Language Models (LVLMs) are advanced
multimodal models that leverage capabilities of LLMs to
integrate vision and language for complex tasks (Liu et al.
2024) such as image captioning (Li et al. 2023b), VQA (Dai
et al. 2023), video understanding (Team et al. 2024), etc.
Typically, LVLMs consist of a pre-trained visual encoder, a
pre-trained LLM and a modality interface (Yin et al. 2024).
In prevalent architectures, both modalities are transformer-
based and the modality interface is lightweight (Li et al.
2023b). As for the pre-training, it is common practice to
freeze modality-specific modules and optimize the interface
for modality alignment (Pi et al. 2023). In this paper, we fo-
cus on the compression of LVLMs trained in this manner to
develop task-agnostic sub-models.

Network Pruning
General Pruning Methods Network pruning simultane-
ously reduces memory size and improves inference speed
(Liang et al. 2021), and is typically categorized into unstruc-
tured and structured approaches. While unstructured and in-
termediate semi-structured pruning create sparse matrices
that require specialized hardware for acceleration (Zhang
et al. 2022; Fang, Zhou, and Wang 2022), structured pruning
directly reduces matrix sizes, enabling flexible deployment
(Fang et al. 2023). Network pruning typically involves esti-
mating parameter importance, removing redundancies, and
retraining for recovery (Lin et al. 2024; Shi et al. 2023).
Gradient-based criteria, especially those using Taylor expan-
sion to approximate parameter-loss correlation, demonstrate
effectiveness across models, and have extended from un-
structured to structured pruning (LeCun, Denker, and Solla
1989; Jiang et al. 2023; Wu, Chen, and Wang 2023).

Pruning for LLMs and LVLMs Pruning for LLMs and
LVLMs, given their vast parameter scales, emphasizes ef-
ficient, low-resource compression (Jin et al. 2024; Fran-
tar and Alistarh 2023). Importance metrics are commonly
derived via gradient backpropogation on small datasets
(Ma, Fang, and Wang 2023) or solely by forward pass-
ing (Ashkboos et al. 2024; Sun et al. 2023a). Structured
pruning often involves post-training recovery, such as low-
rank approximation (LoRA) (Hu et al. 2021), under lim-
ited data (Ma, Fang, and Wang 2023), while some methods
use training-free reconstruction (An et al. 2024). Although
methods like ECoFLaP (Sung, Yoon, and Bansal 2024)
and SparseLoRA (He, Li, and Chen 2024) have explored
pruning for LVLMs, these efforts are limited to unstruc-
tured schemes. AntGroup’s structured pruning for AntGMM
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Figure 2: Framework of our proposed UKMP. During pruning, the UKMI module sequentially performs: 1⃝ Select the poorly
fitted token prediction sub-tasks to compose loss and backpropagate for revised Taylor importance. 2⃝ Calculate the information
entropy of angle distribution between token and weight vectors, and integrate it to the Taylor importance. 3⃝ Iteratively normal-
ize the pre-computed importance and prune till target pruning ratio. During recovery, the LPD module injects a LoRA-based
structure with weight recalling to each weight matrix and then employs a progressive learning strategy for distillation.

(Wang et al. 2024) targets only the LLM component and
classification tasks. In contrast, structured pruning receives
more attention on LLMs, yet despite the structural similar-
ities, these methods often underperform on LVLMs, espe-
cially at high pruning ratios. Therefore, structured pruning
for LVLMs remains an underexplored but valuable area.

Methodology
Framework Overview
Pruning is the process of searching a sub-model that has
minimal impact to the full model. Take the loss function L as
a reflection of model performance and given the target prun-
ing ratio P , pruning can be cast as an optimization problem:

θ̂ = argmin
θ̂∈θ

L(D; θ̂), s.t.|θ̂| ≤ |θ| · (1− P), (1)

where θ and θ̂ are the set of weights from the full model and
the pruned model, respectively. D is the calibration dataset.
To reduce the complexity of the search process, gradient-
based criterion defines the parameter importance as the loss
change when discarding it. Then for a parameter θi, apply-

ing Taylor expansion yields the Taylor importance:

ITaylor
θi

= |∆L(D)| = |Lθi
(D)− Lθi=0(D)|

= |∂L(D)

∂θi
θi −

1

2
θiHiiθi +O(||θi||3)|

≈ |∂L(D)

∂θi
θi −

1

2
(
∂L(D)

∂θi
θi)

2|,

(2)

where typically, the third-order infinitesimal terms are dis-
carded and the second term is approximated by the Fisher
Information theory to avoid quadratic computational com-
plexity of the hessian matrix H .

In context of structured pruning, given a weight matrix
W ∈ RdO×dI , the goal is to search a binary mask M of
length dO or dI that performs Hadamard product with W as
Ŵ = W ⊙M , indicating which rows or columns to prune.
With IWi,j

representing the importance of a single param-
eter, the importance of a row Wi,: is usually defined as the
summation of all parameter importance within it, as shown
in Eq.(3), and similarly for columns. Specifically, IWi,j

can
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be derived from Eq.(2) if the Taylor importance is employed.

IWi,:
=

dI∑
j=1

IWi,j
. (3)

We explore pruning for popular transformer-based
LVLMs, where both the visual encoder and LLM consist
of stacked Multi-Head Attention (MHA) blocks and Feed-
Forward Network (FFN) blocks. Due to the coupled struc-
tures, multiple vectors need to be grouped, with correspond-
ing rows or columns pruned together (Fang et al. 2023).
Thus, Eq.(3) is expanded to the sum of parameter impor-
tance across the entire group:

IWi,:
= IG =

∑
Wk,:∈G

dI∑
j=1

IWk,j
+

∑
W:,k∈G

dO∑
j=1

IWj,k
, (4)

where G is the coupled group satisfying Wi,: ∈ G. We
prune the inter-block dimensions for finer granularity. No-
tably, for the parallel computation on regular devices, vec-
tors are grouped by attention heads in MHA blocks.

As for the overall process, we follow the typical paradigm
of pruning large models, i.e. groups are sequentially re-
moved according to their importance order till the target
pruning ratio, followed by an efficient training for recovery.
Furthermore, to tackle the aforementioned challenges in uni-
fied pruning for LVLMs, we propose the UKMP, by devel-
oping a Unified Knowledge Maintenance Importance metric
(UKMI) for pruning and a LoRA-based Progressive Distil-
lation process (LPD) for recovery, as shown in Fig. 2. For
clarity, we provide detailed description in a logical sequence
that differs from the actual execution order.

Unified Knowledge Maintenance Importance
Unifying on Modules and Modalities In the literature,
unified pruning is prone to incur imbalances in the impor-
tance metric across structures, leading to over-pruning. Sim-
ilar issues also arise in LVLMs, where imbalances occur in
both distinct modules and modalities as in Fig. 1(a).

According to Eq.(4), the accumulation operatioin within
groups is one of the main causes. Thus, we perform block-
wise normalization by parameter volume within groups,
pruning the group with the lowest average importance:

IbnWi,:
= IbnG = IWi,:

/Param(G) = IWi,:
/(dI · |G|), (5)

where Wi,: ∈ G and |G| represents the number of coupled
elements. Then, for the difference between modalities, we
empirically scale their distributions to a similar range using
mean normalization:

Imn
W v

i,:
= Imn

G =
IbnW v

i,:
· |GV |∑

Gv∈GV
IbnGv

. (6)

where GV denotes the set of coupled groups in the vision
component, and similarly for the LLM component. In order
to capture distribution changes in a more fine-grained man-
ner, we iteratively normalize and prune. Notably, the impor-
tance metric is computed before the iterations, thus the iter-
ative process remains computationally efficient.

Taylor Selection over Next Token Prediction Due to the
unique calibration status of LVLMs, the Taylor importance
needs revision. For small models, the first term of Eq.(2) is
often neglected since all parameters converge on D. While
for LVLMs, this term remains significant, as the pre-trained
model retains a first-order gradient in its frozen parameters
(see Fig. 1(b)). Meanwhile, the second term has been experi-
mentally shown by prior researches to introduce fluctuations
in results (Ma, Fang, and Wang 2023). We attribute this to
the limitations of Fisher Information approximation, which
requires D to match the model’s distribution. However, ex-
ternal sourcing or conditional filtering of D tends to change
data distribution, leading to an increase in error (detailed dis-
cussion is provided in Appendix). Therefore, we conclude
that only the first term should be utilized for parameter im-
portance estimation in LVLMs, formally as:

ITaylor
Wi,j

≈ |∂L(D)

∂Wi,j
Wi,j |. (7)

Furthermore, we regard the training process with a single
image-text pair as a combination of multiple independent
next-token prediction sub-tasks. Inspired by (Fang, Ma, and
Wang 2023), when retaining only the first term of Taylor
importance, sub-tasks contribute differently to the optimiza-
tion objective. For sub-tasks that the network fits well, the
first term tends to introduce noise, thereby interfering with
importance estimation. To address this, we set a simple but
effective hard threshold T to the predicted probability pi of
the ground truth token yi to filter the sub-tasks, formally as
Eq.(8), where CE(pi, yi) is the typically used cross-entropy
loss and A denotes the set of maintained sub-tasks.

L =
1

|A|
∑
i∈A

CE(pi, yi),A = {i|pi < T }. (8)

Entropy Injection for LLM Component The gradient-
based criterion reflects the impact of model parameters on
the loss function, solely representing the modality alignment
or language generation abilities. However, it overlooks the
broad knowledge within LVLMs, which is crucial for their
remarkable zero-shot performance. Given the limitations of
the calibration dataset in covering all the learned knowl-
edge, we instead observe the correlation between parame-
ters and knowledge capacity with information entropy. De-
noting the input sequence with length S as X ∈ RS×dI , the
interaction between input and weight matrix W , formally
as Y = WXT , can be viewed as the projection of token
vectors onto weight vectors. Excluding data scale effects, a
higher dispersion in the angles between token and weight
vectors suggests a broader range of knowledge handled by
the weight vector. Therefore, we capture this dispersion and
inject it into the importance metric exclusively for LLM.

Specifically, for a weight vector Wi,:, let ϕi,s represent
the angle between it and the s-th token vector, we begin by
calculating the cosine value:

cosϕi,s =
Wi,: ·XT

s,:

||Wi,:||22 · ||Xs,:||22
, (9)

Then, we discretize the range of cosine function (i.e. [−1, 1])
into 2/∆ uniform bins, each bin ranging bj = [−1 + (j −
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1)∆,−1+j∆). The probability of cosine values falling into
each bin pi,j is calculated as pi,j = 1

S

∑S
s=1 1bj (cosϕi,s)

and used to calculate the information entropy of angular dis-
tribution HWi,:

as below:

HWi,: = −
2/∆∑
j=1

pi,j log(pi,j). (10)

Here we fix the number of bins to 100, thus ∆ = 0.02. Fi-
nally, we weight the original Taylor importance metric with
the entropy to obtain the final parameter importance:

IWi,:
= ITaylor

Wi,:
·HWi,:

. (11)

LoRA-based Progressive Distillation
LoRA-based Recovery Structure with Weight Recalling
Recovery training after pruning commonly initializes with
the remaining parameters. However, pruned parameters, es-
pecially in the LLM component at high pruning ratios, may
still contain valuable information learned from pre-training,
which is difficult to replenish with insufficient image-text
pairs. To address this gap, we introduce a weight recalling
module to implicitly recall the residual knowledge.

The recalling is performed by applying a linear transfor-
mation to reintegrate the pruned parameters into the remain-
ing ones. Building on the typical LoRA-based structure, it
operates in parallel with the original LoRA module during
training and can be reparameterized into weight updates.
Given the low-rank nature of the overall weight updates (Hu
et al. 2021), we similarly assume this linear transformation
matrix with a low ”intrinsic rank”. Consider a weight matrix
W ∈ RdO×dI , with W r ∈ Rdr

O×dI and W p ∈ Rdp
O×dI

representing the remained and pruned weights, respectively.
In the original LoRA module, the update ∆1W is decom-
posed as ∆1W = P1Q1, where P1 ∈ Rdr

O×r1 and Q1 ∈
Rr1×dI . In the weight recalling module, the update ∆2W ,
is decomposed as ∆2W = P2Q2W

p, where P2 ∈ Rdr
O×r2

and Q2 ∈ Rr2×dp
O . Thus the forward computation is:

f(X) = (W r +∆1W +∆2W )X + b

= (W rX + b) + (P1Q1)X + (P2Q2W
p)X,

(12)

where b is the bias from full model. During distillation pro-
cess for recovery, only P1, P2, Q1 and Q2 are updated,
thereby reducing training complexity.

Progressive Learning Strategy General end-to-end post-
training or distillation methods may lead to excessive com-
pensatory between modalities. Notably, internal features and
probability distributions from the full model provide more
effective supervision. Therefore, we propose a progressive
learning strategy for distillation to enhance knowledge trans-
fer under limited training data.

Our distillation training combines the pre-training loss
Ltask, the mean squared error (MSE) loss Lmse, and the
Kullback-Leibler (KL) divergence loss Lkl as the optimiza-
tion objective, with the full model serving as teacher and the
pruned model as student. The process is divided into three
phases in macro as Eq.(13): align hidden states of the vision

modality at τ1, align hidden states of both the vision and lan-
guage modalities at τ2, and use the pre-training loss and KL
divergence loss for further distillation at τ3.

Lτ=

β1Lmse(E
v
s ,E

v
t ), τ=τ1;

β1Lmse(E
v
s ,E

v
t )+β2Lmse(E

l
s,E

l
t), τ=τ2;

Ltask(ys, y)+Lkl(ps, pt), τ=τ3.
(13)

where τ denotes the training phase, βs are hyperparameters,
E represents hidden states, y, p are predicted labels and dis-
tributions, and s, t, v, l denote the student model, the teacher
model, the vision component and the language component,
respectively. Hidden states are normalized within the MSE
loss to address the scale differences across N layers:

Lmse(Es,Et) =
N∑

n=1

∥∥∥∥ Es,n

||Es,n||22
− Et,n

||Et,n||22

∥∥∥∥2
2

. (14)

Experimental Results and Analysis
Experimental Settings
Architecture By following (Sung, Yoon, and Bansal
2024), we evaluate our proposed UKMP on the encoder-
decoder version of BLIP-2 (Li et al. 2023b), composed of
ViT-g/14 from EVA-ViT (Sun et al. 2023b) and FlanT5XL

(Chung et al. 2024). Since the Q-Former constitutes only
2.7% of the total parameters, we freeze it and focus on com-
pressing the visual encoder and the LLM branch.

Datasets and Evaluation Metrics Under the setting of
task-agnostic compression, we evaluate the zero-shot ca-
pabilities of the compressed models on various datasets
and tasks. Specifically, we report the Accuracy on VQAv2
(Goyal et al. 2017), OK-VQA (Marino et al. 2019), GQA
(Hudson and Manning 2019) for the VQA task, provide
top-1 Text Recall (TR@1) and top-1 image Recall (IR@1)
on Flickr30k (Plummer et al. 2015) for image-text re-
trieval, and report CIDEr (Vedantam, Lawrence Zitnick, and
Parikh 2015) and SPICE (Anderson et al. 2016) on NoCaps
(Agrawal et al. 2019) for image captioning. We also report
the macro average score (Macro Avg.) across these tasks.

Implementation Details For calibration and recovery, we
use CC595K (Liu et al. 2023), filtered from CC3M (Sharma
et al. 2018) and synthesized by BLIP (Li et al. 2022). For
pruning, 1000 image-text pairs are randomly selected as the
calibration set. As for recovery, the pruned model is trained
on all 595K data for 1 epoch, with 40K for phase τ1, 280K
for phase τ2 and 275K for phase τ3 as in Eq. (13). All the
experiments are conducted with LAVIS (Li et al. 2023a) and
TP (Fang et al. 2023) on one NVIDIA A800 GPU. Detailed
settings of hyperparameters are provided in Appendix.

Main Results on Vision-Language Tasks
We compare UKMP with representative state-of-the-art
structured pruning methods, including LLM-Pruner (Ma,
Fang, and Wang 2023), ECoFLaP (Sung, Yoon, and Bansal
2024), FLAP (An et al. 2024) and UPop (Shi et al. 2023). As
these methods are not originally designed for LVLMs, we
re-implement them using the open-source code. Note that
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Method Pruning Ratio
Visual Question Answering Image Captioning Image-Text Retrieval

Macro Avg.VQAv2 OK-VQA GQA NoCaps Flickr30k
Accuracy CIDEr SPICE TR@1 IR@1

Full Model-g (3.9B) - 63.11 41.18 43.97 102.62 13.42 92.9 85.62 63.26
Full Model-L (3.2B) - 61.11 37.72 43.45 98.69 13.07 93.3 83.56 61.56
LLM-Pruner global 20% 59.15 36.07 43.35 96.96 12.90 95.6 86.44 61.50
LLM-Pruner local 20% 54.86 35.74 41.91 94.00 12.78 95.4 85.16 59.98

ECoFLaP sp 20% 60.22 39.90 41.51 99.90 13.24 95.9 87.14 62.54
FLAP 20% 50.45 27.05 33.13 94.98 12.63 94.7 83.44 56.63
UPop 20% 49.64 24.95 35.49 93.71 12.54 94.8 83.50 56.38

UKMP (Ours) 20% 61.79 41.28 44.01 101.97 13.39 95.0 86.36 63.40
LLM-Pruner global 50% 18.53 9.77 12.01 62.86 10.57 75.1 60.02 35.55
LLM-Pruner local 50% 36.40 10.50 25.15 66.72 10.73 78.8 63.12 41.63

ECoFLaP sp 50% 6.40 7.76 4.25 85.51 11.93 88.3 73.56 39.67
FLAP 50% 5.78 8.41 3.80 81.70 11.65 89.1 73.88 39.19
UPop 50% 3.16 5.12 3.45 90.90 12.42 93.4 79.82 41.18

UKMP (Ours) 50% 47.81 27.38 35.15 96.92 12.94 95.0 84.86 57.15

Table 1: Comparison of various structured pruning approaches at 20% and 50% pruning ratios. All tasks follow zero-shot
testing protocol. Best in bold. For fair comparison, we apply recovery training to all methods and report the better results. Full
Model-g (3.9B) and Full Model-L (3.2B) for the Vit-g FlanT5XL and the Vit-L FlanT5XL version of BLIP-2, respectively.
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Figure 3: (a) Comparison of various approaches on VQAv2 at different parameter volumes. (b) Comparison of various ap-
proaches on NoCaps at different GFLOPs, with the area of circles representing parameter volume. Since the termination times
vary across models in auto-regressive generation with beam search, we calculate GFLOPs per token with the same samples.

AntGMM (Wang et al. 2024) is designed for LVLMs with-
out releasing the code. We therefore omit it in comparison.

As summarized in Tab. 1 and Fig. 3, UKMP significantly
outperforms the compared methods, with its advantages be-
coming more pronounced at higher pruning ratios. Con-
cretely, on image captioning, UKMP improves the second-
best method by 2.07 and 6.02 in CIDEr at 20% and 50%
pruning ratio, respectively. The reason lies in that UKMP ad-
dresses the imbalance in unified pruning and adopts a more
accurate gradient-based importance criterion. As for VQA,
UKMP surpasses the second-best method by 11.41% and
10% at a 50% pruning ratio on VQAv2 and GQA, respec-
tively. This is attributed to UKMP’s ability to perceive the
correlation between parameters and knowledge capacity, as
well as the knowledge recycling from the pruned structures.

Further Remark The baseline LLM-Pruner exhibits se-

vere imbalance with its global scheme and suboptimal per-
formance with its local scheme, suggesting that a globally
adaptive pruning is more promising. Following (An et al.
2024), we extend ECoFLaP, an unstructured pruning method
for LVLMs, into a structured pruning scheme. It outperforms
the other methods except fof UKMP at a 20% pruning ratio,
highlighting the importance of addressing modality differ-
ences for LVLMs. FLAP claims to have observed structured
sample stability in LLMs; however, in LVLMs, the presence
of visual encoders renders such properties inapplicable to
the entire model. Despite exploring different reconstruction
and fine-tuning strategies, the results remain uncompetitive.
UPop aims to achieve modality-balanced sub-model search
for VLMs, but the comprehensive updating of all parameters
disrupts the original knowledge structure, resulting in a sub-
stantial performance drop in VQA tasks. Notably, at a 20%
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UKMI LPD VQAv2 OK-VQA GQA NoCaps
Accuracy (%) CIDEr SPICE

18.53 9.77 12.01 62.86 10.57
✓ 39.01 24.61 30.08 93.39 12.81
✓ ✓ 47.81 27.38 35.15 96.92 12.94

Table 2: Effect of the proposed UKMI and LPD modules on
VQA and image captioning tasks at 50% pruning ratio.

UN TS EI VQAv2 OK-VQA GQA NoCaps
Accuracy (%) CIDEr SPICE

29.22 11.73 22.63 68.80 10.89
✓ 33.43 23.26 24.58 94.69 12.78
✓ ✓ 39.54 23.95 29.62 98.01 13.12
✓ ✓ ✓ 47.81 27.38 35.15 96.92 12.94

Table 3: Ablation study on UKMI at 50% pruning ratio w/
LPD. UN for the unifying on modules and modalities, TS
for the Taylor selection over next token prediction, EI for
the entropy injection for LLM component.
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Figure 4: Loss curves w/ and w/o the weight recalling mod-
ule at 50% pruning ratio in (a) phase τ1, (b) phase τ2 and (c)
phase τ3. (d) Ablation study on the intrinsic rank (i.e. r2) of
the weight recalling module on VQA tasks.

pruning ratio, our pruned model outperforms the official full
model of similar size (i.e. BLIP-2 3.2B), even surpassing the
original full model on certain tasks (e.g. on OK-VQA and
GQA), indicating inherent redundancy within LVLMs.

Ablation Study
On Main Components We evaluate the effect of the main
modules, i.e. UKMI and LPD. As shown in Tab. 2, at a 50%
pruning ratio, UKMI prevents the pruned model from nearly
collapsing, improving CIDEr on NoCaps by 30.53, while
LPD further improves it by 3.53. Both modules promotes the
performance in the knowledge-intensive VQA tasks, boost-
ing the VQAv2 accuracy by 20.48% and 8.8%, respectively.

On UKMI We evaluate the effect of the three sub-modules
within UKMI. As shown in Tab. 3, the unifying on mod-
ules and modalities significantly enhances the overall per-

PL WR VQAv2 OK-VQA GQA NoCaps
Accuracy (%) CIDEr SPICE

39.01 24.61 30.08 93.39 12.81
✓ 43.67 25.68 33.41 95.64 12.93
✓ ✓ 47.81 27.38 35.15 96.92 12.94

Table 4: Ablation study on LPD at 50% pruning ratio w/
UKMI. PL for the progressive learning strategy, WR for the
LoRA-based recovery structure with weight recalling.

r1 r2
Trainable VQAv2 OK-VQA NoCaps
Params Accuracy (%) CIDEr SPICE

8 0 18M 43.67 25.68 95.64 12.93
4 4 17M 45.81 27.30 96.24 12.88

16 0 35M 43.57 25.38 95.83 12.96
8 8 33M 47.81 27.38 96.92 12.94

Table 5: Ablation study on trainable parameters in LPD.

formance. The Taylor selection further improves image cap-
tioning, since it is consistent with the refined gradient-based
criterion. The entropy injection boosts the accuracy in VQA,
despite a slight decline on image captioning, which is ac-
ceptable due to its low reliance on knowledge capacity.

On LPD We evaluate the effect of the two sub-modules
within LPD. As shown in Tab. 4, both the LoRA-based
weight recalling structure and the progressive learning strat-
egy promote the performance. Loss curves in Fig. 4 indicates
that the weight recalling module improves convergence dur-
ing training. Despite doubling the number of trainable pa-
rameters, the ablation results in Tab. 5 reveal that adding
more parameters to the original LoRA module yields slight
improvements. Instead, the significant gains are primarily at-
tributed to the proposed weight recalling module. Addition-
ally, Fig. 4(d) shows that a higher intrinsic rank of weight
recalling module (e.g. 6, 8) facilitates better knowledge re-
covery, whereas excessively small ranks (e.g. 2, 4) can have
detrimental effects.

Conclusion
In this paper, we investigate unified structured pruning for
LVLMs, and propose a novel approach dubbed Unified
Knowledge Maintenance Pruning and Progressive Recov-
ery with Weight Recalling (UKMP). We develop a uni-
fied knowledge maintenance importance metric to refine the
gradient-based criterion, perceive the model’s knowledge
capacity and resolve imbalance for globally unified prun-
ing. Moreover, a LoRA-based progressive distillation is em-
ployed to facilitate recovery with limited data. Experiments
on various vision-language tasks demonstrate the effective-
ness of our approach. Notably, the latest LVLMs increas-
ingly rely on more complex instruction data to build ultra-
large models (Liu et al. 2023). Handling the redundancy
within these models remains a challenging problem. We
hope our contributions will assist in advancing the under-
standing and exploration of pruning techniques for LVLMs.
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