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Abstract001

Visual token pruning methods effectively002
mitigate the quadratic computational growth003
caused by processing high-resolution images004
or long video frames in vision-language mod-005
els (VLMs). However, existing approaches rely006
on predefined pruning configurations without007
determining whether they achieve computation-008
performance optimality. In this work, we intro-009
duce VisPCO, a novel framework that formu-010
lates visual token pruning as a Pareto config-011
uration optimization problem to automatically012
identify optimal configurations. Our approach013
employs continuous relaxation and straight-014
through estimators to enable gradient-based015
search, solved via the Augmented Lagrangian016
method. Extensive experiments across 8 vi-017
sual benchmarks demonstrate that VisPCO ef-018
fectively approximates the empirical Pareto019
frontier obtained through grid search and gen-020
eralizes well across various pruning methods021
and VLM architectures. Furthermore, through022
learnable kernel functions, we investigate layer-023
wise pruning patterns and reveal that multi-step024
progressive pruning captures VLMs’ hierarchi-025
cal compression structure, achieving superior026
computation-performance trade-offs compared027
to single-layer approaches.028

1 Introduction029

Large-scale vision-language models (LVLMs) pro-030

cess both visual and textual features as input, en-031

abling them to learn unified multimodal representa-032

tions and perform cross-modal reasoning. Recent033

studies have shown that higher-resolution image034

inputs can effectively improve the model’s under-035

standing and generation performance (Guo et al.,036

2024; An et al., 2025; Chen et al., 2024b). Mean-037

while, tasks such as video understanding require038

models to process numerous frames to capture tem-039

poral continuity and dynamic semantics (Lin et al.,040

2024; Xu et al., 2025). Both scenarios significantly041

increase the number of visual tokens, leading to042

quadratic growth in computational costs.043

(a) Pareto Frontier (b) Base Models

(c) Pruning Methods (d) Different Datasets

Figure 1: Pareto frontiers across different configurations:
(a) The Pareto frontier connects optimal pruning config-
urations. (b) Pareto frontiers across different VLMs. (c)
Pareto frontiers across different pruning methods. (d)
Pareto frontiers across different datasets.

To solve this problem, various visual pruning 044

algorithms for VLMs have emerged. These meth- 045

ods mainly focus on designing different impor- 046

tance scoring mechanisms to prune redundant vi- 047

sual tokens at single or multiple layers. For 048

instance, FastV (Chen et al., 2024a), Dynamic- 049

LLaVA (Huang et al., 2024), VTW (Lin et al., 050

2025), and TOPV (Yang et al., 2025) prune vi- 051

sual tokens at a specific LLM layer using prede- 052

fined pruning ratios. In contrast, ATP-LLaVA (Ye 053

et al., 2025b), HiMAP (Zhou et al., 2024), and 054

SparseVLM (Zhang et al., 2024) apply dynamic 055

pruning ratios across multiple selected layers. All 056

these works aim to reduce computational costs (e.g., 057

FLOPs) while maintaining model performance. 058

However, two critical questions remain unex- 059

plored in existing works. First, it is unclear whether 060

current pruning configurations (i.e., pruning posi- 061

tions and ratios) achieve the optimal computation- 062

performance trade-off. Second, how to adjust these 063

configurations efficiently to reach the optimal re- 064
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Figure 2: Illustration of our VisPCO framework. (Left) Overview of the visual token pruning process. After
each transformer block, visual tokens are ranked by their importance scores and low-scoring tokens are filtered
out. (Right) Upper panel: The overall architecture of VisPCO, where the trainable Ratio Predictor, a lightweight
surrogate network, determines the pruning ratio to guide token compression at each layer. Lower panel: The gradient
disconnection problem encountered during end-to-end training of the Ratio Predictor and our proposed solution.

mains an open problem. Addressing these two065

questions is crucial for the efficient deployment of066

VLMs in real-world applications, e.g., edge device067

deployment and mobile vision systems.068

To this end, we introduce the concept of Pareto069

optimality to characterize the optimal computation-070

performance trade-off (Arrow and Debreu, 2024).071

Pareto optimality is a classic concept in multi-072

objective optimization that describes a state where073

no further improvement can be made among multi-074

ple conflicting objectives. In this work, we define075

a point as Pareto-optimal if we cannot simultane-076

ously reduce computational cost and improve per-077

formance. The curve connecting these points is078

called the Pareto frontier.079

In Figure 1, we visualize different pruning con-080

figurations in the computation-performance space081

and their corresponding Pareto frontier. Each point082

represents the experimental result of one configura-083

tion. Figure 1(a) reveals that under the same com-084

putational budget, different pruning configurations085

exhibit significant performance variations. For in-086

stance, at a computational budget of 1.7 TFLOPs,087

the performance gap between different configura-088

tions can reach up to 23.6%. Moreover, Pareto-089

optimal frontiers are not fixed. Instead, they vary090

with VLM architectures, pruning methods and im-091

age complexity as illustrated in Figure 1(b-d). In092

practice, to determine the best pruning configura-093

tion under a fixed computational budget, we typi-094

cally need to perform grid sampling over the config- 095

uration search space. This involves conducting nu- 096

merous experiments to measure performance and 097

cost across different configurations, and then se- 098

lecting the optimal one for deployment. However, 099

this process is prohibitively time-consuming and 100

resource-intensive. 101

In this paper, we propose a computation 102

budget-aware method for Visual token Pruning 103

Configuration Optimization, termed VisPCO. This 104

approach employs a learnable surrogate model to 105

automatically predict pruning configurations on 106

the Pareto frontier given a computational budget, 107

thereby achieving optimal model performance. As 108

shown in Figure 2, unlike traditional grid search 109

methods, VisPCO employs efficient gradient de- 110

scent for search, significantly reducing search costs. 111

To address the discrete and non-differentiable na- 112

ture of visual token pruning, we introduce con- 113

tinuous relaxation techniques and straight-through 114

estimators for end-to-end optimization. For the op- 115

timization objective, we formulate it as a Pareto 116

optimization problem with non-convex inequality 117

constraints and solve it using the Augmented La- 118

grangian method (Nocedal and Wright, 2006). Fur- 119

thermore, we investigate the layer-wise pruning 120

patterns in VLMs. Specifically, we explore how the 121

optimal pruning ratio varies across different layers 122

when progressively compressing visual tokens. To 123

model this variation, we use learnable kernel func- 124
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tions to parameterize the pruning ratio distribution125

across layers. By evaluating how well different ker-126

nel functions approximate the Pareto frontier, we127

identify the intrinsic pruning patterns that lead to128

optimal computation-performance trade-offs. Our129

contributions can be summarized as follows:130

• We propose VisPCO, a differentiable framework131

that automatically finds Pareto-optimal configu-132

rations via gradient-based methods, eliminating133

the prohibitive cost of exhaustive grid search.134

• Experiments on 8 benchmarks demonstrate that135

VisPCO effectively approximates the empirical136

Pareto frontier and generalizes across various137

pruning methods and VLM architectures.138

• We reveal non-uniform visual token redundancy139

across layers via learnable pruning kernels, show-140

ing multi-step pruning is most effective under141

tight budgets. Our code is available at https://142

anonymous.4open.science/r/VisPCO-5B7B.143

2 Related Work144

2.1 Visual Token Pruning145

Visual token pruning accelerates VLMs by reduc-146

ing computational costs from processing hundreds147

of visual tokens. Single-layer approaches perform148

one-shot reduction at specific layers: FastV (Chen149

et al., 2024a) prunes tokens after layer 2 using150

attention scores, Dynamic-LLaVA (Huang et al.,151

2024) dynamically adjusts token retention ratios152

based on input characteristics, VTW (Lin et al.,153

2025) withdraws all tokens after sufficient absorp-154

tion, and TopV (Yang et al., 2025) optimizes con-155

figurations at inference time. Multi-layer progres-156

sive methods distribute reduction across multiple157

layers: ATP-LLaVA (Ye et al., 2025b) adaptively158

prunes tokens at different depths with layer-specific159

ratios, SparseVLM (Zhang et al., 2024) progres-160

sively reduces tokens across layers with recycling161

mechanisms, and PyramidDrop (Xing et al., 2024)162

implements stage-wise pyramid reduction that pre-163

serves more tokens in shallow layers. These strate-164

gies achieve 40-90% computational savings while165

maintaining competitive performance. However,166

the pruning configurations in these methods are167

either predefined or heuristically determined, and it168

remains unclear whether they achieve the optimal169

computation-performance trade-off.170

2.2 Pruning Configuration Optimization171

While most pruning methods rely on predefined172

configurations, recent works explore adaptive173

strategies to optimize pruning ratios across lay- 174

ers. FitPrune (Ye et al., 2025a) employs binary 175

search over attention statistics to minimize distri- 176

bution divergence and generate layer-wise prun- 177

ing recipes. G-Search (Zhao et al., 2025) com- 178

bine greedy search with Bayesian-optimized sig- 179

moid functions to approximate optimal retention 180

ratios. ATP-LLaVA (Ye et al., 2025b) introduces 181

learnable modules for training-based optimization 182

of layer-specific sparsity. SparseVLM (Zhang 183

et al., 2024) employs rank-based adaptive deter- 184

mination of per-layer sparsification ratios. More 185

recent methods explore input-adaptive configura- 186

tions: AIM (Zhong et al., 2025) develops scheduler- 187

controlled pruning with adjustable parameters, and 188

MADTP (Cao et al., 2024) utilizes learnable thresh- 189

olds for instance-wise adaptive pruning. Despite 190

these advances, existing approaches focus primar- 191

ily on performance preservation rather than budget- 192

aware optimization. They lack mechanisms to sys- 193

tematically identify near-optimal configurations un- 194

der varying computational constraints. 195

3 VisPCO 196

3.1 Pareto Optimization 197

We formulate the visual pruning configuration op- 198

timization problem as finding the optimal layer- 199

wise pruning ratios r = [r1, r2, . . . , rL] ∈ [0, 1]L, 200

where L denotes the number of layers and ri rep- 201

resents the token retention ratio at layer i (relative 202

to the original number of visual tokens). Our ob- 203

jective is to identify a configuration r̄ on the Pareto 204

frontier that achieves optimal model performance 205

under a given computational budget. 206

To quantify performance degradation, we define 207

the pruned VLM output logits as l̂ and the original 208

output logits as l, and measure their discrepancy 209

using KL divergence: 210

Ldistill(r) = DKL

(
softmax(l̂)

∥∥∥ softmax(l)
)
.

(1) 211

A smaller value of Ldistill indicates less impact 212

of pruning on model performance. Meanwhile, we 213

define the computational cost function as: 214

F (r) =

L∑
i=1

[
24(Nt + riNv)D

2 + 4(Nt + riNv)
2D

]
(2) 215

where Nt is the number of text tokens, Nv is the 216

number of visual tokens, and D is the hidden di- 217

mension. Detailed derivation of the FLOPs com- 218

putation is provided in Appendix A. Therefore, the 219
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Pareto optimization problem for the computation-220

performance trade-off can be formulated as the221

following constrained optimization problem:222

min Ldistill(r)

s.t. F (r) ≤ B,
(3)223

where B is the given computational budget. Con-224

sidering that the objective function Ldistill is typi-225

cally non-convex, we employ the Augmented La-226

grangian Method for numerical iterative solving.227

Definition 1 (Augmented Lagrangian Method).228

Consider the equality-constrained optimization229

problem:230

min f(x)

s.t. hj(x) = 0, j = 1, . . . , l
231

where f(x) : Rn → R is the objective function232

to be minimized, and hj(x) : Rn → R are the233

equality constraint functions. The augmented La-234

grangian function is defined as:235

ϕ(x,v, λ) = f(x)−
l∑

j=1

vjhj(x) +
λ

2

l∑
j=1

h2
j (x), (4)236

where v = [v1, . . . , vl] is the Lagrange multiplier237

vector and λ > 0 is the penalty parameter.238

Theorem 1 (Adapted from Bertsekas, 2014). Let239

x̄ and v̄ satisfy the second-order conditions for a240

local optimal solution of the problem. Then there241

exists λ′ ≥ 0 such that for all λ > λ′, x̄ is a strict242

local minimizer of ϕ(x, v̄, λ).243

The proof of Theorem 1 is provided in Ap-244

pendix B.1. Based on this theorem, we can develop245

an iterative algorithm with bounded λ, avoiding the246

ill-conditioning of quadratic penalty methods (No-247

cedal and Wright, 2006) and the convergence diffi-248

culties of standard Lagrangian methods (Bertsekas,249

2014). Specifically, at iteration k, let x(k) be the250

minimizer of (4) with respect to x. The multiplier251

update rule is:252

v
(k+1)
j = v

(k)
j − λhj(x

(k)), j = 1, . . . , l (5)253

Through this iterative update, we have v(k) → v̄254

and x(k) → x̄, with convergence rate typically255

measured by ∥h(x(k))∥/∥h(x(k−1))∥.256

Returning to our optimization problem (3), we257

introduce an auxiliary variable y to convert the258

inequality constraint into an equality constraint:259

min Ldistill(r)

s.t. B − F (r)− y2 = 0.
(6)260

The corresponding augmented Lagrangian func- 261

tion is defined as: 262

ϕ̃(r, y, w, λ) = Ldistill(r)− w
(
B − F (r)− y2) 263

+
λ

2

(
B − F (r)− y2)2 . (7) 264

By completing the square with respect to y, 265

we can eliminate the dependence on y and ob- 266

tain the simplified augmented Lagrangian (see Ap- 267

pendix B.2): 268

ϕ(r, w, λ) = Ldistill(r) +
1

2λ

(
z2 − w2

)
, (8) 269

where z = max
(
0, w − λ

(
B − F (r)

))
. The 270

problem is thus transformed into minimizing the 271

unconstrained objective ϕ(r, w, λ). Using the iter- 272

ative algorithm in Algorithm 1, we can obtain the 273

optimal pruning configuration r̄. 274

3.2 Differentiable Configuration Search 275

Despite having the Pareto optimization objective 276

Eq. (8) and iterative Algorithm 1, computing 277

∇rLdistill(r) faces two critical non-differentiability 278

challenges, as illustrated in the bottom right of Fig- 279

ure 2. First, the discretization of retained token 280

counts introduces non-differentiability. For layer 281

i with pruning ratio ri and Nv visual tokens, the 282

retained token count ki = ⌊ri ·Nv⌋ involves a floor 283

operation that causes vanishing gradients, prevent- 284

ing backpropagation-based updates of ri. Second, 285

selecting the top-ki tokens based on importance 286

scores involves discrete operations that block gra- 287

dient flow. We propose the following two methods 288

to address these challenges respectively: 289

Continuous Relaxation. To address the first 290

challenge, we adopt a continuous relaxation strat- 291

egy. We retain the floating-point form k̃i = ri ·Nv 292

and design a soft interpolation method using a 293

Gaussian kernel to estimate the selection threshold. 294

Specifically, we first sort the importance scores 295

of all visual tokens in descending order to obtain 296

{si1, si2, . . . , siNv}, where sij denotes the score of 297

the j-th token in layer i after sorting. Traditional 298

hard thresholding directly uses the score at position 299

⌊k̃i⌋ as the threshold, which leads to vanishing gra- 300

dients. Instead, we employ Gaussian kernel-based 301

soft interpolation to maintain differentiability: 302

wij = exp

(
− (j − k̃i)

2

2σ2

)
, τi =

∑Nv
j=1 wijsij∑Nv
j=1 wij

, (9) 303

where wij is the Gaussian weight for the j-th 304

token in layer i. The parameter σ controls the 305
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kernel width, balancing between approximation306

accuracy and gradient stability. As σ → 0, the307

soft threshold τi converges to the hard threshold308

si⌊k̃i⌋. The gradient of τi with respect to ri can be309

expressed as:310

∂τi
∂ri

= Nv

Nv∑
j=1

wij(j − k̃i)

σ2
∑Nv

l=1wil

(sij − τi), (10)311

which remains well-defined for all ri ∈ (0, 1), en-312

abling smooth gradient flow via backpropagation.313

Straight-Through Estimator. To address the314

second challenge, we employ the Straight-Through315

Estimator (STE) strategy. Inspired by Gumbel-316

Softmax (Jang et al., 2016), we use discrete hard317

decisions in the forward pass and continuous soft318

approximations in the backward pass. Given the319

threshold τi, for each visual token j in layer i, we320

compute both a hard selection mask and a soft321

mask:322

mij = I[sij ≥ τi], m̃ij = sigm
(
sij − τi

T

)
,

(11)323

where I[·] is the indicator function, sigm(·) is the324

sigmoid function, and T is the temperature param-325

eter. The soft mask m̃ij provides a smooth ap-326

proximation: as T → 0+, m̃ij → mij . The STE327

combines both masks through:328

m̂ij = m̃ij + sg(mij − m̃ij), (12)329

where sg(·) denotes the stop-gradient operation.330

This formulation ensures m̂ij = mij in the forward331

pass, while the backward gradient satisfies:332

∂L
∂τi

=
∑
j

∂L
∂m̂ij

· ∂m̃ij

∂τi
= −

∑
j

∂L
∂m̂ij

· m̃ij(1− m̃ij)

T
,

(13)333

where ∂L
∂m̂ij

denotes the upstream gradient propa-334

gated from subsequent layers and is well-defined335

since m̂ij is treated as a differentiable proxy of336

mij during backpropagation. These provide biased337

but low-variance gradient estimators that enable338

end-to-end optimization of both token scores and339

adaptive thresholds.340

3.3 Learnable Kernel Functions341

With VisPCO, we can automatically search for342

configurations on the Pareto frontier in a differen-343

tiable manner. To further investigate how differ-344

ent pruning patterns affect the Pareto frontier, we345

impose structural constraints on the pruning con-346

figuration search space. In practice, visual token347

Algorithm 1 Training pipeline of VisPCO

1: Input: Initial configuration r(0), initial La-
grange multiplier w(1), penalty parameter λ,
convergence threshold ϵ > 0, update coeffi-
cients α > 1, β ∈ (0, 1)

2: Output: Locally optimal configuration r̄ and
optimal multiplier w̄

3: Set k = 1
4: while True do
5: Starting from r(k−1), solve optimization

problem minϕ(r, w, λ)
6: /* Train using gradient descent */
7: Obtain solution r(k)

8: if ∥B − F (r(k))∥ < ϵ then
9: /* Constraint satisfied, training con-

verged */
10: break
11: end if
12: if ∥B−F (r(k))∥

∥B−F (r(k−1))∥ ≥ β then
13: /* Update penalty parameter */
14: λ← αλ
15: end if
16: /* Update Lagrange multiplier */
17: w(k+1) ← w(k) − λ(B − F (r(k)))
18: k ← k + 1
19: end while
20: return r̄ = r(k), w̄ = w(k)

pruning exhibits a monotonically non-increasing 348

pattern across layers: deeper layers tend to retain 349

fewer tokens. We leverage this prior by introduc- 350

ing learnable kernel functions to parameterize the 351

layer-wise pruning ratios. This design offers two 352

key benefits: (1) it provides interpretability for vi- 353

sual token pruning behavior, and (2) it reduces the 354

parameter search space, ensuring both optimization 355

stability and computational efficiency. 356

We consider two pruning scenarios: single-layer 357

pruning and multi-layer pruning. For the first case, 358

we employ a parameterized p-sigmoid kernel to 359

model a sharp transition at layer k: 360

Ks(i; k, r, γ) = 1 + (r − 1) · sigm(γ(i− k)), (14) 361

where i is the layer index, k is the pruning position, 362

r ∈ (0, 1] controls the final retention ratio, γ > 363

0 is the sharpness parameter, and sigm(·) is the 364

sigmoid function. With sufficiently large γ, the 365

transition approaches a step function retaining all 366

tokens before layer k and applying retention ratio 367

r thereafter, effectively approximating single-layer 368
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pruning while remaining differentiable.369

For the second case, we explore several kernel370

functions to capture diverse pruning patterns. First,371

inspired by the Ebbinghaus forgetting curve from372

cognitive psychology (Fuchs, 2000), we design an373

exponential decay kernel to investigate whether374

VLMs exhibit similar attention decay patterns for375

visual tokens across layers:376

Ke(i; k, r) = r · e−k·i. (15)377

Second, we consider a linear decay kernel that378

models uniform, gradual token reduction:379

Kl(i; k, r) = −k · i+ r. (16)380

Third, motivated by findings in (Zhao et al.,381

2025) showing that attention score rankings remain382

similar across layers and follow a sigmoid-like383

curve, we adopt a gentle p-sigmoid kernel. Follow-384

ing Eq. (14), we use a smaller γ to capture smooth,385

progressive pruning transitions. Finally, inspired by386

hierarchical representation learning where deep net-387

works perform feature extraction at different levels,388

we introduce a multi-step sigmoid kernel to model389

the hypothesis that VLMs compress information at390

multiple critical layers:391

Kms(i; k, r,M) = 1−
M∑
j=1

1− r

M
·σ

(
k

(
i− (2j − 1)L

2M

))
,

(17)392

where M is the number of pruning steps, and393

the j-th step is centered at layer (2j−1)L
2M , which394

evenly distributes the steps across layers. This395

design creates M evenly-spaced decision points for396

progressive information compression across layers.397

Collectively, these learnable kernels capture a wide398

spectrum of pruning patterns, enabling the model399

to discover task-specific compression strategies.400

The parameters k and r are dynamically pre-401

dicted by a lightweight surrogate neural network402

fθ. As illustrated in the top-right of Figure 2, the403

network takes as input the concatenated visual and404

textual embeddings along with the computational405

budget B, and computes layer-wise retention ra-406

tios ri = K(i; k, r) according to the selected prun-407

ing pattern. All outputs ri are clipped to [0, 1].408

Through gradient-based optimization, the surrogate409

network learns which layers and tokens are critical.410

This provides mechanistic insights into how VLMs411

prioritize visual information across layers.412

†MME scores are normalized to percentages.

4 Experiments 413

4.1 Implementation Details 414

We use Qwen2.5VL-3B (Bai et al., 2025) as 415

the base model and construct our training set 416

by downsampling 30K samples from LLaVA- 417

Instruct-150K (Liu et al., 2023). To mitigate the 418

long-tail distribution of image resolutions, we ap- 419

ply resolution-based resampling to prevent perfor- 420

mance degradation on rare image sizes. Our eval- 421

uation spans three categories of benchmarks: vi- 422

sual question answering (A-OKVQA (Schwenk 423

et al., 2022), VizWiz (Bigham et al., 2010), SEED- 424

Bench (Li et al., 2023)), multimodal reasoning 425

(MMBench (Liu et al., 2024a), MME (Fu et al., 426

2025)), and chart understanding (ChartQA (Masry 427

et al., 2022), OCRBench (Liu et al., 2024b), 428

TextVQA (Singh et al., 2019)). 429

For single-layer pruning, we set the penalty pa- 430

rameter λ = 100, convergence threshold ϵ = 0.01, 431

and update coefficients α = 2, β = 0.5. The 432

Gaussian kernel width σ = 10 and temperature 433

T = 0.1 control the continuous relaxation and 434

straight-through estimator, respectively. We use the 435

AdamW optimizer with a learning rate of 4× 10−4 436

and batch size of 16. All experiments are conducted 437

on 8 NVIDIA H20 GPUs (96GB each). Other train- 438

ing configurations are provided in Appendix C.1. 439

4.2 Pareto Frontier Approximation 440

We apply VisPCO to three representative pruning 441

methods: FastV (Chen et al., 2024a), FitPrune (Ye 442

et al., 2025a), and SparseVLM (Zhang et al., 2024), 443

which employ different importance scoring mech- 444

anisms for visual tokens. Table 1 compares per- 445

formance before and after applying VisPCO under 446

different FLOPs budgets. For each method, re- 447

sults without VisPCO are obtained by sampling 448

multiple configurations and averaging their perfor- 449

mance, with standard deviations reported (± std). 450

Figure 3(left) illustrates the empirical Pareto fron- 451

tier obtained through grid search and the predicted 452

Pareto frontier by VisPCO, with computational 453

budget on the x-axis and average accuracy across 8 454

visual benchmarks on the y-axis. 455

Performance gains at moderate budgets. As 456

shown in Table 1, VisPCO’s benefits vary sig- 457

nificantly across different computational budget 458

regimes. At extreme budgets, configuration selec- 459

tion has limited impact. For example, at 90% bud- 460

get, performance varies by less than 1 percentage 461

point across different configurations, as resources 462
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Table 1: Comparison of pruning methods with and without VisPCO on eight benchmarks under different budgets.
Results without VisPCO are averaged over multiple sampled configurations meeting the budget constraint (± std).

Method AOKVQA VizWiz SEED MMB MME† ChartQA OCRB TextVQA Avg (%)
Upper Bound, 100% Budget, ∼3.56 TFLOPs

Qwen2.5VL-3B 90.2 75.1 75.6 79.8 84.2 64.1 74.6 81.3 78.1

Reduce FLOPs Budget to 90%, ∼3.20 TFLOPs
⌞ FastV 88.2± 0.4 72.9± 0.9 72.4± 0.9 76.4± 0.5 81.3± 0.5 62.2± 0.8 71.6± 0.7 79.1± 0.6 75.5± 0.7

+ VisPCO 88.4 73.8 73.2 76.9 81.7 62.9 72.3 79.5 76.1
⌞ SparseVLM 88.5± 0.3 73.1± 0.5 73.4± 0.4 76.9± 0.6 82.1± 0.3 62.2± 0.7 71.9± 0.6 79.5± 0.6 76.0± 0.5

+ VisPCO 88.6 73.5 73.8 77.5 82.4 62.9 72.5 80.0 76.4
⌞ FitPrune 89.1± 0.5 73.9± 0.4 74.2± 0.5 77.6± 0.4 82.5± 0.6 63.1± 0.6 72.5± 0.5 79.9± 0.3 76.2± 0.5
+ VisPCO 89.6 74.1 74.6 77.9 82.8 63.5 72.9 81.2 77.1

Reduce FLOPs Budget to 50%, ∼3.56 TFLOPs
⌞ FastV 74.7± 10.1 60.3± 9.6 61.5± 8.1 62.4± 9.3 68.8± 9.1 51.6± 9.9 59.2± 9.1 65.9± 10.8 63.1± 9.5

+ VisPCO 84.8 69.4 67.6 71.2 77.1 58.1 67.8 75.9 71.5
⌞ SparseVLM 75.9± 9.8 62.6± 8.2 63.1± 7.2 63.9± 8.6 69.9± 8.2 51.9± 8.3 62.4± 6.9 66.6± 9.8 64.5± 8.4

+ VisPCO 85.2 69.0 68.1 71.9 77.6 58.4 67.9 76.3 71.8
⌞ FitPrune 77.1± 8.7 63.4± 7.7 63.9± 6.8 64.5± 8.2 70.8± 7.9 52.8± 8.1 63.3± 6.4 67.6± 9.4 65.4± 7.9

+ VisPCO 85.9 69.4 68.4 72.4 77.9 58.8 68.2 76.6 72.2

Reduce FLOPs Budget to 10%, ∼0.36 TFLOPs
⌞ FastV 33.3± 2.3 30.4± 1.6 44.5± 2.7 33.0± 2.5 39.7± 1.4 29.8± 4.1 8.3± 2.1 33.7± 2.8 31.6± 2.4

+ VisPCO 35.5 31.7 46.9 35.5 40.1 33.2 10.1 36.1 33.6
⌞ SparseVLM 33.6± 2.1 31.2± 1.3 44.9± 2.5 33.9± 2.3 40.3± 1.1 30.5± 3.7 9.1± 2.0 34.4± 2.2 32.2± 2.2

+ VisPCO 35.5 31.5 47.1 35.8 40.4 33.3 10.2 36.3 33.8
⌞ FitPrune 33.8± 2.1 31.5± 1.1 45.3± 2.4 34.2± 2.2 40.6± 1.0 30.9± 3.5 9.6± 1.9 34.6± 2.1 32.6± 2.0

+ VisPCO 35.6 31.6 47.3 35.8 40.9 33.5 10.4 36.4 33.9

are abundant enough that most configurations per-463

form well. Similarly, at very low budgets, severe464

resource constraints limit all configurations. In con-465

trast, moderate budgets (e.g., 50%) present a criti-466

cal regime where configuration choice significantly467

impacts performance—different configurations can468

vary by up to 19 percentage points. This substantial469

performance gap demonstrates the importance of470

principled configuration optimization and validates471

the need for methods like VisPCO.472

Quality of frontier approximation. As shown473

in Figure 3(left), the predicted Pareto frontiers ex-474

hibit near-perfect alignment with empirical fron-475

tiers. This validates the effectiveness of our kernel-476

based approximation approach in capturing the true477

computation-performance trade-off landscape. Ta-478

ble 2 presents a comprehensive comparison with479

existing approaches, including predefined pruning480

configuration strategies and random search base-481

lines (Random-N denotes selecting the best from482

N random samples). We evaluate both search effi-483

ciency and performance. VisPCO outperforms all484

baseline methods including VTW (Lin et al., 2025),485

G-Search (Zhao et al., 2025), ATP-LLaVA (Ye486

et al., 2025b), and moderate random search vari-487

ants, while requiring only 1 hour of training time.488

4.3 Cross-Model Generalization489

To validate the generalization capability of Vis-490

PCO across different VLM architectures, we apply491

it to Gemma3-4B (Team et al., 2025) and LLaVA-492

Table 2: Comparison of configuration search methods.
Time represents search time to identify optimal configu-
rations (training time for VisPCO). Random-N denotes
random sampling with N evaluations. All methods tar-
get similar computational budgets.

Methods FLOPs (T) ↓ Time (h) ↓ MMB ↑ SEED ↑ TQA ↑

VTW 2.34 1+ 36.5 44.1 73.2
G-Search 2.58 - 42.1 47.5 80.2
ATP-LLaVA 2.23 48+ 37.2 45.5 77.2

Random-40 2.18 12+ 31.2 36.6 70.9
Random-80 2.20 24+ 42.8 47.7 80.1
Random-160 2.20 48+ 44.0 48.1 82.4

VisPCO 2.20 1+ 43.6 47.5 81.3

v1.5-7B (Liu et al., 2023). Table 3 presents repre- 493

sentative results using FastV (Chen et al., 2024a) 494

under a 50% FLOPs budget. 495

Consistency across architectures. While 496

Qwen2.5VL exhibits a wider performance range 497

compared to Gemma3 and LLaVA, VisPCO consis- 498

tently selects optimal configurations. Figure 3(mid- 499

dle) shows that predicted Pareto frontiers closely 500

match the empirical frontiers across all architec- 501

tures, demonstrating robust generalization. No- 502

tably, Qwen2.5VL’s frontier is positioned in the 503

upper-left region, indicating superior accuracy- 504

efficiency characteristics. This advantage stems 505

from its native image resolution, whereas Gemma3 506

and LLaVA resize inputs to fixed dimensions. 507

This suggests preserving original dimensions with 508

learned pruning is potentially more effective than 509

aggressive preprocessing for efficient VLMs. 510
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Figure 3: Experimental results of VisPCO. (Left) Comparison between empirical and predicted Pareto frontiers.
(Middle) Comparison between empirical and predicted Pareto frontiers across different VLM architectures. (Right)
Comparison of Pareto frontiers among different pruning patterns.

Table 3: Performance of different VLMs with and with-
out VisPCO at 50% FLOPs budget (± std).

Models AOKVQA MMBench TextVQA Avg (%)

LLaVA-7B 50.3± 10.7 26.5± 11.5 64.2± 11.4 47.0± 11.2
+ VisPCO 60.8 38.0 75.2 58.0

Gemma3-4B 41.2± 12.4 44.7± 12.9 33.6± 12.3 39.8± 12.5
+ VisPCO 53.4 57.3 45.5 52.1

Qwen2.5VL-3B 74.7± 10.1 62.4± 9.3 65.9± 10.8 67.7± 10.1
+ VisPCO 84.8 71.2 75.9 77.3

Table 4: Comparison of performance under different
pruning patterns at 50% FLOPs budget.

Patterns Kernels AOK MMB TQA Avg (%)

Single-Layer - 84.8 71.2 75.9 77.3

Linear 82.6 70.9 74.9 76.1

Multi-Layer
Exponential 82.2 70.4 74.4 75.7
P-Sigmoid 81.9 69.6 74.1 75.2
Multi-Step 84.9 71.8 76.7 77.8

4.4 Analysis of Pruning Patterns511

We investigate the performance differences be-512

tween single-layer and multi-layer pruning strate-513

gies, as well as the impact of different kernel514

choices in multi-layer configurations. Table 4515

presents the Pareto-optimal results for different516

pruning patterns under a 50% computational bud-517

get. Figure 3(right) illustrates and compares the518

Pareto frontiers across different pruning patterns.519

Strategic pruning pattern selection. As shown520

in Table 4, multi-layer pruning with the multi-step521

kernel achieves the best performance under a 50%522

budget, outperforming both single-layer pruning523

and other kernel variants (linear, exponential, sig-524

moid). Figure 3(right) reveals that this advantage525

is budget-dependent. When computational budget526

exceeds 50%, all pruning patterns converge to com-527

parable performance and closely approximate the528

empirical Pareto frontier, making strategy selection529

less critical. However, below 50% budget, notable530

differences emerge among pruning patterns, with531

the multi-step kernel showing clear superiority.532

Implications for VLM design. The multi-step 533

kernel’s superior performance at low budgets re- 534

veals important architectural insights. Visual token 535

redundancy emerges at specific layers rather than 536

uniformly across the network. Certain layers intro- 537

duce redundancy through attention or feature trans- 538

formations, while others preserve essential repre- 539

sentations. The multi-step kernel identifies these 540

critical compression points, enabling targeted prun- 541

ing while retaining key information. These findings 542

provide practical guidance. When resources are suf- 543

ficient (budget >50%), simple single-layer pruning 544

achieves near-optimal performance. Under tight 545

constraints (budget <50%), multi-step layer-wise 546

pruning is recommended to better exploit VLMs’ 547

hierarchical compression structure. 548

5 Conclusion 549

In this paper, we introduced VisPCO, a novel 550

computation budget-aware framework for automat- 551

ically optimizing visual token pruning configura- 552

tions in vision-language models. By formulating 553

the problem as Pareto optimization with continu- 554

ous relaxation, VisPCO enables efficient end-to- 555

end gradient-based training to automatically iden- 556

tify optimal pruning configurations for any given 557

computational budget. This approach significantly 558

reduces search costs compared to traditional ex- 559

haustive grid search methods. Extensive exper- 560

iments across 8 visual benchmarks demonstrate 561

that our method generalizes well across various 562

pruning strategies and VLM architectures. Fur- 563

thermore, our investigation through learnable ker- 564

nel functions reveals that progressive multi-step 565

pruning consistently outperforms both single-layer 566

and other multi-layer kernel approaches, provid- 567

ing valuable insights for efficient VLM design in 568

resource-constrained deployment scenarios. 569
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6 Limitations570

Although our framework demonstrates strong per-571

formance across diverse benchmarks and model572

architectures, several limitations remain to be ad-573

dressed in future work. First, our experiments pri-574

marily focus on single-image tasks; further valida-575

tion is needed to assess how effectively our opti-576

mized pruning configurations generalize to multi-577

image and video inputs, which involve more com-578

plex temporal and spatial redundancies. Second,579

our proposed kernel functions provide a structured580

and interpretable way to model pruning distribu-581

tions. Future work could explore extending this582

approach to learn more flexible, non-parametric or583

input-adaptive patterns, potentially capturing even584

more nuanced task-specific pruning strategies.585
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A FLOPs Computation762

In this section, we provide a detailed derivation of763

the floating-point operations (FLOPs) computation764

for Transformer layers in vision-language models.765

For a standard Transformer layer, the primary766

computational costs come from the self-attention767

mechanism and the feed-forward network (FFN).768

Given a sequence length N and hidden dimension769

D, we compute the FLOPs for each component770

separately.771

A.1 Self-Attention Mechanism772

The self-attention mechanism consists of the fol-773

lowing operations:774

(1) Linear projections: Three projection ma-775

trices WQ,WK ,WV ∈ RD×D map the input to776

Query, Key, and Value representations. Each ma-777

trix multiplication requires 2ND2 floating-point778

operations (multiplying input of size N ×D with779

weight of size D ×D), thus:780

FLOPsQKV = 3× 2ND2 = 6ND2. (18)781

(2) Attention score: Computing QKT ∈782

RN×N , where Q,K ∈ RN×D:783

FLOPsScore = 2N2D. (19)784

(3) Attention weighting: Computing785

Softmax(QKT /
√
D)V, i.e., multiplying RN×N786

with RN×D:787

FLOPsWeight = 2N2D. (20)788

Note: The FLOPs for the Softmax operation are789

relatively small and typically neglected.790

(4) Output projection: Projecting back to the791

original dimension through WO ∈ RD×D:792

FLOPsOutput = 2ND2. (21)793

Therefore, the total FLOPs for the self-attention794

mechanism is:795

FLOPsAttention = 8ND2 + 4N2D. (22)796

A.1.1 Feed-Forward Network797

The standard FFN consists of two linear layers with798

an intermediate dimension Dffn:799

FFN(x) = W2 · GELU(W1 · x). (23)800

where W1 ∈ RD×Dffn and W2 ∈ RDffn×D. The801

total FLOPs for the FFN is:802

FLOPsFFN = 4NDffnD. (24)803

A.1.2 Total FLOPs per Layer 804

Combining self-attention and FFN, the total FLOPs 805

for a single Transformer layer is: 806

FLOPslayer = 8ND2+4N2D+4NDffnD. (25) 807

In standard Transformer architectures, Dffn = 808

4D, which gives: 809

FLOPslayer = 24ND2 + 4N2D. (26) 810

We neglect relatively small computational costs 811

such as LayerNorm and residual connections. 812

A.2 Total FLOPs for Vision-Language Models 813

For vision-language models, the input sequence 814

consists of text tokens and visual tokens. Let Nt 815

denote the number of text tokens and Nv denote the 816

initial number of visual tokens. The total number 817

of tokens at layer i is: 818

Ni = Nt + riNv (27) 819

where ri ∈ [0, 1] represents the retention ratio of 820

visual tokens at layer i. 821

For a Transformer model with L layers, the total 822

computational cost is: 823

F (r) =

L∑
i=1

[
24(Nt + riNv)D

2 + 4(Nt + riNv)
2D

]
(28) 824

where: 825

• The first term 24(Nt + riNv)D
2 corresponds 826

to linear projections in self-attention and the 827

FFN 828

• The second term 4(Nt+riNv)
2D corresponds 829

to the quadratic complexity of attention matrix 830

computation 831

• r = [r1, r2, . . . , rL] is the vector of visual 832

token retention ratios across layers 833

This formula indicates that as visual tokens 834

are pruned (ri decreases), the model’s computa- 835

tional cost is significantly reduced, especially the 836

quadratic complexity term. 837

B Theoretical Analysis 838

B.1 Proof of Theorem 1 839

Consider the equality-constrained optimization 840

problem: 841

min f(x)

s.t. hj(x) = 0, j = 1, . . . , l,
(29) 842
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where f, hj : Rn → R are twice continuously dif-843

ferentiable functions. The augmented Lagrangian844

function for this problem is given by Equation (4).845

Let x̄ be a local optimal solution of problem (29)846

that satisfies the second-order sufficient conditions.847

That is, there exists a Lagrange multiplier vector848

v̄ = [v̄1, . . . , v̄l]
T such that:849

∇f(x̄)−Av̄ = 0, (30)850

851
hj(x̄) = 0, j = 1, . . . , l, (31)852

and for every nonzero vector d satisfying853

dT∇hj(x̄) = 0 for j = 1, . . . , l, we have:854

dT∇2
xL(x̄, v̄)d > 0, (32)855

where856

A = [∇h1(x̄), . . . ,∇hl(x̄)], (33)857

and L(x,v) = f(x) − vTh(x) is the standard858

Lagrangian function.859

By assumption, x̄ is a Karush-Kuhn-Tucker860

(KKT) point of problem (29), thus:861

∇xϕ(x̄, v̄, λ) = 0. (34)862

We now prove that the Hessian matrix863

∇2
xϕ(x̄, v̄, λ) is positive definite at x̄ for suffi-864

ciently large λ.865

From Equation (4), we can derive:866

∇2
xϕ(x, v̄, λ) = ∇2f(x)−

l∑
j=1

v̄j∇2hj(x)867

+ σ

l∑
j=1

hj(x)∇2hj(x) + λ

l∑
j=1

∇hj(x)∇hj(x)
T (35)868

= ∇2f(x)−
l∑

j=1

(v̄j − λhj(x))∇2hj(x)869

+ λ

l∑
j=1

∇hj(x)∇hj(x)
T = Q+ λAAT ,870

where871

Q = ∇2f(x)−
l∑

j=1

(v̄j−λhj(x))∇2hj(x), (36)872

873
A = [∇h1(x), . . . ,∇hl(x)]. (37)874

At the point x̄, we have:875

∇2
xϕ(x̄, v̄, λ) = Q̄+ λĀĀT , (38)876

where Q̄ and Ā denote the evaluations at x̄.877

Let rank(Ā) = r ≤ l, and let B ∈ Rn×r be an 878

orthonormal basis matrix for Ā (i.e., BTB = Ir), 879

meaning the r columns of B form an orthonormal 880

basis for the subspace spanned by the l columns of 881

Ā. Thus, we have: 882

Ā = BC, (39) 883

where C = BT Ā has rank r. 884

For any nonzero vector u ∈ Rn, we decompose 885

it as: 886

u = p+Bq, (40) 887

where p satisfies BTp = 0. Clearly, ĀTp = 0, 888

which implies: 889

∇hj(x̄)Tp = 0, j = 1, . . . , l. (41) 890

Now, we can write uT∇2
xϕ(x̄, v̄, λ)u as: 891

uT∇2
xϕ(x̄, v̄, λ)u 892

= (p+Bq)T (Q̄+ λĀĀT )(p+Bq) (42) 893

= pT Q̄p+ 2pT Q̄Bq+ qTBT Q̄Bq 894

+ λqTCCTq. 895

Since x̄ is a local optimal solution of prob- 896

lem (29) satisfying the second-order sufficient con- 897

ditions, there exists a constant α > 0 such that: 898

pT Q̄p ≥ α∥p∥2. (43) 899

Let b be the largest singular value of Q̄B, let 900

e = ∥BT Q̄B∥2, and let µ > 0 be the smallest 901

eigenvalue of CCT . Then: 902

uT∇2
xϕ(x̄, v̄, λ)u ≥ α∥p∥2 − 2b∥p∥∥q∥+(λµ− e)∥q∥2.

(44) 903

Since u ̸= 0, the vectors p and q cannot both be 904

zero. Therefore, if we choose λ sufficiently large 905

such that: 906

λµ− e− b2

α
> 0, (45) 907

that is, 908

λ >
b2 + αe

αµ
, (46) 909

then we always have: 910

uT∇2
xϕ(x̄, v̄, λ)u > 0. (47) 911

Therefore, there exists: 912

λ′ =
b2 + αe

αµ
. (48) 913

When the penalty parameter λ > λ′, the matrix 914

∇2
xϕ(x̄, v̄, λ) is positive definite. Combined with 915

Equations (34) and (47), we conclude that x̄ is a 916

strict local minimizer of ϕ(x, v̄, λ). This completes 917

the proof. 918
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B.2 Elimination of y via Quadratic919

Completion920

Starting from the augmented Lagrangian function921

in Equation (7), we apply the technique of complet-922

ing the square to eliminate the auxiliary variable923

y.924
Let g(r) = B−F (r) denote the constraint func-925

tion. We can rewrite Equation (7) as:926

ϕ̃(r, y, w, λ)927

= Ldistill(r)− w(g(r)− y2) +
λ

2
(g(r)− y2)2 (49)928

= Ldistill(r) +

[
−w(g(r)− y2) +

λ

2
(g(r)− y2)2

]
.929

Completing the square with respect to y2, we930

have:931

− w(g(r)− y2) +
λ

2
(g(r)− y2)2932

=
λ

2

[
(g(r)− y2)− w

λ

]2
− w2

2λ
933

=
λ

2

[
y2 −

(
g(r)− w

λ

)]2
− w2

2λ
. (50)934

To minimize ϕ̃ with respect to y, we an-935

alyze the optimal value of y2. The term936
λ
2

[
y2 −

(
g(r)− w

λ

)]2 is minimized when:937

y2 = g(r)− w

λ
=

1

λ
(λg(r)− w). (51)938

However, since y ∈ R, we must have y2 ≥ 0.939

Therefore, the optimal value is:940

y2 = max

{
0,

1

λ
(λg(r)− w)

}
. (52)941

This can be expressed equivalently as:942

y2 =

{
1
λ(λg(r)− w), if λg(r)− w ≥ 0,

0, if λg(r)− w < 0.
(53)943

Substituting the optimal y2 back into Equa-944

tion (50), we obtain:945

−w(g(r)−y2)+ λ

2
(g(r)−y2)2 = 1

2λ

(
z2 − w2

)
,

(54)946

where947

z = max {0, w − λ(B − F (r))}
= max {0, w − λg(r)} .

(55)948

Therefore, the simplified augmented Lagrangian949

function, after eliminating y, is:950

ϕ(r, w, λ) = Ldistill(r) +
1

2λ

(
z2 − w2

)
, (56)951

where z = max{0, w−λ(B−F (r))} and g(r) =952

B − F (r) represents the constraint satisfaction.953

C Experiment Details 954

C.1 Experiment Settings 955

C.1.1 Training Dataset 956

We find that directly training on the original dataset 957

leads to suboptimal performance: VisPCO’s pre- 958

dicted Pareto frontier for high-resolution images 959

concentrates on low computational budgets, diverg- 960

ing from the empirical frontier under high bud- 961

get regimes. We analyze the training dataset and 962

observe that the distribution of image areas ex- 963

hibits significant skewness, heavily concentrated 964

on smaller areas, as shown in the left panel of Fig- 965

ure 4. This imbalance is detrimental to learning 966

appropriate pruning ratios, as it leads to poor gen- 967

eralization on high-resolution images. 968

To address this issue, we preprocess the training 969

images using histogram equalization to balance the 970

area distribution. Specifically, we divide the image 971

area range into uniform bins and apply stratified 972

sampling to ensure balanced representation across 973

all area intervals. For each bin, we either oversam- 974

ple images (for underrepresented bins) or subsam- 975

ple images (for overrepresented bins) to achieve 976

approximately equal counts per bin. This rebalanc- 977

ing procedure ensures that the training distribution 978

covers the full spectrum of image resolutions uni- 979

formly, enabling VisPCO to learn robust pruning 980

configurations for both low and high-resolution im- 981

ages. The left panel of Figure 4 shows the original 982

skewed distribution, while the right panel illustrates 983

the balanced distribution after equalization. 984

C.1.2 Evaluation Datasets 985

We utilize the evaluation datasets provided by 986

VLMEvalKit, which includes curated question- 987

answer pairs and images from various vision- 988

language benchmarks. Our evaluation spans three 989

categories of tasks: visual question answering, mul- 990

timodal reasoning, and chart understanding. For 991

MME, to maintain comparability with other bench- 992

marks, we report the ratio of correct answers to 993

total questions, normalizing the final evaluation re- 994

sults to the range [0, 1]. An example evaluation 995

case is shown in Figure 5. 996

A-OKVQA (Schwenk et al., 2022) is a 997

knowledge-based visual question answering dataset 998

that requires models to leverage external common- 999

sense and world knowledge beyond visual content. 1000

It contains 1,145 questions across diverse image 1001

types, challenging models to perform reasoning 1002

that combines visual understanding with factual 1003
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Figure 4: Distribution histogram of image areas in the training dataset before and after applying histogram
equalization to balance area diversity. The left panel shows the original distribution heavily concentrated on smaller
image areas, while the right panel demonstrates the more balanced distribution after the equalization process.

User: "<image>
What is the laptop on? Given the 
following options, choose the 
correct answer:
A. counter   B. bed
C. island    D. table
Only give the correct choice:"
Assistant: "The answer is D. table"

Figure 5: An example evaluation case from the
VLMEvalKit benchmark. The figure demonstrates a
typical question-answer pair with the corresponding
image, showing how the model processes visual and
textual inputs to generate responses for evaluation.

knowledge.1004

VizWiz (Bigham et al., 2010) is a visual question1005

answering dataset collected from blind users who1006

took images and asked questions about them. The1007

dataset contains over 4,319 image-question pairs1008

with natural, real-world scenarios, often featuring1009

challenging conditions such as poor image quality,1010

blur, or unusual viewpoints, making it particularly1011

valuable for evaluating model robustness.1012

SEEDBench (Li et al., 2023) is a comprehen-1013

sive benchmark for evaluating multimodal large1014

language models across multiple dimensions. It1015

includes 14,232 multiple-choice questions span- 1016

ning nine evaluation dimensions including scene 1017

understanding, instance identity, spatial relation, 1018

and visual reasoning, providing a holistic assess- 1019

ment of model capabilities. 1020

MMBench (Liu et al., 2024a) (Multimodal 1021

Benchmark) is a systematically designed objec- 1022

tive benchmark for evaluating various abilities of 1023

vision-language models. It covers 20 ability dimen- 1024

sions organized into three categories: perception 1025

(e.g., object localization, OCR), reasoning (e.g., so- 1026

cial reasoning, physical commonsense), and knowl- 1027

edge (e.g., celebrity recognition, landmark identifi- 1028

cation). 1029

MME (Fu et al., 2025) (Multi-Modal Evalua- 1030

tion) is a comprehensive evaluation benchmark 1031

measuring both perception and cognition abili- 1032

ties. It consists of 14 subtasks including existence, 1033

count, position, color, posters, celebrity, scene, 1034

landmark, artwork, OCR, commonsense reason- 1035

ing, numerical calculation, text translation, and 1036

code reasoning. We normalize scores to [0, 1] for 1037

consistency with other benchmarks. 1038

ChartQA (Masry et al., 2022) focuses on ques- 1039

tion answering about statistical charts and plots. 1040

The dataset contains over 2,000 human-written 1041

questions covering bar charts, line plots, and pie 1042

charts, requiring models to perform visual reason- 1043

ing, data extraction, and numerical computation 1044

from chart images. 1045

OCRBench (Liu et al., 2024b) is a comprehen- 1046

sive benchmark for evaluating optical character 1047

recognition and text understanding capabilities in 1048

vision-language models. It includes diverse text 1049
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recognition scenarios such as scene text, handwrit-1050

ten text, document text, and multilingual text, as-1051

sessing both basic OCR accuracy and text-based1052

reasoning abilities.1053

TextVQA (Singh et al., 2019) requires models1054

to read and reason about text in images to answer1055

questions. The dataset contains 1,000 images from1056

OpenImages, where answering questions necessi-1057

tates reading and understanding scene text, making1058

it essential for evaluating text-aware visual reason-1059

ing capabilities.1060

C.1.3 Pruning Configuration Sampling1061

To identify the empirical Pareto frontier that serves1062

as the ground truth for evaluating VisPCO, we em-1063

ploy a comprehensive sampling-based approach.1064

Our methodology consists of three steps: (1) sys-1065

tematically sampling a large number of pruning1066

configurations across the search space, (2) eval-1067

uating each configuration’s performance across1068

multiple benchmarks and measuring its computa-1069

tional cost in FLOPs, and (3) extracting the Pareto-1070

optimal configurations from the evaluated results.1071

Sampling Strategy. Our sampling strategy oper-1072

ates at the layer level to capture fine-grained prun-1073

ing patterns. For a vision-language model with1074

L Transformer layers, we independently sample1075

the visual token retention ratio for each layer from1076

layer 1 to layer L. Specifically, the retention ra-1077

tio ri for layer i is sampled from the discrete set1078

{0.01, 0.06, 0.11, . . . , 0.96, 0.99}, with a uniform1079

step size of 0.05. This granularity balances compre-1080

hensive coverage of the configuration space with1081

computational feasibility. For the Qwen2.5-VL-3B1082

model with L=36 layers, this sampling scheme gen-1083

erates a total of 700 distinct pruning configurations1084

spanning diverse computational budgets.1085

Evaluation Protocol. For each sampled config-1086

uration, we perform a complete evaluation to ob-1087

tain both its performance and computational cost.1088

Performance is measured by averaging accuracy1089

across our eight evaluation benchmarks, providing1090

a comprehensive assessment of model capabilities.1091

Computational cost is calculated using the FLOPs1092

formula derived in Appendix A, accounting for1093

both the attention mechanism and feed-forward1094

network operations across all layers.1095

Pareto Frontier Extraction. Given the set of1096

evaluated configurations C = {(pi, fi)}Ni=1, where1097

pi ∈ [0, 1] represents the normalized average per-1098

formance (higher is better) and fi represents the1099

computational cost in TFLOPs (lower is better) for1100

Table 5: Hyperparameters for main experiments com-
paring different methods across multiple VLMs.

Model + Method λ α ϵ β σ T lr B

Qwen2.5-VL-3B + FastV 100 5 0.005 0.5 10 0.1 1e-4 16
Qwen2.5-VL-3B + SparseVLM 100 5 0.005 0.5 10 0.1 1e-4 16
Qwen2.5-VL-3B + FitPrune 100 5 0.005 0.5 10 0.1 1e-4 16

Gemma3-4B + FastV 1 5 0.005 0.5 10 0.1 5e-4 16
Gemma3-4B + SparseVLM 1 5 0.005 0.5 10 0.1 5e-4 16
Gemma3-4B + FitPrune 1 5 0.005 0.5 10 0.1 5e-4 16

LLaVA-v1.5-7B + FastV 100 10 0.01 0.5 10 0.1 5e-5 16
LLaVA-v1.5-7B + SparseVLM 100 10 0.01 0.5 10 0.1 5e-5 16
LLaVA-v1.5-7B + FitPrune 100 10 0.01 0.5 10 0.1 5e-5 16

Table 6: Hyperparameters for ablation studies on differ-
ent pruning scheduling strategies.

Model + Strategy λ α ϵ β σ T lr B

Qwen2.5-VL-3B + Linear 100 5 0.01 0.5 1 0.1 1e-4 16
Qwen2.5-VL-3B + Exponential 100 10 0.005 0.5 1 0.1 5e-5 16
Qwen2.5-VL-3B + P-sigmoid 100 5 0.01 0.5 1 0.1 1e-4 16
Qwen2.5-VL-3B + Multi-step 1 10 0.05 0.5 5 0.1 1e-4 16

configuration i, we identify the Pareto frontier us- 1101

ing the Pareto dominance criterion. Formally, a 1102

configuration (pi, fi) is said to dominate another 1103

configuration (pj , fj) if and only if: 1104

pi ≥ pj and fi ≤ fj . (57) 1105

The Pareto frontier P consists of all non- 1106

dominated configurations: 1107

P = {(pi, fi) ∈ C | ∄(pj , fj) ∈ C
such that (pj , fj) dominates (pi, fi)}.

(58) 1108

These Pareto-optimal configurations represent 1109

the best achievable trade-offs between performance 1110

and computational efficiency, forming the empiri- 1111

cal frontier against which we evaluate VisPCO’s 1112

predictions. This extensive sampling and evalu- 1113

ation process requires significant computational 1114

resources (approximately 48+ GPU hours for 700 1115

configurations), highlighting the practical necessity 1116

of efficient optimization methods like VisPCO. 1117

C.1.4 Hyperparameter Settings 1118

We provide detailed hyperparameter configurations 1119

for our experiments in Tables 5 and 6. The key 1120

hyperparameters and their roles are as follows: 1121

λ denotes the penalty parameter in the aug- 1122

mented Lagrangian method, controlling the 1123

strength of constraint enforcement. ϵ is the con- 1124

vergence threshold that determines when the opti- 1125

mization terminates. α and β are the update coef- 1126

ficients for the Lagrangian multiplier and penalty 1127

parameter, respectively, governing the convergence 1128

dynamics. σ controls the Gaussian kernel width for 1129
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Figure 6: Comparison of layer-wise pruning ratios for
different kernel functions under 50% computational bud-
get. Linear kernel produces gradual transitions across
layers, Exponential concentrates pruning in later lay-
ers, P-Sigmoid creates smooth S-shaped curves, and
Multi-Step generates progressive discrete transitions.
The diversity of patterns enables comprehensive explo-
ration of different pruning strategies.

continuous relaxation of discrete pruning decisions,1130

with larger values leading to smoother approxi-1131

mations. T is the temperature parameter for the1132

straight-through estimator, balancing between gra-1133

dient flow and discretization sharpness during train-1134

ing. lr denotes the learning rate for the AdamW1135

optimizer, and B indicates the batch size (number1136

of samples per training iteration).1137

C.2 More Experiment Results1138

We provide more detailed experimental results in1139

this section. First, we present the results of differ-1140

ent pruning methods under various computational1141

budgets with VisPCO in Table 7. Second, we show1142

the results of applying VisPCO to different base1143

VLMs in Table 8. Third, we report the results of1144

VisPCO with different pruning patterns in Table 9.1145

C.3 Case Studies of Predicted Pruning1146

Configurations1147

We present case studies of pruning configurations1148

predicted by VisPCO on Qwen2.5-VL-3B to pro-1149

vide insights into its behavior under different com-1150

putational budgets. Figure 7 illustrates the layer-1151

wise pruning curves predicted by VisPCO under1152

various budget constraints, along with the corre-1153

sponding visual token retention patterns at different1154

layers. These visualizations reveal how VisPCO1155

adaptively adjusts its pruning strategy in response1156

to varying resource constraints. 1157

The visualization reveals several key observa- 1158

tions. First, as the computational budget becomes 1159

more constrained, VisPCO adopts increasingly ag- 1160

gressive pruning strategies, with pruning occurring 1161

earlier in the network and achieving lower reten- 1162

tion ratios. This demonstrates the model’s ability to 1163

adaptively allocate computational resources based 1164

on budget constraints. Second, the predicted con- 1165

figurations exhibit smooth transitions across layers, 1166

validating the effectiveness of our continuous re- 1167

laxation approach. 1168

Additionally, Figure 6 presents a comparison of 1169

different kernel functions (Linear, Exponential, P- 1170

Sigmoid, Multi-Step) for multi-layer pruning under 1171

a 50% computational budget. The layer-wise prun- 1172

ing ratios reveal distinct patterns: linear kernels 1173

produce gradual transitions, exponential kernels 1174

concentrate pruning in later layers, p-sigmoid ker- 1175

nels create smooth S-shaped curves, and multi-step 1176

kernels generate progressive discrete transitions. 1177

These diverse patterns enable VisPCO to explore 1178

different trade-offs. 1179
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Figure 7: Layer-wise pruning configurations predicted by VisPCO under different computational budgets. The left
panel shows the retention ratio curves across layers for budgets ranging from 10% to 90%. The right panel visualizes
the actual visual token retention at selected layers (from top to bottom: 90%, 50%, 10% budgets), demonstrating
how aggressive pruning (lower budgets) leads to earlier and more extensive token removal.
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Table 7: Detailed comparison of pruning methods with and without VisPCO across eight vision-language bench-
marks under different computational budgets. Results without VisPCO are averaged over multiple randomly
sampled configurations that satisfy the budget constraint, with standard deviations reported in parentheses.

Method AOKVQA VizWiz SEED MMB MME† ChartQA OCRB TextVQA Avg (%)
Upper Bound, 100% Budget, ∼3.56 TFLOPs

Qwen2.5VL-3B 90.2 75.1 75.6 79.8 84.2 64.1 74.6 81.3 78.1

Reduce FLOPs Budget to 90%, ∼3.20 TFLOPs
⌞ FastV 88.2± 0.4 72.9± 0.9 72.4± 0.9 76.4± 0.5 81.3± 0.5 62.2± 0.8 71.6± 0.7 79.1± 0.6 75.5± 0.7

+ VisPCO 88.4 73.8 73.2 76.9 81.7 62.9 72.3 79.5 76.1
⌞ SparseVLM 88.5± 0.3 73.1± 0.5 73.4± 0.4 76.9± 0.6 82.1± 0.3 62.2± 0.7 71.9± 0.6 79.5± 0.6 76.0± 0.5

+ VisPCO 88.6 73.5 73.8 77.5 82.4 62.9 72.5 80.0 76.4
⌞ FitPrune 89.1± 0.5 73.9± 0.4 74.2± 0.5 77.6± 0.4 82.5± 0.6 63.1± 0.6 72.5± 0.5 79.9± 0.3 76.2± 0.5
+ VisPCO 89.6 74.1 74.6 77.9 82.8 63.5 72.9 81.2 77.1

Reduce FLOPs Budget to 80%, ∼2.84 TFLOPs
⌞ FastV 87.0± 1.6 71.6± 2.1 71.2± 2.1 75.1± 1.8 80.1± 1.6 61.0± 2.2 70.2± 1.9 77.7± 2.2 74.2± 1.9

+ VisPCO 88.3 73.7 73.1 76.9 81.6 62.8 72.0 79.4 75.7
⌞ SparseVLM 87.1± 1.8 71.7± 2.4 71.4± 2.1 75.3± 2.1 80.2± 2.2 61.6± 2.2 70.5± 2.1 78.3± 2.0 74.5± 2.1

+ VisPCO 88.4 73.9 73.5 77.4 82.1 62.6 72.4 79.6 76.2
⌞ FitPrune 87.3± 2.2 72.3± 2.1 72.5± 2.3 75.8± 2.2 80.6± 2.2 61.6± 2.5 70.6± 2.5 78.4± 1.6 74.9± 2.2
+ VisPCO 89.3 73.8 74.3 77.4 82.6 63.3 72.5 79.9 76.6

Reduce FLOPs Budget to 70%, ∼2.50 TFLOPs
⌞ FastV 83.9± 4.5 69.2± 4.4 68.4± 4.8 73.1± 3.8 76.2± 4.5 59.3± 4.3 66.2± 4.9 75.5± 4.1 71.5± 4.4

+ VisPCO 88.0 73.4 72.8 76.7 80.9 62.4 71.1 78.9 75.5
⌞ SparseVLM 84.1± 4.7 69.4± 4.6 68.5± 5.1 73.3± 4.0 76.3± 4.5 59.5± 4.5 66.3± 5.0 75.7± 4.2 71.6± 4.6

+ VisPCO 88.1 73.6 72.9 76.7 81.0 62.5 71.1 79.1 75.6
⌞ FitPrune 84.2± 4.6 69.5± 4.7 68.6± 5.2 73.5± 4.1 76.6± 4.5 59.4± 4.7 66.5± 5.2 75.8± 4.3 71.8± 4.7
+ VisPCO 88.2 73.7 73.1 76.7 81.1 62.8 71.0 79.3 75.7

Reduce FLOPs Budget to 60%, ∼2.14 TFLOPs
⌞ FastV 80.2± 5.9 68.4± 5.4 66.6± 6.8 69.4± 5.3 74.5± 5.5 56.4± 5.3 65.2± 5.1 71.7± 5.1 69.2± 5.4

+ VisPCO 86.0 71.4 70.8 74.7 78.9 60.4 69.1 76.9 73.5
⌞ SparseVLM 80.3± 6.2 68.5± 5.5 66.7± 7.1 69.6± 5.6 74.8± 5.8 56.4± 5.6 65.7± 5.5 71.8± 5.3 69.4± 5.7

+ VisPCO 86.2 71.6 70.9 74.9 79.2 60.6 69.3 77.1 73.7
⌞ FitPrune 80.4± 6.1 68.6± 5.4 66.8± 7.0 69.8± 5.8 74.9± 5.9 56.7± 5.9 65.9± 5.7 71.9± 5.3 69.5± 5.8

+ VisPCO 86.3 71.7 71.0 75.1 79.4 60.9 69.6 77.1 73.9

Reduce FLOPs Budget to 50%, ∼1.78 TFLOPs
⌞ FastV 74.7± 10.1 60.3± 9.6 61.5± 8.1 62.4± 9.3 68.8± 9.1 51.6± 9.9 59.2± 9.1 65.9± 10.8 63.1± 9.5

+ VisPCO 84.8 69.4 67.6 71.2 77.1 58.1 67.8 75.9 71.5
⌞ SparseVLM 75.9± 9.8 62.6± 8.2 63.1± 7.2 63.9± 8.6 69.9± 8.2 51.9± 8.3 62.4± 6.9 66.6± 9.8 64.5± 8.4

+ VisPCO 85.2 69.0 68.1 71.9 77.6 58.4 67.9 76.3 71.8
⌞ FitPrune 77.1± 8.7 63.4± 7.7 63.9± 6.8 64.5± 8.2 70.8± 7.9 52.8± 8.1 63.3± 6.4 67.6± 9.4 65.4± 7.9

+ VisPCO 85.9 69.4 68.4 72.4 77.9 58.8 68.2 76.6 72.2

Reduce FLOPs Budget to 40%, ∼1.42 TFLOPs
⌞ FastV 65.6± 12.2 50.3± 11.4 52.6± 10.2 53.3± 11.3 61.4± 11.2 42.5± 11.7 51.4± 11.2 57.5± 12.7 54.3± 11.5

+ VisPCO 77.6 61.7 62.6 64.4 72.6 54.1 62.5 69.9 65.7
⌞ SparseVLM 66.8± 12.6 50.9± 11.8 53.2± 10.9 53.5± 11.8 62.3± 11.3 42.9± 11.9 51.8± 11.3 58.1± 12.9 54.9± 11.8

+ VisPCO 77.9 61.9 62.7 64.9 72.9 54.4 62.6 70.2 65.9
⌞ FitPrune 66.9± 12.5 50.7± 12.2 53.0± 11.1 53.7± 11.9 62.7± 11.5 42.8± 12.2 51.7± 11.5 58.3± 12.6 55.0± 11.9

+ VisPCO 78.4 62.2 62.8 65.0 73.1 54.6 62.6 70.4 66.1

Reduce FLOPs Budget to 30%, ∼1.06 TFLOPs
⌞ FastV 62.5± 8.1 46.4± 8.2 48.7± 7.6 49.4± 7.5 57.2± 8.9 38.8± 8.1 46.7± 8.3 53.6± 9.1 50.4± 8.2

+ VisPCO 70.2 54.6 55.5 54.5 65.7 46.4 54.4 62.8 58.0
⌞ SparseVLM 62.6± 8.3 46.5± 8.3 48.9± 7.7 49.5± 7.7 57.4± 9.0 38.9± 8.3 46.9± 8.5 53.8± 9.3 50.6± 8.4

+ VisPCO 70.5 54.8 55.9 54.8 65.8 46.9 55.1 63.4 58.4
⌞ FitPrune 62.7± 8.2 46.7± 8.2 49.0± 7.6 49.7± 7.9 57.3± 9.1 39.1± 8.1 46.7± 8.6 53.9± 9.4 50.6± 8.4

+ VisPCO 70.6 54.9 56.0 54.7 65.8 47.1 55.3 63.1 58.4

Reduce FLOPs Budget to 20%, ∼0.72 TFLOPs
⌞ FastV 42.5± 4.1 39.4± 4.2 46.7± 3.6 39.4± 4.5 47.2± 4.9 34.8± 4.1 12.7± 5.3 43.6± 5.1 38.3± 4.5

+ VisPCO 46.6 43.1 50.1 43.9 51.2 38.9 17.8 48.5 42.5
⌞ SparseVLM 42.6± 4.2 39.5± 4.3 46.9± 3.7 39.6± 4.6 47.4± 5.0 34.9± 4.2 12.8± 5.4 43.7± 5.3 38.4± 4.6

+ VisPCO 46.7 43.2 50.2 43.9 51.3 39.1 17.9 48.6 42.6
⌞ FitPrune 42.5± 4.3 39.4± 4.4 46.7± 3.9 39.7± 4.7 47.6± 5.1 34.7± 4.1 12.6± 5.2 43.8± 5.4 38.3± 4.6

+ VisPCO 46.8 43.3 50.4 44.1 51.4 39.2 18.0 48.7 42.7

Reduce FLOPs Budget to 10%, ∼0.36 TFLOPs
⌞ FastV 33.3± 2.3 30.4± 1.6 44.5± 2.7 33.0± 2.5 39.7± 1.4 29.8± 4.1 8.3± 2.1 33.7± 2.8 31.6± 2.4

+ VisPCO 35.5 31.7 46.9 35.5 40.1 33.2 10.1 36.1 33.6
⌞ SparseVLM 33.6± 2.1 31.2± 1.3 44.9± 2.5 33.9± 2.3 40.3± 1.1 30.5± 3.7 9.1± 2.0 34.4± 2.2 32.2± 2.2

+ VisPCO 35.5 31.5 47.1 35.8 40.4 33.3 10.2 36.3 33.8
⌞ FitPrune 33.8± 2.1 31.5± 1.1 45.3± 2.4 34.2± 2.2 40.6± 1.0 30.9± 3.5 9.6± 1.9 34.6± 2.1 32.6± 2.0

+ VisPCO 35.6 31.6 47.3 35.8 40.9 33.5 10.4 36.4 33.9
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Table 8: Performance of VisPCO applied to different base vision-language models across eight benchmarks under
various computational budgets. The results demonstrate the generalizability and effectiveness of VisPCO across
different model architectures and sizes.

Method AOKVQA VizWiz SEED MMB MME† ChartQA OCRB TextVQA Avg (%)
Upper Bound, 100% Budget

LLaVA-7B 72.3 93.1 52.1 48.2 50.4 42.3 64.3 88.2 63.9
Gemma3-4B 80.1 61.2 69.9 72.3 79.3 53.8 64.2 70.3 68.9

Reduce FLOPs Budget to 90%
LLaVA-7B 71.3± 0.5 91.5± 0.8 50.3± 0.6 47.3± 0.6 48.4± 0.8 40.9± 0.7 62.8± 0.7 86.2± 0.5 62.3± 0.7
+ VisPCO 71.8 92.3 50.8 47.7 49.2 41.5 63.5 86.5 62.9

Gemma3-4B 78.8± 0.5 59.8± 0.9 67.7± 0.7 70.5± 0.6 77.6± 0.9 51.8± 0.8 62.3± 0.7 58.8± 0.5 65.9± 0.7
+ VisPCO 79.3 60.5 68.4 71.1 78.5 52.5 62.9 59.2 66.6

Reduce FLOPs Budget to 80%
LLaVA-7B 70.1± 1.6 89.7± 1.7 48.7± 1.3 45.4± 1.3 46.2± 1.7 38.5± 1.6 60.6± 1.7 84.1± 1.6 60.2± 1.9
+ VisPCO 71.7 91.4 49.9 46.7 47.6 40.0 62.3 85.6 61.9

Gemma3-4B 76.6± 1.4 57.9± 1.7 65.6± 1.6 68.4± 1.6 75.3± 1.8 49.8± 1.8 60.2± 1.6 56.6± 1.5 63.8± 1.6
+ VisPCO 77.8 59.5 67.2 69.9 77.0 51.5 61.8 57.9 65.3

Reduce FLOPs Budget to 70%
LLaVA-7B 66.2± 4.7 85.7± 4.5 44.6± 4.3 41.3± 4.4 42.3± 4.6 34.6± 4.7 56.3± 4.5 80.3± 4.1 56.4± 4.5
+ VisPCO 70.7 89.3 48.9 45.7 46.6 39.1 60.7 84.4 60.7

Gemma3-4B 70.2± 5.1 51.7± 5.4 59.5± 5.5 62.3± 5.2 69.1± 4.7 43.7± 5.4 54.3± 5.4 50.6± 6.2 57.7± 5.4
+ VisPCO 75.3 56.9 65.1 67.5 73.5 58.9 59.7 56.7 64.2

Reduce FLOPs Budget to 60%
LLaVA-7B 62.1± 6.6 82.9± 6.2 41.7± 6.4 38.4± 5.6 38.1± 7.0 31.6± 6.5 53.5± 6.1 76.1± 6.3 53.1± 6.3
+ VisPCO 68.1 88.3 47.5 43.6 44.1 37.0 59.6 81.3 58.7

Gemma3-4B 54.1± 6.1 46.6± 6.3 54.4± 6.6 57.2± 7.3 65.1± 6.8 38.6± 6.2 49.4± 6.5 45.6± 7.2 53.1± 6.6
+ VisPCO 60.2 52.9 60.9 64.1 71.1 44.3 54.9 51.3 57.5

Reduce FLOPs Budget to 50%
LLaVA-7B 50.3± 10.7 70.8± 10.3 30.8± 11.3 26.5± 11.5 26.1± 11.4 21.3± 10.6 41.2± 11.6 64.2± 11.4 41.4± 11.1
+ VisPCO 60.8 80.5 42.1 38.0 37.4 31.6 52.8 75.2 52.3

Gemma3-4B 41.2± 12.4 33.5± 12.6 41.8± 11.5 44.7± 12.9 52.3± 11.8 25.7± 12.3 37.6± 12.7 33.6± 12.3 38.8± 12.3
+ VisPCO 53.4 45.9 53.1 57.3 62.8 37.9 50.3 45.5 50.8

Reduce FLOPs Budget to 40%
LLaVA-7B 48.4± 8.6 68.5± 8.4 29.7± 8.8 24.1± 9.4 24.2± 9.8 19.5± 8.6 39.3± 9.4 62.7± 9.9 39.6± 9.1
+ VisPCO 56.8 76.9 38.4 33.5 34.0 27.9 48.7 71.7 48.5

Gemma3-4B 39.4± 8.1 31.1± 9.4 39.8± 9.7 42.8± 8.9 50.4± 9.5 23.6± 8.4 35.8± 8.9 31.7± 8.3 36.8± 8.9
+ VisPCO 47.5 40.1 48.7 51.5 59.9 31.4 44.2 39.9 45.4

Reduce FLOPs Budget to 30%
LLaVA-7B 41.3± 6.7 61.6± 6.1 22.8± 6.5 17.2± 6.5 17.4± 6.9 14.6± 6.7 36.4± 6.3 60.8± 8.2 34.0± 6.7
+ VisPCO 47.8 67.7 29.2 23.6 24.2 20.9 42.5 68.9 40.6

Gemma3-4B 31.4± 6.1 24.1± 6.4 31.8± 6.7 36.8± 6.9 44.4± 6.5 20.6± 6.4 31.8± 6.9 25.7± 6.3 30.8± 6.5
+ VisPCO 37.5 30.1 38.5 43.5 50.2 27.0 38.3 31.9 37.1

Reduce FLOPs Budget to 20%
LLaVA-7B 40.8± 2.8 60.9± 2.2 21.7± 2.6 17.1± 2.9 16.9± 3.1 13.8± 2.5 34.6± 2.5 60.1± 2.3 37.2± 2.6
+ VisPCO 43.6 63.1 24.3 19.9 19.8 16.3 37.1 62.4 39.8

Gemma3-4B 31.2± 2.2 23.8± 2.4 31.9± 2.2 36.4± 2.5 44.6± 2.6 20.3± 2.6 31.7± 2.3 25.6± 2.3 30.7± 2.4
+ VisPCO 33.4 26.2 34.0 38.9 47.2 22.9 34.0 27.9 33.1

Reduce FLOPs Budget to 10%
LLaVA-7B 40.1± 0.7 60.8± 0.8 21.4± 0.6 17.2± 0.4 16.7± 0.2 13.5± 0.3 34.3± 0.9 60.2± 0.5 36.8± 0.6
+ VisPCO 40.7 61.5 22.0 17.6 16.8 13.8 35.0 60.6 33.5

Gemma3-4B 30.1± 0.3 22.8± 0.5 27.4± 0.6 33.3± 0.8 41.5± 0.7 19.2± 0.6 30.6± 0.6 23.5± 0.4 28.6± 0.6
+ VisPCO 30.4 23.2 27.9 34.1 42.2 19.7 31.2 23.9 29.1
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Table 9: Performance comparison of VisPCO with different pruning patterns across vision-language benchmarks.
The table shows detailed results for single-layer pruning and various multi-layer pruning strategies including Linear,
Exponential, P-Sigmoid, and Multi-Step patterns.

Method Kernels AOKVQA VizWiz SEED MMB MME† ChartQA OCRB TextVQA Avg (%)
Upper Bound, 100% Budget, ∼3.56 TFLOPs

Qwen2.5VL-3B - 90.2 75.1 75.6 79.8 84.2 64.1 74.6 81.3 78.1

Reduce FLOPs Budget to 90%, ∼3.20 TFLOPs
Single-Layer - 88.4 73.8 73.2 76.9 81.7 62.9 72.3 79.5 76.1

Linear 88.2 73.1 72.5 76.4 81.3 61.8 72.0 79.1 75.6

Multi-Layer
Exponential 87.9 72.8 72.3 76.4 81.3 61.7 71.9 79.0 75.4
P-Sigmoid 87.5 72.3 72.1 76.1 81.0 61.3 71.8 78.6 75.1
Multi-Step 88.5 73.9 73.3 76.9 81.9 62.9 72.2 79.8 76.2

Reduce FLOPs Budget to 80%, ∼2.84 TFLOPs
Single-Layer - 88.3 73.7 73.1 76.9 81.6 62.8 72.0 79.4 75.7

Linear 87.7 73.2 72.6 76.3 81.4 62.4 71.3 78.8 75.5

Multi-Layer
Exponential 87.4 72.7 72.2 75.9 81.0 62.2 70.9 78.8 75.1
P-Sigmoid 87.1 72.3 71.8 74.9 80.2 61.3 69.9 77.7 74.4
Multi-Step 88.5 73.9 73.4 77.2 81.9 63.2 72.4 79.7 76.3

Reduce FLOPs Budget to 70%, ∼2.50 TFLOPs
Single-Layer - 88.0 73.4 72.8 76.7 80.9 62.4 71.1 78.9 75.5

Linear 87.4 72.8 72.2 76.3 80.5 62.1 70.8 78.3 75.1

Multi-Layer
Exponential 87.2 72.5 72.0 76.1 80.4 61.8 70.6 78.2 74.9
P-Sigmoid 86.8 72.3 71.8 75.7 80.1 61.6 70.4 78.0 74.6
Multi-Step 87.7 72.9 72.5 76.6 80.8 62.0 70.6 78.7 75.2

Reduce FLOPs Budget to 60%, ∼2.14 TFLOPs
Single-Layer - 86.0 71.4 70.8 74.7 78.9 60.4 69.1 76.9 73.5

Linear 84.5 69.7 68.9 72.7 77.1 58.1 68.1 74.4 71.7

Multi-Layer
Exponential 83.2 68.5 67.7 71.4 76.3 56.8 67.5 73.1 70.6
P-Sigmoid 82.9 68.1 66.5 70.1 75.3 56.2 66.5 72.4 69.8
Multi-Step 86.3 71.7 71.1 74.9 79.2 60.6 69.3 77.3 73.8

Reduce FLOPs Budget to 50%, ∼1.78 TFLOPs
Single-Layer - 84.8 69.4 67.6 71.2 77.1 58.1 67.8 75.9 71.5

Linear 82.6 67.7 65.4 70.9 76.2 57.5 66.5 74.9 70.2

Multi-Layer
Exponential 82.2 67.3 65.1 70.4 75.3 57.1 65.5 74.4 69.7
P-Sigmoid 81.9 67.0 64.8 69.6 74.7 56.8 65.2 74.1 69.3
Multi-Step 84.9 69.5 68.6 71.8 77.9 59.2 68.5 76.7 72.1

Reduce FLOPs Budget to 40%, ∼1.42 TFLOPs
Single-Layer - 77.6 61.7 62.6 64.4 72.6 54.1 62.5 69.9 65.7

Linear 76.2 59.4 60.3 62.6 70.3 52.7 61.3 67.7 63.8

Multi-Layer
Exponential 76.1 59.2 59.6 62.3 69.6 52.3 50.7 67.4 62.2
P-Sigmoid 73.3 56.3 56.7 60.5 66.9 49.1 47.5 65.7 59.5
Multi-Step 77.8 62.1 62.9 64.8 73.3 55.3 62.6 66.1 65.7

Reduce FLOPs Budget to 30%, ∼1.06 TFLOPs
Single-Layer - 70.2 54.6 55.5 54.5 65.7 46.4 54.4 62.8 58.0

Linear 65.5 49.6 50.8 49.3 61.3 41.8 49.4 57.8 53.2

Multi-Layer
Exponential 65.3 49.5 50.6 49.2 60.9 41.6 49.3 57.7 53.0
P-Sigmoid 60.9 45.3 47.2 44.7 55.9 38.3 45.9 52.4 48.8
Multi-Step 71.3 55.7 56.2 55.6 66.2 47.6 55.6 63.2 58.9

Reduce FLOPs Budget to 20%, ∼0.72 TFLOPs
Single-Layer - 46.6 43.1 50.1 43.9 51.2 38.9 17.8 48.5 42.5

Linear 44.8 41.7 48.2 41.4 48.7 36.4 15.3 46.4 40.4

Multi-Layer
Exponential 43.9 40.2 47.2 40.4 47.4 35.8 14.5 45.4 39.4
P-Sigmoid 42.1 39.2 46.1 39.7 46.6 34.3 13.8 44.5 38.3
Multi-Step 46.7 43.2 50.5 43.2 51.4 38.8 18.6 47.9 42.5

Reduce FLOPs Budget to 10%, ∼0.36 TFLOPs
Single-Layer - 35.5 31.7 46.9 35.5 40.1 33.2 10.1 36.1 33.6

Linear 35.2 31.4 46.7 35.2 39.8 32.9 9.9 35.7 33.6

Multi-Layer
Exponential 34.4 30.9 46.4 34.9 39.1 31.9 9.3 35.2 32.8
P-Sigmoid 34.6 31.3 46.8 35.2 39.4 32.3 9.8 35.5 33.1
Multi-Step 35.4 31.1 46.3 35.3 39.7 32.8 10.0 35.8 33.3
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