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Abstract

While Multimodal Large Language Models001
(MLLMs) excel at general vision-language002
tasks, precise coordinate prediction remains003
a significant challenge, particularly as high-004
resolution inputs cause visual positional en-005
codings (VPEs) to degrade. We demonstrate006
that these encoding failures do not result in007
random noise but instead trigger predictable,008
directional biases, suggesting that models de-009
fault to internal spatial priors when grounding010
signals are weak. To counteract this, we intro-011
duce Vision-PE Shuffle Guidance (VPSG), a012
training-free, inference-time correction method.013
VPSG isolates position-unconditioned tenden-014
cies by shuffling VPEs and utilizes this nega-015
tive evidence to steer digit decoding through a016
lightweight finite-state machine. Evaluation017
on the ScreenSpot-Pro benchmark confirms018
that VPSG effectively rectifies coordinate drift,019
yielding consistent improvements in localiza-020
tion accuracy across various model scales with-021
out any retraining.022

1 Introduction023

Recent advances in large language models (LLMs;024

Touvron et al. 2023a; Chiang et al. 2023; Al-025

mazrouei et al. 2023; MosaicML 2023; Touvron026

et al. 2023b; OpenAI 2022; Google 2023) have im-027

proved language understanding and generation, but028

their text-only I/O limits perceptual and interactive029

use. Multi-modal LLMs (MLLMs) combine vi-030

sion and text, e.g., Flamingo (Alayrac et al., 2022),031

Gemini (Team et al., 2023), and Qwen-VL (Bai032

et al., 2023; Wang et al., 2024; Bai et al., 2025)033

to enable tasks such as visual QA, captioning, and034

document understanding. Coordinate prediction035

supports applications like object manipulation and036

GUI automation, where an MLLM outputs a 2-D037

point or bounding box (e.g., “[1000,500]”). High-038

resolution inputs make this harder: token and com-039

pute costs rise, and larger spatial extents increase040

pixel–patch misalignment, leading to coordinate041

drift (Li et al., 2025; Gao et al., 2024; Hsieh et al., 042

2024; Yen et al., 2024). 043

Coordinate drift originates from the failure of 044

conventional positional encodings (PEs) to scale 045

reliably at high resolutions (Zhang et al., 2024). 046

Although essential for anchoring visual tokens to 047

image geometry , standard schemes—typically 2-D 048

encodings in the vision encoder (Dosovitskiy et al., 049

2020) and sequence-level RoPE (Su et al., 2024) 050

in the LLM —suffer as high-resolution inputs in- 051

duce long-context regimes that diffuse attention 052

and weaken spatial cues. Existing remedies are in- 053

sufficient for precise localization: cropping-based 054

methods (Tao et al., 2025; Wu et al., 2025) often 055

compromise global semantics , while PE enhance- 056

ments (Ge et al., 2024; Chen et al., 2025b; Heo 057

et al., 2024) address coarse tasks like VQA but fail 058

to mitigate the subtle biases that drive numerical 059

coordinate errors. 060

Coordinate prediction requires precise spatial 061

awareness; however, unlike humans who resort to 062

random guessing when positional signals are shuf- 063

fled, MLLMs exhibit predictable directional biases. 064

These patterns closely mirror error distributions 065

in natural high-resolution datasets, suggesting that 066

the weakening of positional information at scale 067

amplifies the model’s inherent priors and degrades 068

coordinate accuracy as shown in Figure 1. In this 069

work, we seek to mitigate these biases and reinforce 070

positional encodings to improve MLLM robustness 071

on position-sensitive tasks. 072

We propose Vision-PE Shuffle Guidance 073

(VPSG), a training-free, test-time method that rec- 074

tifies coordinate biases online using only the base 075

model. VPSG contrasts a position-conditioned 076

main route with auxiliary routes that approximate 077

a position-unconditioned reference by shuffling vi- 078

sual positional encodings. This fusion amplifies 079

spatially grounded information while suppressing 080

spurious content that persists even when positional 081

cues are removed. Practically, a lightweight FSM 082
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Task : Close the window Task : Open a terminal Task : Clear the search Task : Take a screenshot

User Prompt:
In this UI screenshot, I want to 

perform the command {Task}

Please provide the coordinate 

where the cursor is moved to 

(integer) if click is performed.

Large  Language  Model  Backbone

Text Tokenizer
Vision Encoder

Position Embedding Shuffled Position Embeddings

Similar Outputs:

Output 1: [1024, 356] Output 2: [1024, 568] 

Output 3: [1024, 512] Output 4: [1024, 568]

Figure 1: Effect of shuffling visual positional encodings: removing spatial conditioning causes the model to collapse
to similar coordinate predictions across independent runs, indicating a position-unconditioned, directional bias
rather than random variation. We also observe a similar clustered error pattern on high-resolution images (without
shuffling), consistent with position-encoding failures.

ensures that only digit tokens are adjusted—down-083

weighting position-free tendencies while leaving084

formatting characters like commas and brackets085

untouched. This mechanism functions as a scaled086

“negative score” during decoding, effectively rein-087

forcing positional influence and stabilizing [x, y]088

outputs without requiring any training or architec-089

tural modifications.090

Two key design choices make VPSG precise and091

stable. Rather than relying on a single PE-shuffled092

auxiliary route, VPSG aggregates multiple shuffled093

routes in log space (geometric mean), yielding a094

robust estimate of the position-unconditioned bias095

and stabilizing the negative-evidence signal across096

inputs. In addition, VPSG applies a position-aware097

coefficient schedule: the guidance weight starts098

high for the first digit of x, decays geometrically099

for subsequent digits, resets at the first digit of y,100

and then decays again. This concentrates correc-101

tion on the most influential digits while avoiding102

over-regularization of later positions and preserv-103

ing natural numeric formatting. Our contributions104

can be summarized as follows:105

• Positional fragility analysis. We show106

that perturbing visual positional encodings107

(VPEs) induces directional, repeatable biases108

in MLLM coordinate prediction, with sim-109

ilar effects at high resolution—revealing a110

resolution-dependent failure mode.111

• Training-free guidance. We propose VPSG,112

a model-agnostic test-time method that shuf-113

fles VPEs to form counterfactual routes and114

guides final-layer digit logits via a lightweight115

finite-state machine.116

2 Related Work 117

Coordinate prediction with MLLMs With the 118

advancement of MLLMs (Bai et al., 2023; Wang 119

et al., 2024; Bai et al., 2025; Alayrac et al., 2022; 120

Team et al., 2023; Ma et al., 2023; Yang et al., 2023; 121

Liu et al., 2023a; Li et al., 2023; Liu et al., 2023b; 122

Xu et al., 2025), coordinate prediction has shifted 123

to language-driven grounding, where coordinates 124

are generated as discrete token sequences. This 125

paradigm is vital for GUI interaction, supported 126

by specialized datasets designed for screenshot- 127

based grounding (Cheng et al., 2024; Wu et al., 128

2024; Li et al., 2025). To enhance UI navigation 129

and agent autonomy, data-centric methods such 130

as ShowUI (Lin et al., 2024) and UGround (Gou 131

et al., 2025) utilize large-scale synthetic datasets. 132

Furthermore, specialized frameworks like Omni- 133

Parser (Lu et al., 2024) leverage auxiliary visual 134

models to improve element localization , while We- 135

bGUM (Furuta et al., 2023) integrates hierarchical 136

planning with perceptual grounding to enable struc- 137

tured web-based decision-making. 138

Visual position encoding Visual position encod- 139

ing is essential for scaling multimodal transform- 140

ers (Wang et al., 2025). Variable schemes like 141

V2PE (Ge et al., 2024) and PyPE (Chen et al., 142

2025b) improve robustness in long context per- 143

ception. Lightweight 2D markers enhance layout 144

understanding in structured document tasks (Liao 145

et al., 2025). RoPE provides extrapolation benefits 146

and semantic aware encodings adapt to perceptual 147

similarity (Heo et al., 2024; Chen et al., 2025a). 148

Recent studies generalize RoPE through Fourier 149

analysis (Hua et al., 2024) or trainable matrices 150
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Figure 2: Causal view of coordinate prediction. Image
content and prompt provide the intended causal effect
on output digits (left). When VPEs are missing (e.g., at
high resolution), the model relies on spurious correla-
tions, leading to directional digit biases (right).

(Yu et al., 2025) and explore pooling interactions151

(Lee et al., 2025). Large vision embedding norms152

can suppress positional information and cause spa-153

tial reasoning failures Qi et al. (Qi et al., 2025).154

These results show that robust encodings are cen-155

tral to model advancement. However research on156

tasks requiring precise location information like157

coordinate prediction remains scarce.158

3 Methodology159

In this section, we introduce Vision-PE Shuffle160

Guidance (VPSG), a training-free, test-time guid-161

ance that stabilizes coordinate outputs in multi-162

modal LLMs. VPSG runs the base model once163

on the normal input and in parallel creates shuffle-164

guided auxiliary views by perturbing only the vi-165

sual positional encodings; discrepancies across166

these views reveal spurious numeric tendencies.167

Using this as negative evidence, VPSG gently168

steers the main decoding on digit tokens (leaving169

non-digits untouched) and improves [x, y] reliabil-170

ity without fine-tuning or architectural changes.171

3.1 Causal view of coordinate prediction172

At the core of our study lies the observation that173

coordinate prediction in multimodal LLMs is gov-174

erned by a causal mechanism: the output de-175

pends simultaneously on position-conditioned sig-176

nals (e.g., visual positional encodings) and position-177

unconditioned signals (e.g., default digit tenden-178

cies). Prior analyses largely overlook the influence179

of these position-independent inputs, treating pre-180

diction errors as random noise. In contrast, we181

hypothesize that the non-positional pathway can182

introduce directional bias when positional infor-183

mation is weak or missing. Motivated by this in- 184

sight, we adopt a causal graph (Pearl et al., 2016; 185

Pearl, 2018; Tang et al., 2020; Wang et al., 2022) as 186

the analytical framework to explicitly model how 187

position-related and position-free factors jointly 188

shape the output and to identify spurious routes that 189

degrade coordinate accuracy. Ideally, the output 190

digits [x, y] are determined jointly by the image 191

content and the textual prompt, with visual posi- 192

tional encodings (VPEs) supplying spatial ground- 193

ing. However, when VPEs are missing or unreli- 194

able—such as in high-resolution inputs, the causal 195

pathway is disrupted. Lacking accurate positional 196

cues, the model tends to rely on spurious corre- 197

lations, for example overpredicting certain digits 198

or repeating biased numeric patterns that are not 199

grounded in the image. 200

As shown in Figure 2, we model coordinate pre- 201

diction with a simple structural view over four 202

nodes: input information X (image content and 203

prompt), positional encodings P (visual spatial 204

cues), spurious correlations S (default numeric ten- 205

dencies that emerge independently of the input, 206

such as frequently repeated digits or preferred co- 207

ordinate patterns), and the predicted coordinates 208

Y . Here, S captures position-unconditioned reg- 209

ularities in the model’s training data or internal 210

priors that can influence outputs even when visual 211

evidence is weak or missing. A minimal Struc- 212

tural Causal Model is Y = g(X,P,S), where P 213

is provided by the vision encoder (and varies with 214

resolution), and S summarizes non-causal numeric 215

regularities the model can fall back on. 216

When P is available and reliable, it supplies spa- 217

tial grounding. The dominant pathways are X→Y 218

and P →Y . The influence of S is negligible (dot- 219

ted edges): although spurious patterns exist in the 220

model’s priors, they are largely blocked in practice 221

because the model can rely on informative X and 222

P . When P is absent or unreliable, the informa- 223

tive pathway weakens (P ⇢Y ), and the spurious 224

path without positional condition S→Y becomes 225

comparatively strong. The model then defaults 226

to biased numeric templates (e.g., over-predicting 227

certain digits or repeating patterns) that are not sup- 228

ported by the input. In potential-outcome terms, the 229

discrepancy S(x) = Y (x, pbad) − Y (x, pgood) 230

captures the shift in predictions attributable to the 231

loss of positional grounding, with pgood denoting 232

a reliable PE setting and pbad an out-of-range or 233

missing one. 234
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This causal view clarifies the failure mode: po-235

sitional degradation amplifies the non-causal route236

from S to Y , yielding directional digit errors even237

when X is unchanged. It also motivates our238

methodology: design a test-time procedure that239

(i) exposes the spurious route when P is weak and240

(ii) suppresses its influence on the numeric tokens241

while preserving the informative flow from X (and242

any usable P ).243

3.2 Bias analysis244

Given the causal graph in Figure 2, weakening the245

positional encodings P increases the relative in-246

fluence of spurious correlations S on the output247

Y , distorting the digit distribution and pulling pre-248

dictions away from the evidence in X . We there-249

fore propose a two-part intervention: (i) expose250

the spurious route when P is weak by constructing251

counterfactual views that differ only in positional252

cues, and (ii) suppress its impact on numeric tokens253

while preserving the informative flow from X (and254

any usable P ). Before presenting the intervention,255

we first establish empirically that the resulting er-256

rors are directional rather than random, confirming257

that the S→Y pathway is measurable.258

Let x be an input of size (Wx,Hx)with diagonal259

dx =
√
W 2

x +H2
x to normalize scale across images.260

Under shuffled PEs, we run the model on S cases261

and compute pairwise distances262

d(i,j)(x) = ∥ŷ(i)(x)−ŷ(j)(x)∥
2
, 1 ≤ i < j ≤ S,

(1)263

then normalize as d̃(i,j)(x) = d(i,j)(x)
dx

. Pooling264

d̃(i,j)(x) over all inputs yields the shuffled-PE265

distance distribution Pshuffle, while normal PEs266

give Pnormal. We compare their empirical means,267

against the scale-aware baseline µ0 ≈ 0.5214 (Ap-268

pendix E) to assess whether shuffled predictions269

collapse toward a small coordinate subset. Evi-270

dence of systematic, non-random bias is a clear left271

shift of Pshuffle toward zero relative to both µ0 (i.e.,272

E[d̃] ≪ µ0) and Pnormal, indicating that predictions273

under shuffled PEs collapse to a few favored coordi-274

nates rather than dispersing as random fluctuations275

would.276

Figure 3 summarizes the distance statistics.277

Across both Qwen2.5-VL-3B and Qwen2.5-VL-278

7B, the diagonal-normalized average pairwise dis-279

tance under shuffled positional encodings is con-280

sistently small (d̃ ≈ 0.16), whereas the normal-281

PE condition exhibits substantially larger disper-282

sion (d̃ ≈ 0.40–0.44). This substantial gap, far ex-283

ceeding the baseline dispersion of random uniform 284

points, confirms that when positional encodings 285

are disrupted the model outputs collapse to a small 286

set of preferred coordinates rather than spreading 287

randomly. The consistent pattern across model 288

scales demonstrates that the observed systematic 289

directional bias is an inherent property of the archi- 290

tecture rather than a size-related artifact. 291

Based on the empirical and causal analysis of 292

systematic bias caused by missing positional encod- 293

ings presented above, we propose a bias-reduction 294

strategy that remains unchanged during training 295

but is inserted during inference: Vision-PE Shuffle 296

Guidance (VPSG). Inspired by classifier-free guid- 297

ance (CFG) (Ho and Salimans, 2022), we mitigate 298

the impact of directional bias from the perspective 299

of probability distribution. 300

Overall algorithm. VPSG runs one main route 301

with normal visual positional encodings (PEs) and 302

several auxiliary routes with randomly shuffled 303

PEs. We let ct denote the position-conditioned 304

context at step t, which primarily captures the po- 305

sitional encoding information from the visual en- 306

coder that provides spatial grounding for decoding. 307

At each decoding step, we contrast the position- 308

conditioned prediction pA(v ∣ ct) from the main 309

route with an aggregated, position-unconditioned 310

reference pB(v) formed by combining multiple 311

shuffled routes. This contrast acts as negative evi- 312

dence on digit tokens, while non-digit tokens (com- 313

mas, spaces, brackets) remain untouched as shown 314

in Figure 4. A finite-state machine (FSM) tracks 315

whether the model is decoding the x or y coor- 316

dinate and indicates when digit-specific guidance 317

should be applied. This mechanism preserves the 318

required [x, y] format throughout decoding and 319

prevents structural errors that could arise from spu- 320

rious tokens or misaligned guidance. 321

Proposition 1 (VPSG token guidance). Let D ⊂ V 322

denote the digit subset of the vocabulary and αt 323

the step-wise guidance coefficient determined by 324

the FSM. The VPSG-adjusted distribution satisfies 325

pVPSG(v ∣ ct) ∝
⎧⎪⎪⎨⎪⎪⎩

exp(log pA(v ∣ ct) − αtℓ̃B(v)), v ∈ D,
pA(v ∣ ct), v ∉ D,

(2) 326

where ℓ̃B(v) = log pB(v) is the log-probability of 327

the position-unconditioned reference. 328

This compact formula shows that VPSG sub- 329

tracts a scaled log-probability from the digit logits 330
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Figure 3: Diagonal-normalized aver-
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ordinate predictions under Normal
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Figure 4: We obtain a position-unconditioned reference by shuffling visual
positional encodings (left) and fuse it with the position-conditioned pre-
diction (right). This conditional–unconditional contrast serves as negative
evidence for digits, strengthening positional cues and suppressing spurious
numeric patterns during decoding.

of the main route while leaving non-digit tokens331

unchanged. The aggregation of pB(v) and the332

scheduling of αt are described below; the proof333

that this form is equivalent to the classifier-free334

guidance view is provided in Appendix B.335

Seeds aggregation. The auxiliary reference336

pB(v) is estimated by running the model on S in-337

dependent PE-shuffled seeds and aggregating their338

log-probabilities,339

340

ℓ̃B(v) = Eσ∼ν[ log p(σ)B (v) ]341

= ∫
σ∈S

log p
(σ)
B (v)dν(σ) ≈

1

S

S

∑
s=1

log p
(s)
B (v),

(3)

342

where σ indexes shuffle transformations and ν is343

the (uniform) seed measure. This log-space (geo-344

metric mean) aggregation provides a robust Monte-345

Carlo estimate of the position-unconditioned bias346

prior.347

Coefficient decay. To focus correction on the348

most influential digits, VPSG uses a geometric de-349

cay on αt along the decoding sequence. Let kx350

(resp. ky) be the index of the current digit within x351

(resp. y). The guidance coefficient is scheduled as352

αt =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

αdecay kx−1, the kx-th digit of x,

α, first digit of y,

αdecay ky−1, the ky-th digit of y,

(4)353

where 0 < decay < 1. This schedule emphasizes354

the most significant digits, resets at the first y digit,355

and then tapers off, preventing over-regularization356

on later positions.357

Summary. Overall, VPSG addresses this by ef- 358

fectively “asking twice”: once with the normal 359

input and again with a version whose visual posi- 360

tions are shuffled. Disagreements from the shuffled 361

view act as negative evidence, gently steering the 362

model’s digit choices back toward what the image 363

supports, while leaving non-digit text untouched. 364

The result is a simple, plug-in procedure at infer- 365

ence time that stabilizes [x, y] predictions with- 366

out changing training or model architecture. It is 367

model-agnostic, requires no retraining, and exactly 368

recovers the baseline behavior when αt → 0. The 369

complete VPSG algorithm is shown in Section D. 370

As shown in Figure 5, we provide a qualitative 371

example of VPSG on a Screenspot-Pro case. 372

4 Experiments 373

In this section, we evaluate the performance of 374

VPSG when applied to VLLMs. As a plug-and- 375

play, training-free approach, VPSG enhances exist- 376

ing models on coordinate prediction tasks, provid- 377

ing consistent improvements without requiring ad- 378

ditional fine-tuning or architectural modifications. 379

4.1 Experimental settings 380

Datasets. We adopt the widely used ScreenSpot- 381

Pro dataset to evaluate the performance of our 382

method. ScreenSpot-Pro is a recently released 383

benchmark for GUI grounding, consisting of real 384

high-resolution desktop screenshots spanning 23 385

applications (e.g., VSCode, Photoshop, AutoCAD), 386

five industry categories, and three operating sys- 387

tems, with precise annotations provided by profes- 388

sional users as shown in Section C. The dataset is 389

particularly challenging because target UI elements 390

are often extremely small, occupying on average 391

only 0.07% of the screen area. We evaluate VPSG 392
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Wrong Response with Normal PEs: [1024, 512]
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X
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Comparing
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Greedy decoding on

the first digit: [1 …

0    1    2    3    4    5    6    7    8    9

Greedy decoding on

the first digit: [1 …

Unbiased Response 

with VPSG: [659, 857]
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Greedy decoding on

the first digit: [6 …

P

X

YS

Similar output result

Figure 5: Qualitative example of VPSG on a Screenspot-Pro case. The base model with normal positional encodings
produces a biased coordinate prediction ([1024, 512]), while the same model with shuffled positional encodings
collapses to a similar but consistently biased point ([1024, 356]), revealing a directional position-unconditioned
tendency. Applying VPSG corrects this bias and outputs the accurate ground truth ([659, 857]) by integrating
negative evidence from multiple shuffled runs and reweighting digit logits, demonstrating how VPSG suppresses
spurious patterns and restores faithful spatial grounding.

under this realistic, high-resolution, and difficult393

setting to validate its effectiveness in improving394

localization accuracy.395

Models. We adopt Qwen2.5-VL (Bai et al., 2025)396

as our test model, including configurations with 3B397

and 7B parameters. Unlike previous multimodal398

models, Qwen2.5-VL can directly output absolute399

coordinates for grounding tasks without requiring400

additional post-hoc alignment. The Qwen2.5-VL401

series has demonstrated strong performance on402

standard coordinate prediction benchmarks, even403

surpassing some specialized GUI models. How-404

ever, its performance still degrades considerably in405

high-resolution scenarios, highlighting the inherent406

difficulty of precise localization under long-context407

inputs.408

Method configurations. For all evaluated mod-409

els, we adopt greedy decoding to eliminate random-410

ness and ensure reproducibility. For our proposed411

method VPSG, we identify the optimal hyperpa-412

rameter configuration through grid search, with413

α = 0.55 and decay = 0.4.414

Compared models We evaluate a broad spec-415

trum of multimodal models with an emphasis on416

general-purpose and training-free baselines, which417

are particularly important for assessing the effec-418

tiveness of our method without additional fine-419

tuning. This group includes Qwen-VL-7B (Bai 420

et al., 2023), GPT-4o (Achiam et al., 2023), Qwen2- 421

VL-7B (Wang et al., 2024), and MiniCPM-V, rep- 422

resenting strong generalist vision–language mod- 423

els that can directly perform coordinate prediction. 424

We further include the recent Qwen2.5-VL fam- 425

ily (3B and 7B), which serves as our primary base 426

model for applying VPSG and can output abso- 427

lute coordinates without post-hoc alignment. For 428

completeness, we also report results of specialized 429

GUI action models such as SeeClick (Cheng et al., 430

2024), OS-Atlas-4B/7B (Wu et al., 2024), ShowUI- 431

2B (Lin et al., 2024), CogAgent (Hong et al., 432

2024), Aria-GUI (Yang et al., 2024), and UGround- 433

7B (Gou et al., 2025), which are trained or 434

instruction-tuned specifically for interface ground- 435

ing tasks. This diverse set of baselines enables 436

a comprehensive evaluation of VPSG across both 437

generic and domain-specific settings. The experi- 438

mental results of the above model are cited from (Li 439

et al., 2025). 440

4.2 Overall performance 441

As shown in Table 1, VPSG consistently improves 442

both base models on the Screenspot-Pro bench- 443

mark when measured by percentage correct. On 444

Qwen2.5-VL-3B, the overall percentage correct in- 445

creases from 11.6 to 13.3, a gain of 1.7 percentage 446

points. Clear improvements appear in multiple text- 447
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Model
Development Creative CAD Scientific Office OS

Avg
Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon

Trained GUI Action Models
SeeClick 0.6 0.0 1.0 0.0 2.5 0.0 3.5 0.0 1.1 0.0 2.8 0.0 1.1
OS-Atlas-4B 7.1 0.0 3.0 1.4 2.0 0.0 9.0 5.5 5.1 3.8 5.6 0.0 3.7
ShowUI-2B 16.9 1.4 9.1 0.0 2.5 0.0 13.2 7.3 15.3 7.5 10.3 2.2 7.7
CogAgent-18B 14.9 0.7 9.6 0.0 7.1 3.1 22.2 1.8 13.0 0.0 5.6 0.0 7.7
Aria-GUI 16.2 0.0 23.7 2.1 7.6 1.6 27.1 6.4 20.3 1.9 4.7 0.0 11.3
UGround-7B 26.6 2.1 27.3 2.8 14.2 1.6 31.9 2.7 31.6 11.3 17.8 0.0 16.5
OS-Atlas-7B 33.1 1.4 28.8 2.8 12.2 4.7 37.5 7.3 33.9 5.7 27.1 4.5 18.9

Generalist Models or Training-free Methods
Qwen-VL-7B 0.0 0.0 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.0 0.0 0.0 0.1
GPT-4o 1.3 0.0 1.0 0.0 2.0 0.0 2.1 0.0 1.1 0.0 0.0 0.0 0.8
Qwen2-VL-7B 2.6 0.0 1.5 0.0 0.5 0.0 6.3 0.0 3.4 1.9 0.9 0.0 1.6
MiniCPM-V 7.1 0.0 2.0 0.0 4.1 1.6 8.3 0.0 2.8 3.8 3.7 1.1 3.0

Qwen2.5-VL-3B 18.8 1.4 16.7 1.4 8.1 1.6 20.8 5.5 24.3 1.9 16.8 3.4 11.6
Qwen2.5-VL-3B + VPSG 24.7 2.1 20.2 2.1 10.2 1.6 21.5 5.5 26.6 5.7 15.9 1.1 13.3

Qwen2.5-VL-7B 37.7 2.8 19.7 2.1 7.6 1.6 31.3 5.5 41.8 11.3 29.9 10.1 18.5
Qwen2.5-VL-7B + VPSG 40.9 2.1 19.8 2.8 8.1 1.6 30.6 5.6 43.5 13.2 29.9 10.1 19.1

Table 1: Screen-based grounding results on SCREENSPOT-PRO. Each column reports the evaluation score (higher
is better) for a category (Development, Creative, CAD, Scientific, Office, OS) split by UI type (Text/Icon); Avg is
the unweighted mean across all columns. Rows marked “ + VPSG” apply our test-time guidance to the same base
model, isolating the effect of the method. The best result among generalist models or training-free methods are
highlighted in bold font.

oriented categories, including Development (Text)448

from 18.8 to 24.7 (+5.9 points), Creative (Text)449

from 16.7 to 20.2 (+3.5 points), CAD (Text) from450

8.1 to 10.2 (+2.1 points), Office (Text) from 24.3451

to 26.6 (+2.3 points)), and Scientific (Text) from452

20.8 to 21.5 (+0.7 points). Several icon-oriented453

settings also benefit; for example, Development454

(Icon) rises from 1.4 to 2.1 (+0.7 points), Office455

(Icon) rises from 1.9 to 5.7 (+3.8 points) indicating456

that mitigating position-induced bias can stabilize457

landmark selection even when the target is an icon458

rather than text.459

For Qwen2.5-VL-7B, the overall percentage cor-460

rect increases from 18.5 to 19.1 (+0.6 points). No-461

table gains include Development (Text) from 37.7462

to 40.9 (+3.2 points) and Office (Text) from 41.8463

to 43.5 (+1.7 points), along with improvements464

in icon-oriented cases such as Office (Icon) from465

11.3 to 13.2 (+1.9 points). Taken together, these466

results show that test-time negative-evidence guid-467

ance yields reliable lifts across model scales and468

interaction modes, enhancing both text-oriented469

and icon-oriented behaviors by suppressing spuri-470

ous effects that emerge when positional signals are471

unreliable.472

Our results underscore that a causal analy- 473

sis of error pathways is essential for effectively 474

mitigating coordinate prediction bias. By ex- 475

plicitly contrasting a position-conditioned dis- 476

tribution—obtained from normal positional en- 477

codings—with a position-unconditioned refer- 478

ence—derived from shuffled positional encod- 479

ings—VPSG highlights and strengthens the influ- 480

ence of positional information in the final token dis- 481

tribution, while suppressing the position-agnostic 482

tendencies that drive systematic, directional errors. 483

This comparison clarifies how positional cues 484

causally affect output coordinates and ensures that 485

guidance is grounded in a measurable contrast 486

rather than heuristic adjustment. Because the in- 487

tervention operates solely on the final-layer log- 488

its at test time, it remains fully compatible with 489

pretrained MLLMs and introduces no additional 490

training cost, architectural changes, or data re- 491

quirements. Consequently, VPSG serves as a 492

model-agnostic, plug-in method applicable to a 493

broad range of coordinate-prediction tasks, en- 494

abling consistent and reproducible improvements 495

across datasets and resolutions without modifying 496

the existing training pipeline. 497
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Qwen2.5-VL-3B
Setting Avg ∆

VPSG 13.3 –
w/o Seeds aggregation 13.0 ↓ 0.3
w/o Coefficient decay 11.9 ↓ 1.4

Qwen2.5-VL-7B
Setting Avg ∆

VPSG 19.1 –
w/o Seeds aggregation 18.6 ↓ 0.5
w/o Coefficient decay 18.2 ↓ 0.9

Table 2: Ablation study results. The analyzed method
components include: (i) seeds aggregation, the robust
log-space aggregation of multiple PE-shuffled auxiliary
routes (w/o seeds aggregation: use a single seed, no ag-
gregation); and (ii) coefficient decay, the position-aware
geometric decay of the digit-only guidance weight with
a reset at the first y digit (w/o coefficient decay: use a
constant guidance weight across digits).

4.3 Ablation study498

We perform ablations on Screenspot-Pro (percent-499

age correct) to quantify the contribution of each500

VPSG component while holding all other settings501

fixed (same base model and decoding strategy).502

4.3.1 seeds aggregation503

The first component is seeds aggregation: instead504

of relying on a single PE-shuffled auxiliary route,505

the full method aggregates multiple routes in log506

space (geometric mean). Removing this compo-507

nent (w/o seeds aggregation) leads to a drop in508

performance. The rationale is that, although the509

errors induced by missing positional encodings are510

directional, any single random shuffle yields only a511

noisy sample from the underlying bias distribution512

and may not be representative. Aggregating across513

multiple seeds provides a more faithful estimate of514

the expectation of this position-unconditioned bias515

prior. This multi-path aggregation better recovers516

the output distribution absent positional condition-517

ing.518

4.3.2 Coefficient decay519

The second key component of VPSG is coefficient520

decay. Table 2 highlights the importance of this521

design: removing coefficient decay (w/o coefficient522

decay) reduces the average percentage correct from523

13.3 → 11.9 (↓ 1.4) on Qwen2.5-VL-3B and from524

19.1 → 18.2 (↓ 0.9) on Qwen2.5-VL-7B. These525

drops are substantially larger than those caused526

by removing seeds aggregation, underscoring that 527

position-aware scheduling is a primary driver of 528

VPSG’s gains. Beyond its positional-error weight- 529

ing, coefficient decay also compensates for confi- 530

dence attenuation along the digit sequence. Em- 531

pirically, we observe that when the model predicts 532

a multi-digit coordinate such as [1234,567], the 533

confidence (logit margin between the top token 534

and the runner-up) for the first digit is typically 535

higher than for later digits: This progressive nar- 536

rowing of logit margins indicates that later tokens 537

are intrinsically more ambiguous, making them 538

more sensitive to over-regularization. Applying a 539

constant guidance coefficient would over-penalize 540

these low-confidence positions, potentially distort- 541

ing fine-scale digits or even the [x, y] template. 542

By geometrically decaying αt and resetting 543

at the start of the y coordinate, VPSG aligns 544

the guidance strength with both positional impor- 545

tance and intrinsic confidence: it strongly con- 546

strains the high-order digits that dominate abso- 547

lute error, while reducing the weight where the 548

model’s own uncertainty is higher and logit gaps 549

are small. This targeted scheduling suppresses 550

position-unconditioned biases without compromis- 551

ing the natural fine-grained structure of the output. 552

Taken together, these analyses confirm that co- 553

efficient decay is essential for balancing guidance 554

strength with positional and confidence-based con- 555

siderations, enabling VPSG to suppress position- 556

unconditioned biases effectively. 557

5 Conclusion 558

We introduced Vision-PE Shuffle Guidance 559

(VPSG) to rectify coordinate drift in multimodal 560

large language models. Our causal analysis reveals 561

that high-resolution inputs trigger directional and 562

non-random biases. VPSG addresses this issue by 563

using shuffled positional encodings as negative ev- 564

idence to suppress spurious numeric priors. The 565

method incorporates multi-seed aggregation and 566

position-aware coefficient decay to stabilize the out- 567

put. Evaluation on the ScreenSpot-Pro benchmark 568

confirms consistent performance gains without any 569

fine-tuning or architectural changes. These results 570

highlight the critical role of robust positional en- 571

coding in fine-grained spatial reasoning. VPSG 572

provides a practical solution for grounding and 573

coordinate-sensitive tasks in future vision-language 574

systems. 575
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Limitations576

This study has several limitations. We evaluated577

only a small number of models and did not in-578

clude larger parameter sizes. The current evalua-579

tion method does not account for incorrectly for-580

matted or invalid coordinate outputs. Furthermore581

the approach is restricted to English. Expansion582

to other languages remains in the early stages of583

development584
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A Use of Large Language Models829

Large language models (LLMs) were used solely830

for language polishing and minor editorial assis-831

tance (e.g., grammar, wording, and clarity). They832

were not involved in the conception of research833

ideas, design of experiments, data analysis, or inter-834

pretation of results. All scientific content, methods,835

and conclusions were developed independently by836

the authors.837

B Proof of Proposition (VPSG token838

guidance)839

Setup. Let V be the vocabulary and D ⊂ V the840

digit subset. At decoding step t, denote by pA(v ∣841

ct) the position-conditioned (main-route) distribu-842

tion and by pB(v) the position-unconditioned ref-843

erence obtained from PE-shuffled auxiliary routes.844

Write ℓA(v ∣ ct) = log pA(v ∣ ct) and ℓ̃B(v) =845

log pB(v). We assume: (i) the same logits pro-846

cessors are applied to both routes before any guid-847

ance; (ii) guidance acts only at the final-layer logits;848

and (iii) decoding is greedy, i.e., depends on the849

argmax over logits.850

CFG form. Consider the (digit-only) classifier-851

free guidance (CFG) mixing:852

pCFG(v ∣ ct) ∝
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

pA(v ∣ ct)1+λt

pB(v)λt
, v ∈ D,

pA(v ∣ ct), v ∉ D,
(5)853

with normalization constant ZCFG(ct) implicit854

over v ∈ V . Taking logs for v ∈ D,855
856

log pCFG(v ∣ ct)857

= (1+λt) ℓA(v ∣ ct)−λt ℓ̃B(v)− logZCFG(ct).
(6)

858

Digit-only positive affine rescaling. Define, for859

v ∈ D,860
861

ψt(v) =
1

1 + λt
( log pCFG(v ∣ ct)+logZCFG(ct))862

= ℓA(v ∣ ct) −
λt

1 + λt
´¹¹¹¹¸¹¹¹¹¹¶

αt

ℓ̃B(v). (7)863

For v ∉ D, keep ψt(v) = log pA(v ∣ ct) (no864

change).865

Lemma 1 (Argmax invariance under positive affine866

transforms). Let S ⊆ V and a > 0, b ∈ R.867

For any scores {u(v)}v∈S , argmaxv∈S u(v) =868

argmaxv∈S{au(v) + b}.869

Proof. For a > 0, u(v1) ≥ u(v2) ⇐⇒ au(v1) + 870

b ≥ au(v2) + b. 871

Applying the lemma to (6) with a = 1
1+λt

and 872

b = logZCFG(ct)
1+λt

restricted to v ∈ D shows that 873

argmax
v∈D

log pCFG(v ∣ ct) = argmax
v∈D

ψt(v)

= argmax
v∈D
(ℓA(v ∣ ct) − αt ℓ̃B(v)).

(8) 874

Since pCFG(v ∣ ct) = pA(v ∣ ct) for v ∉ D by 875

(5), the combined argmax under CFG equals that 876

under the piecewise score 877

s(v) =
⎧⎪⎪⎨⎪⎪⎩

ℓA(v ∣ ct) − αtℓ̃B(v), v ∈ D,
ℓA(v ∣ ct), v ∉ D,

(9) 878

which is the VPSG “negative-evidence” scoring 879

form. 880

Moreover, (7) yields the parameter mapping: 881

αt =
λt

1 + λt
⇐⇒ λt =

αt

1 − αt
. (10) 882

883

Equivalence under greedy decoding. Greedy 884

decoding selects v̂t = argmaxv∈V log pCFG(v ∣ ct). 885

By the lemma and the piecewise definition above, 886

the same v̂t is obtained by maximizing s(v), be- 887

cause: (i) on digits we used a positive affine trans- 888

form of log pCFG; (ii) on non-digits the two forms 889

coincide; and (iii) both are compared in the same 890

joint candidate set V . Therefore CFG (5) and 891

VPSG scoring s(v) are decision-equivalent under 892

greedy decoding. 893

Normalization and distributional form. If a 894

normalized distribution is desired, define 895

pVPSG(v ∣ ct) =
exp(s(v))

∑u∈V exp(s(u))
. (11) 896

This coincides with (5) up to the digit-only affine 897

rescaling leading to the same argmax, and yields 898

the proposition’s statement: 899

pVPSG(v ∣ ct) ∝
⎧⎪⎪⎨⎪⎪⎩

exp(ℓA(v ∣ ct) − αtℓ̃B(v)), v ∈ D,
pA(v ∣ ct), v ∉ D.

(12) 900

Remarks on assumptions. (1) Same logits pro- 901

cessors: ensures that when αt → 0 (or λt → 0) 902

the VPSG rule recovers the baseline exactly. (2) 903
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Group Text Icon Total

CAD 197 64 261
Creative 198 143 341
Dev 154 145 299
OS 107 89 196
Office 177 53 230
Scientific 144 110 254

All 977 604 1581

Table 3: Category and UI-type counts in Screenspot-
Pro.

Final-layer intervention: guarantees that the affine904

transformation does not change any upstream nor-905

malization. (3) Greedy decoding: makes decision-906

equivalence depend only on argmax; for sampling907

or beam search, the same mapping holds at the908

score level, but selection statistics may also depend909

on temperature/length penalties (which can still be910

shared across routes).911

C Details about dataset ScreenSpot-Pro912

We show categories and UI-type counts in913

Screenspot-Pro in Table 3.914

D Algorithm of VPSG915

The complete algorithm is shown in Algorithm 1.916

E Expected distance in the unit square917

Claim 1. If X = (X1,X2) and Y = (Y1, Y2) are918

independent and uniformly distributed on [0,1]2,919

then920

E[∥X − Y ∥2] =
2 +
√
2 + 5 ln(1 +

√
2)

15
≈ 0.5214.

(13)921

Proof. Let U = ∣X1 − Y1∣ and V = ∣X2 − Y2∣.922

For u, v ∈ [0,1], the joint density of (U,V ) is923

fU,V (u, v) = 4(1 − u)(1 − v), as U,V are i.i.d.924

triangular variables with fU(u) = 2(1 − u). The925

Euclidean distance is R =
√
U2 + V 2. Hence:926

E[R] = ∫
1

0
∫

1

0
4
√
u2 + v2(1 − u)(1 − v)dudv.

(14)927

Switching to polar coordinates (u = r cos θ, v =928

r sin θ), the boundary 0 ≤ r ≤ rmax(θ) where929

rmax(θ) =min{sec θ, csc θ} gives:930

E[R] =4∫
π/2

0
∫

rmax(θ)

0
r2(1 − r cos θ)

× (1 − r sin θ)dr dθ.
(15)931

Algorithm 1 Vision-PE Shuffle Guidance (VPSG)
Require: Image I , prompt q, base model M,

seeds {s1, . . . , sS}, base coefficient α, decay
factor 0 < decay < 1

Ensure: Coordinate prediction ŷ = [x, y]
1: Main route (position-conditioned):
2: Run M on (I, q) with normal positional en-

codings (PEs) to obtain token distribution
pA(v ∣ ct).

3: Auxiliary routes (position-unconditioned):
4: for each seed s do
5: Shuffle PEs and runM to get p(s)B (v).
6: end for
7: Aggregate in log-space:

ℓ̃B(v) ←
1

S

S

∑
s=1

log p
(s)
B (v).

8: FSM state tracking:
9: Use a finite-state machine aligned to the [x, y]

template to determine whether the model is
decoding a digit in x or y.

10: Coefficient scheduling:
11: if decoding the kx-th digit of x then
12: αt ← α ⋅ decay kx−1

13: else if decoding the first digit of y then
14: αt ← α
15: else if decoding the ky-th digit of y then
16: αt ← α ⋅ decay ky−1

17: end if
18: Negative-evidence scoring:
19: for each token v do
20:

s(v) ←
⎧⎪⎪⎨⎪⎪⎩

log pA(v ∣ ct) − αtℓ̃B(v), v ∈ D,

log pA(v ∣ ct), v ∉ D.

21: end for
22: Token selection:
23: Choose v̂t ← argmaxv s(v), append to output,

and advance FSM.
24: Termination:
25: Repeat Steps 3–6 until EOS. Decode tokens

into coordinates ŷ.

13



Splitting the integral at θ = π/4 where the boundary932

constraint changes:933

E[R] = 4∫
π/4

0
∫

sec θ

0
g(r, θ)dr dθ

+ 4∫
π/2

π/4
∫

csc θ

0
g(r, θ)dr dθ,

(16)934

where g(r, θ) = r2−r3(cos θ+sin θ)+r4 sin θ cos θ.935

Integrating in r for a general upper limit a:936

∫
a

0
g(r, θ)dr = a

3

3
−cos θ + sin θ

4
a4+sin θ cos θ

5
a5.

(17)937

Substituting a = sec θ for the first range [0, π/4]938

yields:939

J1(θ) =
sec3 θ

3

− cos θ + sin θ
4

sec4 θ

+ sin θ cos θ

5
sec5 θ

= sec3 θ ( 1

12
− 1

20
tan θ) .

(18)940

Symmetrically, for a = csc θ on [π/4, π/2], we941

have J2(θ) = csc3 θ( 1
12 −

1
20 cot θ). Thus:942

E[R] = 4∫
π/4

0
( 1

12
sec3 θ − 1

20
sec3 θ tan θ)dθ

+ 4∫
π/2

π/4
( 1

12
csc3 θ − 1

20
csc3 θ cot θ)dθ.

(19)943

Using the antiderivatives ∫ sec3 θ dθ =944
1
2(sec θ tan θ + ln(sec θ + tan θ)) and945

∫ sec3 θ tan θ dθ = 1
3 sec

3 θ, and noting the946

symmetry between the two θ-ranges, the integral947

evaluates to:948

E[R] = 1

3
(
√
2 + ln(1 +

√
2)) − 2

15
(2
√
2 − 1)

= 2 +
√
2 + 5 ln(1 +

√
2)

15
.

(20)949

This completes the proof.950

Remark (Application to images) The constant951

µ◻ is the dispersion benchmark for a unit square.952

For arbitrary image sizes (W,H), one can: (i)953

anisotropically rescale coordinates to [0,1]2 be-954

fore computing distances, or (ii) form a per-image955

Monte-Carlo null by sampling i.i.d. uniform points956

from [0,W ] × [0,H] to estimate the baseline for957

that specific aspect ratio.958

Image size Qwen2.5-VL-3B Qwen2.5-VL-7B

Normal Shuffled Normal Shuffled

1920×1080 0.123 0.202 0.211 0.128
2160×1440 0.391 0.146 0.437 0.159
2560×1440 0.392 0.171 0.436 0.180
2560×1600 0.357 0.072 0.348 0.048
2560×1664 0.428 0.139 0.471 0.211
2880×1800 0.379 0.119 0.462 0.111
2992×1870 0.463 0.175 0.347 0.061
3456×2160 0.471 0.122 0.348 0.081
3456×2234 0.457 0.169 0.466 0.106
3840×1080 0.298 0.227 0.287 0.140
3840×2160 0.468 0.117 0.504 0.146
5120×1440 0.435 0.133 0.404 0.058
5120×2880 0.399 0.168 0.408 0.052
6016×3384 0.341 0.117 0.335 0.057

Overall mean 0.402 0.164 0.435 0.162

Table 4: Comparison of mean pairwise Euclidean dis-
tances (diagonal-normalized) across image resolutions
on SCREENSPOT-PRO. Normal PEs exhibit significantly
larger within-input distances, while shuffled PEs lead
to much tighter clustering and systematic collapse of
coordinate predictions, demonstrating the impact of po-
sitional information on spatial diversity.

F More Experiment Result 959

F.1 distance analysis 960

More details of distance analysis results are shown 961

in Table 4 962

F.2 Case study with per-step logits. 963

To better illustrate how VPSG corrects coordinate 964

prediction bias, we analyze a single case from 965

SCREENSPOT-PRO (ppt_windows/screenshot_ 966

2024-10-27_21-07-29.png) Figure 6. The 967

ground-truth bounding box center is [659,857]. 968

The base model without guidance predicts 969

[1024,856], while VPSG successfully outputs the 970

correct [659,857]. Table 5 lists the top-10 logits 971

probabilities at each decoding step. At the earli- 972

est x-digit steps, the uncorrected model shows a 973

strong bias toward larger numbers (e.g., tokens “1” 974

and “0” dominate), reflecting spurious numeric pri- 975

ors induced by missing or unreliable positional en- 976

codings. VPSG integrates negative evidence from 977

multiple shuffled PE runs and systematically down- 978

weights these spurious peaks, allowing the true 979

digit sequence to emerge and stabilizing the final 980

[x, y] prediction. 981

F.3 Ablation: removing seeds aggregation. 982

To evaluate the contribution of seeds aggregation 983

in VPSG, we remove the multi-seed log-space ag- 984

gregation and instead rely on a single randomly 985

shuffled positional encoding as the auxiliary route. 986

Table 6 reports the detailed category- and type-level 987

accuracies (percentage of correct predictions) for 988
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Figure 6: An image case from dataset ScreenSpot-Pro (ppt_windows/screenshot_2024-10-27_21-07-29.png)

Step Token VPSG Prob. Base Prob.

1 [ 0.805 0.805
2 6 0.243 0.210
3 5 0.172 0.264 (0 highest)
4 9 0.221 0.140 (2 highest)
5 , 0.999 0.987
6 space 0.999 0.976
7 8 0.740 0.355
8 5 0.589 0.642 (but 6/3 confused)
9 7 0.272 0.421 (6 highest)
10 ] 0.999 0.999
11 <eos> 0.993 0.996

Table 5: Per-step top-1 logits probabilities for each decoded token in a representative example. The base model
without guidance drifts toward spurious large-x digits (e.g., “1”, “0” early), yielding an incorrect coordinate
[1024,856]. VPSG, by integrating negative evidence from multiple shuffled PE runs, suppresses these biased peaks
and converges to the correct coordinate [659,857]. This example highlights how VPSG stabilizes numeric decoding
and restores faithful spatial grounding.

both Qwen2.5-VL-3B and Qwen2.5-VL-7B mod-989

els. Without aggregation, accuracy drops across990

almost all groups and UI-types, confirming that a991

single random shuffle provides only a noisy sam-992

ple of the underlying position-unconditioned bias993

distribution and cannot capture its full expectation.994

This validates the theoretical claim that multi-seed995

aggregation approximates the expected bias prior996

and yields more stable and accurate guidance.997

F.4 More details about bias analysis 998

Table 7 reports the ten most frequent individual 999

numbers across all [x, y] coordinate predictions. 1000

Normal PE = standard positional encodings; shuf- 1001

fled PE = visual positional encodings randomly 1002

shuffled at inference time. All counts reflect to- 1003

tal occurrences of a number as either the x or y 1004

component of predicted coordinates. 1005
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Category / UI type 3B 7B

Text (%) Icon (%) Text (%) Icon (%)

CAD 10.66 1.56 6.60 1.56
Creative 18.69 2.10 19.70 2.80
Dev 22.73 2.07 41.56 3.45
OS 15.89 2.25 28.97 12.36
Office 29.38 5.66 41.81 13.21
Scientific 20.14 2.73 27.78 4.55

Overall 19.55 2.48 26.71 5.46

Table 6: Accuracy (%) of VPSG without seeds aggregation across categories and UI types. Both model sizes show
clear drops compared with the full VPSG (see main text Table X): for instance, the 3B model drops from 13.3%
overall to 13.0%, and the 7B model from 19.1% to 18.6%. Losses are consistent across text and icon settings,
supporting the view that multi-seed aggregation provides a faithful estimate of the expected position-unconditioned
bias and stabilizes the guidance effect.

Qwen2.5-VL-7B (normal PE) Qwen2.5-VL-3B (normal PE) Qwen2.5-VL-3B (shuffled PE) Qwen2.5-VL-7B (shuffled PE)

Rank Number Freq Rank Number Freq Rank Number Freq Rank Number Freq

1 1024 296 1 1024 397 1 1024 591 1 1024 902
2 105 54 2 1056 82 2 1056 426 2 1234 582
3 10 35 3 356 73 3 568 184 3 567 580
4 2048 26 4 35 44 4 1000 182 4 672 270
5 2058 26 5 36 39 5 238 159 5 368 266
6 2016 25 6 10 36 6 512 141 6 384 162
7 1940 23 7 1234 28 7 560 141 7 200 41
8 100 23 8 105 27 8 1052 128 8 36 33
9 200 21 9 102 25 9 200 121 9 38 27
10 1056 20 10 1048 23 10 248 119 10 896 26

Table 7: Top-10 most frequent numbers appearing in prediction results for Qwen2.5-VL-3B and Qwen2.5-VL-7B
under normal and shuffled positional encodings.
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