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Abstract

Deciphering scanned Oracle Bone Script (OBS)
images into corresponding modern Chinese
characters is a crucial step in AI-assisted OBS
decipherment. As a highly pictographic writing
system, OBS often embeds semantic informa-
tion in glyph forms, making its decipherment
depend on more than visual similarity alone.
However, how to effectively exploit such glyph-
meaning cues and how to make the decipher-
ment process interpretable remain challeng-
ing. To this end, we propose an LVLM-based
framework that bridges glyphs and meanings
through structured glyph analysis. Specifically,
we introduce a progressive training strategy that
guides the model from radical analysis to picto-
graphic analysis and finally to mutual analysis,
enabling it to capture semantic information em-
bedded in OBS glyphs. The generated textual
analyses serve as both interpretable reasoning
traces and explicit evidence for retrieving cor-
responding modern Chinese characters from a
dictionary. We also construct the Pictographic
Decipherment OBS Dataset (PD-OBS), which
provides detailed radical and pictographic anal-
yses to support glyph-analysis learning and
dictionary-based retrieval. Experiments on
OBS benchmarks demonstrate the strong zero-
shot capability of our method, especially its
substantially improved Top-10 accuracy on un-
seen OBS, highlighting its ability to provide
reliable and interpretable candidate references
for AI-assisted archaeological and historical
studies. The code and dataset will be released
at https://github.com/PKXX1943/PD-OBS.

1 Introduction

Oracle Bone Script (OBS), one of the earliest ma-
ture writing systems, preserves valuable evidence
of early human civilization. Recent studies have
increasingly focused on mapping scanned OBS
images to corresponding modern Chinese charac-
ters (Guan et al., 2024b; Jiang et al., 2024; Li et al.,
2025a), a crucial task for AI-assisted OBS decipher-

ment that addresses a fundamental and challenging
step in the broader process of OBS Decipherment.
However, this task remains difficult due to the rar-
ity, abstraction, and diversity of OBS glyphs, espe-
cially in real scenarios where models must general-
ize to unseen characters and provide interpretable
evidence for expert verification. For easier read-
ing, we explain core OBS terms including glyph,
radical and pictographic analysis in Appendix A.1.

Existing deep learning-based methods have sub-
stantially advanced OBS decipherment. As sum-
marized in Figure 1, current approaches mainly
fall into three paradigms: classification-based,
composition-based, and diffusion-based methods.
Classification-based methods (Guo et al., 2022;
Luo et al., 2023; Zheng et al., 2024; Gan et al.,
2023; Lin et al., 2022; Jiang et al., 2023) perform
well in closed-set settings, but they cannot handle
unseen OBS classes. Composition-based methods
(Shi et al., 2025; Wang et al., 2024b; Hu et al.,
2024, 2025) improve zero-shot capability and pro-
vide coarse structural cues by decomposing glyphs
into sub-components and reassembling predictions.
Diffusion-based methods (Guan et al., 2024b; Li
et al., 2023) further enhance recognition accuracy
and zero-shot capability through conditional con-
trol and sampling strategies.

However, these advances still leave two key
questions underexplored: how to effectively ex-
ploit the semantic clues embedded in OBS glyph
forms, especially for unseen characters, and how to
make the decipherment process interpretable. Prior
studies (Qiao et al., 2024; Li et al., 2025a) have
shown that radicals often convey basic semantic
cues, while pictographic forms are often closely
related to meaning. Motivated by this observa-
tion, we propose an LVLM-based framework that
bridges OBS glyphs and meanings through struc-
tured glyph analysis. Specifically, we propose a
progressive training strategy that guides the model
from radical analysis to pictographic analysis and
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finally to mutual analysis, allowing it to progres-
sively capture the rich semantic information em-
bedded in OBS glyphs. Based on the generated
analysis contents, we further introduce a Radical-
Pictographic Dual Matching mechanism to retrieve
candidate decipherments from a dictionary. By
grounding predictions in explicit analysis evidence,
our method improves generalization while ensuring
an interpretable and reliable decipherment process.

Such structured glyph analysis requires re-
sources that go beyond image-label pairs, includ-
ing fine-grained glyph-meaning annotations and a
reliable retrieval dictionary. To this end, we con-
struct the Pictographic Decipherment OBS Dataset
(PD-OBS), which provides detailed radical and pic-
tographic analyses for 3,173 OBS classes and ex-
pands them into a 47,157-character dictionary for
evidence-based retrieval. By linking OBS glyphs,
semantic analyses, and modern Chinese candidates,
PD-OBS supports our analysis-to-retrieval frame-
work and offers a reusable benchmark for future
research on OBS decipherment and glyph analysis.

Our main contributions are as follows:

• We propose an interpretable LVLM-based
framework for OBS decipherment that bridges
glyphs and meanings through progressive rad-
ical, pictographic, and mutual analysis.

• We construct the PD-OBS dataset with multi-
ple OBS images and related ancient and mod-
ern characters, annotated with detailed radical
and pictographic analyses, providing a well-
structured benchmark for OBS research.

• Our method demonstrates strong zero-shot de-
cipherment ability, especially with substan-
tially higher Top-10 accuracy on unseen OBS
characters, enabling it to provide reliable can-
didate sets as interpretable references for AI-
assisted archaeological and historical studies.

2 Related Work

2.1 Oracle Bone Script Datasets

With the expansion of digitized resources, numer-
ous high-quality OBS datasets (Li et al., 2020;
Hu et al., 2025; Han et al., 2020; Huang et al.,
2019; Yue et al., 2022; Chen et al., 2025; Li et al.,
2026, 2025b; Diao et al., 2025) have been re-
leased. Since Oracle-20K (Guo et al., 2016), data
volume and quality have improved significantly.
Currently, HUST-OBC (Wang et al., 2024a) and

EVOBC (Guan et al., 2024a) are the most widely
adopted benchmarks: HUST-OBC collects 77,064
deciphered and 62,989 undeciphered images across
1,588 classes, derived from books, websites, and
prior datasets; EVOBC contains 229,170 images
spanning 13,714 classes across six historical script
stages, collected from authoritative literature and
websites. Both datasets serve as the primary data
sources for constructing our PD-OBS dataset and
as benchmarks for experimental evaluation.

2.2 Oracle Bone Script Decipherment

Classification model-based approaches (Meng,
2017; Zhou et al., 1995; Zheng et al., 2024; Lin
et al., 2022; Jiang et al., 2023; Fujikawa et al.,
2021; Dosovitskiy et al., 2021; Li et al., 2026,
2025b; Diao et al., 2025) for OBS decipherment
have demonstrated performance comparable to
or even surpassing that of human archaeologists
in the closed-set setting. Enhanced Inception-
V3 (Guo et al., 2022) employs convolutional at-
tention modules to improve decipherment based
on a CNN backbone, while the Pyramid Graph
Transformer (Gan et al., 2023) integrates a pyramid-
structured ViT with skeleton graph representations,
attaining state-of-the-art closed-set results.

However, classification-based methods fail to
handle unseen OBS classes, limiting their ap-
plicability to undeciphered characters. Wang et
al. (Wang et al., 2024b) decompose OBS structural
components and align them with modern Chinese
radicals, though significant glyph structure discrep-
ancies result in limited accuracy. The diffusion-
based methods (Guan et al., 2024b; Li et al., 2023)
achieves remarkable accuracy via conditional char-
acter generation, yet suffers from instability and
a lack of interpretability. OracleSage (Jiang et al.,
2024) is the first LVLM-based method for OBS
analysis, but remains suboptimal and unreliable
due to insufficient exploitation of glyph features
and dictionary resources. These limitations high-
light the need for a method that jointly addresses
generalization, interpretability, and accuracy. To
this end, we propose a novel LVLM-based frame-
work, along with a large pictographic decipherment
dataset, to advance OBS decipherment.

3 Pictographic Decipherment OBS
Dataset

Dataset Collection. To alleviate the challenge
of applying LVLMs to OBS decipherment, we in-
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Figure 1: Qualitative summary of three existing paradigms and our paradigm for OBS decipherment. “Poor /
Medium / Good” reflects trends in Table 1: Accuracy and Zero-shot correspond to the validation and zero-shot
metrics. Interpretability is defined by the level of intermediate analysis: no interpretable cues (Poor), coarse
structural hints (Medium), and fine-grained reasoning (Good).

troduce the Pictographic Decipherment OBS (PD-
OBS) dataset to train LVLMs with the capability
for analyzing radicals and pictographics, which
is crucial for OBS decipherment. PD-OBS com-
prises 47,157 Chinese characters: 3,173 charac-
ters are associated with OBS images from HUST-
OBC(Wang et al., 2024a) and EVOBC(Guan et al.,
2024a); 10,968 characters are provided with an-
cient Clerical Script images from glyph reposito-
ries(Jerry); and all characters are accompanied by
modern regular script images from Han Dian(Han
Dian, 2004-2025). Each character is further anno-
tated with detailed radical and pictographic anal-
ysis texts closely related to its semantic meaning.
The original annotations are in Chinese due to the
inclusion of numerous ancient and modern Chinese
characters, but have been translated into English
throughout this paper.

Dataset Annotation. The annotation process
is conducted in three stages, as illustrated in Fig-
ure 2. First, radical labels, definitions, and explana-
tions are retrieved from Shuowen Jiezi(Shen, 1963)
(an ancient Chinese dictionary) and the authorita-
tive dictionary Han Dian(Han Dian, 2004-2025).
Second, the acquired radical labels and explana-
tions are associated with each character’s modern,
ancient, and OBS forms, with a powerful com-
mercial LVLM further enriching the radical labels
and summarizing the analysis contents based on
the referenced glyph images. Finally, automated
self-checking with commercial LVLM and manual
review are performed to correct non-standard or
inaccurate annotations.

Dataset Usage. PD-OBS is utilized in two key
stages of our method. We construct multi-modal,
multi-turn dialogue training samples by pairing

[Shuowen Jiezi] To break wood. The character “si” below means “to 
split.” The character “po” below states “one meaning is to split.” The 
Book of Songs frequently mentions splitting firewood …

[Handian] Ideographic character. Composed of “wood” and “axe.” 
Using an axe to split wood. Original meaning: to split, to chop wood …

Dictionary Definition

The radical “木” (wood) typically represents things related to trees or 

woods. In the current character form, it represents wood being chopped or 
split, indicating that the character's definition is related to timber.

Radical Analysis

(a) Visual data & Reference Information

(b) Character Annotation

Ancient FormOBS

GPT

Enriching &
Summarizing

Self-checking &
Manual review 

Character Form Radical Label

The character form pictographically depicts the action of splitting wood 
with an axe, representing the meaning of splitting or breaking apart.

Pictographic Analysis

Figure 2: The demonstration of our data engine.

OBS images with corresponding modern character
labels, enhancing the LVLM’s basic capacity to un-
derstand OBS glyphs. We also group all characters
by radical tags and encode character annotation
texts into feature vectors using BERT (Devlin et al.,
2019), forming a Chinese character–pictograph
analysis dictionary D for matching and verifying
decipherment outputs. More details are presented
in the Appendix A.2.

4 Method

4.1 Framework

Our framework is built upon Qwen2.5-VL-7B (Bai
et al., 2025), sharing the same vision encoder and
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Figure 3: The framework of our method. I is used to indicate the Radical Recognition stage, and II is used to
indicate the Radical-Pictographic Mutual Analysis stage, while III is used to indicate Radical-Pictographic Dual
Matching.

LLM module. As illustrated in Figure 3, we intro-
duce a spatial patch merger as the visual adapter
and a classifier to predict the radical label. We also
propose a radical LoRA module ϕrad and a picto-
graphic LoRA module ϕpic (Hu et al., 2021) to an-
alyze the corresponding information. Furthermore,
we design a progressive training—starting from
radical recognition (Sec. 4.2), followed by radical
and pictographic analysis (Sec. 4.3), and culmi-
nating in mutual analysis—to gradually lead the
model to bridge the gap between glyphs and mean-
ings of OBS. Finally, we propose a novel radical-
pictographic dual matching mechanism (Sec. 4.4)
to select the appropriate modern Chinese characters
from the database as the decipherment result. More
details of spatial patch merger, batch sampling, and
LoRA training are provided in Appendix A.3.

4.2 Radical Recognition

In this stage, we aim to adapt the vision encoder to
the unique visual style of OBS and to predict radi-
cal labels that will serve as critical cues for down-
stream reasoning. For this purpose, we designed
a spatial patch merger as a visual adapter, which
downsamples the visual embeddings to obtain a
representative feature vector for classification tasks.
In addition, we design a triplet loss (Schroff et al.,
2015) based on the Euclidean distance to explicitly
improve the differentiation of feature vectors with
different radicals.

Specifically, we implement a sampling strategy
to ensure that each batch contains at least two sam-
ples for each radical class. During training, for each
sample in the batch, we designate its feature vector
vn as an anchor sample, then select a positive sam-

ple v+
n (i.e., a sample with the same radical label)

and a negative sample v−
n (i.e., a sample with a

different radical label). Let d+n = ∥vn − v+
n ∥2 and

d−n = ∥vn − v−
n ∥2 denote the Euclidean distances

to the positive and negative samples, respectively.
The triplet loss is as follows:

Ltrip =
1

N

N∑︂

n=1

max
(︁
d+n − d−n + α, 0

)︁
(1)

where N is the number of triplets in the batch and
α is the margin hyperparameter.

Regarding the classifier, we use the cross-
entropy loss Lce to optimize it. Therefore, the
whole loss function Lstage1 of this stage can be
shown as follows:

Lstage1 = Lce + γLtrip, (2)

where γ is a hyperparameter used to balance the
two items.

4.3 Radical-Pictographic Mutual Analysis
To bridge glyphs and meaning in OBS, we design
a progressive glyph analysis process to facilitate
the decipherment task. Specifically, we introduce
a progressive training procedure, beginning with
radical analysis, where the radical is predicted in
the radical recognition stage. In both OBS and
ancient Chinese characters, radicals often deter-
mine the basic semantics of characters, as illus-
trated by the Q1&A1 in Figure 4. Therefore, we
train the model’s radical analysis capability with a
large number of radical–analysis Q&A pairs con-
structed from the PD-OBS dataset. Next, we guide
the model to perform a pictographic analysis for
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Q2: What scene the oracle bone script pictographically
depicts and what meaning it represents.

Q3: Based on the radical analysis, please re-examine your 
pictographic analysis.

A3: !𝒂𝒋𝒐𝒊𝒏𝒕 Radical-Informed Pictographic Analysis
A hand holding meat and other offerings being presented 
on an altar, representing the sacrifice or ritual worship. ✅

Accurate Analysis Error Analysis

祭
Label

Q1: !𝒓 Radical Label "示". What semantic 
relationship might this radical represent? 

A1: !𝒂𝒓𝒂𝒅 Radical Analysis Sacrificial or ritual activities.

A2: !𝒂𝒑𝒊𝒄 Pictographic Analysis
A scene of the sun being obscured by clouds and vegetation 
appearing withered, representing the cold winter season. ❌

Used for C2

Used 
for C1  

Figure 4: The workflow of radical-pictographic mutual
analysis.

the entire character to analyze the meaning embed-
ded in the full character glyph, as shown by the
Q2&A2 in Figure 4.

In our observations, direct pictographic analysis
of LVLM may yield erroneous results, likely due
to the lack of prior knowledge or the overall ab-
stract nature of the script, as shown in the A2 of
Figure 4. Therefore, we design a mutual analysis as
the final step, which informs the pictographic anal-
ysis with insights from radical analysis, resulting
in more accurate character meanings. Specifically,
we employ radical analysis ârad and pictographic
analysis âpic as contextual information, prompt-
ing LVLM to re-examine pictographic analysis and
generate the radical-informed pictographic analysis
âjoint as illustrated by Q3&A3 in Figure 4. This
enables the model to explicitly consider the basis
of radical-implicated information, thereby mitigat-
ing the difficulty of directly analyzing the entire
character. More qualitative examples of mutual
analysis are provided in Appendix A.6.1

During training, we initialize the visual encoder
with the weights from the previous stage, freezing
the shallow layers to retain low-level features while
fine-tuning the deeper layers for high-level seman-
tic adaptation. In addition, we introduce a radical
LoRA module ϕrad and a pictographic LoRA mod-
ule ϕpic (Hu et al., 2021), the former for radical
analysis while the latter for pictographic and mu-
tual analysis. The training data consists of Q&A
pairs from PD-OBS dataset, as shown in Figure 4,
and the loss function employed is the cross-entropy
loss commonly used in LVLM training.

Algorithm 1 Radical-Pictographic Dual Match-
ing
Require: Dictionary D
D = {(ri,arad,i,apic,i,ajoint,i, yi)}Ni=1

Require: Model output (r̂, ârad, âpic, âjoint)
Require: Parameter k (Topk)
Require: S(·, ·): Semantic similarity via BERT-Score.
1: // Filtered Matching
2: Drad ← {i | ri = r̂}
3: C1 ← Top-k in Drad by S(apic,i, âpic)
4: // Joint Matching
5: C2 ← Top-k in {1, . . . , N} by

S(arad,i ⊕ ajoint,i, ârad ⊕ âjoint)
6: // Dual Matching
7: C ← C1 ∪ C2

8: R← Top-k in C by similarity scores
9: return {yi | i ∈ R}

4.4 Radical-Pictographic Dual Matching

For each test character, previous stages produce
four intermediate outputs: predicted radical label
r̂, radical analysis ârad, pictographic analysis âpic,
and radical-informed pictographic analysis âjoint.
Single-path retrieval may suffer from error accu-
mulation: an incorrect radical may exclude the
target, while noisy pictographic analysis may re-
trieve wrong semantic neighbors. Thus, we pro-
pose Radical-Pictographic Dual Matching, an error-
tolerant fusion mechanism over complementary
radical and pictographic evidence.

As shown in Algorithm 1, given the dictionary
D = {(ri,arad,i,apic,i,ajoint,i, yi)}Ni=1, where yi
denotes a modern Chinese character, we first build
a filtered matching set C1 by selecting the Top-k
entries with ri = r̂ according to S(apic,i, âpic),
computed by BERT-Score (Zhang et al., 2020). We
then build a joint matching set C2 by selecting
the Top-k entries from D according to S((arad,i ⊕
ajoint,i), (ârad ⊕ âjoint)). Finally, we merge and re-
rank C1 ∪C2 to obtain Top-k decipherment results.
Additional ablations and robustness analyses of
Dual Matching are provided in Appendix A.5.

5 Experiments

5.1 Implementation Details

All training and evaluation experiments are con-
ducted on 8 NVIDIA RTX 4090 GPUs. We ini-
tialize our model with the pretrained weights of
Qwen2.5-VL-7B. During the radical recognition
stage, we set the learning rate to 5e-4, batch size
N to 8, and train for 5 epochs. The hyperparame-
ters γ and α in the loss functions are set to 5 and
0.25, respectively. For the radical-pictographic mu-
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Method
Validation (Seen-OBS Recognition) Zero-shot (Unseen-OBS Decipherment)

HUST-OBC EVOBC HUST-OBC EVOBC

Classification model-based
InceptionV3 (Guo et al., 2022) 74.4 / 76.9 62.4 / 64.5 - / - - / -
ViT (Dosovitskiy et al., 2021) 79.2 / 81.7 72.7 / 74.2 - / - - / -
PyGT (Gan et al., 2023) 84.3 / 87.6 78.1 / 81.2 - / - - / -

Composition-based
PPP (Wang et al., 2024b) 76.8 / - 72.4 / - 13.6 / - 19.1 / -

Commercial LVLM
GPT-4.1 (OpenAI, 2024) 6.0 / 10.4 4.5 / 8.4 5.3 / 7.3 4.3 / 9.2
Qwen-VL-Max (Bai et al., 2025) 4.8 / 6.6 4.1 / 5.6 2.0 / 2.5 4.0 / 6.2
Gemini-2.5-Pro 6.3 / 13.9 5.1 / 10.4 5.0 / 8.6 6.2 / 15.0
GPT-5 (OpenAI, 2025) 7.2 / 16.1 5.3 / 12.5 6.4 / 9.8 6.0 / 14.3

Diffusion-based
OBSD (Guan et al., 2024b) 66.8 / 72.9 71.2 / 77.9 18.3 / 27.5 30.4 / 50.5
BBDM (Li et al., 2023) 55.8 / 59.5 60.3 / 62.1 8.0 / 14.1 19.5 / 29.5

Ours 80.6 / 87.8 76.3 / 81.7 16.8 / 53.7 33.3 / 64.1
Improvement -3.7 / +0.2 -1.8 / +0.5 -1.5 / +26.2 +2.9 / +13.6

Table 1: Each cell reports Top-1 / Top-10 accuracy (in %). Zero-shot results are primary metric, as they evaluate
generalization to unseen OBS. The best and second-best results are respectively marked in bold and underlined.
Improvement represents the performance gains achieved by our method compared to the existing best method.

tual analysis stage, we use a learning rate of 5e-5,
batch size of 4, and train for 4,000 steps. AdamW
(Loshchilov and Hutter, 2019) is used as the op-
timizer. The radical LoRA ϕrad and pictographic
LoRA ϕpic are configured with a dropout rate of
0.05 and 0.25, respectively, and both use rank and
alpha values of 32.

5.2 Datasets and Evaluation Metrics
We perform experiments on the commonly used
HUST-OBC (Wang et al., 2024a) and EVOBC
(Guan et al., 2024a) datasets. Following prior OBS
studies (Guan et al., 2024b; Li et al., 2023), we
evaluate zero-shot generalization on held-out deci-
phered characters, which provides a reproducible
approximation of unseen-character scenarios while
avoiding the subjectivity and cost of expert valida-
tion on truly undeciphered cases. We select 200
character classes from each dataset as the zero-shot
test sets. The remaining data are randomly split
into training and validation sets in a 9:1 ratio to
assess the OBS recognition capabilities.

We use Top-k accuracy as an evaluation metric,
as in previous work (Guan et al., 2024b; Gan et al.,
2023; Jiang et al., 2024), which is usually used in
diverse classification tasks (Luo et al., 2023; Lin
et al., 2022). To evaluate the interpretability of
the model, we quantify the consistency between
the analyzes content generated and the annotations.

Inspired by evaluation practices in image caption-
ing (Galliena et al., 2025; Wang et al., 2022) and
abstractive summarization (Liu et al., 2022), we
adopt ROUGE-L (Lin, 2004), METEOR (Baner-
jee and Lavie, 2005), and BERT-Score (Zhang
et al., 2020) to provide a complementary and holis-
tic assessment of the generated analyzes.

5.3 Main Results
Decipherment Result. We conduct comprehen-
sive comparisons as shown in Table 1. It should
be clarified that in OBS decipherment research, the
primary evaluation focus is the zero-shot setting
(Guan et al., 2024b; Li et al., 2025a), which reflects
a model’s ability to handle previously unseen char-
acters—the core difficulty in real archaeological
scenarios. By contrast, validation performance pri-
marily indicates recognition capabilities for seen
characters rather than decipherment ability, serving
as a secondary auxiliary metric. We adopt Incep-
tionV3 (Guo et al., 2022), ViT (Dosovitskiy et al.,
2021), and PyGT (Gan et al., 2023) as classifica-
tion model-based baselines, and OBSD (Guan et al.,
2024b) and BBDM (Li et al., 2023) as diffusion-
based methods. In addition, we include strong
commercial LVLMs, GPT-4.1 (OpenAI, 2024),
Qwen-VL-Max (Bai et al., 2025), Gemini-2.5-Pro
(Gemini Team, Google, 2025), and GPT-5 (Ope-
nAI, 2025) for comparison. However, commercial
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Method HUST-OBC EVOBC

Validation Zero-shot Validation Zero-shot

Qwen2.5-VL-7B 0.355 / 0.358 / 0.694 0.309 / 0.301 / 0.651 0.341 / 0.350 / 0.683 0.337 / 0.348 / 0.679
Qwen-VL-Max 0.391 / 0.402 / 0.705 0.335 / 0.334 / 0.656 0.378 / 0.383 / 0.698 0.359 / 0.355 / 0.682
GPT-4.1 0.465 / 0.477 / 0.737 0.407 / 0.412 / 0.675 0.429 / 0.434 / 0.714 0.413 / 0.419 / 0.709
Gemini-2.5-Pro 0.486 / 0.501 / 0.745 0.421 / 0.419 / 0.712 0.436 / 0.447 / 0.713 0.529 / 0.538 / 0.749
GPT-5 0.572 / 0.575 / 0.783 0.470 / 0.468 / 0.725 0.520 / 0.521 / 0.755 0.498 / 0.501 / 0.740

Ours 0.914 / 0.907 / 0.946 0.550 / 0.525 / 0.794 0.887 / 0.884 / 0.937 0.576 / 0.586 / 0.849

Table 2: Interpretability performance comparison between different methods based on the ROUGE-L / METEOR /
BERT-Score.

LVLMs perform poorly in both settings, with Top-1
accuracy consistently below 8%, highlighting their
limited capability to understand OBS. On the val-
idation set, although our method yields slightly
lower Top-1 accuracy than the best classification
model-based baseline (e.g., PyGT), it achieves the
highest Top-10 accuracy, demonstrating superior
capability in generating high-quality candidates.
In the more important and challenging zero-shot
scenario, our method exhibits notably strong perfor-
mance: It remains competitive in Top-1 accuracy
with the SOTA method OBSD and significantly out-
performs all methods in Top-10 accuracy, surpass-
ing the second-best method by 26.2% on HUST-
OBC and 13.6% on EVOBC. These results confirm
our method’s strong generalization and transfer-
ability to unseen OBS, highlighting its potential
value in assisting the recognition of undeciphered
OBS in archaeological research. Detailed baseline
discussions and the commercial LVLM evaluation
protocol are provided in Appendix A.4.

Interpretability Performance. We employ
Rouge-L (Lin, 2004), METEOR (Banerjee and
Lavie, 2005), and BERT-Score (Zhang et al., 2020)
to measure the similarity between the analysis text
of Top-1 outputs and the ground truth text from
the dictionary D. We evaluate LVLMs, includ-
ing Qwen2.5-VL-7B, Qwen-VL-Max, GPT-4.1,
Gemini-2.5-Pro, and GPT-5, and compare their av-
erage performance with our method. As shown in
Table 2, our method significantly outperforms the
powerful commercial LVLM GPT-5 and Gemini-
2.5-Pro across three metrics. This result indicates
that the analysis generated by our method is more
reliable and informative.

5.4 Ablation Study

More detailed ablations on matching mechanisms,
Top-K settings, dictionary scale, and incorrect radi-

Method Valid. ZS

Vision Encoder of Qwen 92.7 87.1
+ Our Radical Recognition 93.6 88.3
+ LoRA-based Recognition 80.1 69.8

Table 3: Radical recognition accuracy (in %) of dif-
ferent model variants on the HUST-OBC dataset with
validation (Valid.) and zero-shot (ZS) settings.

Method Validation Zero-shot

Top-1 Top-10 Top-1 Top-10

Qwen2.5-VL-7B 1.4 1.4 0.2 0.2
+ Pictographic Analysis 52.4 52.4 1.6 1.6
+ Rad&Pic Mutual
Analysis

60.3 61.4 5.2 5.4

+ Radical Recognition 64.2 64.2 6.6 6.6
+ Dual Matching 80.6 87.8 16.8 53.7
+ joint Matching C2 69.1 80.5 14.9 45.8

Table 4: Top-1 and Top-10 accuracy (in %) of our model
and its variants on HUST-OBC dataset.

cal prediction are reported in Appendix A.5.
Ablation on Radical Recognition Stage. We

use the original vision encoder of Qwen2.5-VL-
7B (Bai et al., 2025) as the baseline, and incor-
porate our radical recognition module or a LoRA-
based recognition method. Our method introduces
a spatial patch merger and the loss function Ltrip

on top of the baseline vision encoder, resulting in
improvements of 0.9% and 1.2% accuracy on the
validation and zero-shot settings, respectively, as
shown in Table 3. The LoRA-based recognition
method merges the recognition stage with the radi-
cal analysis process and training with LoRA-based
fine-tuning. The results indicate that this method
leads to a significant drop in radical recognition ac-
curacy and introduces substantial errors in radical
analysis, thus, we retain radical recognition as an
independent stage in our method.
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Data 
Type

OBS
Image GT OBSD Top-3

Results
Our Top-3

Results Radical Analysis (Ours) Pictographic Character
Form Analysis (Ours)

#Validation

吹 [吹]  [呚]  [咬] [吹]  [喝]  [唤]
Radical “⼝” is related to the mouth or 

openings; in the current character form it 
symbolizes an open mouth

A person opening their mouth and forcefully 
exhaling air, representing the action of 

blowing

逐 [逐]  [隧]  [遃] [逐]  [追]  [ ]
Radical “⾡” is related to walking or running; 
in the current character form it represents the 

footsteps of a person running

A pig running with another person chasing 
behind it, representing the meaning of pursuit 

and driving away

陟 [陟]  [徏]  [涉] [陟]  [隥]  [ ]
Radical "⻖" indicates hillsides or elevated 

terrain, in the current character form it 
represents steps

A person walking step by step up stairs, 
representing the meaning of climbing or 

ascending

#Zero-shot

春 [春]  [舂]  [㫪] [春]  [䁈]  [晴]
Radical “⽇” indicates the sun, in the current 

character form it represents sunshine
A scene of plants growing and all things 

reviving under the radiant sunshine, 
representing the arrival of spring

穆 [穆]  [䅟]  [穇] [ ]  [⽲]  [穆]
Radical “⽲” is related to crops and 

agricultural plants; in the current character 
form it symbolizes ripe rice grains

A mature grain plant, representing the meaning 
of a bountiful harvest

姀 [婇]  [妚]  [妹] [姀]  [媃]  [嫀]
Radical “⼥” is related to feminine qualities, 
in the current character form it represents a 

working woman

A woman working in wheat fields, representing 
the virtuous qualities of women being 

diligent and thrifty in managing households.

司 [可]  [司]  [刁] [司]  [后]  [   ]
Radical “⼝” is related to the mouth or 

openings; in the character form it symbolizes 
a person speaking

An ancient official reading a proclamation, 
expressing the meaning of management and 

execution

叟 [宥]  [宕]  [宂] [叜]  [𠬝]  [叟]
Radical “⼜” indicates hands; in the current 
character form it appears as the image of a 

hand grabbing something

A hand holding a staff, representing the 
meaning of an elderly elder

[⼦]  [予]  [于] [巡]  [冘]  [   ]
Radical “⼮” is related to rivers, unrelated 
to the current character's pictographic 

meaning

A person walking around, representing the 
meaning of patrol or inspection.

Figure 5: Visualization of the decipherment results and the interpretable content. Green rectangles and fonts indicate
correct results and content, while red rectangles and fonts indicate errors. The leftmost item of the OBSD Top-3
results represents the corresponding modern Chinese character image generated by this method.

Ablation on the Analysis and Matching Strate-
gies.

We take Qwen2.5-VL-7B (Bai et al., 2025) as
the baseline and incrementally add each compo-
nent, as shown in Table 4. Pictographic Analy-
sis fine-tuning (+ Pictographic Analysis) greatly
improves validation performance but still gener-
alizes poorly to zero-shot scenarios. Introducing
Radical-Pictographic Mutual Analysis (+ Rad&Pic
Mutual Analysis) further improves validation ac-
curacy, while the zero-shot gain remains limited.
Using radical recognition (+ Radical Recognition)
to guide mutual analysis brings similar incremental
improvements. These results indicate that direct
prediction still lacks sufficient generalization for
unseen characters, which is a common challenge
in zero-shot tasks (Yu et al., 2023). To mitigate
this, we replace direct prediction with the Radical-
Pictographic Dual Matching mechanism designed
for OBS. The final model with Dual Matching (+
Dual Matching) significantly improves zero-shot
performance. In addition, using only the joint
matching branch C2 (+ joint Matching C2) from
Algorithm 1 performs notably worse, further con-
firming the necessity of dual matching.

5.5 Qualitative Results

To demonstrate the performance and interpretabil-
ity of our method, Figure 5 compares our decipher-
ment results with OBSD (Guan et al., 2024b). Al-
though both methods predict correctly on validation

samples, our model generates more semantically
aligned Top-3 candidates by leveraging analysis
contents and shows stronger robustness in zero-shot
cases where OBSD fails on complex or infrequent
characters. Moreover, our radical and pictographic
analyses provide human-consistent explanations,
such as linking nü (woman radical) to feminine
qualities and ri (sun radical) to sunshine, thereby
justifying predictions and improving reliability.

Additional qualitative results, undeciphered-
character predictions, and cross-dataset visualiza-
tions are shown in Appendices A.6 and A.7.

6 Conclusion

In this paper, we address scanned OBS image deci-
pherment as a crucial step in AI-assisted OBS re-
search. We propose an LVLM-based interpretable
framework that bridges OBS glyphs and meanings
through progressive radical, pictographic, and mu-
tual analysis. To support structured glyph analy-
sis, we construct PD-OBS, a dataset with detailed
radical and pictographic annotations and a large-
scale dictionary for evidence-based retrieval. Ex-
periments demonstrate strong zero-shot candidate-
generation ability for unseen OBS characters, es-
pecially substantially improved Top-10 accuracy.
These results show the potential of our framework
to provide reliable and interpretable candidate refer-
ences for AI-assisted archaeological and historical
studies.
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Limitations

Our method has two main limitations. First, al-
though we use a dictionary with broad coverage
that includes rare characters as much as possible,
candidate retrieval may still fail when an OBS cor-
responds to an extremely rare modern Chinese char-
acter beyond the dictionary coverage. In such cases,
the model cannot provide a definitive prediction,
but can still offer interpretable radical and picto-
graphic analyses as references for experts. Second,
the current framework requires fine-grained anno-
tated data for supervised fine-tuning.
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A Appendix

A.1 Essential Terminology of OBS and
Chinese Characters

Oracle Bone Script (OBS) is an early Chinese writ-
ing system inscribed mainly on bones and shells. In
this paper, an OBS glyph refers to the visual form
of an oracle-bone character image, while a modern
Chinese character refers to its later standardized
written counterpart used as the decipherment target.
We use glyph form to describe the shape and struc-
ture of a character, rather than its pronunciation
or textual context. Because many OBS characters
preserve pictorial traces of concrete objects or ac-
tions, pictographic analysis refers to explaining
what scene, object, or action the glyph visually
depicts and what meaning it may imply.

In Chinese, the term "radical" encompasses two
distinct concepts: radical components (pianpang)
and the indexing radical (bushou). Radical compo-
nents denote the constituent elements of compound
Chinese characters, whereas the indexing radical
refers to the single representative component used
for character retrieval in dictionary compilation. In
our work, "radical" specifically refers to the unique
indexing radical of each character. Considering
the importance of the indexing radical (bushou)
in character retrieval due to their typical semantic
function, we adopt the indexing radical (bushou)
and its analysis as the key conditions for dictionary
matching.

A.2 More Details of PD-OBS Dataset
A.2.1 Annotation of the PD-OBS
We use GPT-4.1 as our commercial LVLM tool.
There is a substantial temporal gap between mod-
ern Chinese characters and oracle bone script. To
mitigate this impact, we introduce an intermedi-
ate script layer based on ancient characters and
use their philological analyses as auxiliary refer-
ence. This design provides GPT-4.1 with richer and
more reliable evidence, enabling it to produce more
faithful oracle-bone analyses and thereby support
the construction of a higher-quality decipherment
dataset. We instantiate this intermediate layer with
Clerical Script for two reasons: (1) the historical
emergence of Clerical Script is broadly contempo-
raneous with the compilation of the key reference
Shuowen Jiezi(Shen, 1963), so that its glyph forms
are naturally aligned with the dictionary analyses
we obtain; and (2) compared with earlier scripts
(such as bronze inscriptions), Clerical Script has a

substantially larger and more diverse surviving cor-
pus, offering broader coverage of character types.

Each Radical and Pictographic Analysis annota-
tion derived from GPT analysis and summarization
is re-input into GPT alongside modern character
forms, ancient character forms, and comprehen-
sive dictionary analyses (including all reference
information available from authoritative ancient
sources likes Shuowen Jiezi(Shen, 1963), Kangxi
Dictionary(Zhang and Chen, 1958), and Han Dian
Dictionary(Han Dian, 2004-2025)). The follow-
ing self-checks are then performed: a. Whether
the annotation description aligns with the charac-
ter form; b. Whether the annotation description
conflicts with dictionary analyses or contains in-
formation not covered by them; c. Whether the
annotation summarizes the dictionary analysis con-
tent. All problematic annotations are regenerated
and re-examined.

In addition, the final output undergoes man-
ual correction to further ensure annotation qual-
ity. Specifically, among all annotations modified
during the self-checking process, those exhibiting
substantial semantic shifts between the original and
revised versions are subject to manual review and
correction, accounting for approximately 10% of
the total samples. Furthermore, for samples where
dictionary reference content is limited or entirely
absent, we manually construct detailed and faith-
ful annotations through consultation of additional
authoritative sources, comprising approximately
0.3% of the total dataset.

A.2.2 Visualization of the PD-OBS Dataset
To provide a more intuitive demonstration of the
proposed dataset PD-OBS, we have visualized sev-
eral data cases in Figure 6. It is worth noting that,
for the sake of clarity, we have translated the anno-
tation information into English.

A.2.3 Annotation Participants
The annotations were completed by the authors.
No external participants were recruited, and no
payment or compensation was involved.

A.2.4 Licenses, Release, and Intended Use
PD-OBS is constructed from multiple existing
resources, including HUST-OBC (Wang et al.,
2024a), EVOBC (Guan et al., 2024a), Han
Dian (Han Dian, 2004-2025), the CJKV Old and
Ancient Chinese Character Glyph Database (Jerry),
Shuowen Jiezi (Shen, 1963), and the Kangxi Dic-
tionary (Zhang and Chen, 1958). HUST-OBC and
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Dictionary Definition (Reference)

Ancient FormOBS Radical Character

The radical “⽊” (wood) typically represents 
things related to trees or woods. In the 
current character form, it represents wood 
being chopped or split, indicating that the 
character's definition is related to timber.

Radical Analysis (Label)

The character form pictographically depicts 
the action of splitting wood with an axe, 
representing the meaning of splitting or 
breaking apart.

Pictographic Analysis (Label)

[Shuowen Jiezi] To break wood. The character “si” below 
means “to split.” The character “po” below states “one 
meaning is to split.” The Book of Songs frequently mentions 
splitting firewood. …

[Handian] Ideographic character. Composed of "wood" and 
"axe." Using an axe to split wood. Original meaning: to split, to 
chop wood. …

The radical “⼈” (person) typically 
represents things related to relation to 
humans or human actions and postures. In 
this character, it represents the posture of a 
person standing.

The character form pictographically depicts 
a person standing on tiptoe, representing the 
action of raising one's heels to see.

[Shuowen Jiezi] Raising the heels. It is formed through the 
semantic combination of ‘a person and a foot, representing the 
action of a person lifting their heels while standing. …

[Handian] Ideographic character. Composed of ”person" 
and ”foot." Standing on tiptoe to see; currently used to mean 
"to expect" or "to look forward to.”. …

Ancient FormOBS Radical Character

The radical “⾄” (reach) typically indicates 
the meaning of arriving or descending, 
directly related to the character form.

The character form pictographically depicts 
a bird flying down from the sky to the ground, 
representing the meaning of arriving or 
descending.

[Shuowen Jiezi] A bird flying down from the sky to the 
ground. The character contains the symbol of ground and 
pictographically represents downward flight, emphasizing 
the meaning of "descending.” …

[Handian] Pictographic character. it derives from earth, with 
the upper part also resembling the form of flying downward—
tail up, head down. Original meaning: to come, to arrive. …

Ancient FormOBS Radical Character

Dictionary Definition (Reference)

Radical Analysis (Label)

Pictographic Analysis (Label)

Dictionary Definition (Reference)

Radical Analysis (Label)

Pictographic Analysis (Label)

Figure 6: Visualization of the PD-OBS dataset.
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EVOBC are publicly released academic datasets
and are reused with attribution in accordance with
their stated licenses or terms. Han Dian and the
CJKV Old and Ancient Chinese Character Glyph
Database are used as online reference resources
for non-commercial academic research. Shuowen
Jiezi and the Kangxi Dictionary are classical Chi-
nese dictionaries whose underlying texts are in the
public domain, although modern digitized editions,
database structures, or webpage presentations may
be subject to their own terms.

Our goal is to make PD-OBS as openly reusable
as possible for academic research while respect-
ing the licenses and terms of the source artifacts.
For resources that permit redistribution or deriva-
tive academic use, we will release the correspond-
ing processed data with proper attribution. For
resources whose redistribution terms are unclear or
more restrictive, we will provide source references,
character identifiers, metadata, and reconstruction
scripts where possible, rather than redistributing
restricted raw contents. The newly created com-
ponents of PD-OBS, including our radical labels,
pictographic analyses, metadata, data splits, and
evaluation files, will be released under the CC BY-
NC 4.0 license for non-commercial academic re-
search. Third-party materials included in or refer-
enced by PD-OBS retain their original licenses and
attribution requirements. Therefore, PD-OBS is de-
signed as a fully reproducible and openly usable re-
source for academic research, with redistributable
components released directly and source-restricted
components made recoverable through references,
metadata, and reconstruction scripts.

PD-OBS is intended to support academic re-
search on ancient script analysis and AI-assisted
decipherment, and data derived from research-only
resources should not be used outside research con-
texts. Since PD-OBS consists of Chinese character
glyphs and philological annotation texts rather than
human-subject data, it does not contain personally
identifiable information (PII).

A.3 More Implementation Details

A.3.1 Radical Recognition Stage

The Spatial Patch Merger. In this stage, we in-
troduce the Spatial Patch Merger for feature down-
sampling. First, the OBS images are uniformly
resized to 224× 224, and patch embedding is per-
formed with the default patch size of 14× 14 fol-
lowing Qwen2.5-VL, ensuring that the Vision En-

coder outputs 256 tokens representing the visual
features of each OBS image. The Spatial Patch
Merger rearranges these tokens according to their
original spatial positions and then merges tokens
using the patch-merger module from Qwen2.5-VL,
which consists of an RMSNorm layer (Zhang and
Sennrich, 2019) and an MLP. Each merge opera-
tion reduces the number of tokens to one fourth
while keeping the channel dimension unchanged.
After four merge iterations, a unique global visual
token is obtained, which is then transformed into a
feature vector through an MLP.

Batch Sampling. To facilitate the computation
of the triplet loss function Ltrip, we designed a
specialized batch sampling method. First, OBS
samples are grouped by radical label indices. Then,
we randomly traverse all radical labels with a step
size of half the batch size, sampling two samples
per label. We mark sampled samples to prevent
duplicate sampling, allowing repeated sampling
only when the remaining samples for a radical label
are odd in number.

A.3.2 Training Details
Radical LoRA. When training the radical LoRA
module ϕrad, our training data Q&A pairs include
all OBS with radical analysis, even though some of
them are not strongly correlated with their charac-
ter semantics. This helps train the model to deter-
mine the role of radical information in the overall
semantic meaning of characters.

Pictographic LoRA. When training the picto-
graphic LoRA module ϕpic, we first perform a
warm-up phase for one epoch using pictographic
analysis Q&A pairs. The model outputs from this
warm-up phase, which usually contain incorrect
pictographic analyses, are then combined with rad-
ical analysis data from PD-OBS and the original
Q&A pairs to construct multi-turn dialogue data.
In the formal training stage, we mix these multi-
turn dialogues with the pictographic analysis Q&A
pairs as the training set. This strategy is crucial
for equipping the model with the capability for
Radical-Pictographic Mutual Analysis.

During the above two training stages, we freeze
the parameters of the first 16 layers of the visual
encoder and train the last 16 layers of the visual
encoder, the patch merger, and the LoRA modules.

In this section, we will provide additional expla-
nations focusing primarily on the Radical Recog-
nition stage and training details. Due to space con-
straints, these details were not elaborated upon in
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the main text.

A.4 Experimental Details and Baseline
Discussion

A.4.1 Discussion of Baselines

In this section, we further analyze existing meth-
ods, including those listed and unlisted in Table 1
of main text. When reporting the performance of
the baseline and our method, we used five differ-
ent random seeds and reported the average of the
results.

Classification-based Methods. As shown in
Table 1, the PyGT (Gan et al., 2023) slightly out-
performs our approach on the validation set. This
can be attributed to PyGT framing the task as a
closed-set classification problem, where a fixed
number of character classes significantly simpli-
fies the task. Consequently, classification-based
methods like PyGT may be considered incapable
of achieving true decipherment and have limited
potential for deciphering unknown characters; in-
stead, they are better suited for OBS recognition
tasks.

Diffusion-based Methods. Although our Top-
1 zero-shot accuracy on the HUST-OBC dataset
(Wang et al., 2024a) is slightly lower than that of
the OBSD method (Guan et al., 2024b), our ap-
proach exhibits a distinct advantage in Top-10 accu-
racy. Notably, in contrast to the instability of results
typically observed with diffusion-based methods,
our framework offers higher interpretability, en-
hancing the reliability of the outputs. In addition,
our method encompasses key archaeological pro-
cedures, including pictographic analysis, radical
analysis, and dictionary verification, thereby offer-
ing a more professional and interpretable solution.

Non-open-source Methods. As an LVLM-
based method, OracleSage (Jiang et al., 2024) re-
ported zero-shot Top-1 and Top-10 accuracies of
20.2% and 40.9%, respectively, on a dataset com-
posed of HUST-OBC and EVOBC. OracleFusion
(Li et al., 2025a) proposes structurally constrained
semantic typography for oracle bone script. It fuses
component/radical layout with semantic cues to
produce interpretable typography that supports de-
cipherment. Despite relevance, we have not yet
succeeded in fully reproducing these works, as the
source code for both methods remains unpublished
and certain experimental details are difficult to ob-
tain. This makes it challenging to incorporate them
into our comparative methodology.

A.4.2 The Evaluation of Commercial LVLM
To evaluate the performance of commercial LVLMs
in OBS decipherment task, we randomly select five
samples from the training set as test cases follow-
ing OracleSage (Jiang et al., 2024), enabling these
models to generate predictions through in-context
learning. Each sample comprises three elements:
an Oracle bone script image, its pictographic analy-
sis, and the deciphered result. Each prediction con-
sists of the ten most confidently predicted modern
Chinese characters alongside their corresponding
analysis content. To mitigate the impact of data
randomness, we conducted five evaluations and cal-
culated the average of the performances as the final
results.

A.4.3 Commercial LVLMs with PD-OBS
Matching

To examine whether the performance gain mainly
comes from dictionary access, we further evaluate
a dictionary-access variant of commercial LVLMs
as shown in Table 5. Specifically, we first prompt
each commercial LVLM to generate radical and
pictographic analysis texts for the input OBS im-
age, and then use the generated analysis texts as
queries for the same PD-OBS dictionary matching
mechanism. This setting gives commercial LVLMs
access to the same retrieval dictionary, while re-
placing our progressively trained glyph-analysis
model with their zero/few-shot analysis outputs.

As shown in Table 5, applying the PD-OBS
matching mechanism to commercial LVLM out-
puts does not improve over direct prediction in Ta-
ble 1. This suggests that the main bottleneck is not
dictionary access itself, but whether the generated
radical/pictographic analyses are aligned with the
PD-OBS annotation space. Unlike general-purpose
LVLMs, our model is progressively trained for rad-
ical, pictographic, and mutual analysis, making
its generated evidence more suitable for reliable
dictionary matching.

A.5 Additional Ablation and Robustness
Analysis

A.5.1 Hyperparameter Sensitivity
To validate the impact of hyperparameters α and
γ, we conducted a sensitivity analysis as shown
in the Table 6. We observe that small α makes
the triplet constraint insufficiently strong, leading
to weaker separation between visually similar rad-
icals, whereas an excessively large α introduces
optimization instability and degrades performance.
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Method Validation (Seen-OBS Recognition) Zero-shot (Unseen-OBS Decipherment)

HUST-OBC EVOBC HUST-OBC EVOBC

GPT-4.1 (OpenAI, 2024) + Matching 4.8 / 8.6 4.0 / 6.9 4.5 / 6.1 4.0 / 8.1
Qwen-VL-Max (Bai et al., 2025) + Matching 3.0 / 4.9 3.3 / 4.5 1.5 / 2.1 2.9 / 4.5
Gemini-2.5-Pro + Matching 5.9 / 11.2 5.0 / 9.7 4.8 / 7.9 5.5 / 13.8
GPT-5 (OpenAI, 2025) + Matching 6.4 / 14.5 5.1 / 11.7 6.1 / 9.0 5.8 / 12.8

Table 5: Performance of commercial LVLMs when their generated radical/pictographic analysis texts are used for
PD-OBS dictionary matching. Each cell reports Top-1 / Top-10 accuracy (%).

In addition, since γ controls the relative contribu-
tion of the triplet loss, α and γ need to be adjusted
jointly to ensure balanced optimization and prevent
either loss from dominating. The empirical trends
in the table support the choice of α =0.25 and γ=5
used in the main experiments.

Table 6: Sensitivity of α (rows) and γ (columns). Rad-
ical recognition accuracy (in %) on the HUST-OBC
dataset with validation (Valid.) and zero-shot (ZS) set-
tings

α\γ 1 5 10

0.1 92.0 / 86.5 92.2 / 86.8 92.7 / 87.1
0.25 93.1 / 87.7 93.6 / 88.3 91.4 / 87.9
0.5 91.2 / 86.1 89.4 / 84.5 88.9 / 83.2

A.5.2 Ablation on Dual Matching
To further validate the effectiveness of Radical-
Pictographic Dual Matching, we compared it with
different matching mechanisms, namely Filtered
matching using C1 and Joint matching using C2

as defined in Algorithm 1. As shown in Table
7, both mechanisms perform worse than Radical-
Pictographic Dual Matching. This is primarily due
to potentially inaccurate pictographic analysis in
Filtered matching using C1, while Joint matching
using C2 may result in more failure cases on sam-
ples where radicals are weakly correlated with char-
acter meaning.

A.5.3 Robustness to Radical Recognition
Errors

To further validate the robustness of the model’s
multi-stage learning, we conducted experiments to
investigate its performance when radical recogni-
tion errors occur, as shown in the Table 8. These
results confirm that even when the radical recogni-
tion stage is incorrect, the model still succeeds in
many cases. Specifically, when radical prediction
errors occur, the proposed model still maintains
Top-10 accuracy rates of 32.20% and 47.70% on
HUST-OBC and EVOBC, respectively.

Table 7: Decipherment accuracy (in %) under different
matching mechanisms.

Matching Mechanism HUST-OBC EVOBC

Valid. ZS Valid. ZS

Filtered Matching using C1 66.6 8.8 64.6 10.3
Joint Matching using C2 69.1 14.9 73.1 27.6
Rad&Pic Dual Matching 80.6 16.8 76.3 33.3

Table 8: Decipherment Top-10 accuracy in the zero-shot
setting with correct & wrong radical recognition result.
The total numbers of zero-shot test samples are 1328
for HUST-OBC and 1616 for EVOBC.

Dataset Correct /
Wrong

Top-10
Acc.

(Correct)

Top-10
Acc.

(Wrong)

HUST-OBC 1157 / 171 56.90% 32.20%
EVOBC 1461 / 155 65.80% 47.70%

A.5.4 Top-K Parameter Analysis

As shown in Table 9, the zero-shot accuracy of our
method significantly improves as we incorporate
more characters into the candidate set, achieving
a remarkably high accuracy at the Top-50. This
result demonstrates that the Radical-Pictographic
Dual Matching mechanism can effectively select
the appropriate character sets. Although expand-
ing the candidate set may increase the workload,
it may enhance the probability of successful deci-
pherment by providing human experts with a more
comprehensive reference.

A.5.5 Dictionary Scale Study

In practice, only a limited subset of over 100,000
Chinese characters has achieved widespread circu-
lation and possesses well-defined meanings. There-
fore, selecting an appropriate candidate dictionary
for oracle bone script decipherment is crucial. Un-
der the PD-OBS dataset setting, the matching dic-
tionary comprises 47,157 Chinese characters docu-
mented in the Kangxi Dictionary (a Chinese dictio-
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Table 9: Decipherment accuracy (in %) under different
Top-k settings. The Valid. and ZS indicate validation
and zero-shot settings.

Top-k HUST-OBC EVOBC

Valid. ZS Valid. ZS

Top-1 80.6 16.8 76.3 33.3
Top-5 86.0 39.3 79.8 56.0
Top-10 87.8 53.7 81.7 64.1
Top-50 92.1 74.2 88.0 80.2
Top-100 94.4 82.5 91.2 89.7

Table 10: Decipherment Top-10 accuracy (in %) under
different dictionary scales. The Valid. and ZS indicate
validation and zero-shot settings.

Dict. Scale HUST-OBC EVOBC

Valid. ZS Valid. ZS

7000 59.6 31.9 65.7 48.2
10000 73.7 39.3 79.5 59.8
20902 86.5 51.8 83.9 66.4
27928 88.3 54.1 82.2 64.5
47157 87.8 53.7 81.7 64.1

nary).
We constructed four additional subset dictio-

naries: 7,000 commonly used Chinese characters,
10,000 commonly used characters including known
oracle bone script decipherment results, 20,902
Unicode-supported characters, and 27,928 charac-
ters encompassing known oracle bone script deci-
pherment results and Unicode Extension characters.
We evaluated the Top-10 decipherment accuracy of
our method under different dictionary scales.

As demonstrated in Table 10, larger candidate
dictionaries do not necessarily yield superior re-
sults; instead, candidate dictionaries with scales
ranging from 20,000 to 30,000 characters prove
more suitable. This indicates a trade-off relation-
ship between decipherment accuracy and potential
recall rate. Despite a slight performance loss, we
adopted the Kangxi Dictionary as the PD-OBS dic-
tionary and reported the experimental results based
on it in the main text, owing to its reliability and
authority.

A.6 Qualitative Analysis

A.6.1 Mutual Analysis and Dual Matching
Figure 7 visualizes the detailed process of
Radical-Pictographic Mutual Analysis and Radical-
Pictographic Dual Matching. The left part presents
the Radical-Pictographic Mutual Analysis content:

Table 11: Decipherment performance Top-1 / Top-10
(in%) on cross-dataset benchmarks.

Method OBI-125
(rubbing)

Oracle-50K
(Valid.)

Oracle-50K
(ZS)

OBSD 43.1 / 49.7 54.8 / 62.4 20.5 / 25.6
Ours 46.2 / 60.3 55.3 / 72.5 19.7 / 34.8

Radical Analysis, Pictographic Analysis, and the
Radical-Informed Pictographic Analysis. The right
part displays the Top-3 candidate characters from
Filtered Matching C1 and Joint Matching C2. The
final Top-k matching results are obtained by aggre-
gating and re-ranking the candidate characters from
C1 and C2 according to their respective BERT-
Score value (Zhang et al., 2020). In the cases I
and II, mutual analysis successfully rectifies errors
originating from pictographic analysis, demonstrat-
ing its effectiveness and rationality. In the case III,
the final deciphering result remained unaffected
despite the introduction of unreasonable content
during the radical analysis phase. This resilience
comes from the error tolerance achieved through
the Filtered Matching C1, which is enabled only by
pictographic analysis. In Case IV, even when rad-
ical recognition fails, the model analyzes the role
of radicals in character and utilizes pictographic
and mutual analysis to mitigate the impact of erro-
neous information, thereby obtaining the accuracy
of decipherment results.

A.6.2 Interpretable Content
Figure 8 displays the interpretable outputs from
three LVLM-based methods, including our method.
We employed BERT-Score (Zhang et al., 2020) to
calculate the similarity between model outputs and
ground truth annotations, evaluating the reliability
of these interpretable contents as a qualitative sup-
plement to Table 2. In Case I, where all models pro-
vided correct decipherment results, our method’s
analysis demonstrated the highest similarity with
both PD-OBS annotations and authoritative Chi-
nese dictionary definitions (Dictionary Definition).
In Cases II, III, and IV, our model demonstrates
more precise interpretability compared to models
that predict correctly, and more reasonable expla-
nations and deciphering compared to models that
predict incorrectly.

A.6.3 More visualization results
Figure 10 visualizes additional analysis and deci-
pherment results of our method, with the OBSD
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Q2: What scene the oracle bone script pictographically

depicts and what meaning it represents.

Q3: Based on the radical analysis, please re-examine your 

pictographically analysis.

A3: ෝ𝒂joint Radical-Informed Pictographic Analysis

A hand holding meat and other offerings being presented 

on an altar, representing the sacrifice or ritual worship.

祭 Q1: ො𝐫 Radical Label "示". What semantic 

relationship might this radical represent? 

A1: ෝ𝒂rad Radical Analysis Sacrificial or ritual activities.

A2: ෝ𝒂pic Pictographic Analysis

A scene of the sun being obscured by clouds and vegetation 

appearing withered, representing the cold winter season.

示

Sacrificial or 

ritual activities示

Sacrificial or 

ritual activities示

廾 Both hands 

holding

祭

禦

示

祡

Celestial scene of the sun, moon and stars hanging from 

the sky, symbolizing heaven's revelation of auspicious and 

inauspicious signs.

A symbolization of impending disaster, representing 

calamity or transgression.

A scene of burning firewood on a ritual altar, representing 

the act of burning offerings to worship heaven.

A hand holding meat and other offerings 

being presented on an altar, representing 

the sacrifice or ritual worship

A knelling person raising sacrificial 

offerings upward, representing the sacrifice 

or ritual worship.

Both hands holding meat offerings over an 

ancient goblet-liked container, symbolizing 

sacrificial ceremonial vessels.

Score: 1.00

Score: 0.92

Score: 0.86

Score: 0.72

Score: 0.69

Score: 0.68

Label 

𝑪𝟏

𝑪𝟐

Q2: What scene the oracle bone script pictographically

depicts and what meaning it represents.

Q3: Based on the radical analysis, please re-examine your 

pictographically analysis.

A3: ෝ𝒂joint Radical-Informed Pictographic Analysis

A person holding a hammer and striking downward 

forcefully, representing striking actions.

㱿 Q1: ො𝐫 Radical Label "殳". What semantic 

relationship might this radical represent? 

A1: ෝ𝒂rad Radical Analysis Weapons and tools .

A2: ෝ𝒂pic Pictographic Analysis

The action of cutting grain crops with handheld tools, 

representing crop harvesting.

殳

Sacrificial or 

ritual activities殳

Sacrificial or 

ritual activities殳

殳 Both hands 

holding

㱿

穀
A scene of reaping crops using agricultural implements, 

symbolizing cereal grains.

A scene of reaping crops using agricultural implements, 

symbolizing cereal grains.

Harvesting crops and removing weeds with a 

sickle in a wheat field, representing the act of 

cutting plants..

Striking downward forcefully with a hammer, 

depicting the motion of hitting while also 

symbolizing the solidity of objects.

Striking downward forcefully with a 

hammer, depicting the motion of hitting 

while also symbolizing the solidity of objects.

The action of striking objects upward with 

tools, depicting the motion of striking or 

driving back.

Score: 0.89

Score: 0.89

Score: 0.83

Score: 0.91

Score: 0.91

Score: 0.78

Label 

𝑪𝟏

𝑪𝟐

㱽

(a) Radical-Pictographic Mutual Analysis (b) Radical-Pictographic Dual Matching

Q2: What scene the oracle bone script pictographically

depicts and what meaning it represents.

Q3: Based on the radical analysis, please re-examine your 

pictographically analysis.

A3: ෝ𝒂joint Radical-Informed Pictographic Analysis

A person transporting supplies from outside into a 

warehouse, representing the act of preservation and saving.
.

倉 Q1: ො𝐫 Radical Label "人". What semantic 

relationship might this radical represent? 

A1: ෝ𝒂rad Radical Analysis Human-behavioral related.

A2: ෝ𝒂pic Pictographic Analysis

An architectural form with a roof, an entrance and internal 

structures, representing a warehouse for grain storage.

人

Sacrificial or 

ritual activities人

Sacrificial or 

ritual activities人

人 Both hands 

holding

儲

倉
An architectural form with a roof that stores large 

quantities of grain inside, representing a granary.

A general outline of a warehouse, representing a granary. 

A person stacking items in a warehouse, representing 

the act of preservation and saving.

A person stacking items in a warehouse, 

representing the act of preservation and 

saving.

A person piling up wealth / possessions, 

representing the act of saving and 

accumulating.

People gathering together to collect and 

store food and supplies, representing the act 

of  saving and storage.

Score: 0.88

Score: 0.83

Score: 0.88

Score: 0.84

Label 

𝑪𝟏

𝑪𝟐

偫

仺

儲

Score: 0.93

儧

Score: 0.92

Q2: What scene the oracle bone script pictographically

depicts and what meaning it represents.

Q3: Based on the radical analysis, please re-examine your 

pictographically analysis.

A3: ෝ𝒂joint Radical-Informed Pictographic Analysis

A funnel-shaped water container with handles on both ends, 

representing a measuring tool and a unit of volume.

升 Q1: ො𝐫 Radical Label “一". What semantic 

relationship might this radical represent? 

A1: ෝ𝒂rad Radical Analysis Not related to character form.

A2: ෝ𝒂pic Pictographic Analysis

A funnel-shaped water container with handles on both ends, 

representing a measuring tool and a unit of volume.

一

Not related to 

character form十

斗

一 Not related to 

character form

斗

A vessel with a wide middle and narrow neck and base, 

representing an ancient wine container.

A pot-shaped container with handles on both sides of the 

open top, representing an ancient type of water kettle.

A flat vessel with legs, representing an ancient type of 

low table.

A funnel-shaped water container with a 

long straight handle, representing a 

measuring tool and a unit of volume.

A special water container with an opening on 

the left end and a handle on the right side, 

representing a measuring tool of volume.

A pot-shaped container with handles on both 

sides of the open top, representing an 

ancient type of water kettle.
Score: 0.84

Score: 0.79

Score: 0.69

Label 

𝑪𝟏

𝑪𝟐 升

丌

Score: 0.88

Score: 0.82

Container or

volume related

Score: 0.87

Ⅳ.

Ⅰ.

Ⅱ.

Ⅲ.

Figure 7: Visualization of Radical-Pictographic Mutual Analysis and candidate sets C1 & C2 in Dual Matching.
Green rectangles and checkmarks indicate correct contents and results.
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OBS

The outline of an eye, including the 

eye socket and pupil, representing  

the human eye organ.

PD-OBS Label

Dictionary Definition

Ours BERT-Score: 0.96/0.86

The outline of an eye, with the outer 

contour representing the eye socket and 

the inner part resembling the pupil, 

representing  the human eye organ.

[[Handian] Pictographic 

Character. Original meaning: eyes; 

vision related; …

[Shuowen Jiezi] “目” refers to the 

human eye and is a pictographic 

character, its shape resembling a 

child’s eye. It can be extended to 

mean items, entries, or categories. 

All characters related to “目” are 

derived from it. ….

Label

The shape of an “eye”. The outer frame 

is oval or rectangular, symbolizing the 

eye socket, and the internal dividing 

lines represent the eyeball. It stands for 

the human eyes. 

A rough depiction of an eye. The 

original meaning of the character is 

"eye" or relates to vision.

GPT4.1 BERT-Score: 0.92/0.82

Qwen-VL-Max BERT-Score: 0.90/0.82

OBS

A mat for sitting or an ancient 

table used for holding objects, 

symbolizing support, reliance, 

or a temporary state.

PD-OBS Label

Dictionary Definition

Ours BERT-Score: 0.91/0.80

A long, strip-shaped object representing 

something placed under utensils like a 

mat, which was extended to mean 

bearing or relying on something.

[[Handian] Pictographic 

Character. Original meaning: be 

going to; temporary; moreover; …

[Shuowen Jiezi] “且” refers to a 

mat (jianxi), and its character form 

consists of “几” (table) and two 

horizontal lines, symbolizing 

being grounded and steady.By 

extension of its function, it also 

conveys the meaning of support or 

reliance. …

Label

GPT4.1 BERT-Score: 0.83/0.78

Qwen-VL-Max BERT-Score: 0.74/0.69

A person standing upright on the ground. 

The upper part resembles a person‘s head 

and body and the lower part appears as 

two feet standing on the ground. It 

symbolizes the meaning of standing.

A multi-layered rack with a vertical 

structure, featuring partitions in the 

middle and a flat base, representing 

tables and platforms.

OBS

Picking fruits from a tree by hand, 

representing the act of picking and

harvesting.

PD-OBS Label

Dictionary Definition

Ours BERT-Score: 0.95/0.84

A hand picking fruits and leaves from a 

small plant, representing the act of 

picking and harvesting.

[[Handian] Pictographic Character. 

Original meaning: harvesting;

picking; distinguishing; . …

[Shuowen Jiezi] “采” refers to the 

action of gently picking or plucking 

using the fingers or fingertips. The 

upper part resembles a hand, while 

the lower part depicts a tree and its 

fruits, representing harvesting. 

Extended meaning includes 

distinguishing, …

Label

The upper part represents a sickle, while 

the lower part depicts rice plants. The 

overall image illustrates the scene of a 

sickle harvesting grain, symbolizing the 

sharpness of the blade.

The act of grabbing fruits from a tree, 

which is extended to mean picking and 

plucking.

GPT4.1 BERT-Score: 0.71/0.64

Qwen-VL-Max BERT-Score: 0.93/0.83

OBS

The image of using a large

container or cloth to wrap up two 

scattered objects, representing a 

very small quantity.

PD-OBS Label

Dictionary Definition

Ours BERT-Score: 0.89/0.77

A person holding only two remaining 

possessions in his arms, representing the 

meaning of a small quantity of items.

[[Handian] Pictographic Character. 

Original meaning: small; uniform; 

evenness…

[Shuowen Jiezi] “勻” refers to 

small quantity, with “勹”(wrapper) 

symbolizing a curved human figure 

to indicate wrapping, and “二”(two) 

representing that what is wrapped is 

not much, thus explaining the idea 

of a small quantity. Extended

meaning includes evenness, …

Label

GPT4.1 BERT-Score: 0.67/0.60

Qwen-VL-Max BERT-Score: 0.69/0.59

Tall walls surround towns and villages, 

with palaces and towers standing on 

elevated ground, representing a large 

city or a country.

The image of a person bowing their 

head, with the top structure representing 

a hat or hair and two eyes on the face 

drooping downward, symbolizes the 

meaning of submission or surrender.

Ⅳ.

Ⅰ. Ⅱ.

Ⅲ.

Figure 8: Visualization of interpretable outputs from LVLM-based methods. Green rectangles and texts indicate
correct contents and results. The two BERT-Score values correspond to: the similarity score between the model
outputs and the PD-OBS label / the similarity score between the model outputs and the authoritative dictionary
definition.

method used for comparison. The visualization
results further demonstrate the effectiveness and
robustness of the proposed method on multiple val-
idation set samples and zero-shot samples. We also
demonstrated a failed zero-shot case due to an error
in pictographic analysis.

A.6.4 Results on Undeciphered Characters
As shown in Figure 11, we represent decipher-
ment outputs for previously undeciphered char-
acters. For each character, we show the Top-4
decipherment results and the related analysis con-
tents. We will subsequently publish all prediction
results of the model for undeciphered characters,
and open-source both the model and dataset to sup-
port research in this field.

A.7 Extended Generalization Results
A.7.1 Cross-dataset Results
To validate the cross-dataset generalization of the
proposed model, we also conducted experiments on
the Oracle-50K dataset (Han et al., 2020) as shown
in Table 11. The proposed method achieved highly

competitive Top-1 accuracy and markedly superior
Top-10 accuracy. These experimental results collec-
tively validate the effectiveness and generalization
of the proposed approach.

A.7.2 Rubbing-form Results
To validate the cross-form generalization capabil-
ity and practical application value of the proposed
model, we further conducted verification on the
Rubbing form OBI-125 dataset (Yue et al., 2022)
as shown in Table 11. Experiments demonstrate
that even without training on rubbing data, the pro-
posed model maintains competitive Top-1 accuracy
and significantly outperforms method OBSD in
Top-10 accuracy when confronted with rubbing
data containing substantial noise. In addition, the
visualization results are shown in Figure 9 to
demonstrate the deciphering process of our method
for rubbing data.

A.8 The use of large language models

Large Language Models (LLMs) were only used to
assist with grammar checking of the manuscript. In

32672



OBS

Image
GT Top-3 Result (OBSD)

Top-3 Results 

(Ours)
Radical Analysis (Ours)

Pictographic Character

Form Analysis (Ours)

贞 [贞]  [页]  [貞] [貞]  [贞] [禎]
Radical “贝" is related to currency, 

transactions, or shellfish creatures; in the 
character form it symbolizes shells

Using shells for divination activities, 
representing the meaning of divination and 

observation

未 [未]  [末]  [耒] [未]  [枖] [木]
Radical “木” is related to trees or plants, in 
the current character form it symbolizes a 

big tree

A tree with flourishing branches and foliage, 
representing the state of a tall, vigorously 

growing tree. 

雨 [局]  [易]  [居] [雨] [㲾] [𠕒]
Radical “雨” indicates rain or related 

weather phenomena, directly relevant to 
the character form.

A scene of rainwater falling from the sky, 
representing rainfall

王 [忭]  [汰]  [似] [立] [𡗓] [侸]
Radical “立” represents a standing posture 
or an upright state, directly relevant to the 

character form.

A person standing on the ground with feet apart, 
expressing the meaning of standing upright or 

being established. 

Figure 9: Visualization of extended decipherment results for rubbing form data from OBI-125 dataset.

some cases, minor wording suggestions from the
LLM were adopted to improve clarity and readabil-
ity. No part of the research ideation, experimental
design, data analysis, or results interpretation relied
on LLMs.
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Data 

Type

OBS

Image
GT Top-3 Result (OBSD)

Top-3 Results 

(Ours)
Radical Analysis (Ours)

Pictographic Character

Form Analysis (Ours)

#
V
a
lid
a
tio
n

監 [監]  [䜿]  [鍳] [監]  [监] [盥]
Radical "皿"is related to basin-type vessels,  
in the current character form it appears as 

the image of a water basin

A person kneeling beside a basin, observing 
their own reflection in the water, representing 
the meaning of observation and examination

俔 [俔]  [悓]  [挸] [俔]  [侦] [观]
Radical "人" is related to human behaviors, 
in the current character form it symbolizes 

a person

A figure with focused gaze upon an object, 
representing the meaning of observation and 

metaphorical reasoning

兮 [兮]  [兌]  [尣] [兮]  [于] [六]
Radical "八" is related to paths or flow; in 

the character form it symbolizes air 
current

A stream of air flowing downward from above, 
representing the transmission of breath or 

sound

刈 [刈]  [刋]  [刘] [刈]  [割] [劐]
Radical "刂" is related to blade cutting, in 
the current character form it represents a 

farm sickle

A farmer harvesting wheat with a sickle, 
representing the meaning of crop harvesting

鑄 [睂]  [屉]  [厒] [鑄]  [铸] [銚]
Radical "金" is related to metallic objects, 
in the current character form it symbolizes

metallurgy engineering

A person holding an ancient tripod vessel (li) 
pouring molten metal into a mold, representing 

the process of casting and metallurgy

#
Z
e
ro
-sh
o
t

汜 [汜]  [已]  [洰] [汜]  [洹] [沇]
Radical “水” is related to water flow, in 
the current character form it symbolizes 

branches of water flow

Rivers flowing into a lake water system, 
indicating river inlet to the lake

昔 [昔]  [巷]  [旹] [昏] [昔] [晞]
Radical “日” indicates the sun, in the 
current character form it represents 

sunshine

A scene of meat and food under the scorching 
sun, representing the meaning of dried meat

盜 [盜]  [盗]  [盓] [盡] [濜] [盆]
Radical “皿” is related to containers, in the 

current character form it represents a water 
jar

A hand holding a brush to clean vessels, 
expressing the meaning of emptiness within 

containers

絕 [割]  [㓵] [剨] [紤] [絕] [絶]
Radical “糹” is related to silk threads, in 
the current character form it represents a 

bundle of  ropes

A scene of cutting hemp rope with a knife, 
indicating a clean cut, symbolizing the meaning 

of termination and severance

剛 [庂]  [庀] [㡱] [剛]  [刚] [ ]
Radical “刂” is related to blade cutting, in 
the current character form it represents a 

sharp knife

A scene of cutting through the interwoven 
network of rope fibers with a blade, representing 

the qualities of rigidity and resilience

Figure 10: Visualization of extended decipherment results in validation and zero-shot settings.

Oracle Bone 
Character

OBSD 
Result

Results (Ours) Radical Analysis (Ours)
Pictographic Character

Form Analysis (Ours)

Radical "水" is related to water flow, in the 
current character form it represents a flowing

stream

A scene of fishing with nets in a stream, 
representing the meaning of fishing

Radical "臼" indicates tools used for pounding 
rice, directly related to the character's meaning

The process of holding a pestle and mortar 
while pounding rice, expressing the meaning 

of husking grain

Radical "水" is related to water flow, in the 
current character form it symbolizes a water 

pool

A foot being washed in water, representing 
foot washing

Radical "目" is related to eyes, directly related 
to the character's meaning

Eyes facing each other, expressing the 
meaning of mutual gaze or eye contact

Radical "火" is related to fire and heat, in the 
current character form it represents burning 

flames

A scene of fire spreading through trees, 
expressing the meaning of  forest fire or 

catastrophic blaze

Radical "虫" represents insect creatures, 
directly related to the character form

An image of a long-tailed venomous insect 
crawling, indicating a type of insect creature

Radical "虍" is related to tigers and beasts, in 
the current character form it symbolizes a

pouncing tiger

A scene of a fierce tiger pouncing from the 
grass, indicating hidden threats and 

imminent danger

Radical "弓" is related to bows and arrors, in 
the current character form it symbolizes 

hunting with a bow

A figure grasping a bow with both hands, 
representing a ceremonial act before hunting

Radical "比" is related to comparison or 
parallelism, unrelated to the current character's 

pictographic meaning

A fierce beast with bared fangs and extended 
claws, representing the meaning of ferocity 

and savagery

Radical "黽" is related to turtles and reptilian 
animals, directly related to the character's 

meaning

Turtle shell patterns and turtle form, 
indicating a type of large turtle creature

Radical "刂" is related to blade cutting, in the 
current character form it represents execution 

tools

A criminal's legs and feet being severed, 
representing the ancient cruel punishment of 

foot amputation

Radical "耳" is related to sound and hearing, in 
the current character form it represents the 

image of an ear

A suspended bell chime, representing the 
resonating sound of bells

Radical "火" is related to burning scenes, in 
the current character form it symbolizes 

fiercely burning flames

A scene of flames burning fiercely, 
representing vigorous fire

Radical "田" is related to fields/farmland, 
unrelated to the current character's 

pictographic meaning

A complete human figure with both hands 
raised high, representing a bizarre form that 

inspires fear

Radical "女" is related to feminine qualities, in 
the current character form it manifests as a 

kneeling woman

A woman arranging her appearance beside a 
bed, expressing the meaning of grooming 

and dressing up

Figure 11: Visualization of extended decipherment results of undeciphered characters.
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