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Abstract001

Hieroglyphs, as logographic writing systems,002
encode rich semantic and cultural informa-003
tion within their internal structural composition.004
Yet, current advanced Large Language Mod-005
els (LLMs) and Multimodal LLMs (MLLMs)006
usually remain structurally blind to this infor-007
mation. LLMs process characters as textual008
tokens, while MLLMs additionally view them009
as raw pixel grids. Both fall short to model010
the underlying logic of character strokes. Fur-011
thermore, existing structural analysis methods012
are often script-specific and labor-intensive. In013
this paper, we propose Hieroglyphic Stroke014
Analyzer (HieroSA), a novel and generaliz-015
able framework that enables MLLMs to au-016
tomatically derive stroke-level structures from017
character bitmaps without handcrafted data. It018
transforms modern logographic and ancient hi-019
eroglyphs character images into explicit, inter-020
pretable line-segment representations in a nor-021
malized coordinate space, allowing for cross-022
lingual generalization. Extensive experiments023
demonstrate that HieroSA effectively captures024
character-internal structures and semantics, by-025
passing the need for language-specific priors.026
Experimental results highlight the potential of027
our work as a graphematics analysis tool for a028
deeper understanding of hieroglyphic scripts.029

1 Introduction030

Hieroglyphs are among the earliest known writ-031

ing systems in human history, originating as vi-032

sually motivated symbols that depict objects, ac-033

tions, or abstract concepts through recognizable034

forms (Boltz, 1986; Davies, 1990; Henderson,035

1997). As a foundational medium of written com-036

munication, hieroglyphic scripts preserve rich in-037

formation about early human cognition, cultural038

practices, and systems of knowledge representa-039

tion (Allen, 2000; Woods and Woods, 2011; Zhang040

and Mao, 2017; Wong, 2018; Qi et al., 2025). More-041

over, some modern writing systems continue to ex-042
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Figure 1: Given a bitmap image of a hieroglyphic char-
acter (for example, the Oracle Bone Script character on
the left), our proposed HieroSA infers stroke-level struc-
ture and converts the image into explicit line-segment
representations in a normalized coordinate space (right).

hibit hieroglyphic properties, such as Chinese char- 043

acters (Zhao, 2005; Liu et al., 2019) and Japanese 044

Kanji (Heisig, 2008), whose logographic charac- 045

ters possess intrinsic linguistic and cultural signifi- 046

cance (Joyce, 2011; Fan, 2014). 047

Unlike phonetic scripts, hieroglyphs integrate 048

imagery and language, in which logographic forms 049

function as active carriers of meaning rather than 050

neutral phonetic placeholders. In such writing sys- 051

tems, semantic information is encoded in the in- 052

ternal structure of characters, particularly in the 053

configuration and combination of strokes. Con- 054

sequently, systematic variations in these patterns 055

reflect semantic relationships between characters. 056

The structural organization of characters there- 057

fore plays a central role in understanding hiero- 058

glyphic writing systems, motivating computational 059

approaches that aim to model character-internal 060

structure (Muñoz Sánchez, 2024). 061

However, capturing stroke-level structure re- 062

mains challenging, despite the rapid development 063

of large language models (LLMs) and multimodal 064

large language models (MLLMs). LLMs usu- 065

ally encode text into unified symbolic represen- 066

tations (Bouma, 2009; Sennrich et al., 2016; Kudo 067

and Richardson, 2018; Land and Bartolo, 2024), 068

where characters or tokens are mapped to discrete 069

indices and processed as abstract sequences, dis- 070
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carding character-internal structural information.071

As a complement to textual tokens, MLLMs addi-072

tionally operate on visual inputs and process char-073

acters as images composed of pixels (Dosovitskiy,074

2020; Fei et al., 2024; Tschannen et al., 2025; Wu075

et al., 2025). While such pixel-level representa-076

tions allow models to incorporate visual appear-077

ance, they do not effectively model the structural078

relationships among strokes or the underlying com-079

positional principles of character formation, limit-080

ing the ability of current models to achieve gener-081

alizable understanding of hieroglyphic characters.082

Other existing methods for structural analysis are083

largely confined to specific writing systems and of-084

ten rely on language-dependent assumptions (Cao085

et al., 2018; Xiong et al., 2021; Chen et al., 2025)086

Moreover, existing approaches typically rely on087

substantial amounts of labor-intensive annotation088

or external linguistic knowledge, such as prede-089

fined stroke inventories or decomposition rules (As-090

sael et al., 2022; Sommerschield et al., 2023). As a091

result, their applicability is limited to well-studied092

scripts, and extending them to other hieroglyphic093

or pictographic writing systems requires significant094

additional effort, which constrains their scalabil-095

ity and generalization. This motivates the need096

for a more general approach that can infer charac-097

ter structure without depending on script-specific098

stroke definitions or annotations.099

In this work, we propose Hieroglyphic Stroke100

Analyzer (HieroSA), a novel and generalizable101

approach for automatically deriving stroke-level102

structure from bitmap images of hieroglyphic char-103

acters without annotated training data. Specifically,104

our method enables MLLMs to transform character105

images into explicit line-segment representations,106

yielding a compact and interpretable representation107

of stroke structure, as shown in Figure 1. It does108

not rely on manual annotations or prior knowledge109

of language-specific stroke systems, allowing the110

method to generalize naturally across diverse hiero-111

glyphic and logographic writing systems. Exten-112

sive experiments demonstrate that HieroSA effec-113

tively models stroke representations, and presents114

the potential as a scalable tool for computational115

graphematics analysis and further exploration of hi-116

eroglyphic scripts. Our contributions are threefold:117

• We introduce a novel training framework118

that enables MLLMs to effectively capture119

and model stroke-level structures in hiero-120

glyphic characters, providing explicit access121

to character-internal structural information.122

• Extensive experimental results verify that our 123

proposed HieroSA consistently generalizes 124

across multiple pictographic writing systems, 125

without relying on external linguistic expertise 126

or annotations. 127

• We show that incorporating stroke represen- 128

tations generated by HieroSA benefits down- 129

stream task of glyph recognition, and demon- 130

strates potential as a scalable tool for broader 131

graphematics analysis and further exploration 132

of hieroglyphic scripts. 133

2 Method 134

We design an approach based on reinforcement 135

learning (RL) that enables a flexible and expressive 136

representation of strokes as line segments. The su- 137

pervision signals are derived solely from bitmap im- 138

ages, which frees the training process from reliance 139

on predefined stroke definitions, external linguistic 140

expertise, or additional annotations. We introduce 141

the stroke representation, the corresponding reward 142

design, and the overall training paradigm in Sec- 143

tions 2.1, 2.2, and 2.3, respectively. 144

2.1 Stroke Representation 145

As illustrated in Figure 2(a), our method maps a bi- 146

narized character image, with black strokes treated 147

as the foreground against a white background, to 148

an geometric representation in a normalized coordi- 149

nate space. A character is modeled as a collection 150

of line segments, each specified by the coordinates 151

of its two endpoints. Formally, the stroke structure 152

is represented as 153

S =
{(

pk
s ,p

k
e

)}n

k=1
, pk

s ,p
k
e ∈ R2, (1) 154

where n denotes the number of strokes. 155

This coordinate-based representation allows the 156

model to learn stroke structures directly from 157

bitmap images, without relying on language- 158

specific or rule-based stroke definitions. In par- 159

ticular, curved or complex stroke shapes are not 160

explicitly parameterized; instead, the model learns 161

to approximate such structures through flexible de- 162

compositions into multiple line segments that best 163

explain the observed visual evidence. 164

We note that the automatically inferred stroke 165

decompositions may not always align with human- 166

intuitive or conventionally defined stroke segmenta- 167

tions. However, this flexibility enables the model to 168

learn more adaptive and generalizable representa- 169

tions, particularly for scripts where standard stroke 170
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Figure 2: Overview of HieroSA. (a) HieroSA takes a binarized character image as input and outputs a structured
stroke representation, where strokes are represented as a set of line segments in a normalized coordinate space. (b)
Illustration of the training objective: the predicted stroke segments are optimized to maximize their overlap with the
black pixels in the binarized character image. (c) Geometric estimation of black-pixel coverage for a single stroke.

definitions are ambiguous or absent. For example,171

for the oracle bone script character shown in Fig-172

ure 1, to the best of our knowledge, no standard173

stroke decomposition is available; nevertheless, our174

model produces a set of line segments that effec-175

tively capture its structural characteristics.176

2.2 Reward Design for Stroke Representation177

We use bitmap images as the sole source of super-178

vision. Our training objectives involve maximizing179

the overlap between generated strokes and black180

pixels in the bitmap image, increasing coverage181

over black-pixel regions, and decreasing the num-182

ber of strokes outside black pixels. Our reward183

computation consists of three steps: identifying184

valid strokes, estimating coverage for each stroke,185

and aggregating the reward.186

2.2.1 Valid Stroke Identification187

Our first step is to identify valid strokes by examin-188

ing whether each stroke lies within the black-pixel189

regions. For each predicted stroke defined by its190

endpoints (ps,pe), we uniformly sample points191

along the line segment:192

pi =
ips + (m+ 1− i) pe

m+ 1
, i = 1, · · · ,m, (2)193

where m is the minimum value such that the194

distance between neighboring sampled points is195

smaller than a threshold D. We then check whether196

all sampled points {pi}mi=1 and endpoints ps and197

pe lie within the black-pixel region of the binarized198

image. If any point falls outside the black-pixel199

area, the corresponding stroke is marked as invalid.200

For example, as illustrated in Figure 2(b), the two 201

red strokes are identified as invalid under this cri- 202

terion. By filtering out such strokes, the model is 203

encouraged to generate stroke segments that closely 204

follow the foreground structure of the character. 205

2.2.2 Single-Stroke Coverage Estimation 206

Given a stroke represented by a line segment, we 207

estimate its coverage region by extending the seg- 208

ment along both tangential and normal directions 209

within the black-pixel region, as shown in Figure 2 210

(c). To avoid over-extension that may intrude into 211

neighboring strokes, excessively long extensions 212

are truncated, yielding a polygonal region that ap- 213

proximates the spatial coverage of the stroke. 214

Specifically, given the endpoints (ps,pe) of a 215

stroke and the sampled points {pi}mi=1 obtained in 216

the previous step, we define 217

t =
pe − ps

∥pe − ps∥
(3) 218

to denote the unit tangent direction of the stroke, 219

and let n be the corresponding counterclockwise 220

unit normal direction, defined as 221

n = (−ty, tx), (4) 222

where (tx, ty) are the coordinates of t. For each 223

point pj ∈ {ps,p1, · · · ,pm,pe}, we extend rays 224

along both normal directions until reaching the 225

black-white boundary: 226{
d+j = max {d > 0 | [pj ,pj + dn] ⊂ ΩB} ,
d−j = max {d > 0 | [pj ,pj − dn] ⊂ ΩB} ,

(5) 227

where ΩB denotes the set of black pixels in the 228

binarized image. 229

3



We first compute the mean normal extension230

length as follows,231

d̄ =
1

2(m+ 2)

∑
j

(
d+j + d−j

)
. (6)232

Then, excessively large extension lengths are re-233

garded as abnormal:234

A =
{
j
∣∣∣ max(d+j , d

−
j ) > λd̄

}
, (7)235

where λ is the threshold for identifying abnormal236

extensions. Using the remaining samples, we com-237

pute a refined mean238

d̃ =
1

2|I|
∑
j∈I

(
d+j + d−j

)
, (8)239

where I = {s, 1, . . . ,m, e}\A. Extension lengths240

are then truncated as241

d̂±j = min
(
d±j , λd̃

)
, (9)242

For the endpoints ps and pe, we further extend243

along the tangent direction. The tangential exten-244

sion length is defined as245 ℓs =
d̂+s + d̂−s

2
,

ℓe =
d̂+e + d̂−e

2
.

(10)246

The endpoints are thus extended to247 {
p′
s = ps − ℓs t,

p′
e = pe + ℓe t.

(11)248

Finally, the set of offset vertices Q computes as249

Q = {q±j | q±j = pj ±d±j n, j = 1, · · · ,m}, (12)250

together with the tangentially extended endpoints251

p′
s and p′

e define a polygonal coverage region C252

for the stroke. Examples of the polygonal coverage253

regions estimated by our method are provided in254

Appendix A. The region is subsequently used for255

reward computation in the Section 2.2.3.256

2.2.3 Reward Aggregation257

Given the coverage regions {Ck}nk=1 estimated for258

individual strokes, we aggregate them sequentially259

to compute the final reward, while penalizing in-260

valid strokes. Let261

Uk =
⋃
i∈Vk

Ci (13)262

where Vk denotes the set of previously accepted263

valid strokes. For the k-th stroke, we examine264

whether its coverage region Ck provides sufficient265

novel contribution. Specifically, the stroke is266

marked as invalid if267

| (Ck \ Uk) ∩ ΩB|
|ΩB|

< τ, (14) 268

where τ is the overlap ratio threshold. This en- 269

courages the model to cover new foreground re- 270

gions with each stroke while penalizing redundant 271

strokes, thereby preventing solutions that repeat- 272

edly exploit the same local areas. 273

All invalid strokes, including those identified 274

in Section 2.2.1 as well as those identified during 275

aggregation, are discarded. Let V denote the index 276

set of remaining valid strokes, and let 277

Cfinal =
⋃
k∈V

Ck (15) 278

be the final aggregated coverage region. The over- 279

all reward is then defined as 280

rs =
|Cfinal ∩ ΩB|

|ΩB|
· (1− αNinvalid) , (16) 281

where Ninvalid denotes the number of invalid 282

strokes and α is a penalty coefficient. This formu- 283

lation provides a compact training signal that bal- 284

ances foreground coverage promotion with penal- 285

ties on invalid strokes. 286

2.3 Training Paradigm 287

We adopt Group Relative Policy Optimization 288

(GRPO) as our training algorithm. Prior work has 289

widely applied GRPO in LLM training by com- 290

bining a rule-based answer reward with a format 291

reward, which yields strong and reliable model per- 292

formance. Following this established setting, we 293

integrate our stroke-representation reward rs with 294

a format reward rf , encouraging the model to gen- 295

erate outputs that conform to the structured format 296

as exemplified in Figure 2(a), thereby facilitating 297

reliable parsing. The final reward is defined as 298

r = rs + β rf , (17) 299

where β is a hyperparameter that balances the con- 300

tribution of the format reward. 301

3 Experiments 302

3.1 Implementations 303

The training data is curated from two sources: 304

bitmap images generated from SVG glyphs in 305

font files, and publicly available datasets of hiero- 306

glyphic character images, without requiring any 307

additional annotations. Our training dataset covers 308

three writing systems: contemporary Chinese char- 309

acters (hereafter referred to as Chinese), Japanese 310

Kanji, and Oracle Bone Scripts (OBS), an ancient 311

Chinese hieroglyphic writing system. 312
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Model
Chinese (ZH) Japanese (JA) Oracle Bone Script (OBS) AVG

RE↑ CO (%)↑ IS (%)↓ RE↑ CO (%)↑ IS (%)↓ RE↑ CO (%)↑ IS (%)↓ RE↑ CO (%)↑ IS (%)↓

GPT-5 0.133 3.6 88.2 0.129 1.5 92.8 0.139 3.8 92.0 0.134 3.0 91.0
Claude Sonnet 4 0.137 11.9 86.9 0.131 10.1 89.9 0.129 6.3 93.4 0.132 9.4 90.1
Qwen3-VL-4B 0.032 0.5 97.9 0.028 0.5 98.0 0.063 0.7 98.5 0.041 0.6 98.1

HieroSA (ZH) 0.837 78.5 6.1 0.591 60.9 19.7 0.522 50.5 17.6 0.650 63.3 14.5
HieroSA (JA) 0.756 72.2 10.2 0.584 59.4 19.1 0.455 45.0 23.9 0.598 58.9 17.7
HieroSA (OBS) 0.446 64.6 23.1 0.295 52.2 33.9 0.344 53.3 25.2 0.362 56.7 27.4

Table 1: Results on the stroke structure parsing task. RE reports the reward computed on the test set us-
ing the same reward function as in training. CO measures the percentage of the black pixel region ΩB that
is covered. IS denotes the percentage of invalid strokes relative to the total number of strokes. The eval-
uated model versions are gpt-5-2025-08-07 (GPT-5), claude-sonnet-4-20250514 (Claude Sonnet 4) and
Qwen3-VL-4B-Instruct (Qwen3-VL-4B). ZH and JA denote Chinese and Japanese.

Model Chinese
(ZH)

Japanese
(JA) OBS

Input
Bitmap
Image

HieroSA
(ZH)

HieroSA
(JA)

HieroSA
(OBS)

Table 2: Qualitative visualization of stroke-structure
parsing results across scripts and training settings. Rows
correspond to models trained on different scripts, and
columns correspond to evaluation scripts.

We adopt Qwen3-VL-4B-Instruct as the base313

model and train a separate model for each script314

for two epochs. During training, each image is315

augmented with an overlaid coordinate system to316

enhance coordinate prediction accuracy and spatial317

localization capability. Details of data curation are318

provided in Appendix B.1, with training configura-319

tions described in Appendix C. The effectiveness of320

the overlaid coordinate system is further validated321

through ablation studies in Appendix E.322

3.2 Main Results323

We evaluate the stroke-structure parsing perfor-324

mance of our model on Chinese, Japanese, and325

OBS characters. Given an input character image,326

the model predicts a set of stroke segments that327

represent the underlying stroke structure of the328

character. To assess the stroke parsing quality, we329

measure the spatial overlap between the polygonal330

coverage induced by the predicted strokes and the331

foreground region of the original character image.332

Results are reported in Table 1. Details of the test333

set are provided in Appendix B.2.334

Training Set CC FB FA BAR

Chinese 7.466 8.670 0.178 49.827
Japanese 4.389 7.371 0.138 55.566
OBS 2.680 6.154 0.098 63.922

Table 3: Structural statistics of binarized images across
training sets in different languages, including the aver-
age number of connected components (CC), foreground
boundary length of black regions (FB), foreground area
(FA), and boundary-to-area ratio (BAR).

Quantitative results. Models trained with Hi- 335

eroSA consistently outperform baselines by a large 336

margin across all scripts. They achieve higher 337

reward (RE), indicating a better alignment with 338

the training objective, while simultaneously yield- 339

ing higher coverage (CO) and substantially lower 340

invalid-stroke rates (IS). These improvements are 341

evident not only in intra-script experiments, but 342

also in cross-script evaluation settings. 343

Qualitative results. Qualitative results further 344

illustrate the effectiveness of our approach. As 345

shown in Table 2, the predicted stroke structures 346

align with the core stroke composition of the input 347

characters across scripts. The models capture the 348

main structural skeletons while preserving essen- 349

tial stroke connectivity, yielding visually coherent 350

stroke-structure decompositions. These observa- 351

tions are consistent with the quantitative results. 352

Performance differences across training lan- 353

guages. We observe noticeable performance dif- 354

ferences among models trained on different writing 355

systems. To better understand this behavior, we 356

analyze structural statistics of the corresponding 357

training datasets (Table 3), including the number 358

of eight-connected components, foreground bound- 359

ary length and area, and the boundary-to-area ratio. 360

From Chinese to Japanese to OBS, the number of 361

connected components, boundary length, and area 362

decrease monotonically, indicating progressively 363

simpler glyph structures. In contrast, the boundary- 364

to-area ratio increases, suggesting more curved and 365
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a b c d e f g h i j k l

Query Direct Image-based Matching Results Stroke-Derived Masked Image Matching Results Overlap

Oracle Bone Scripts

1

2

Dongba Pictographs

3

4

Egyptian Hieroglyphs

5

6

Table 4: Illustrative cases of structure-guided character exploration. We aim to find characters that differ in identity
but share structural similarity with queries. For each query, we show top-5 results with and without stroke-guided
masking; red boxes highlight cases where the characters are structurally similar to the queries while clearly
differing in identity; gray characters are the identical ones that discourage exploration. The “Overlap” column (for
illustration only) visualizes shared structures between queries and selected results. See more cases in Appendix H.

less smooth stroke boundaries.366

These suggest a plausible reason for the observed367

performance gap: overly simple structures reduce368

structural diversity and weaken stroke-structure pri-369

ors, whereas excessive boundary curvature intro-370

duces geometric noise during training. The Chinese371

characters, with more complex yet cleaner stroke372

structures, enables models to learn more robust373

and transferable stroke-structure representations,374

leading to superior cross-script generalization.375

3.3 Results on Downstream Tasks376

We further demonstrate the practical utility of Hi-377

eroSA on downstream tasks, structure-guided hi-378

eroglyphic character exploration and optical char-379

acter recognition, showing that the learned under-380

lying logic of strokes can be effectively leveraged381

in practical character-related tasks.382

3.3.1 Structure-guided Character Exploration383

We demonstrate that the stroke-structure represen-384

tations produced by HieroSA enable the explo-385

ration of relationships among hieroglyphic char-386

acters by facilitating the matching of structurally387

similar characters with different identities.388

We conduct structure-guided exploration on389

three writing systems that are generally unfamil-390

iar to contemporary readers: Oracle Bone Script 391

(OBS), Dongba pictographs, an indigenous writ- 392

ing system traditionally used by Naxi priests in 393

southern China, and Egyptian hieroglyphs, an an- 394

cient Egyptian writing system (see Appendix F for 395

details). We compare a structure-guided match- 396

ing strategy using masks derived from predicted 397

strokes with a direct image-based matching base- 398

line. Further experimental details are provided in 399

Appendix G.2. Representative illustrations are pre- 400

sented in Table 4. 401

Overall, we observe that structure-guided explo- 402

ration yields a richer set of structurally related char- 403

acters compared to image-based matching baseline. 404

In addition, many of the identified characters ex- 405

hibit not only stroke-level structural similarity but 406

also semantic resemblance to the query character, 407

enabling more informative character-level analysis. 408

OBS character analysis.1 The OBS characters at 409

positions (1a) and (1j) share a common structural 410

component in the central part of the glyph, which 411

is illustrated in (1l). It depicts human feet, which 412

reflects a pictographic origin related to foot move- 413

1For explanations of OBS characters, we primarily refer
to Yinxu Jiagu Wen Shiyong Zidian (A Practical Dictionary of
Yinxu Oracle Bone Script) by Rusen Ma (2008).
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ment or stepping actions. The character at position414

(1a) conveys the meaning of “arrival” or “reach-415

ing a destination”, where the foot component di-416

rectly encodes the act of movement. In contrast, the417

character at position (1j) denotes a small landform418

within water (the three surrounding dots), where419

the same foot-related component can be interpreted420

as indicating a place of standing or stable footing421

within the surrounding environment.422

Dongba pictographs analysis.2 A similar pattern423

is observed for Dongba pictographs. The charac-424

ters at positions (3a), (3c), (3h), and (3j) exhibit a425

shared structural pattern centered on the depiction426

of a book-like object. Characters at positions (3a),427

(3c), and (3h) represent variant forms of a picto-428

graph denoting the act of writing records, whereas429

the character at position (3j) denotes the book itself430

as an object. Despite these semantic distinctions,431

the shared pictographic structure reveals a common432

conceptual grounding in writing practices.433

Egyptian hieroglyphs analysis.3 Consistent ev-434

idence is also found in Egyptian hieroglyphs.435

Stroke-guided masking identifies alternative char-436

acter variants, such as the pair at positions (5a)437

and (5h), both of which convey meanings related438

to “night”. In addition, the method links multiple439

variants of the same phonemogram, as illustrated440

by the correspondence between characters at posi-441

tions (6a), (6g), and (6i), as well as a closely related442

phonemogram at position (6j).443

Finally, even for characters with undocumented444

meanings, such as positions (2a) and (4a), stroke-445

guided masking remains effective in identifying446

structurally related forms. Our proposed method447

surfaces plausible structurally related characters.448

Notably, character (2j) corresponds to a deciphered449

OBS character meaning “the outer city wall”.450

Taken together, these qualitative results suggest451

that structure-guided exploration provides a princi-452

pled way to uncover latent structural and semantic453

relationships across diverse writing systems, ex-454

tending to those which are under-documented.455

3.3.2 Optical Character Recognition456

Optical Character Recognition (OCR) is a common457

and conventional task that aims to recognize char-458

2For explanations of Dongba pictographs, we primarily
refer to Naxi Xiangxing Wenzi Pu (A Corpus of Naxi Picto-
graphic Script) by Guoyu Fang (2017).

3For explanations of Egyptian hieroglyphs, we primarily
refer to the Egyptian Hieroglyphs block (U+13000–U+1342F)
in the Unicode Explorer, based on Gardiner’s sign list; see
https://unicode-explorer.com/b/13000.

α CO (%)↑ IS (%)↓ CS(%)↑ TS

0.00 41.7 64.6 1.8 26.6
0.01 21.7 46.0 4.8 4.8
0.10 22.0 45.2 4.8 4.8
0.50 2.7 75.7 1.4 2.0

Table 5: Results under different values of the penalty
coefficient α in the reward function. Experiments are
conducted on the Chinese training set for 100 training
steps. CO measures black pixel region coverage, CS
indicates the average coverage per stroke, IS denotes
the percentage of invalid strokes, and TS indicates the
total number of generated strokes. The definitions of
CO and IS are consistent with those used in Table 1.

acters from visual inputs. For this task, we examine 459

whether the stroke-structure representations parsed 460

by HieroSA can improve OCR performance. 461

We fine-tune Qwen3-VL-4B for this task under 462

different settings, spanning different character fonts 463

of both Chinese and Japanese OCR. For unbiased 464

comparison, all characters and fonts used in this 465

experiments are disjoint from those used to train Hi- 466

eroSA. Due to page limitation, we report detailed 467

settings and results in Appendix I. Quantitative re- 468

sults show that fine-tuning with stroke-structure 469

representations substantially improves OCR perfor- 470

mance over the zero-shot setting, indicating that the 471

parsed stroke information provides complementary 472

structural cues beyond raw visual features. These 473

findings suggest the potential of stroke-structure 474

representations as an auxiliary signal in OCR. 475

4 Analyses 476

4.1 Effect of Penalty for Invalid Strokes 477

We analyze the effect of the penalty coefficient α in 478

the reward aggregation described in Section 2.2.3, 479

with results summarized in Table 5. 480

When α = 0, no penalty is applied to invalid 481

strokes, resulting in excessive stroke generation, 482

low average coverage per stroke, and a high propor- 483

tion of invalid strokes. Although overall coverage 484

remains relatively high, the generated characters 485

lack coherent and structurally valid shapes, indicat- 486

ing the necessity of the penalty term. 487

As α increases, both the total number of strokes 488

and the proportion of invalid strokes decrease, 489

demonstrating that the penalty effectively sup- 490

presses invalid stroke generation. However, overly 491

large values of α (e.g., α = 0.5) impose exces- 492

sive constraints, leading to reduced coverage and 493

degraded performance. 494

A moderate penalty coefficient provides a good 495
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Number of Points RE↑ CO (%)↑ IS (%)↓

2 0.311 22.0 45.2
3 0.237 13.8 51.2
4 0.230 13.6 52.1

Table 6: Effect of the number of points used to rep-
resent a single stroke. Experiments are conducted on
the Chinese training set for 100 training steps. Metric
definitions follow those used in Table 1.

balance between suppressing invalid strokes and496

preserving sufficient coverage. In our experiments,497

α = 0.1 yields reasonable stroke counts, low498

invalid-stroke ratios, and sufficient coverage, and499

is therefore adopted.500

4.2 Effect of Number of Stroke Points501

We study the effect of stroke representation gran-502

ularity on model performance. In the main exper-503

iments, each stroke is represented by two points504

corresponding to its start and end locations. We505

vary the number of points per stroke to evaluate506

whether a finer representation is beneficial.507

Results in Table 6 show that using two points508

consistently achieves the best performance in terms509

of reward and coverage, while yielding fewer in-510

valid strokes. Increasing the number of points de-511

grades performance across all metrics.512

Qualitative inspection indicates that represent-513

ing a stroke with more points does not improve514

geometric modeling, but instead increases the diffi-515

culty of learning stable and valid stroke structures.516

Therefore, we adopt the two-point representation517

and model complex characters through the compo-518

sition of multiple strokes rather than increasing the519

complexity of individual strokes.520

5 Related Work521

5.1 Computational Analysis of Hieroglyphs522

Hieroglyphs, such as OBS and Dongba, encode523

meaning primarily through structural composition,524

distinguishing them from purely phonetic char-525

acters (see Appendix F for details). Early com-526

putational approaches often treated them as dis-527

crete text via standardized codes (Morioka, 2015;528

Lu, 2019), while more recent work shifts towards529

visual-centric methods that often formulate the530

problem as image classification to address pixel-531

level patterns via Convolutional Neural Networks532

(CNNs) (Liu et al., 2020, 2024; Zhou et al., 2025).533

The emphasis on structures naturally aligns hi-534

eroglyph analysis with sketch learning, which mod-535

els abstract line drawings and skeleton patterns (Ha 536

and Eck, 2017; Singer et al., 2020; Aksan et al., 537

2020). In both domains, semantic context is pri- 538

marily conveyed by compositional layouts and po- 539

sitioning of strokes, driving methods to prioritize 540

line-based input over texture or appearance (Yu 541

et al., 2017; Jia et al., 2020). These motivate us to 542

further explore stroke-structure representations for 543

hieroglyph and logograph analysis. 544

5.2 Stroke-based Language Modeling 545

Stroke-based modeling captures internal character 546

structures in hieroglyphic and logographic writing 547

systems to provide structural and compositional 548

inductive biases for language modeling (Nguyen 549

et al., 2020). Previous work encodes characters 550

as stroke sequences or sub-character embeddings 551

via neural encoders (Cao et al., 2018; Xiong et al., 552

2021), demonstrating advantages over purely sym- 553

bolic representations, and proving effective for 554

downstream tasks such as Named Entity Recog- 555

nition (NER) (Cao et al., 2018; Yi et al., 2023), 556

character recognition (Chen et al., 2023; Huang 557

et al., 2025), and Neural Machine Translation 558

(NMT) (Wang et al., 2022). Building on these, 559

recent work further integrates stroke-related visual 560

features with MLLMs for ancient hieroglyph recog- 561

nition (Chen et al., 2025). 562

However, these methods largely depend on 563

handcrafted stroke annotations and predefined 564

stroke labels (Assael et al., 2022; Sommerschield 565

et al., 2023), limiting scalability and generaliza- 566

tion across diverse writing systems. Contrastly, our 567

HieroSA is annotation-free, scalable, and general- 568

izable across languages. 569

6 Conclusion 570

In this paper, we propose HieroSA, a novel and 571

generalizable framework that enables MLLMs to 572

autonomously derive stroke-level structures from 573

character bitmaps without manual annotations. We 574

conduct extensive experiments on modern logo- 575

graphic and ancient hieroglyphic writing systems 576

and demonstrate that HieroSA robustly generalizes 577

across diverse writing systems without linguistic 578

priors. It also achieves consistent advancements 579

in downstream tasks such as OCR and structure- 580

based character exploration. Results and case study 581

highlight the potential of HieroSA as a scalable 582

tool for the computational linguistic analysis and 583

decipherment of hieroglyphic scripts. 584
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Limitations585

While our framework demonstrates strong perfor-586

mance across multiple hieroglyphic scripts, several587

limitations remain. First, the quality of the learned588

stroke-level representations can be affected by vari-589

ability in structural complexity and geometric noise590

in the training data. Developing more effective data591

curation and structure-aware denoising strategies592

could further improve robustness. Second, due to593

computational constraints, our experiments are con-594

ducted with moderate-scale models and datasets.595

Training larger models with more diverse data may596

further enhance representation quality and gener-597

alization. Third, our current framework adopts598

a single-model setting; incorporating ensemble-599

based strategies could help stabilize predictions600

and improve overall performance. Finally, while601

our method enables structure-guided character ex-602

ploration, the identification of the most informative603

exploration results still relies on a limited degree604

of manual inspection. Future work could investi-605

gate automatic filtering or ranking mechanisms to606

streamline exploration and improve usability.607
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A Examples of Stroke Coverage823

Estimation824

Table 7 presents examples of polygonal coverage825

regions estimated for individual strokes. Across826

Chinese, Japanese, and Oracle Bone Script char-827

acters, the estimated regions accurately reflect the828

spatial extent of individual strokes. The results in-829

dicate that the proposed method remains effective830

even in the presence of complex stroke geometries,831

such as curved strokes and stroke intersections.832

B Data Curation833

Our datasets consist solely of bitmap images gen-834

erated from SVG glyphs in font files, as well as835

publicly available datasets of hieroglyphic charac-836

ter images. No additional annotations are used. In837

this section, we describe the construction of the838

training set and the test set.839

B.1 Training Set Curation840

Our training dataset includes Chinese characters,841

Japanese Kanji, and OBS. For Chinese, we se-842

lect 2,000 characters. For each character, bitmap843

images are rendered from SVG glyphs of six844

Chinese font families: SimHei, KaiTi, SimLi,845

Microsoft YaHei, SimYou, and SimSun, result-846

ing in a total of 12,000 images. For Japanese Kanji,847

we follow the same procedure using six Japanese848

font families: M PLUS 1p, Zen Maru Gothic,849

Klee One, Zen Kurenaido, Noto Sans Japanese,850

and Noto Serif Japanese. For OBS, we collect851

character images from the undeciphered subset of852

the HUST-OBC dataset (Wang et al., 2024).853

B.2 Test Set Curation854

Our test set is curated following the same pro-855

cedure as the training set, with all font fami-856

lies and character identities disjoint from those857

used for training. For Chinese, test images are858

rendered from SVG glyphs of two font families,859

JinNianYeYaoJiaYouYa and Source Han Sans,860

with 500 characters sampled from each font, re-861

sulting in a total of 1,000 test images. For862

Japanese Kanji, we follow the same setting, us-863

ing As Winter Comes and BIZ UDPGothic, with864

500 characters per font and 1,000 images in to-865

tal. For OBS, the test set consists of 1,000 images866

collected from the deciphered subset of the HUST-867

OBC dataset (Wang et al., 2024).868

Examples of Estimated Coverages of Strokes
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Table 7: Examples of estimated polygonal coverage
regions for individual strokes across Chinese (ZH),
Japanese (JA), and Oracle Bone Script (OBS) characters.
For visualization clarity, the original images are cropped
to highlight the target regions. Blue curves indicate the
strokes, while green polygons denote the corresponding
estimated coverage regions.

β rs ↑ CO (%)↑ IS (%)↓

0.0625 0.172 19.3 34.3
0.1250 0.186 22.0 45.2
0.2500 0.166 19.4 42.6
0.5000 0.158 17.8 47.1
1.0000 0.130 14.8 60.6

Table 8: Effect of the format reward coefficient β. Ex-
periments are conducted on the Chinese training set for
100 training steps. rs denotes the stroke representation
reward defined in Section 2.2.3. Other metrics follow
the definitions used in Table 1.

C Training Details 869

We train models with a batch size of 32, a rollout 870

size of 8, and a learning rate of 1 × 10−6. The 871

training hyperparameters are fixed to D = 0.05, 872

λ = 1.3, α = 0.1, and β = 0.125. All models are 873

trained on each training set for approximately 22 874

hours using 8 × NVIDIA A800 (80GB) GPUs. 875

Ablation studies for α and β are presented in Sec- 876

tion 4.1 and Appendix D, respectively. Ablations 877

for D and λ are not conducted due to the lack of 878

directly comparable quantitative metrics; however, 879

qualitative examples are provided in Appendix A. 880

D Effect of Format Reward Coefficient 881

We analyze the effect of the format reward coef- 882

ficient β in GRPO training, as described in Sec- 883

tion 2.3. Results under different values of β are 884

reported in Table 8. As shown in the table, both 885

12



β RE↑ CO (%)↑ IS (%)↓

w/o Coordinate System 0.277 19.8 50.9
w/ Coordinate System 0.311 22.0 45.2

Table 9: Effect of the overlaid coordinate system. Ex-
periments are conducted on the Chinese training set for
100 training steps. Metric definitions follow those used
in Table 1.

overly small and overly large values of β lead to886

degraded training performance. In practice, we se-887

lect β = 0.125, which achieves the highest stroke888

representation reward rs.889

E Effect of Overlaid Coordinate System890

We analyze the effect of incorporating the overlaid891

coordinate system, as described in Section 3.1. The892

results are reported in Table 9. As shown in the ta-893

ble, introducing the coordinate system consistently894

improves performance across all evaluated metrics.895

F Early Hieroglyphic Writing Systems896

Early hieroglyphic writing systems vary widely in897

form and function across historical and cultural898

contexts. Compared to modern writing systems,899

these scripts preserve rich pictographic elements,900

making visual structure central to their interpreta-901

tion. In this work, we focus on Oracle Bone Script,902

Dongba script, and Egyptian Hieroglyphs—three903

representative writing systems originating from an-904

cient Chinese and Egyptian civilizations (see Ta-905

ble 10 for a comparison).906

F.1 Oracle Bone Script907

Oracle Bone Script (OBS), dating back to the908

Shang Dynasty, is one of the earliest known writ-909

ing systems in ancient China. As noted by Guan910

et al. (2024), OBS is characterized by a distinctive911

visual and topological structure, with symbols that912

closely reflect pictorial representations of objects,913

actions, and concepts. The script exhibits a high914

degree of visual variability and structural complex-915

ity, where meaning is often conveyed through the916

spatial arrangement and configuration of strokes.917

These properties make visual structure a fundamen-918

tal component in the interpretation of OBS glyphs.919

F.2 Dongba Script920

The Dongba script, used by the Naxi people in Yun-921

nan Province, China, is widely regarded as the only922

living pictographic writing system in the world923

(Yang, 2012). Dongba manuscripts are organized924

as spatially structured visual compositions rather 925

than strictly sequential inscriptions, with glyphs 926

arranged across a two-dimensional plane to con- 927

vey meaning. Interpretation therefore depends on 928

the relative spatial placement and visual relation- 929

ships among symbols, rather than on a fixed read- 930

ing order. A defining property of Dongba is its 931

visual compositionality, whereby semantic distinc- 932

tions are expressed through graphic variation at the 933

stroke level. Glyph meaning can be modified by 934

adding, removing, or altering visual components, 935

allowing related concepts to be represented through 936

systematic pictorial transformations. 937

F.3 Egyptian Hieroglyphs 938

Egyptian hieroglyphs served as the formal writing 939

system of ancient Egypt and constitute a complex 940

logophonetic system (Allen, 1951), rather than a 941

collection of simple drawings. Although hiero- 942

glyphs are organized under a standardized classifi- 943

cation scheme known as Gardiner’s Sign List, this 944

system primarily serves as a descriptive taxonomy 945

of glyph forms. The interpretation of signs and 946

inscriptions depends not only on categorical mem- 947

bership, but also on visual context, including shape, 948

orientation, and spatial arrangement of glyphs. 949

G Details for Structure-guided Character 950

Exploration Experiment 951

G.1 Data Curation 952

We conduct character exploration experiments on 953

Oracle Bone Script (OBS), Dongba script, and 954

Egyptian hieroglyphs. For OBS, we use all im- 955

ages in the HUST-OBC dataset (Wang et al., 956

2024) sourced from HWOBC, which provides 957

glyph images with high visual clarity. For the 958

Dongba script, we render glyph images from 959

the BabelStone Naxi4 font and additionally in- 960

clude 100 images manually cropped from Dong- 961

baMIE (Bi et al., 2025). DongbaMIE mainly 962

provides paragraph-level images, from which we 963

manually select and crop clear single-glyph in- 964

stances, excluding samples that contain multi- 965

ple overlapping glyphs. For Egyptian hiero- 966

glyphs, we render character images using the 967

Noto Sans Egyptian Hieroglyphs5 font. 968

4https://www.babelstone.co.uk/Fonts/Naxi.html
5https://fonts.google.com/noto/specimen/Noto+

Sans+Egyptian+Hieroglyphs
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Script Origin Region Type Status

Oracle Bone Script ∼1600 BC China (Shang) Pictograph Extinct
Dongba Script ∼7th Century China (Yunnan) Pictograph Living
Egyptian Hieroglyphs ∼3200 BC Egypt Logophonetic Extinct

Table 10: Comparison of the early hieroglyphic writing systems used in our experiments.

G.2 Experimental Details969

Our character exploration process consists of two970

stages: generating perturbed query images by mask-971

ing strokes and matching characters based on the972

cosine similarity of CLIP (Radford et al., 2021)973

image embeddings.974

Each query is defined by an image I and a set of975

valid strokes S =
{(

pk
s ,p

k
e

)}n
k=1

, where pk
s ,p

k
e ∈976

R2 denote the start and end points of the k-th stroke,977

generated by HieroSA (Chinese).978

We first compute the midpoint of each stroke as979

pk
m =

pk
s + pk

e

2
. (18)980

To generate a stochastic masking pattern, we sam-981

ple a masking center c uniformly from
{
pk
m

}n
k=1

.982

For each stroke, we compute its Euclidean distance983

to the center,984

dk =
∥∥∥pk

m − c
∥∥∥
2
, (19)985

and define a distance-decayed weight986

wk = exp

(
−dk

τ

)
, (20)987

where τ > 0 is a temperature parameter control-988

ling the spatial locality of masking. We set τ = 0.4989

throughout our experiments. To normalize the over-990

all masking strength, we rescale the weights by991

their mean,992

w̃k = wk/

(
1

n

n∑
k=1

wk

)
, (21)993

and obtain the stroke-wise discard probability994

pk = clip(ρ w̃k, 0, 1) , (22)995

with base discard rate ρ ∈ (0, 1). We set ρ =996

0.5 throughout our experiments. Each stroke is997

then independently masked according to zk ∼998

Bernoulli(pk), where zk = 1 indicates that the999

stroke
(
pk
s ,p

k
e

)
is masked. We mask the corre-1000

sponding polygonal coverage regions of the se-1001

lected strokes to obtain a perturbed image I (z).1002

For a candidate pool of character images D = 1003

{Jm}Mm=1, which consists of all characters from the 1004

same writing system in our experiment, we com- 1005

pute cosine similarity between masked query and 1006

each candidate using CLIP image embeddings6, 1007

stm = sim
(
I(zt), Jm

)
, (23) 1008

where t indexes the masking trial. We repeat the 1009

masking-and-scoring process for T = 3 indepen- 1010

dent trials and aggregate the similarities as 1011

s̄m = max
({

stm
}T
t=1

)
. (24) 1012

The final matched results are obtained by ranking 1013

candidates by s̄m and selecting the top-5 matches. 1014

Our baseline ranks the candidate pool 1015

D = {Jm}Mm=1 by the CLIP cosine similarity 1016

sim(I, Jm) and selects the top-5 candidates. 1017

Compared to the baseline, our proposed stochastic 1018

masking procedure introduces localized, structure- 1019

aware perturbations at the stroke level. As a result, 1020

the matching process is biased toward identifying 1021

characters that differ in identity while sharing 1022

salient structural properties with the query, as 1023

observed in our experimental results. 1024

H More Cases of Structure-Guided 1025

Character Exploration 1026

Additional examples of structure-guided character 1027

exploration are presented in Table 11. 1028

I Details for Optical Character 1029

Recognition Experiment 1030

In this experiment, we examine whether the stroke- 1031

structure representations parsed by HieroSA can 1032

improve OCR performance. 1033

We curate datasets using the same font fam- 1034

ilies as those in the Chinese and Japanese 1035

test sets. We select 1,000 characters ren- 1036

dered from JinNianYeYaoJiaYouYa (Chinese) 1037

and As Winter Comes (Japanese) for OCR train- 1038

ing. For evaluation, we use the same 1,000 char- 1039

acter identities rendered from Source Han Sans 1040

6We employ the version clip-vit-large-patch14-336.
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Query Direct Image-based Matching Results Stroke-Derived Masked Image Matching Results

Oracle Bone Scripts

1

2

3

Dongba Pictographs

4

5

6

Egyptian Hieroglyphs

7

8

9

Table 11: More cases of structure-guided character exploration.

OCR Setting Chinese Japanese AVG

Zero-shot 66.4 63.2 64.8
Trained w/o Stroke Rep 88.9 75.8 82.4
Trained w/ Stroke Rep 89.7 77.3 83.5

Table 12: OCR accuracy under different training set-
tings. Stroke representations are generated by Hi-
eroSA (Chinese) and are consistently applied to both
the OCR training and test sets.

(Chinese) and BIZ UDPGothic (Japanese). We en-1041

sure that the characters used for OCR are disjoint1042

from those used for HieroSA training. The OCR1043

task uses paired image-character supervision, and1044

the model outputs the corresponding character se-1045

quence in text form.1046

We fine-tune Qwen3-VL-4B for the OCR task1047

under different settings, with or without additional1048

stroke representations. All OCR models are trained1049

for two epochs under the same configuration for1050

fair comparison.1051

Quantitative results are reported in Table 12. As 1052

shown in the table, fine-tuning substantially im- 1053

proves OCR performance over the zero-shot setting. 1054

Furthermore, incorporating stroke-structure repre- 1055

sentations consistently leads to additional perfor- 1056

mance gains on both Chinese and Japanese datasets, 1057

indicating that the parsed stroke information pro- 1058

vides complementary structural cues beyond raw 1059

visual features. 1060

J LLM Usage Statement 1061

Throughout the preparation of this manuscript, 1062

LLMs are used exclusively for spelling and gram- 1063

matical error checking. They are not employed 1064

for any other purposes, including the generation 1065

of research ideas or the validation of the proposed 1066

methods or experimental results. 1067

15


	Introduction
	Method
	Stroke Representation
	Reward Design for Stroke Representation
	Valid Stroke Identification
	Single-Stroke Coverage Estimation
	Reward Aggregation

	Training Paradigm

	Experiments
	Implementations
	Main Results
	Results on Downstream Tasks
	Structure-guided Character Exploration
	Optical Character Recognition


	Analyses
	Effect of Penalty for Invalid Strokes
	Effect of Number of Stroke Points

	Related Work
	Computational Analysis of Hieroglyphs
	Stroke-based Language Modeling

	Conclusion
	Examples of Stroke Coverage Estimation
	Data Curation
	Training Set Curation
	Test Set Curation

	Training Details
	Effect of Format Reward Coefficient
	Effect of Overlaid Coordinate System
	Early Hieroglyphic Writing Systems
	Oracle Bone Script
	Dongba Script
	Egyptian Hieroglyphs

	Details for Structure-guided Character Exploration Experiment
	Data Curation
	Experimental Details

	More Cases of Structure-Guided Character Exploration
	Details for Optical Character Recognition Experiment
	LLM Usage Statement

