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Abstract001

Large language models typically represent Chi-002
nese characters as discrete index-based tokens,003
largely ignoring their visual form. For lo-004
gographic scripts, visual structure carries se-005
mantic and phonetic information, which may006
aid prediction. We investigate whether low-007
resolution visual inputs can serve as an alter-008
native for character-level modeling. Instead of009
token IDs, our decoder receives grayscale im-010
ages of individual characters, with resolutions011
as low as 8 × 8 pixels. Remarkably, these in-012
puts achieve 39.2% accuracy, comparable to013
the index-based baseline of 39.1%. Such low-014
resource settings also exhibit a pronounced hot-015
start effect: by 0.4% of total training, accuracy016
reaches above 12%, while index-based models017
lag at below 6%. Overall, our results demon-018
strate that minimal visual structure can provide019
a robust and efficient signal for Chinese lan-020
guage modeling, offering an alternative per-021
spective on character representation that com-022
plements traditional index-based approaches.023

1 Introduction024

In Chinese, meaning arises not only through se-025

quential context but also through the internal struc-026

ture of characters. We human readers naturally027

pay attention to radicals, stroke layout, and overall028

shape when reading Chinese.029

In contrast, the majority of mainstream models030

today process Chinese through sequences of sym-031

bolic character IDs, whereas English is typically032

tokenized into subword indices (Brown et al., 2020;033

Bommasani et al., 2021; Bender and Koller, 2020;034

Rust et al., 2021). While this index-based abstrac-035

tion is effective for alphabetic writing systems, it036

may be suboptimal for Chinese.037

This omission can have concrete consequences.038

Take the character 山 ( ‘mountain’) as an ex-039

ample: its shape resembles small mountain peaks,040

thereby immediately conveying meaning to a hu-041

man reader. The contrast between human percep-042

tion and index-based modeling is clear here: while 043

humans can directly leverage visual form, 山 is 044

represented in an index-based model as an abstract 045

token ID, stripped of its shape. Similarly, char- 046

acters such as灭 (extinguish) and火 (fire) differ 047

clearly in their visual structure, yet these differ- 048

ences are not readily accessible to the model at 049

early stages of learning. It is akin to assembling 050

a jigsaw puzzle with the image erased: the com- 051

ponents remain, but the visual cues that facilitate 052

interpretation are missing. 053

As one of the most representative logographic 054

systems, Chinese treats visual form not as auxil- 055

iary, but as an essential part of meaning construc- 056

tion, carrying semantic and phonetic information 057

through its visual structure. Such visual intuition 058

extends beyond isolated characters to contextual 059

prediction. In weak linguistic contexts, human 060

readers naturally rely on glyph patterns to predict 061

the following text. This suggests that visual form 062

may serve as a more fundamental cue for logo- 063

graphic language processing, especially when se- 064

mantic signals are sparse. 065

This motivates us to ask: can language models 066

effectively process Chinese characters—or more 067

generally, visually structured information—instead 068

of index-based tokens? If visual structure indeed 069

plays such a central role for humans, then abstract- 070

ing Chinese characters into index-based tokens may 071

not merely be an engineering choice, but a funda- 072

mental modeling assumption. 073

This leads to a fundamental choice in representa- 074

tion: index-based tokenization that relies on contex- 075

tual embeddings alone, or vision-based processing 076

that extracts character shape and structure through 077

a visual encoder (Poznanski et al., 2025). These 078

two paths frame our experimental comparison. 079

This architectural distinction has implications 080

for representation topology. Index-based embed- 081

dings initialize as unstructured points in feature 082

space, requiring the model to discover character 083

1



relationships purely from co-occurrence statistics.084

In contrast, visual encoders provide built-in geo-085

metrically meaningful spatial organization from086

the outset, potentially offering a structural prior087

that accelerates early learning. Importantly, such088

representations also make model behavior more089

interpretable, as predictions can be traced back to090

salient regions and structural patterns in the image.091

This question is intriguing given recent advances092

in applying VLMs to optical character recognition093

(OCR) and document understanding tasks. Sys-094

tems like DeepSeek-OCR (Wei et al., 2025) and095

Pix2Struct (Lee et al., 2023) demonstrate that tex-096

tual content can be processed exclusively as im-097

ages. However, our work differs fundamentally098

from these transcription-focused models: rather099

than transcribing visual glyphs back to symbols,100

we ask: can visual forms alone support linguistic101

prediction—in particular, predicting the next char-102

acter based on visual context? This shifts the focus103

from recognition to language modeling itself, from104

symbol reconstruction to linguistic reasoning.105

Our preliminary experiments would reveal that106

even heavily cropped or low-resolution character107

images retain sufficient structural information for108

prediction. For instance, low-resolution or partially109

cropped character images still allow models to iden-110

tify the correct next character, reminiscent of how111

humans can still read small or degraded characters.112

Similar observations have been reported in recent113

studies (Li et al., 2025; Poznanski et al., 2025; Wei114

et al., 2024). These early observations motivate a115

systematic study of the sufficiency of visual forms116

in language modeling.117

Exploring this question brings significant prac-118

tical and scientific value. In resource-constrained119

environments, models that use visual structure can120

extract meaningful patterns from limited data, po-121

tentially achieving faster convergence than index-122

based alternatives. These considerations motivate123

a systematic investigation across multiple dimen-124

sions: visual sufficiency, early-stage learning dy-125

namics, resolution sensitivity, and spatial robust-126

ness.127

In this work, we systematically investigate128

a vision-token-based formulation of Chinese129

language modeling, processing low-resolution130

grayscale character images through a lightweight131

visual encoder fed into a standard language decoder132

architecture. Our findings reveal that visual form133

alone brings strong predictive power, providing a134

structural foundation that accelerates early stage135

learning, even in low-resource settings. 136

Research Questions. Our evaluation addresses 137

the following research questions: 138

RQ1 (Visual Sufficiency): Can visual inputs of 139

Chinese characters alone suffice for character-level 140

prediction? 141

RQ2 (Early-Stage Dynamics): What are the learn- 142

ing trajectories of vision-token models? 143

RQ3 (Resolution Sensitivity): How does pre- 144

dictive performance vary as image resolution de- 145

creases from high-fidelity to near-minimal levels? 146

RQ4 (Spatial Robustness): Can vision-token mod- 147

els maintain accuracy when only partial character 148

regions are visible? 149

Main Contributions. Our main contributions are 150

sixfold, structured around our research questions: 151

• For Methodology, we propose a vision-token 152

formulation for Chinese language modeling, 153

replacing completely index-based tokens with 154

character images processed through a visual 155

encoder. 156

• For RQ1, we demonstrate that visual inputs 157

alone achieve accuracy comparable to index- 158

based baselines (39.2% vs. 39.1%), confirm- 159

ing that purely visual structure suffices for 160

character-level prediction. 161

• For RQ2, we identify a hot-start effect: at 162

only 0.4% of total training regimen, visual 163

models reach 12.3% accuracy—more than 164

double the baseline’s 5.8%. 165

• For RQ3 & RQ4, we establish robustness un- 166

der visual degradation: performance remains 167

stable across resolutions from 8×8 to 96×96 168

pixels and under severe spatial cropping. 169

• For Explainable NLP, we analyze how visual 170

tokens offer inherent interpretability: embed- 171

ding spaces organize by morphological simi- 172

larity, and gradient analysis traces predictions 173

to salient pixel regions. 174

2 Methodology 175

2.1 Visual-Language Model Architecture 176

Figure 1 illustrates our processing pipelines for a 177

concrete example—predicting the final character in 178

“数据显示” (data shows) using a model checkpoint 179

of the early-stage training. 180
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Figure 1: Model architecture and concrete processing example showing the prediction of the final character in the
phrase “数据显示” (The data shown); numerical results demonstrate the hot-start phenomenon of visual tokens by
0.5% of the total training progress. Top: Visual-based training pipeline; numerical results are based on inputs of
8× 8 character images. Bottom: Index-based training pipeline.

The diagram gives the two fundamentally differ-181

ent input paths while sharing the same language182

decoder–GPT-2-small-style (Radford et al., 2019)183

in our experiment, with ∼ 117M parameters. In184

the index-based path (bottom), each character is185

represented by a discrete token index. In the186

visual-based path (top), characters are first rendered187

as low-resolution grayscale images and passed188

through a lightweight visual encoder before be-189

ing fed into the same decoder. Note that the figure190

visualizes the hot-start effect: after only 0.5% of191

training, the visual-based model already assigns192

much higher probability to the correct next char-193

acter than its index-based counterpart and gives194

linguistically more plausible candidate rankings.195

In particular, in the visual-based paths, visual in-196

puts are passed through a ResNet encoder (He et al.,197

2016) and a Vision Adapter (Wu et al., 2019) be-198

fore reaching the decoder embedding space, while199

index-based inputs are directly mapped into the200

decoder embeddings.201

Remark of Reverse OCR concern. Our ap-202

proach differs fundamentally from reversing an203

OCR (transcribing images back to symbols). Evi-204

dence against mere symbol reconstruction is: (1)205

the hot-start effect where visual models outper-206

form index-based baselines early in training with207

minimal data; (2) the ability to discriminate subtle208

glyph differences; and (3) robustness under partial209

cropping. These patterns all suggest that the model210

learns structural understanding of character shapes211

rather than performing symbol mapping (Wu et al.,212

2019; Geirhos et al., 2020). 213

Chinese characters differ fundamentally from al- 214

phabetic systems: each character is a minimal unit 215

where visual patterns carry information through 216

local details, compositional elements, and global 217

shape. Capturing these visual regularities provides 218

a structural prior that facilitates more efficient learn- 219

ing in Chinese language modeling. 220

To operationalize this approach, we render each 221

character as a grayscale image. In the Vision-100% 222

mode, characters occupy approximately 80% of the 223

image width and height. For example, at 8×8 reso- 224

lution, the character occupies about 6.4×6.4 active 225

pixels, leaving 10% border margins on each side. 226

We intentionally include these border margins to 227

simulate realistic reading conditions—mimicking 228

how characters appear within documents with nat- 229

ural spacing. 230

Cropping removes portions while keeping reso- 231

lution fixed; for instance, in Vision-50%, the top 232

50% of original pixels are retained, with the re- 233

mainder filled with background. This design is 234

motivated by an intuitive observation: humans can 235

often recognize partially visible Chinese characters. 236

Our cropping experiments test whether models sim- 237

ilarly extract predictive signals from limited visual 238

regions. Figure 2 illustrates “人工智能” at 80×80 239

and 8× 8 pixels, showing full characters, top 80%, 240

and top 50% crops. 241
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(a) 80× 80 pixels (b) 8× 8 pixels

Figure 2: Heatmap visualization of character example crop-
ping at two resolutions: low and high.

2.2 Training Objective242

Models are trained to predict the next character243

conditioned on preceding inputs, minimizing the244

standard cross-entropy loss:245

LCE = − 1

N

N∑
i=1

T∑
t=1

logP (c
(i)
t+1|I

(i)
1 , . . . , I

(i)
t ),

(1)246

where N is the batch size, T is the fixed sequence247

length, c(i)t+1 is the ground-truth character at posi-248

tion t+ 1 in sequence i, and I
(i)
t denotes input rep-249

resentations (visual or index embeddings). We train250

models on the THUCNews dataset, a large-scale251

Chinese news corpus covering multiple domains,252

split into fixed-length sequences. Optimization em-253

ploys AdamW with a fixed learning rate and batch254

size. For visual inputs in particular, gradients prop-255

agate through the projection and adapter into the256

shared decoder.257

We evaluate three main input configurations: the258

Index-based Model baseline, which inputs token259

IDs; Vision-100% mode in which characters are rep-260

resented as full images; and Cropped-Vision mode,261

where partial crops retain the top 80% (Vision-80%)262

or top 50% (Vision-50%) of the input images. Ex-263

periments across different image sizes, especially264

at low resolutions (8×8 and 4×4), assess whether265

minimal visual information suffices for accurate266

prediction, and partial cropping examines reliance267

on distributed visual features rather than OCR-like268

reconstruction.269

3 Experiments and Results270

3.1 Experimental Setup271

Model Configurations. We evaluate three main272

input configurations: the Index-based Model base-273

line (token IDs), Vision-100% mode (full images),274

and Cropped-Vision mode with partial crops (top275

80% and 50%).276

Experiments span resolutions from 4×4 to 80×277

80 pixels, with particular focus on low resolutions278

(8× 8 and 4× 4) to test visual sufficiency. Partial 279

cropping examines reliance on distributed visual 280

features rather than exact glyph reconstruction. 281

Dataset and Training. We train models on the 282

THUCNews dataset, based on historical data col- 283

lected from the RSS subscription channels of Sina 284

News between 2005 and 2011 (Guo et al., 2016). 285

After filtering and cleaning, it consists of approx- 286

imately 740,000 news articles in UTF-8 encoded 287

plain text format. The corpus contains 100K se- 288

quences, which is 12.8M character instances, split 289

into fixed-length sequences of 128 characters. Se- 290

quences consist primarily of Chinese characters 291

with occasional English letters and punctuation (ap- 292

proximately 10%), reflecting real news text compo- 293

sition. We employ a quadratic curriculum learning 294

strategy, where the number of training sequences 295

grows as 5000+918.37epoch+18.74epoch2. Un- 296

der this curriculum, the first 100K sequences are 297

seen a total of approximately 2.13M training in- 298

stances across epochs. The dataset increases pro- 299

gressively while evaluating on a fixed validation set 300

of 5K sequences. This approach balances early fast 301

convergence with later exposure to the full dataset. 302

Key Parameters. The language decoder follows 303

a GPT-2-small-style architecture with 12 layers, 304

768 hidden dimensions, pre-trained on UER (Zhao 305

et al., 2019). In particular, optimization uses 306

AdamW with learning rate 2 × 10−4 (OneCycle 307

scheduler, max 1.5×10−3), batch size 128, weight 308

decay 0.01, gradient clipping at 1.0, mixed pre- 309

cision (FP16), and early stopping (patience: 7 310

epochs). 311

Resolution Spectrum. Experiments span res- 312

olutions from 4 × 4 to 96 × 96 pixels, assessing 313

whether minimal visual information suffices for ac- 314

curate prediction. In particular, we include extreme 315

low (4× 4, almost no human-recognizable cues), 316

typical low (8 × 8, essential structure retained), 317

intermediate (20 × 20 to 40 × 40, recognizable 318

shapes), and high (80× 80 to 96× 96, all details 319

preserved) resolutions. This spectrum allows us to 320

examine how much visual information is necessary 321

for Chinese character modeling. 322

3.2 RQ1: Visual Sufficiency 323

RQ1 asks whether visual inputs alone suffice 324

for character-level prediction. Note that Chi- 325

nese contains over 5,500 distinct characters: ran- 326

domly guessing yields only about 0.02% accuracy 327

(1/5,500), while a unigram baseline—predicting 328

the most frequent character according to dataset 329
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statistics—achieves roughly 2%. In this context,330

our model’s performance of 39% indicates that331

it captures substantial linguistic structure beyond332

simple frequency statistics.333

Table 1 (first row, Vision-100% mode) provides334

the answer: even 8×8 inputs achieve 39.21% accu-335

racy, matching the index-based baseline (39.10%).336

This confirms that minimal visual information suf-337

fices for accurate prediction.338

3.3 RQ3: Resolution Sensitivity339

RQ3 investigates how performance varies with res-340

olution. Table 1 shows results across the resolution341

spectrum: from 4×4 (29.70%) to 80×80 (39.03%),342

with 8× 8 achieving 39.21%—comparable to the343

index-based baseline (39.10%). This confirms that344

minimal resolution suffices once essential structure345

is preserved.346

3.4 RQ4: Spatial Robustness347

RQ4 examines robustness to spatial cropping. Ta-348

ble 1 shows that severe cropping causes minimal349

performance drops: at 8 × 8, Vision-80% (top350

80%) achieves 39.18% and Vision-50% (top 50%)351

38.63%.352

Analysis of 8 × 8 input images reveals sparse353

pixel usage: Vision-100% uses 6× 6 active pixels,354

Vision-80% 6 × 5, and Vision-50% 6 × 3. This355

explains the robustness—models extract essential356

structure even when peripheral regions are missing.357

Figure 3 illustrates the “toast-center” effect: the358

central strokes (Toast-Center / Crumb) contain rich359

caracter information, while the outer layer (Crust)360

contributes less. Besides, blank space carries negli-361

gible information. This concentrated central struc-362

ture might explain why models can maintain accu-363

racy even under severe cropping.364

While 80× 80 images preserve all character de-365

tails, their predictive advantage over 8 × 8 is sta-366

tistically marginal. To quantify this, we computed367

adjusted standard errors accounting for sequence-368

level correlations (DEFF = 19.9, ρ = 0.15), yield-369

ing SE = 0.27–0.54% across accuracy levels. The370

small differences between high and low resolu-371

tions confirm that coarse structural cues—not fine-372

grained details—drive predictive performance, fur-373

ther supporting RQ1’s sufficiency claim.374

3.5 RQ2: Early-Stage Dynamics375

RQ2 examines how vision-token models behave376

during initial training compared to index-based377

models.378

Mode 4×4 8×8 20×20 30×30 80×80
Acc/PPL Acc/PPL Acc/PPL Acc/PPL Acc/PPL

Vision-100% 29.70/85.33 39.21/46.59 39.16/45.83 39.14/48.73 39.03/49.41
Vision-80% 18.28/194.98 39.18/46.23 39.15/46.33 39.07/48.83 39.08/48.74
Vision-50% 2.10/2249.29 38.63/47.95 38.70/48.04 38.66/49.81 38.57/50.33

Index-based 39.10/47.58

Table 1: Accuracy (%) / PPL across resolutions. Vision-100%:
full images; Vision-80%: top 80% crop; Vision-50%: top 50%
crop. Index-based Model: baseline using discrete character
indices.

Figure 3: “toast-center effect”: center strokes (blue box) re-
ceive more attention than outer pixels (red box).

As shown in Table 2, even with 4,096 training 379

sequences, visual models show substantial gains: 380

with 40×40 pixel inputs, accuracy reaches 13.06%, 381

tripling the index-based baseline’s 4.30%. 382

Sample Trained Baseline 8×8 Vision 40×40 Vision

4,096 4.30% 4.19%∼ (-0.11%) 13.06%∼(+8.76%)
6,152 4.61% 5.57%∼(+0.96%) 14.7%∼(+10.09%)
8,200 5.84% 12.34%∼(+6.5%) 15.46%∼(+9.62%)

10,248 8.45% 13.94%∼(+5.49%) 15.92%∼(+7.47%)

Table 2: Hot-start progression across training stages.
Higher resolutions show earlier and stronger advantages
that gradually narrow over time.

Remarkably, we observe a pronounced hot-start 383

effect. At 0.4% of total training (8,200 sequences), 384

8× 8 visual inputs achieve 12.34% accuracy, more 385

than double the index-based baseline’s 5.84%. In 386

addition, as illustrated in Figure 1, during this hot- 387

start stage, visual models not only achieve higher 388

next-character accuracy, but also assign higher 389

probabilities to plausible top candidates, suggest- 390

ing that the learned representations support linguis- 391

tically reasonable predictions beyond the single 392

argmax. 393

This early advantage persists with visual models 394

maintaining a consistent lead. For instance, by 395

16,441 sequences, 8 × 8 visual models achieve 396

15.65% accuracy, while the baseline reaches only 397

13.33%. This sustained advantage underscores that 398

visual structure provides not just an initial shortcut, 399

but a persistent edge that the index-based baseline 400

struggles to match. 401

It is also important to note that the onset tim- 402

ing of this advantage correlates directly with input 403

resolution. Higher-resolution models reach their 404

hot-start phase earlier: at only 0.2% total training 405

time, 40 × 40 inputs already achieve 13.06% ac- 406
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Figure 4: Validation accuracy across image resolutions at
selected early training checkpoints (5k–10k samples), plotted
on the index-based baseline scale (dashed line).

curacy, while the baseline remains at 4.30%. This407

pattern suggests that richer visual detail acceler-408

ates the extraction of structural regularities, giving409

higher-resolution models a decisive head start in410

learning.411

Recall that our training employs a quadratic cur-412

riculum: the dataset size grows quadratically across413

epochs, meaning models see progressively more414

data as training advances. As a result, these early415

sequence counts (∼ 104) represent an extremely416

data-scarce regime where models have access to417

only a tiny fraction of the eventual corpus—making418

the observed hot-start advantage particularly mean-419

ingful.420

Figure 4 further vizualizes that, across early421

training checkpoints (5k–10k samples), visual in-422

puts maintain a consistent performance advantage,423

supporting the observed hot-start effect.424

As noted in Section 3.4, the central strokes (toast-425

center) contain concentrated structural information,426

which helps explain the hot-start effect.427

3.6 Ablation Studies428

To understand which components drive perfor-429

mance, we conducted three ablation studies using430

8× 8 resolution as our testbed. In each case, train-431

ing data and hyperparameters remain identical.432

Dual-Encoder Ablation. Following DeepSeek-433

OCR’s architecture (Wei et al., 2025), we test a434

dual-encoder that concatenates features from both435

ResNet and Vision Transformer (ViT). Compar-436

isons with show that ResNet alone provides most437

of the structural benefit. We hypothesize that ViT438

is better suited for inter-character spatial relation-439

ships, adding marginal gains primarily in high-440

resolution settings.441

Training Strategy Ablation. We compare joint442

training (visual components + decoder) versus443

freezing the decoder during adapter training. Joint444

Category Setting Acc (%) ∆ (pp) Sig.

Main Results (8 × 8)

Baseline Index-based 39.10 — Ref.
Vision Vision-100% 39.21 +0.11 p=0.77
Vision Vision-80% (80%) 39.18 +0.08 p=0.81
Vision Vision-50% (50%) 38.63 -0.47 p=0.09

Ablations (vs Vision-100%)

Encoder ViT 38.45 -0.76 p < 0.001
Training Frozen decoder 36.78 -2.43 p < 0.001
Architecture No adapter 37.12 -2.09 p < 0.001

Hot-Start (10K samples)

Early Index-based 6.45 — Ref.
Early Vision-100% 14.65 +8.20 p < 0.001
Early Vision-80% 14.70 +8.25 p < 0.001
Early Vision-50% 14.38 +7.93 p < 0.001

Statistical Validation

Design DEFF=19.9 — — ρ=0.15
Samples neff=31.9K — — 4.46× SE
CI Width ±0.537pp — — ∆=0.11pp

Table 3: Consolidated results. All tests use adjusted SE
(DEFF=19.9). Main: Visual-based Models match text base-
line. Ablations: CNN>ViT (∆=-0.76pp), joint training vital
(∆=-2.43pp). Hot-start: 2.27× faster early learning. Stats:
sequence correlations accounted for.

training gives significantly better results, indicating 445

that end-to-end optimization is crucial. 446

Architecture Ablation. We remove the vi- 447

sual adapter entirely (direct projection to decoder) 448

causes performance degradation, particularly in the 449

hot-start phase. 450

Results summarized in Table 3 show that ResNet 451

with joint training achieves the best performance. 452

Notably, hot-start advantages persist across all abla- 453

tions, supporting that structural learning—not just 454

specific architectural choices—is the key driver. 455

3.7 Summary of Visual Advantages 456

Across resolutions and ablations, three insights 457

emerge. Low-resolution inputs alone capture essen- 458

tial character structure. Visual cues accelerate early 459

stage training, producing a hot-start effect. Finally, 460

models remain robust under severe degradation, 461

demonstrating that coarse structural cues suffice. 462

These results establish that visual representations 463

provide a robust and sample-efficient alternative to 464

index-based inputs for Chinese language modeling. 465

4 Interpretability Analysis 466

All analyses in this section use the 8 × 8 reso- 467

lution setting at the hot-start phase (with 10k 468

training sequences). This setting isolates essential 469

structural information while removing fine-grained 470

visual details, allowing us to examine how minimal 471

visual cues enable early linguistic discrimination. 472

We emphasize that these analyses are post-hoc and 473
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Index-based Model Visual-based Model Ratio

L2-Normalized Euclidean Distance (mean / 95% CI)
similar pairs 1.41 / [1.40,1.44] 1.20 / [1.10,1.33] 1.20:1
艹 1.41 / [1.39,1.44] 1.20 / [1.09,1.32] 1.18:1
扌 1.41 / [1.39,1.44] 1.20 / [1.09,1.31] 1.18:1

Cosine Similarity
similar pairs 0.01 / [-0.05,0.04] 0.28 / [0.14,0.55] 30.4:1
艹 0.001 / [-0.03,0.04] 0.27 / [0.14,0.40] 225.5:1
扌 0.002 / [-0.03,0.04] 0.27 / [0.15,0.40] 152.2:1

Table 4: Embedding distance analysis at 8× 8 resolu-
tion (L2-normalized). Vision embeddings show con-
sistently higher similarity: ∼1.2× closer in Euclidean
space and ∼30× higher cosine similarity for visually
similar pairs. Within radicals, vision embeddings main-
tain strong structural organization while index-based
embeddings show near-random alignment.

exploratory in nature, intended to provide quali-474

tative insights rather than formal interpretability475

guarantees.476

4.1 Analysis of Embedding Space Geometry477

We compare index-based and vision-based embed-478

dings in their high-dimensional spaces (768D and479

1024D respectively) to examine whether visual sim-480

ilarity and radical-based structure are reflected in481

the learned embedding spaces.To compare embed-482

dings across different dimensionalities, we normal-483

ize all vectors to unit length (v̂ = v/||v||2) before484

computing distances.485

To ensure coverage of different character struc-486

tures, we include representative character samples487

from our dataset in three categories: indecompos-488

able characters with simple glyphs (e.g., 戊/戌),489

left-right composition with radicals on the left (e.g.,490

扌), and top-bottom composition with radicals on491

the top (e.g., 艹). Within each category, we con-492

sider characters that are of high-frequency, visually493

confusable, or otherwise structurally informative.494

We use the following metrics: Euclidean dis-495

tance for absolute separation, cosine similarity for496

angular alignment, with 95% confidence intervals497

(CI). Results are summarized in Table 4.498

We see that vision embeddings are consistently499

closer than index-based embeddings: ∼1.2× closer500

in L2-normalized Euclidean distance for visually501

similar pairs (mean ratio 1.20:1, 95% CI [1.02,502

1.58]), with significantly higher cosine similari-503

ties (mean ratio 30.4:1, 95% CI [-14.64, 204.54]).504

Within radicals, vision embeddings show strong505

positive cosine similarities (扌: 0.27±0.13, 艹:506

0.27±0.13) while index-based embeddings remain507

near-zero (0.001-0.002).508

Vision embeddings actively separate confusable509

pairs, mapping visually similar but semantically 510

different characters further apart. Cosine similar- 511

ity ratios range from -15.86 to 331.36, indicating 512

both intra-radical attraction and intentional separa- 513

tion of confusable characters. The 95% CIs con- 514

firm structured organization in vision embeddings 515

across all character structure types (indecompos- 516

able, left-right, and top-bottom), while index-based 517

embeddings show no significant structure. This 518

organization is consistent with the hot-start effect, 519

where Visual-based Models gain early predictive 520

advantage. 521

PCA visualization (Figure 5) further illustrates 522

this structured organization. We observe regional 523

clustering of visually similar characters in the em- 524

bedding space, with confusable pairs intentionally 525

separated—consistent with the adaptive discrimi- 526

nation shown in Table 4. 527

Figure 5: PCA of vision-based embeddings reveals localized
spatial groupings of visually similar Chinese characters.

4.2 Behavior on Visually Similar Characters 528

We examine model sensitivity to minimal glyph dif- 529

ferences using carefully constructed weak-context 530

sentences. Representative predictions are shown in 531

Table 5. 532

We observe that vision embeddings show en- 533

hanced sensitivity relative to ID-based embeddings, 534

distinguishing confusable pairs like土/士 (Exam- 535

ple 1) and 人/入 (Example 8). Visual priors en- 536

able non-trivial preferences even with minimal se- 537

mantic cues (Examples 5 日/目 and 7 入/人), re- 538

flecting the hot-start effect through larger proba- 539

bility differences. Remarkably, 8× 8 visual inputs 540

preserve sufficient structure for fine-grained dis- 541

tinctions (Examples 2 士/土 and 6 目/日), while 542

ID-based models often require stronger contextual 543

support. Across all examples, visual-based models 544
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ID Sentence → Candidates (✓/×) Model P(%) Choice

1 下雨天鞋子上很容易沾上泥 Vision 0.05/0.00 土✓
→土/士 Text 0.00/0.01 士×

2 他是一个边境战 Vision 0.01/0.00 士✓
→士/土 Text 0.00/0.01 土×

3 这地板的材料是实 Vision 0.00/0.23 本×
→木/本 Text 0.00/0.31 本×

4 别忘了拿作业 Vision 0.04/0.00 本✓
→本/木 Text 0.04/0.00 本✓

5 昨天周六，今天是星期 Vision 0.19/0.12 日✓
→日/目 Text 0.00/0.01 目×

6 这个广告牌很醒 Vision 0.09/0.08 目✓
→目/日 Text 0.03/0.00 目✓

7 这个房间非请莫 Vision 0.04/0.02 入✓
→入/人 Text 0.06/0.10 人×

8 介绍一下，这位是我的爱 Vision 8.63/0.00 人✓
→人/入 Text 0.06/0.25 入×

Table 5: Predicted probabilities for visually similar charac-
ter pairs at sentence end. Sentences are selected to provide
minimal but coherent semantic context. Four pairs of cases
show model disagreement, highlighting differences between
vision-based and index-based predictions.

exhibit enhanced discriminative power at sentence-545

end prediction, strategically organizing confusable546

characters in embedding space to support early-547

stage prediction advantages.548

4.3 Pixel-Level Importance Analysis via549

Gradient Back-propagation550

To understand which visual features matter most551

for prediction, we perform gradient-based analy-552

sis (Simonyan et al., 2014; Aflalo et al., 2022).553

For character images {I1, . . . , In} and target cn+1,554

we compute character-level importance Sk =555 ∑
i,j

∣∣∣∂ycn+1

∂Ik,i,j

∣∣∣, where higher Sk indicates that in-556

put character Ik is more important for predicting557

the target. Pixel-level importance is normalized as558

Hk,i,j = (
∣∣∣∂ycn+1

∂Ik,i,j

∣∣∣−min)/(max−min).559

Testing on the confusable pairs from Section 4.2560

reveals that the model assigns high importance to561

semantically relevant input characters (e.g., “泥”562

when predicting 土) and near-zero to irrelevant563

ones (“的”). Table 6 shows similar attention in-564

tensities across character regions, suggesting that565

the model distributes attention broadly rather than566

focusing exclusively on any single area. This bal-567

anced pattern explains why our cropping experi-568

ments (Vision-80% and Vision-50%) remain effec-569

tive: the model can extract predictive signals from570

various character subregions.571

The observed gradient patterns offer preliminary572

support for our “toast-center” conjecture though573

verifying its role in the hot-start phase requires574

further temporal analysis in future work.575

Together, the analyses above illustrate how our576

vision-token representations make model behavior577

more inspectable. They link language predictions578

Region Avg. Intensity Std. Dev.

Upper Half 0.087 0.014
Lower Half 0.081 0.014
Left Half 0.085 0.016
Right Half 0.083 0.012

Table 6: Average attention intensity across character
regions.

to explicit visual structure in ways that are difficult 579

to access in index-based models. 580

5 Conclusion 581

In this work, we challenge the dominant index- 582

based paradigm for Chinese language modeling 583

by asking: Can language modeling rely solely on 584

visual form? Our results answer affirmatively, es- 585

pecially for early-stage or low-resource scenarios. 586

Our investigation yields affirmative answers to 587

our four research questions. RQ1 (Visual Suffi- 588

ciency) is confirmed: visual inputs achieve accu- 589

racy comparable to index-based baselines (39.2% 590

vs. 39.1%). RQ2 (Early-Stage Dynamics) re- 591

veals a pronounced hot-start effect: visual mod- 592

els reach 12.3% accuracy within 0.4% of training 593

time—more than double the baseline’s 5.8%. RQ3 594

(Resolution Sensitivity) demonstrates that even 595

8× 8 pixels retain sufficient structure, while RQ4 596

(Spatial Robustness) confirms effectiveness under 597

severe cropping (top 50% retained). 598

This advantage stems from fundamental differ- 599

ences in representation topology. Unlike index- 600

based embeddings—which begin as unstructured 601

points in feature space—visual embeddings inherit 602

spatial organization from the encoder, providing a 603

structural regularity that accelerates early learning. 604

Beyond performance gains, visual representa- 605

tions naturally provide some interpretability: char- 606

acters sharing radicals tend to cluster while visu- 607

ally confusable pairs are often separated. Further, 608

gradient-based analysis gives how the pixel regions 609

contribute to predictions. This structure emerges 610

from the visual input itself, without requiring aux- 611

iliary objectives or post-hoc tools. 612

Overall, visual structure provides not merely an 613

alternative input format, but a sample-efficient in- 614

ductive bias for Chinese language modeling. This 615

points toward architectures natively designed for 616

visual glyph processing and learning strategies that 617

leverage visual structure for efficient training. 618
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Limitations619

Our study has several limitations that point to future620

work. First, our experiments use standard font ren-621

dering. Testing handwritten or stylized characters622

would assess robustness. The GPT-2–style decoder623

is relatively small; scaling to larger architectures624

may give different visual utilization patterns. Ad-625

ditionally, our single-character image processing626

differs from full-paragraph OCR approaches. Ex-627

tending to multi-character or paragraph-level im-628

ages remains a valuable direction. Finally, applying629

this approach to other logographic systems could630

further prove its generality.631

In summary, while current limitations exist, our632

findings demonstrate decisively that low-resolution633

visual glyphs are not just a viable substitute, but634

a cognitively richer starting point for Chinese lan-635

guage models. In contrast to recent surveys high-636

lighting modality collapse in vision–language mod-637

els (Sim et al., 2025), our results show that when638

visual input is isolated and structurally constrained,639

models can reliably exploit visual form rather than640

bypass it.641
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