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Abstract. Large vision-language foundation models (VLMs) provide005 005

strong generalization but are often over-capacitated for real-world de-006 006

ployment, where applications typically involve a small set of tasks and007 007

strict computational budgets. Existing approaches either incorporate008 008

budget adaptivity during pretraining or perform compression while at-009 009

tempting to preserve universal zero-shot capability, which inherently lim-010 010

its achievable compression. In this work, we instead formulate deploy-011 011

ment as a task-conditioned, budget-aware submodel extraction problem:012 012

given a pretrained model, a target task set, and a budget, the goal is to013 013

derive a structured submodel that maximizes task performance under the014 014

constraint. We propose a post-hoc extraction method that searches over015 015

heterogeneous structural reductions, including attention dropping, MLP016 016

dropping, block dropping, and width reduction. We rank removable units017 017

using lightweight task-aware evaluation and progressively selects the op-018 018

erator that yields the best accuracy–budget trade-off at each reduction019 019

step. Without modifying the pretraining process, our approach produces020 020

task-aligned submodels that maintain strong task accuracy under tight021 021

parameter and compute budgets across multiple VLMs.022 022

1 Introduction023 023

The emergence of large-scale vision-language foundation models (VLMs) has024 024

fundamentally reshaped visual understanding. Trained on web-scale multimodal025 025

data, these models demonstrate strong generalization across diverse tasks such026 026

as visual question answering [1], image captioning [12, 27], and multimodal rea-027 027

soning [6]. A growing number of powerful open-source VLMs are now publicly028 028

available [2, 14]. Despite architectural differences, they share common charac-029 029

teristics: large scale, broad versatility, and strong adaptation capability. As a030 030

result, a single pretrained model can often serve as a universal backbone for a031 031

wide range of downstream multimodal tasks.032 032

However, the increasing scale and universality of these models expose a mis-033 033

match with real-world deployment. Practical applications are often highly spe-034 034

cialized and require only a narrow subset of capabilities [21, 24, 25]. In many035 035

cases, large portions of a foundation model’s capacity become functionally re-036 036

dundant. For instance, an embedded vision system may only need pose estima-037 037

tion or anomaly detection rather than the full spectrum of dense prediction or038 038

reasoning tasks [30]. Moreover, deployment environments frequently have strict039 039
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computational constraints. Applications such as robotics and autonomous sys-040 040

tems demand real-time inference under limited hardware budgets, where the041 041

parameter count and computational overhead of modern foundation models can042 042

be prohibitive. As models continue to scale for broader generalization, the gap043 043

between large-scale pretraining and budget-constrained deployment widens. Ex-044 044

isting efforts focus primarily on improving pretraining or enhancing universal045 045

capability, yet provide limited mechanisms for deriving models that align si-046 046

multaneously with specific task needs, computational budgets, and real-world047 047

deployment requirements [11,16,28].048 048

Existing approaches to mitigate this mismatch generally fall into two cate-049 049

gories. The first follows the once-for-all (OFA) model training [3,4], where budget050 050

adaptivity is incorporated during pretraining so that sub-networks of different051 051

computational costs can be selected after training. However, such methods as-052 052

sume control over the pretraining process, which is often inaccessible to prac-053 053

titioners relying on publicly available foundation models. The second category054 054

consists of post-hoc compression techniques, including structured pruning and055 055

sparsification [8, 9], which aim to reduce the size of the model while preserv-056 056

ing overall zero-shot generalization. Because these methods seek to maintain057 057

broad universal performance, the degree of compression achievable is inherently058 058

limited. In contrast, practical deployment typically requires flexible compression059 059

levels tailored to specific budgets and focuses on a small subset of domain-specific060 060

tasks rather than universal capability [22]. As a result, current paradigms are061 061

not explicitly designed to produce aggressively compressed submodels aligned062 062

with tasks that match the requirements of the concrete task and the budget.063 063

In this work, we reformulate deployment as a task-conditioned, budget-con-064 064

strained submodel extraction problem. Given a pretrained VLM, a small set065 065

of target tasks, and a specified computational budget, our goal is to derive a066 066

structured submodel that maximizes task performance while satisfying the bud-067 067

get constraint. Instead of preserving universal zero-shot capability, we explicitly068 068

focus on aligning model capacity with the requirements of specific downstream069 069

tasks. To address this problem, we propose a post-hoc extraction framework that070 070

searches over heterogeneous structural reductions in transformer-based vision-071 071

language models. The framework considers multiple structural operators, includ-072 072

ing attention removal, MLP removal, block dropping, and MLP width reduction.073 073

A lightweight task-aware ranking stage first estimates the relative importance074 074

of removable units, after which a granularity-controlled greedy search progres-075 075

sively selects the operator that provides the best accuracy–budget trade-off at076 076

each reduction step. This design enables flexible adjustment of model depth and077 077

width without modifying the original pretraining process.078 078

By decoupling deployment adaptation from pretraining and explicitly opti-079 079

mizing task-specific performance, our approach produces task-aligned submodels080 080

that establish a clear trade-off between task accuracy and computational bud-081 081

get. This perspective provides a practical mechanism for transforming publicly082 082

available foundation models into budget-efficient models suitable for diverse de-083 083

ployment scenarios. Our contributions are summarized as follows:084 084
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– Task-Conditioned Submodel Extraction. We formulate deployment of085 085

vision-language foundation models as a budget-aware, task-conditioned sub-086 086

model extraction problem, which focuses on maximizing task performance087 087

under explicit resource constraints instead of preserving universal capability.088 088

– Heterogeneous Structural Extraction Framework. We propose a post-089 089

hoc extraction framework that searches over heterogeneous structural re-090 090

ductions (attention, MLP, block, and width) and progressively constructs091 091

submodels that achieve favorable accuracy–budget trade-offs.092 092

– Comprehensive Empirical Study. Through systematic experiments on093 093

multiple VLM backbones, including Qwen2.5-VL and LLaVA models, we094 094

show that task-aligned submodel extraction consistently achieves strong ac-095 095

curacy under significantly reduced parameter and compute budgets.096 096

2 Related Work and Preliminaries097 097

2.1 Once-for-all Model098 098

One important way to extract submodels from a pretrained model is to train a099 099

Once-for-All (OFA) model [3, 19]. OFA training adopts a progressive shrinking100 100

algorithm, which starts from the largest full-capacity model and gradually sup-101 101

ports smaller submodels within a single over-parameterized supernet. The final102 102

model can flexibly instantiate sub-networks of different depths, widths, kernel103 103

sizes, or other architectural dimensions, while sharing the same set of pretrained104 104

weights across all configurations. In the context of foundation models, a closely105 105

related paradigm is often referred to as many-in-one models [4,5]. These models106 106

follow a similar shrinking philosophy during training, but introduce architectural107 107

mechanisms, such as routing modules that dynamically select different submodels108 108

or computational paths at inference time. This design is conceptually related to109 109

Mixture-of-Experts (MoE) models [17,29], although the experts in these systems110 110

may have heterogeneous sizes and partially shared parameters rather than be-111 111

ing completely independent. However, both OFA and many-in-one approaches112 112

require modifying the training pipeline or redesigning the model architecture113 113

during pretraining, for example by introducing routers, restructuring layers, or114 114

explicitly training a supernet that supports progressive shrinking. In practice,115 115

many users rely on publicly released foundation models and do not have access116 116

to the original training process, making it unrealistic to retrain models with117 117

additional architectural constraints. Consequently, while OFA-style approaches118 118

provide elegant flexibility in principle, they are difficult to apply in plug-and-play119 119

deployment scenarios where the objective is to derive efficient submodels directly120 120

from an already pretrained and fixed foundation model without modifying the121 121

original training procedure.122 122

2.2 Structure Pruning in Transformer-based Foundation Models123 123

Following the Transformer architecture [23], structure pruning in Transformer-124 124

based foundation models typically focuses on three structural dimensions: at-125 125

tention modules, MLP (feed-forward) modules, and entire Transformer blocks.126 126
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Original Model         Attention Drop              MLP Drop                 Block Drop            Width Reduction                 Ours

Fig. 1: Structural pruning strategies in Transformer models. Dark blue blocks
denote attention modules, purple blocks denote MLP modules, dashed blocks indi-
cate removed components, and narrower blocks indicate width reduction. Ours: We
summarize the performance of different methods on VLMs and propose an automated
pipeline to generate candidate sub-models by combining multiple strategies, selecting
the best sub-model under target constraints.

Recent compression methods [9,16] explore different strategies along these axes,127 127

including attention drop [11], MLP drop [18], block drop, and MLP width re-128 128

duction [8, 13]. Attention drop primarily aims to reduce the memory and la-129 129

tency overhead associated with the key-value (KV) cache during autoregressive130 130

inference, rather than significantly decreasing the total number of model pa-131 131

rameters, since attention layers account for only a relatively small fraction of132 132

the parameters in Transformer models [11]. In contrast, MLP drop and MLP133 133

width reduction are motivated by empirical observations that MLP layers are134 134

often over-parameterized and contain substantial redundancy. As MLP modules135 135

typically dominate the parameter count in large language models, pruning or136 136

shrinking them can substantially reduce model size while maintaining compet-137 137

itive performance. Block drop removes entire Transformer blocks and therefore138 138

reduces both attention and MLP parameters simultaneously, but this strategy139 139

is relatively coarse-grained and often lacks fine-grained control over parameter140 140

allocation and capacity preservation. Although these pruning strategies have141 141

been widely studied individually, existing approaches typically rely on a single142 142

operator or apply pruning along a fixed structural dimension. As a result, they143 143

provide limited flexibility when adapting models to different deployment con-144 144

straints. Moreover, most prior work focuses on preserving universal or zero-shot145 145

generalization across tasks. In contrast, we focus on extracting task-specific sub-146 146

models under explicit resource budgets, which relaxes the requirement of main-147 147

taining universal capability and enables more aggressive compression strategies148 148

tailored to the target deployment scenario.149 149

2.3 Compression Methods in Vision-Language Models150 150

Since our goal is submodel extraction, we rely on structured pruning (i.e., com-151 151

pression) algorithms as the core tools. We therefore first conduct an empirical152 152

comparison of several representative compression strategies on common VLMs153 153

in order to understand their behavior under different deployment constraints.154 154



ECCV 2026 Submission #10839 5

Qwen2.5-VL-7B Llava1.5-7B

Fig. 2: The performance of different compression methods in 7B Qwen2.5-VL and
Llava1.5 models. The performance is evaluated on VQA v2. Different compression
methods share the same ratio of dropped parameters to the total number of parameters.

For block drop, MLP drop, and MLP width reduction, we align the compar-155 155

ison by controlling the proportion of removed parameters relative to the total156 156

parameter count of the original model, ensuring evaluation under the same com-157 157

pression ratio. In contrast, attention drop removes only a small fraction of pa-158 158

rameters and mainly improves efficiency by reducing the key-value (KV) cache159 159

during autoregressive inference; we therefore evaluate it separately. Figure 2160 160

presents results on instruction fine-tuned Qwen2.5-VL-7B and LLaVA1.5-7B us-161 161

ing VQA v2 [7] and MMBench [15] as representative benchmarks. Empirically,162 162

under the same parameter drop ratio, MLP width reduction generally preserves163 163

performance better than block drop and MLP drop, particularly at higher com-164 164

pression levels. This observation suggests that, in our evaluated settings, redun-165 165

dancy in these VLMs is more concentrated in the width of MLP layers rather166 166

than in model depth. We also observe that, under comparable compression ratios167 167

and benchmarks, Qwen2.5-VL-7B tends to exhibit steeper performance degra-168 168

dation than LLaVA1.5-7B, indicating relatively lower redundancy in the former169 169

model within our experimental setup.170 170

For attention drop, which is more effective for reducing GPU memory usage171 171

and inference latency than for reducing parameter count [10, 11], we conduct172 172

additional experiments to analyze its efficiency characteristics. As shown in Fig-173 173

ure 3, dropping less than 30% of attention layers in Qwen and LLaVA models174 174

largely preserves VLM performance. Although this operation removes less than175 175

3% of the total model parameters, it provides noticeable inference speed im-176 176

provements due to the reduction of KV-cache computation during autoregres-177 177

sive decoding. This efficiency gain is comparable to that achieved by substan-178 178

tially larger parameter reductions through width reduction. These observations179 179

indicate that different compression operators affect model efficiency and param-180 180

eter count in different ways. Therefore, extracting an optimal submodel requires181 181

considering the primary deployment bottleneck, such as parameter-constrained182 182

scenarios (favoring MLP reduction) or latency-constrained scenarios (favoring183 183

attention drop).184 184
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Attention Drop: Qwen2.5 vs. Llava1.5 Speed-up of Compression Methods

Fig. 3: The performance of attention drop in 7B Qwen2.5-VL and Llava1.5 models and
the inference speedup compared to mlp-related compression methods.

3 Method185 185

3.1 Problem Setup186 186

Let F (θ) denote a pretrained VLM, where θ represents the full set of model187 187

parameters. We denote the original parameter size by Porig = |θ|. We consider a188 188

small set of downstream tasks T = {T1, . . . , Tk}, where typically k ∈ [1, 3]. These189 189

tasks represent the target deployment scenario and correspond to a small num-190 190

ber of task-specific benchmarks. We evaluate performance using the averaged191 191

validation accuracy across the selected tasks, denoted as Acc(F (θ)).192 192

Given a target parameter budget B ≤ Porig, our goal is to extract a structured193 193

submodel F (θ′) with parameter size P ′ = |θ′| ≤ B, such that its performance194 194

on the target tasks is maximized.195 195

Formally, we aim to solve:196 196

max
θ′⊆θ

Acc
(
F (θ′)

)
s.t. |θ′| ≤ B. (1)197 197

We emphasize that the objective is explicitly task-conditioned: instead of198 198

preserving universal zero-shot capability, we seek the best-performing submodel199 199

under a specified parameter constraint for the selected target tasks.200 200

3.2 Model-Level Ranking under the Original Model201 201

Before performing budgeted reduction, we first compute an importance rank-202 202

ing for removable structural units based on the original pretrained model. This203 203

ranking stage provides a coarse estimate of the relative importance of different204 204

components and serves as a candidate ordering for the subsequent extraction205 205

process.206 206

For block-level ranking, suppose the model contains L Transformer blocks.207 207

We construct L temporary variants, each removing exactly one block while keep-208 208

ing all other components unchanged. Each variant is evaluated on a lightweight209 209
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Algorithm 1: Granularity-Controlled Submodel Extraction
Input: Pretrained model F (θ); target budget B; reduction unit g (size of one

MLP); lightweight set Dlite (K batches, KB samples)
Output: Structured submodel parameters θ′ with |θ′| ≤ B
Stage 1: Ranking on the original model.;
For each removable structural unit u, compute its drop score on Dlite:
s(u) = Acc(F (θ−u);Dlite).

For each MLP layer ℓ and channel i, compute a channel importance score:
sℓ,i = Ex∼Dlite

[
|W (ℓ)

d,i h
(ℓ)
i |

]
.

Initialize θ(0) ← θ and t← 0.
Stage 2: Budget-aware extraction with fixed granularity.;
while |θ(t)| − g > B do

// Candidate set = next available units whose size is
approximately g

C(t) ← ∅;
Add the next not-yet-dropped unit from each ranking (block, attention, or
MLP) into C(t);

foreach a ∈ C(t) do
Apply a to obtain a temporary submodel F (θ

(t)
a );

Evaluate A(a) = Acc
(
F (θ

(t)
a );Dlite

)
;

a(t) ← argmaxa∈C(t) A(a);
θ(t+1) ← θ

(t)

a(t) ;
Advance the iterator only for the ranking type selected by a(t);
t← t+ 1;

Stage 3: Final budget matching by width reduction.;
Let remaining reduction be ∆ = |θ(t)| −B.;
Shrink MLP widths to remove approximately ∆ parameters.;
Return the final submodel parameters θ′.

validation subset consisting of K batches (KB samples in total). Blocks whose210 210

removal yields higher accuracy are considered less important, and blocks are211 211

ranked accordingly. The same procedure is applied to attention modules and212 212

MLP sub-layers: each unit is individually removed once, and its post-removal213 213

accuracy determines its ranking.214 214

For MLP channels, instead of repeatedly measuring validation accuracy, we215 215

estimate importance using output sensitivity. Given intermediate activation h216 216

and output projection weight Wd, the contribution of channel i is approximated217 217

by the magnitude of Wd,ihi. Each MLP layer is ranked independently based on218 218

this criterion. After this stage, we obtain a ranking over blocks, attention mod-219 219

ules, MLP modules, and channels. Because the evaluation subset is extremely220 220

lightweight, this ranking step can be computed efficiently and performed only221 221

once before the extraction process. For attention layers, we follow the selection222 222

method in [11].223 223
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3.3 Granularity-Controlled Submodel Extraction224 224

Based on the precomputed ranking, we perform budget-aware submodel extrac-225 225

tion in a step-wise manner. Empirically, removing an entire MLP sub-layer pro-226 226

vides a stable and effective reduction unit in transformer-based VLMs. We there-227 227

fore adopt the parameter size of one MLP as the default reduction granularity,228 228

which allows the extraction process to proceed with consistent parameter reduc-229 229

tions at each step. This design effectively performs operator-level search over230 230

heterogeneous structural reductions under a fixed budget constraint.231 231

For example, if the target requires removing approximately 50% of parame-232 232

ters and one MLP corresponds to about 5% of the total parameters, we perform233 233

roughly 10 reduction steps. At each step, we consider candidate structural reduc-234 234

tions across different operator types (block removal, attention removal, or MLP235 235

removal) that correspond to approximately one reduction unit. Each candidate236 236

submodel is evaluated on the lightweight validation subset, and the operator237 237

that achieves the highest validation accuracy is selected. This step-wise selection238 238

process progressively constructs the final submodel while respecting the param-239 239

eter budget. The procedure continues until the cumulative parameter reduction240 240

slightly exceeds the target budget. Finally, we apply MLP width reduction to241 241

finely adjust the remaining parameter count and match the target constraint242 242

precisely. The same extraction framework can also be applied under an inference243 243

speed budget by selecting operators that reduce computational latency.244 244

This design tightly couples the ranking stage with the extraction process:245 245

the ranking restricts the candidate pool of removable components, while the246 246

granularity-controlled selection determines the combination of structural opera-247 247

tors used in the final hybrid submodel.248 248

4 Experiments249 249

4.1 Experimental Setup250 250

Models and Submodel Settings. We evaluate our method on four widely used251 251

instruction-following VLM backbones: Qwen2.5-VL-7B, Qwen2.5-VL-3B [26],252 252

LLaVA-1.5-7B, and LLaVA-1.5-13B [14]. Unless otherwise specified, we keep253 253

the vision encoder frozen during extraction and recovery training, and apply all254 254

structural modifications to the language-side Transformer.255 255

Benchmarks and Datasets. We use three VQA-style benchmarks as target256 256

tasks: VQA v2 [7], MMBench [15], and TextVQA [20], and report accuracy as257 257

the evaluation metric. For each benchmark, we sample 2,000 validation/test258 258

examples for evaluation to keep experiments consistent and computationally259 259

tractable. For the lightweight ranking stage, we use a much smaller fixed subset260 260

of 64 samples, which is shared across all candidate evaluations.261 261

Recovery Training Details. After submodel extraction, we optionally262 262

perform lightweight recovery training for 1 epoch on 5,000 training samples263 263

with learning rate 1 × 10−6 using bf16 mixed precision. We sweep target com-264 264

pression ratios over {5%, 10%, 15%, 20%, 25%, 30%} parameter reduction and265 265
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Fig. 4: Submodel performance under parameter-budgeted compression. At-
tention drop is excluded since it removes very few parameters. We compare
different drop operators across four models. For each model, the top row reports the
direct accuracy of the compressed submodel (Dir. Acc) and the bottom row reports the
recovered accuracy after recovery training (Rec. Acc). We exclude attention drop since
it is consistently inferior under parameter-budgeted settings. Overall, width reduc-
tion yields the strongest accuracy retention across compression ratios, and our method
adapts to select the most suitable operator to match the budget while maintaining
accuracy competitive with the best baseline.

{5%, 10%, 15%, 20%, 25%, 30%} inference speedup. Throughout the experiments,266 266

we use the parameter size of one MLP layer as the default reduction unit to de-267 267

fine the step granularity in our extraction procedure, and one attention layer as268 268

the default inference speedup unit. All experiments are conducted on NVIDIA269 269

H200 GPUs. Peak memory occupation is calculated on one GPU.270 270

4.2 Submodel Extraction Performance271 271

We first study submodel extraction when the deployment constraint is defined272 272

by the parameter budget. Figure 4 summarizes the accuracy trends across273 273

four backbones and multiple compression ratios. A consistent observation is that274 274

MLP width reduction is the most accuracy-preserving operator under275 275

parameter-budgeted compression. Compared to dropping entire blocks or276 276

MLP modules, width reduction removes parameters in a finer-grained manner277 277

while preserving the overall network structure, which helps maintain the rep-278 278

resentational capacity required for VQA tasks. This pattern holds consistently279 279

across all evaluated models and for both direct accuracy and recovered accuracy.280 280

Although width reduction performs strongly under parameter constraints,281 281

it is not always the optimal choice at every operating point. Our framework282 282

is designed to adaptively select the operator that best matches the283 283

current budget–accuracy trade-off. As shown in Figure 4, the extracted284 284

submodels consistently achieve performance comparable to or better than the285 285

strongest single-operator baseline across most compression ratios. This behavior286 286
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Fig. 5: Submodel extraction under an inference speed budget. Our method adaptively
selects among heterogeneous operators and achieves consistently strong performance
across different speed-up targets.

indicates that combining heterogeneous operators can exploit complementary287 287

effects: width reduction is chosen when it provides the best parameter–accuracy288 288

trade-off, while other operators are selected when they produce better local im-289 289

provements.290 290

We next analyze submodel extraction when the deployment constraint is de-291 291

fined by the inference speed budget. Figure 5 presents the accuracy trends292 292

under different speed-up targets. In contrast to the parameter-budget scenario,293 293

width reduction is no longer consistently the most favorable operator. When294 294

the required speed-up is relatively small, attention drop typically achieves the295 295

highest accuracy, since removing attention layers directly reduces the key-value296 296

cache computation during autoregressive decoding while affecting only a small297 297

portion of the model parameters. As the required speed-up increases, block298 298

drop becomes more effective. Removing entire Transformer blocks shortens the299 299

computational path of the network and therefore provides stronger latency re-300 300

duction than attention removal alone. In comparison, width reduction offers301 301

relatively limited latency benefits despite reducing parameters, because shrink-302 302

ing intermediate tensor dimensions does not always translate to proportional303 303

improvements in GPU kernel efficiency.304 304

Overall, these results highlight the importance of adaptive operator selec-305 305

tion under different deployment constraints. While width reduction dom-306 306

inates under parameter budgets, latency-oriented deployment favors operators307 307

that directly reduce computation, such as attention removal and block removal.308 308

Our extraction framework can automatically adapt to these different optimiza-309 309

tion objectives and consistently produce high-performing submodels across both310 310

parameter- and latency-budget settings.311 311
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Method Peak Alloc.(GB) ↓ Peak Reserv.(GB)↓ Time/sample(ms)↓
Ratio Type

Ori. No Compress. 15.879 16.660 301.37

10%
Block Drop 14.825 16.191 289.48
MLP Drop 15.031 16.253 264.01
Width Red. 14.957 16.168 302.10

20%
Block Drop 13.520 15.115 236.90
MLP Drop 13.439 14.472 249.92
Width Red. 13.421 14.918 274.39

30%
Block Drop 12.007 13.149 198.18
MLP Drop 11.648 12.899 204.68
Width Red. 11.922 13.934 246.11

Table 1: GPU memory occupation and per-sample latency under total-
parameter budget. We report CUDA peak allocated/reserved memory and average
time per sample during generation on VQAv2 (64 samples) for Qwen2.5-VL-7B.

4.3 Inference Efficiency and Memory Analysis312 312

We further analyze the system-level efficiency of different compression operators313 313

under a total-parameter budget. Table 1 reports the peak GPU memory usage314 314

and the average inference latency per sample on VQAv2.315 315

Increasing the compression ratio consistently reduces GPU memory usage316 316

across all operators. For example, the peak allocated memory decreases from317 317

15.879 GB in the original model to around 12 GB at a 30% compression ratio.318 318

Among the evaluated operators, MLP Drop tends to provide the largest memory319 319

reduction, since MLP layers constitute a substantial portion of both the model320 320

parameters and activation memory.321 321

The impact on inference latency, however, differs significantly across opera-322 322

tors. Removing entire blocks or MLP modules shortens the computational path323 323

and leads to faster inference, reducing the latency from 301.37 ms to around324 324

200 ms at a 30% compression ratio. In contrast, width reduction does not achieve325 325

comparable speedups despite reducing parameters, because modifying interme-326 326

diate tensor shapes can result in less efficient GPU kernel execution.327 327

These results suggest that parameter reduction alone does not necessarily328 328

translate into improved inference efficiency. Instead, different structural oper-329 329

ators optimize different system bottlenecks, such as parameter count, memory330 330

usage, or runtime latency. This observation highlights the importance of selecting331 331

compression operators according to the target deployment constraint.332 332

4.4 Effect of Recovery Training333 333

An important property of our framework is that the extracted submodel is op-334 334

timized for a specific downstream task rather than preserving general-purpose335 335

capability. This design enables lightweight recovery training on the target dataset336 336

to restore task accuracy after structural compression.337 337
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Fig. 6: Effect of recovery training at 30% compression. We perform recov-
ery training on the target task (VQAv2) after extracting the compressed submodel.
The VQAv2 accuracy increases from 0.7633 (compressed, epoch 0) to 0.7740 after
one epoch, while TextVQA consistently decreases (e.g., 0.7378 → 0.7180 within 5
epochs), indicating that recovery training prioritizes task-specific performance rather
than generalization across tasks. Shaded areas denote the standard deviation.

We analyze this effect under a compression ratio of 30%, where recovery338 338

training is performed on the VQA v2 dataset. Before recovery training, the339 339

compressed model achieves an accuracy of 0.7633 on VQAv2. After one epoch340 340

of recovery training, the accuracy improves to 0.7740, and remains relatively341 341

stable in subsequent epochs, as shown in Figure 6. These results indicate that342 342

a small amount of task-specific fine-tuning can effectively recover part of the343 343

accuracy lost during compression.344 344

At the same time, recovery training does not improve performance on other345 345

tasks. For example, the accuracy on TextVQA decreases from 0.7378 at epoch 0346 346

to 0.7180 after five epochs of training. This behavior reflects the task-prioritized347 347

nature of our approach: since recovery training focuses exclusively on the target348 348

dataset, the limited model capacity is gradually adapted to the target task rather349 349

than maintaining cross-task generalization.350 350

Although the recovered VQA v2 accuracy remains lower than that of the351 351

original uncompressed model, these results demonstrate that recovery training352 352

provides an effective mechanism for restoring target-task performance after sub-353 353

model extraction. This property is particularly useful in practical deployment354 354

scenarios where the model is optimized for a specific application and task-specific355 355

accuracy is more critical than preserving broad multi-task capability.356 356

4.5 Case Study357 357

To better understand the behavior of the proposed submodel extraction frame-358 358

work, we visualize the operator selection process during the search under dif-359 359
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Ori. 
Model MLP Drop Wid. Red. Wid. Red. Wid. Red. Wid. Red. Wid. Red.

Compressed 
Model

81.53 80.43 79.81 79.06 77.53 77.13 76.55 75.92

Fig. 7: Greedy search trajectory under a parameter-priority constraint. Each step
shows the operator selected by the search algorithm and the corresponding model
accuracy. The search first removes MLP layers and then repeatedly applies width re-
duction, which provides the most favorable parameter–accuracy trade-off.

ferent deployment constraints. Figure 7 and Figure 8 show two representative360 360

cases corresponding to different optimization objectives: parameter-priority and361 361

speed-up-priority.362 362

Figure 7 illustrates the search trajectory when parameter reduction is the363 363

primary objective. The extraction process first applies MLP Drop and then re-364 364

peatedly selects width reduction in subsequent steps. This behavior reflects the365 365

strong parameter–accuracy trade-off provided by width reduction, which can ef-366 366

fectively reduce parameter counts while preserving most of the model structure.367 367

As a result, width reduction becomes the dominant operator during the search368 368

process, gradually shrinking the model until the desired parameter budget is369 369

reached. Importantly, the accuracy degradation remains smooth throughout the370 370

process, indicating that the algorithm consistently selects operators that mini-371 371

mize performance loss under the parameter constraint. In contrast, the search372 372

trajectory under the speed-up-priority setting shows a different pattern, as il-373 373

lustrated in Figure 8. In this case, the algorithm first removes several attention374 374

layers, which directly reduces the computational cost of the model and leads to375 375

immediate inference speed improvements. After the attention layers are removed,376 376

the algorithm further applies block removal to shorten the computational path377 377

of the network. Finally, width reduction is used in the later stage to fine-tune378 378

the remaining budget and reach the desired speed-up target.379 379

These two case studies highlight the adaptive nature of the proposed extrac-380 380

tion framework. Instead of relying on a fixed compression strategy, the algorithm381 381

dynamically selects the most suitable operator according to the current optimiza-382 382

tion objective. Under parameter constraints it prioritizes width reduction, while383 383

under latency constraints it first removes computationally expensive modules384 384

such as attention layers. This behavior demonstrates that the proposed method385 385

can automatically discover compression strategies that align with different de-386 386

ployment requirements while maintaining strong task accuracy.387 387

More broadly, the consistent search patterns observed in these cases suggest388 388

that the framework captures meaningful structural redundancy in the model.389 389

The operator selection mechanism therefore provides a practical way to adapt390 390

pretrained vision-language models to diverse deployment scenarios with different391 391

resource constraints.392 392
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Ori. 
Model

Atten. 
Drop

Atten. 
Drop

Block 
Drop Wid. Red.

Compressed 
Model

81.53 79.68 78.91 76.96 76.13 75.40

Fig. 8: Greedy search trajectory under a speed-up-priority constraint. The algorithm
first removes attention layers to quickly reduce inference latency, then removes a block
module, and finally applies width reduction to satisfy the remaining budget. This
demonstrates that the proposed search strategy can adaptively select different op-
erators depending on the optimization objective.

5 Conclusion393 393

In this work, we revisit model compression from a deployment-oriented per-394 394

spective and formulate budget-aware, task-conditioned submodel extraction for395 395

VLMs. Instead of preserving universal zero-shot capability, we emphasize that396 396

practical deployment scenarios typically involve a small number of target tasks397 397

operating under explicit computational constraints. From this perspective, ex-398 398

tracting task-aligned submodels becomes essential for bridging the gap between399 399

large-scale pretraining and real-world deployment. Through systematic analysis400 400

of representative structural compression strategies in transformer-based vision-401 401

language models, including attention drop, MLP drop, block drop, and MLP402 402

width reduction, we observe clear differences in their behavior. Attention drop403 403

mainly improves inference efficiency with minimal parameter reduction, while404 404

block drop provides large parameter savings but often leads to significant per-405 405

formance degradation due to its coarse granularity. MLP drop offers moderate406 406

compression but becomes unstable at higher reduction ratios, whereas width re-407 407

duction consistently preserves task performance better under comparable bud-408 408

gets, suggesting that redundancy in many VLMs is more concentrated in MLP409 409

width than in model depth.410 410

Building on these observations, we propose a unified framework that au-411 411

tomatically extracts task-specific submodels under a given parameter budget.412 412

By combining model-level importance ranking with a granularity-controlled ex-413 413

traction process, the proposed method adaptively selects among heterogeneous414 414

structural reductions and dynamically determines the most effective compression415 415

strategy at each reduction step. This design enables the framework to flexibly416 416

construct high-performing submodels across a wide range of compression ra-417 417

tios without modifying the original pretraining process. Extensive experiments418 418

on multiple Qwen-based and LLaVA-based vision-language models demonstrate419 419

that our method consistently achieves strong task accuracy under significant pa-420 420

rameter reductions. More broadly, our work provides a practical and scalable421 421

pathway for transforming large pretrained foundation models into task-aligned422 422

and budget-efficient models suitable for real-world deployment.423 423
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