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Abstract

Deciphering ancient Chinese Oracle Bone
Script (OBS) is a challenging task that offers
insights into the beliefs, systems, and culture
of the ancient era. Existing approaches treat
decipherment as a closed-set image recognition
problem, which fails to bridge the “interpreta-
tion gap”: while individual characters are often
unique and rare, they are composed of a lim-
ited set of recurring, pictographic components
that carry transferable semantic meanings. To
leverage this structural logic, we propose an
agent-driven Vision-Language Model (VLM)
framework that integrates a VLM for precise
visual grounding with an LLM-based agent to
automate a reasoning chain of component iden-
tification, graph-based knowledge retrieval, and
relationship inference for linguistically accu-
rate interpretation. To support this, we also in-
troduce OB-Radix, an expert-annotated dataset
providing structural and semantic data absent
from prior corpora, comprising 1,022 charac-
ter images (934 unique characters) and 1,853
fine-grained component images across 478 dis-
tinct components with verified explanations.
By evaluating our system across three bench-
marks of different tasks, we demonstrate that
our framework yields more detailed and precise
decipherments compared to baseline methods.1

1 Introduction

Oracle Bone Script (OBS), the earliest known ma-
ture writing system in China, holds significant his-
torical and cultural value. Of the more than 4,500
identified OBS characters, only approximately one-
third have been deciphered, leaving a vast corpus
of glyphs in mystery (Li et al., 2024). Each un-
deciphered character represents a lost fragment
of ancient institutions, technologies, and beliefs.
However, the fragmented and stylised nature of
OBS inscriptions, coupled with the requirement

1Our code is available at https://github.com/6zjn6/
OBS-expert.
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Figure 1: Oracle Bone Script (OBS), a pictographic
writing system of semantic components.

for profound paleographic and contextual exper-
tise, renders manual decipherment exceptionally
difficult.

In recent years, artificial intelligence has increas-
ingly been leveraged for OBS interpretation (Fu
et al., 2022; Wang et al., 2024a; Guan et al., 2024b;
Jiang et al., 2023). Most existing methods treat de-
cipherment as a closed-set image recognition task,
largely neglecting the structural, semantic, and con-
textual nuances intrinsic to the script. This narrow
focus results in information waste and introduces
interpretive biases, as models lack the domain-
specific knowledge required to generalise beyond
known characters. While Vision-Language Mod-
els (VLMs) have demonstrated robust general im-
age–text understanding (Liu et al., 2023; Caffagni
et al., 2024), their capacity for fine-grained percep-
tion and expert reasoning remains a bottleneck. In
low-resource, specialised domains like OBS, stan-
dard VLMs often suffer from “visual hallucina-
tions” or a lack of linguistic depth, leading to bad
performance (Li et al., 2026; Chen et al., 2025; Ye,
2024).

Structurally, the OBS is an organised system of
pictographic components, where each character is
made up of discrete radicals that carry a distinct
semantic weight and are frequently reused through-
out the lexicon (Figure 1). This component-based
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architecture provides a critical logic bridge for de-
cipherment: by identifying known pictographic
components within an unknown glyph, we can sys-
tematically infer the meaning of characters that
are new to the model. To leverage this, we pro-
pose an Agentic Retrieval-Augmented Generation
(Agentic RAG) framework that empowers VLMs
with component-based semantic augmentation (Fig-
ure 2). To support this, we introduce OB-Radix,
a new expert-annotated dataset comprising 1,022
Oracle character images (934 unique characters)
and 1,853 fine-grained component images (478 dis-
tinct components), each paired with expert-verified
semantic explanations. Finally, to evaluate whether
our approach achieves expert-level capability, we
design three progressively advanced benchmarks:
(1) component-level retrieval, (2) component rela-
tionship inference, and (3) OBS interpretation gen-
eration. Experimental results demonstrate that our
framework outperforms baseline methods, provid-
ing a more interpretable and linguistically accurate
pathway for OBS decipherment.

In summary, our contributions are:
• We reformulate oracle bone script (OBS) inter-

pretation as a component-grounded, structure-
aware reasoning task, rather than a purely visual
recognition problem, and instantiate this formu-
lation with a multimodal framework that inte-
grates component-level visual cues and graph-
based retrieval.

• We construct OB-Radix, a component-level ora-
cle bone script dataset, and build a knowledge
graph that captures relationships among com-
ponents, characters, and their semantic explana-
tions, providing essential structured knowledge.

• We design comprehensive evaluations to assess
both the accuracy and interpretability of our ap-
proach. Results show that our framework pro-
duces interpretations closely aligned with expert
annotations and that the multi-agent extension
offers enhanced semantic grounding.

2 Related Work

Deciphering of Oracle Bone Script. Existing re-
search relies on a single image morphology model
to explore AI reading paths. (Guan et al., 2024b)
employs a diffusion approach to map oracle bone
inscription images to modern Chinese characters,
while (Qiao et al., 2024) leverages image genera-
tion to provide visual interpretive guidance. How-
ever, the former lacks integration of textual seman-

tics, and the latter results in incomplete understand-
ing due to the absence of textual guidance. Other
studies applied diverse AI techniques (Fu et al.,
2022; Jiang et al., 2023; Wang et al., 2024a; Gan
et al., 2023) from different perspectives to aid in
the decipherment of Oracle Bone Script.

Graph Retrieval-Augmented Generation for
VLMs. Although large-scale VLMs demonstrate
strong zero-shot generalization, they still exhibit
noticeable performance drops when the underlying
training corpora lack or misrepresent the neces-
sary domain knowledge (Zhang et al., 2024; Mi-
naee et al., 2024). To enhance the specialization
of visual language approaches in particular do-
mains, Retrieval-Augmented Generation (RAG)
approaches are employed (Lin, 2024; Zhang et al.,
2025). Unlike traditional fine-tuning, RAG dy-
namically retrieves relevant knowledge from ex-
ternal databases during inference, enabling VLMs
to access domain-specific information on-demand
without updating their pre-trained parameters. Ad-
ditionally, to mitigate the potential noise present
in general knowledge bases that may affect results,
the concise representation provided by knowledge
graphs are integrated, forming what is known as
Graph RAG (Peng et al., 2024).

Oracle Bone Script Datasets. Most existing or-
acle bone script (OBS) datasets focus on character-
level recognition, providing complete character im-
ages for end-to-end modeling, such as HUST-OBC
(Wang et al., 2024b), EVOBC (Guan et al., 2024a),
OBC306 (Huang et al., 2019), Oracle-50k (Han
et al., 2020), and HWOBC (Li et al., 2020). While
these datasets cover multiple historical scripts, they
lack component-level annotations and therefore
provide limited support for structural decomposi-
tion and interpretable semantic analysis. Oracle-
Fusion (Li et al., 2025a) introduces radical-level
structures, bounding boxes, and semantic concepts
for oracle characters, but its annotations remain
region-based and lack expert-curated component
entities, consistent semantic interpretations, and
explicit inter-component relations, limiting its sup-
port for component-grounded reasoning and knowl-
edge graph construction.

3 OB-Radix Dataset

We introduce OB-Radix, a dataset of hierarchi-
cal structural relations and grounded visual data
meticulously curated by experts in paleography.
Unlike prior character-level datasets (Wang et al.,
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Figure 2: Comparison of our proposed framework and baselines. We design an agentic RAG framework to integrate
component-level knowledge for structured semantic augmentation of OBS.

Component name：“子”
Represents the meaning of a child.

Character name：“好”
Represents a woman 
interacting affectionately 
with a child, symbolizing 
familial love and care.

Component name：“女”
Represents the meaning of a 
woman or female.

Character name：“采”
Represents a hand picking
fruit from a tree.

Component name：“爪”
Represents the form of a claw or 

hand with fingers extended, often 
symbolizing grasping or holding.

Component name：“木”
Represents the form of grass 
and trees.

Figure 3: Our annotation of an oracle character at the
component level.

2024b; Guan et al., 2024a; Huang et al., 2019; Han
et al., 2020; Li et al., 2020) or those relying on
ungrounded visual fragments (Hu et al., 2024) and
text-only decompositions (Jiang et al., 2024), OB-
Radix shifts the focus from the whole character to
its constituent parts. This design enables models
to learn and utilize the underlying compositional
logic of the script, facilitating the interpretation of
previously unseen or undeciphered glyphs through
the identification of known pictographic elements.
OB-Radix comprises 1,022 oracle character images
covering 934 unique characters, along with 1,853
fine-grained component images spanning 478 dis-
tinct components.

Three archaeology doctoral students were tasked
with identifying components based on their pale-
ographic function and meaning, rather than rely-
ing solely on stroke continuity or visual salience.
Specifically, annotators followed three core prin-
ciples: (i) isolating components with distinct se-
mantic roles, regardless of their visual scale; (ii)
prioritizing semantic integrity over geometric com-
pleteness in cases of ambiguous boundaries; and

(iii) maintaining uniform component labels across
the corpus through a controlled vocabulary. These
principles ensure that each component serves as
a reliable semantic anchor, directly mapping vi-
sual regions to specific entries in our paleographic
knowledge base for downstream reasoning.

Figure 3 showcases representative examples of
this expert-level annotation, illustrating the decom-
position of OBS characters into semantically mean-
ingful components rather than arbitrary visual re-
gions. To achieve high-precision segmentation, we
utilized LabelMe (Russell et al., 2008) to perform
semantic masking. Annotators were required to
delineate the component region, after which the
software automatically masked the largest contigu-
ous region as the component body. To further refine
the quality, experts manually adjusted key bound-
ary points on each mask, ensuring the segmentation
precisely captures the pictographic structure of the
OBS. Given the specialized expertise required for
such tasks, the curation process involved 70 total
man-hours, representing a significant investment in
high-fidelity data for the OBS domain. Further im-
plementation details regarding the annotation tool,
the expert workflow, and quality control measures
are provided in Appendix A.1.

4 Method

As shown in Figure 4, our approach integrates
visual analysis of OBS with structured knowl-
edge reasoning through an agent-driven retrieval-
augmented generation pipeline, comprising four
parts: (1) a component identification module
through character radicals retrieval as shown in
Figure 4a, (2) an agent-driven knowledge graph
retrieval module to dynamically query relevant en-
tries as shown in Figure 4b, (3) a component rela-
tionship analysis and judgment module as shown
in Figure 4c and (4) an interpretation generation
module that integrates full character-level explana-
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Figure 4: Detailed pipeline of our approach: (a) Component Identification Module identifies radical components
from input OBS images; (b) Agent-Driven Graph Knowledge Retrieval retrieves relevant information from our
constructed knowledge graph; (c) Component Relationship Inference uses VLMs to determine the structural
relationships among components; (d) Interpretation Generation produces comprehensive semantic interpretations of
oracle characters.

tions as shown in Figure 4d. And the interpretation
module supports two inference strategies: a VLM-
based mode that directly fuses visual features with
retrieved knowledge, and a multi-agent mode that
separates retrieval and reasoning into specialized
agents, enhancing robustness and interpretability.

4.1 Component Identification
To identify radical components from input OBS
images, we first utilize a Vision Transformer (ViT)
architecture based on DINOv2 (Dosovitskiy et al.,
2021; Oquab et al., 2024) to construct a component
feature space, as it produces highly transferable
features. Then, we adopt a prototype-based classi-
fier following Prototypical Networks (Snell et al.,
2017), as its class-level aggregation is well-suited
to our low-data regime, improving robustness and
reducing overfitting.

Specifically, Eq. (1) defines how the input rad-
ical image x is encoded by the DINOv2 encoder
f(·) into a 768-dimensional vector z, and we then
compute its prototype pc as the mean embedding
of its support set Sc for each class c. The input to
this module is a single segmented component crop,
and a character containing multiple components
is handled by classifying each crop independently.
Given a query crop xq, its embedding zq = f(xq)
is compared to all class prototypes using Euclidean
distance d(·, ·), and classified into the class with
the nearest prototype.

z = f(x), z ∈ R768 (1)

ŷ = argmin
c

d(zq,pc) (2)

During inference, we use the Top-1 prediction as
the semantic anchor for downstream retrieval; Top-
K accuracy is reported only as an evaluation metric.
Compared with directly using conventional clas-
sifiers or detectors, this design enables our model
to make efficient use of limited labeled samples
and enhances generalization in the low-resource
setting of OBS component identification. An illus-
trative visualization of the component feature space
construction is provided in Appendix A.2.

4.2 Agent-Orchestrated Graph Knowledge
Retrieval

We construct a Knowledge Graph (KG) from
OB-Radix and character–component relations, de-
signed to be incrementally extendable as new char-
acters and mappings are added without revising ex-
isting entries. For each test character, the Prototype-
Classifier first predicts its most likely components;
these predicted components are then used as pri-
mary semantic cues to query the KG. Rather than
learning an unconstrained policy, we adopt a cas-
cading but largely fixed retrieval pipeline, orches-
trated by a tool-using LLM agent (Yao et al., 2023;
Schick et al., 2023). The agent can call two exter-
nal tools—component explanation and characters-
by-component—and performs additional reasoning
internally. Concretely:
• Component-centric retrieval. Given the pre-

dicted components, the agent first queries their
explanations and searches for characters that
contain these components, which typically pro-
vide the most direct semantic evidence.

35224



• Constrained synthesis. When component-based
retrieval yields weak or insufficient evidence,
the agent internally performs variant lookup and
modern–oracle mapping—without invoking ex-
ternal tools—to supplement the retrieved infor-
mation. It then summarizes and reorders all
evidence, both tool-obtained and internally in-
ferred, into a concise, character-centric evidence
bundle as input to the interpretation module.
To improve efficiency, we integrate a sim-

ple semantic-similarity cache following Jin et al.
(2024), so that repeated or near-duplicate KG
queries are served from cache. Overall, the agent
acts as a lightweight orchestration layer over a de-
terministic retrieval cascade, ensuring that knowl-
edge access is predictable and efficient while still
providing rich, component-grounded context for
downstream interpretation.

4.3 Component Relationship Inference
To move beyond black-box recognition, we design
a module that leverages VLMs to infer the struc-
tural relationships among components. After the
components are identified and the knowledge graph
retrieval refines them, the system uses a VLM to
jointly consider both visual embeddings and re-
trieved semantic information. The task requires the
model to predict the inscription type of each oracle
character, which can be categorized as ideographic,
pictographic, or phono-semantic, and to generate a
reasoning trace that explains how the components
interact to form meaning. This process is illustrated
in Figure 4, while the resulting output are presented
in Figure 4c.

By conditioning the VLM on both structural and
semantic cues, the module produces explanations
that are not only accurate but also interpretable to
human users. The component-level information is
integrated into reasoning about character structure
and provides the intermediate reasoning layer that
connects recognition and interpretation generation.

4.4 Interpretation Generation
To generate full semantic interpretations of oracle
characters, we design an inference pipeline that in-
tegrates visual recognition with knowledge-graph-
based reasoning. Our framework supports two com-
plementary modes of inference.

The first mode, VLM Inference, employs a VLM
that jointly conditions on the visual embeddings
of the inscription, component predictions from
the PrototypeClassifier, and semantic prompts re-

trieved from the knowledge graph. By grounding
ambiguous visual forms in curated historical evi-
dence, the VLM produces interpretations that are
semantically coherent and visually faithful.

Building upon this design, we further introduce
a second mode, Multi-Agent Inference, inspired
by recent advances in cooperative agent systems
(Wu et al., 2023; Chang et al., 2024; Jin et al.,
2025; Nguyen et al., 2025; Singh et al., 2025b;
Wu et al., 2025). We use multi-agents to decouple
retrieval and reasoning functions. A Knowledge
Retrieval Agent plans and executes graph queries
to gather relevant evidence, while a Semantic Rea-
soning Agent synthesizes this evidence with visual
cues into structured, human-interpretable explana-
tions. This separation improves robustness, reduces
error propagation, and leverages the natural ability
of large models to think after retrieval.

5 Experiments

To systematically evaluate whether our approach
achieves expert-level capability in OBS interpreta-
tion, we design a series of experiments under expert
guidance, structured around three progressively ad-
vanced tasks: (1) component-level retrieval as the
foundation, (2) component relationship inference
as the intermediate stage, and (3) OBS interpreta-
tion generation as the ultimate goal.

5.1 Metrics and baselines

We report ACC@k (k ∈ {1, 3, 5}) for component
retrieval, and the accuracy of the oracle-character
type classification for the component relationship
inference experiment. We employ BERTScore-
F1, MoverScore, ROUGE-1, and an LLM-as-a-
Judge paradigm for OBS interpretation (Zhang*
et al., 2020; Zhao et al., 2019; Lin, 2004; Zheng
et al., 2023). To ensure evaluation impartiality
(Li et al., 2025b), we instantiate the judge using
Gemini 3 Flash (Team et al., 2023). Details of the
LLM-as-a-Judge setup, including the evaluation
rubric, prompting strategy, and the 0–1 scoring
scale, are provided in Appendix A.4.

In the experimental tables, we use shorthand
notations for VLMs. Specifically, GPT refers
to GPT-5 (Singh et al., 2025a); Claude refers to
Claude Opus 4.1 (20250805) (Anthropic, 2025);
GLM refers to GLM-4.5V (V Team et al., 2025);
and Qwen refers to Qwen3-VL-235B-A22B (Qwen
Team, 2025).
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Table 1: OBS component retrieval results.

Metric ACC↑
Top-1 0.7795
Top-3 0.8855
Top-5 0.9157

5.2 Dataset Splitting

We adopted consistent dataset splitting strategies
to ensure fair and realistic evaluation for all experi-
ments. Specifically:
• Component retrieval (Section 5.3): Our OB-

Radix dataset, containing 478 distinct compo-
nents, was divided into training and testing sets
with a ratio of 7:3, respectively. Model perfor-
mance was measured by Top-1, Top-3, and Top-
5 accuracy.

• Component relationship inference (Sec-
tion 5.4): We constructed a seen set of 528 anno-
tated instances, each including both inscription
type labels and expert-derived reasoning traces.
Models were trained and evaluated on this split
without data overlap, ensuring interpretability
analysis was grounded in expert references.

• Interpretation generation (Section 5.5): To
avoid leakage, our KG was built using 70% of
the corpus, while the remaining 30% was held
out for testing. This split applies to all experi-
ments related to Section 5.5. It guarantees that
characters used for evaluation had not appeared
in training, thus presenting a realistic challenge
of interpreting previously unseen instances.

5.3 Component Identification

The most essential prerequisite for understanding
oracle bone characters lies in the ability to ac-
curately recognize their constituent components,
since these components serve as the fundamental
units from which higher-level semantic and struc-
tural interpretations are derived. As summarized in
Table 1, our approach achieves competitive recog-
nition accuracy, demonstrating its effectiveness in
capturing the visual and structural properties of
OBS.

5.4 Component Relationship Inference

We evaluate whether VLMs capture the structural
relationships among components, rather than treat-
ing OBS recognition as a black-box task. The
task involves: (1) predicting the inscription type of
a character (ideographic, pictographic, or phono-
semantic), and (2) generating a textual explanation

Table 2: OBS component relationship inference results.

Category Model ACC↑ BERT↑ Mover↑ ROUGE-1↑ LLM-Judge↑

Baseline

GPT 0.364 0.497 0.310 0.007 0.237
Claude 0.475 0.495 0.324 0.009 0.225
GLM 0.447 0.519 0.293 0.010 0.113
Qwen 0.350 0.503 0.318 0.012 0.165

Ours

GPT 0.563+0.199 0.670+0.173 0.472+0.161 0.199+0.192 0.435+0.198

Claude 0.551+0.075 0.648+0.152 0.490+0.166 0.221+0.212 0.412+0.187

GLM 0.468+0.021 0.606+0.088 0.440+0.148 0.139+0.129 0.262+0.149

Qwen 0.599+0.248 0.658+0.156 0.481+0.164 0.212+0.200 0.371+0.206

Character:“化”
Type: ideographic
Reasoning: The shape of two 
people leaning against each 
other in opposite directions to 
signify transformation.(象二人
反向相依之形以会变化之意)

Character:“宣”
Type: phono-semantic
Reasoning: A character 
composed of '宀' as the 
semantic radical and '亘' as the 
phonetic element.(从宀亘声)

Character:“兔”
Type: pictographic
Reasoning: The 
character is shaped 
like a rabbit.(象兔
子之形)

Type: pictographic
Reasoning: The rabbit shape 
viewed from the side.(象侧视
之兔形)

Type: ideographic
Reasoning: The shape of 
two figures standing side 
by side.(象二人并立相较
之形)

Type: phono-semantic
Reasoning: The character '宀' 
represents the meaning of a 
house, while '亘' serves as the 
phonetic component.(从宀亘
声宀为形旁表屋宇之义亘为
声旁)

Ours

Type: pictographic
Reasoning: The rabbit shape 
viewed from the side.(象侧视
之兔形)

Type: pictographic
Reasoning: A single 
curved vertical line with 
a short fork-like branch 
extending from the 
upper middle part.(单
一弯曲竖线，中上部
伸出短叉状分岔)

Type: pictographic
Reasoning: The outer contour 
of the pointed top formed by 
two vertical lines and a zigzag 
line above, a single cohesive 
shape.(两竖与上方折线构成
的尖顶外轮廓，单一整体形
体)

Baseline(GPT-5)

Ground truth

Figure 5: Reasoning examples for component relation-
ship inference. Ground truth shows expert interpreta-
tions.

of component interactions. Representative exam-
ples comparing baseline and our enhanced pipeline
are shown in Figure 5.

Table 2 reports classification and reasoning
results. Our component-aware pipeline outper-
forms baselines across all metrics, confirming
that explicit component-level knowledge improves
both accuracy and interpretability. Qwen3-VL
achieves the highest classification accuracy (0.599),
while GPT-5 achieves the best performance un-
der both BERTScore and LLM-as-a-Judge evalua-
tion. Claude Opus 4.1 further shows the strongest
fluency and alignment in reasoning (MoverScore,
ROUGE-1).

5.5 Interpretation Generation
This task provides a direct test of whether the sys-
tem can go beyond recognition and structural rea-
soning to generate semantically meaningful inter-
pretations.

We compare two categories of approaches: (1)
Baseline models, where LLMs directly generate
interpretations without access to the Knowledge
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Table 3: OBS interpretation generation results.

Category Model BERT↑ Mover↑ ROUGE-1↑ LLM-Judge↑

Baseline

GPT 0.633 0.393 0.227 0.102
Claude 0.614 0.365 0.232 0.052
GLM 0.634 0.338 0.275 0.042
Qwen 0.636 0.362 0.264 0.076

Ours

GPT 0.727+0.094 0.475+0.082 0.321+0.094 0.558+0.456

Claude 0.716+0.102 0.474+0.109 0.335+0.103 0.382+0.330

GLM 0.706+0.072 0.453+0.115 0.337+0.062 0.212+0.170

Qwen 0.722+0.086 0.471+0.109 0.354+0.090 0.339+0.263

Table 4: OBS relationship inference results.

Model Retrieval BERT↑ Mover↑ ROUGE-1↑ LLM-Judge↑

GPT ✓ 0.727 0.475 0.321 0.558
0.717-0.010 0.469-0.006 0.305-0.016 0.542-0.016

Claude ✓ 0.716 0.474 0.335 0.382
0.699-0.017 0.451-0.023 0.286-0.049 0.372-0.010

GLM ✓ 0.706 0.453 0.337 0.212
0.687-0.019 0.415-0.038 0.283-0.054 0.180-0.032

Qwen ✓ 0.722 0.471 0.354 0.339
0.711-0.011 0.445-0.026 0.326-0.028 0.281-0.058

Graph; and (2) Agentic RAG (ours), where the LLM
retrieves supporting evidence from the graph before
generating explanations. Performance was evalu-
ated using BERTScore, MoverScore, ROUGE-1
and LLM-as-a-Judge with higher values indicating
better alignment with expert-written ground truth.
A concrete illustration is provided in A.3. Results
are shown in Table 3.

The results clearly indicate the benefits of
retrieval-augmented generation. Across all models,
the Agentic RAG pipeline consistently outperforms
the baseline counterparts. For example, Qwen3-VL
improves from 0.264 → 0.354 on ROUGE-1 and
from 0.362 → 0.471 on MoverScore. Similarly,
GPT-5 achieves the best BERTScore of 0.727 and
the best LLM-as-a-Judge of 0.558 under the RAG
setting, demonstrating stronger semantic alignment.
These findings suggest that grounding interpreta-
tion generation in structured knowledge not only
enhances factual accuracy but also produces out-
puts that are more coherent and interpretable.

5.6 Ablation Study
To isolate the contribution of the Agent-Driven
Graph Knowledge Retrieval, we conducted an ab-
lation experiment in which retrieval was disabled
and only component category predictions were pro-
vided. The results are summarized in Table 4.

Across all four models, the absence of retrieval
consistently reduces performance, confirming that
the Oracle Knowledge Graph supplies non-trivial

Table 5: Performance comparison of multi-agent con-
figuration.

Retriever Reasoner BERT↑ Mover↑ ROUGE-1↑ LLM-Judge↑

Qwen3-VL
DeepSeek-R1 0.760 0.507 0.431 0.531
GPT-5 0.705 0.445 0.296 0.645
Qwen3 0.734 0.470 0.361 0.494

GPT-5
DeepSeek-R1 0.733 0.476 0.402 0.413
GPT-5 0.713 0.458 0.310 0.657
Qwen3 0.729 0.454 0.366 0.464

semantic context beyond visual recognition and
component classification. Specifically, removing
retrieval consistently degrades performance across
all models and metrics. The performance drops are
most evident on ROUGE-1 and LLM-as-a-Judge,
indicating that Agent-Driven Graph Knowledge Re-
trieval provides crucial relational and contextual in-
formation beyond component category predictions.
Moreover, the larger reductions in LLM-as-a-Judge
compared to embedding-based metrics suggest that
retrieval primarily improves higher-level seman-
tic correctness rather than surface-level similarity.
These results confirm that graph-based knowledge
retrieval is essential for reliable OBS relationship
inference.

5.7 Multi-Agent Collaboration

We further investigate a multi-agent setup, where
the Knowledge Retrieval Agent (Retriever) first
queries relevant entries from the Knowledge Graph,
and the separate Semantic Reasoning Agent (Rea-
soner), instantiated with large language models
such as GPT-5, DeepSeek-R1-250528 (Guo et al.,
2025), or Qwen3-235B-A22B (Yang et al., 2025),
subsequently composes the interpretation (Fig-
ure 4d). This separation is motivated by our earlier
findings that factual grounding and reasoning flu-
ency benefit from distinct model capabilities. As
shown in Table 5, the multi-agent configurations
generally outperform single-agent baselines across
the evaluated metrics. We hypothesize that the Se-
mantic Reasoning Agent is better equipped to pro-
cess and integrate the textual information retrieved
from the KG, leveraging its specialized capabili-
ties for enhanced coherence and accuracy. This
improvement comes with a moderate increase in
inference cost (approximately 1.67× token usage
in our profiling).

5.8 Human experts assessment study

To complement the above quantitative metrics, we
conducted a human expert evaluation with two
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Character“香”

Ground truth：Aroma. It refers to the 
aroma of cooked grains. It can also be 
extended to mean any pleasant aroma.

Character“聞”

Ground truth：Hearing and knowing. It 
resembles a person covering his mouth with 
his hands and pricking up his ears to listen.

Character“服”

Ground truth： To serve, to subdue. It 
resembles a person serving with a plate, or 
it may mean the chariot is turning right.

Multi Agent output：Fragrance. From the 
mouth, it is like tasting the fragrance of 
grains.

Baseline output：Speech. It resembles the 
shape of words coming out of a mouth, 
indicating speaking and expressing ideas.

Multi Agent output：Listen. From the 
character for ear, it resembles the shape of an 
ear listening to sound.

Baseline output：Eating. It resembles the 
shape of a person opening his mouth to eat, 
indicating the action of eating.

Multi Agent output：Submission. Like a 
kneeling person using his hands to indicate 
submission.

Baseline output：Breathing. It resembles 
the shape of exhaling from the mouth, 
indicating the movement of air in and out.

Figure 6: Comparison of approach outputs. Character displays the original Oracle bone characters; Ground truth
provides the ground truth interpretations; Multi-agent output shows our multi-agent approach using Graph RAG;
Baseline output presents results from the baseline approach.

Ph.D. students in archaeology, using the 5-point
Likert scale provided in A.5. For fairness, 10% of
the held-out test set was selected, and participants
were asked to evaluate the quality of generated in-
terpretations along three pipelines: (1) the Baseline
pipeline (direct generation using Qwen3-VL-235B-
A22B), (2) the RAG pipeline (retrieval-augmented
generation with Qwen3-VL-235B-A22B, and (3)
the Multi-Agent pipeline (Qwen3-VL-235B-A22B
as the Retrieval Agent and DeepSeek-R1-250528
as the Reasoning Agent).

Inter-rater reliability across all annotations was
assessed using ICC3 (0.71) and Krippendorff’s Al-
pha (0.74), indicating substantial agreement be-
tween two PhD evaluators with expertise in archae-
ology. Average Likert scores on a five-point scale
showed a clear performance hierarchy. The Multi-
Agent Pipeline achieved the highest score of 3.433,
followed by the KG-RAG pipeline at 2.133 and
the baseline pipeline at 1.367. These human eval-
uation results are consistent with the automatic
metrics and support the reliability of our experi-
mental findings. To demonstrate the effectiveness
of our multi-agent collaborative approach for or-
acle interpretation, we also qualitatively compare
our approach with baseline methods in Figure 6.

6 Supplementary Experiments

In addition to the main experiments, we further
conducted two supplementary studies to test the
robustness and generalizability of our approach.

English Interpretation Generation. To inves-
tigate whether the models can generalize across
languages, we constructed an English-version task,
where the VLMs were required to output inter-
pretations in English rather than Chinese. Re-
sults are reported in Table 6. Compared with the

Table 6: Results of interpretations conducted in English.

Category Model BERT↑ Mover↑ ROUGE-1↑ LLM-Judge↑

Baseline

GPT 0.152 -0.123 0.111 0.098
Claude 0.136 -0.136 0.107 0.070
GLM 0.036 -0.173 0.075 0.051
Qwen 0.159 -0.126 0.117 0.068

Ours

GPT 0.272+0.120 0.034+0.157 0.201+0.090 0.797+0.699

Claude 0.318+0.182 0.071+0.207 0.233+0.126 0.752+0.682

GLM 0.318+0.282 0.106+0.279 0.268+0.193 0.489+0.438

Qwen 0.320+0.161 0.075+0.201 0.234+0.117 0.619+0.551

main Chinese results (Table 3), performance is no-
tably lower across all metrics. This degradation
mainly stems from two factors: (1) translation dis-
crepancies between Chinese paleographic termi-
nology and English, where many domain-specific
glosses lack standardized equivalents, and (2) the
Chinese-centric nature of our KG and training re-
sources, which limits semantic precision in En-
glish output. Our framework thus primarily tar-
gets Chinese-language interpretation, with English
as a secondary cross-lingual transfer mode. Nev-
ertheless, the relative improvements of retrieval-
augmented settings over baseline VLMs remain
consistent, suggesting that our pipeline maintains
cross-lingual robustness, albeit with a reduced ceil-
ing. These results indicate the importance of devel-
oping parallel bilingual resources in paleographic
studies to further support cross-linguistic general-
ization.

Variant Character Recognition. We evaluate
a challenging variant character recognition setting,
which requires models to associate visually distinct
oracle character variants with a shared canonical
form. Performance remains limited across all eval-
uated models, reflecting the intrinsic difficulty of
this task in oracle bone script, where many variants
lack explicit component or radical correspondences.
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Detailed results and expert-informed analysis are
provided in Appendix A.6.

7 Conclusion

We propose a component-grounded framework for
oracle bone script (OBS) interpretation that lever-
ages the pictographic structure of the script and
the relationships among its components. By inte-
grating a component-structured Graph RAG with
vision–language models, our approach supports in-
terpretable OBS analysis. We further introduce
a component-level oracle dataset and define three
progressive tasks, including component retrieval,
component relationship inference, and script inter-
pretation, to enable structured evaluation. Experi-
mental results demonstrate that knowledge graph
augmentation improves both the accuracy and in-
terpretability of OBS interpretation.

Limitations

In collaboration with paleographic experts, we iden-
tify several limitations of the current pipeline. Com-
ponent recognition is not always precise or com-
plete, and the system may occasionally introduce
spurious elements. Moreover, a substantial por-
tion of oracle characters still lack widely accepted
interpretations, which inherently constrains the re-
liability of any automated analysis.

Additionally, the knowledge graph itself may
propagate errors downstream: missing entries can
yield under-specified interpretations, while inaccu-
rate mappings may introduce irrelevant evidence
into the reasoning chain. We regard this KG depen-
dency as a deliberate trade-off for evidence trace-
ability, since all retrieved cues remain explicit and
auditable rather than implicitly absorbed.

Future work may address these limitations by
improving component recognition accuracy, ex-
panding the coverage and quality of the underlying
knowledge base, and extending the framework to
better handle phono-semantic compounds, which
remain challenging for current systems.

Finally, our current framework adopts a struc-
tured, retrieval-centric workflow rather than fully
autonomous generation. This design limits flex-
ibility and relies on external knowledge sources,
reflecting the fact that existing VLMs lack intrinsic
knowledge of Oracle Bone Script and may halluci-
nate under unconstrained generation. As base mod-
els evolve and acquire stronger domain understand-
ing, future systems may reduce this dependency

on explicit retrieval while maintaining philological
reliability.

Ethical Considerations

This work uses publicly available Oracle Bone
Script (OBS) resources and contains no personal,
private, or sensitive data. All character- and
component-level annotations were conducted by
archaeology Ph.D. students with domain expertise
in paleography, following authoritative references
to ensure accuracy. To reduce future annotation
burden, our modular architecture supports gradual
semi-automation, where vision models propose an-
notations for expert verification and low-risk steps
can leverage crowd-sourcing under expert over-
sight.

For human evaluation, two Ph.D. students par-
ticipated voluntarily with informed consent. To
reduce fatigue and ensure consistent evaluation
conditions, only 10% of the held-out test set was
assessed using a standardized Likert scale.

We acknowledge that automatic interpretation
of cultural heritage materials may introduce errors
or oversimplifications. Accordingly, the dataset,
models, and experimental results presented in this
work are intended solely as research aids to support
scholarly analysis, and are not designed to replace
expert judgment or authoritative paleographic in-
terpretation.
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A Appendix

A.1 More details on dataset construction
To ensure fine-grained component-level annotation,
we adopted LabelMe2 as the primary tool for man-
ual segmentation of Oracle Bone Script images. La-
belMe allows annotators to draw polygonal masks
directly on images, making it well suited for the
irregular shapes and complex outlines of Oracle
characters, as shown in Figure 7.

Each annotation task was conducted by archae-
ology PhD students who followed authoritative
decipherment references. Annotators were com-
pensated for their annotation efforts, with a total
payment of 2,450 RMB across all tasks. The pro-
cess began with drawing precise polygons around
each component within a character image. These
polygons were then exported into JSON format,
which stores the coordinates of the segmentation
boundaries together with the corresponding com-
ponent labels. To improve annotation consistency,
we designed a standardized guideline specifying:
• Segmentation granularity: ensuring that even

small components with distinct semantic func-
tions were delineated separately.

• Boundary precision: refining polygon edges to
closely follow character contours, especially in
cases where strokes overlapped or eroded.

• Label consistency: using controlled vocabu-
laries for component names to avoid ambiguity
across annotators.
As illustrated in Figure 7, the annotation work-

flow produces both the original oracle character and
its corresponding component-level masks, which
are paired with expert-verified semantic explana-
tions. To ensure annotation reliability, all annota-
tions were performed by archaeology PhD students
following authoritative decipherment references,
and were subsequently cross-checked to resolve
ambiguous boundaries and label inconsistencies.

This expert-curated procedure ensures that OB-
Radix achieves high annotation quality and inter-
pretive reliability, laying the foundation for down-
stream tasks in component recognition and seman-
tic inference.

2https://github.com/wkentaro/labelme

Figure 7: Two images of oracle bone characters seg-
mented by LabelMe.
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Figure 8: Construction of Vector Space.

A.2 Illustration of Component Feature Space
Construction

Figure 8 provides an intuitive illustration of the
component feature space construction process de-
scribed in Section 4.1. Each radical image is
first encoded by the DINOv2 encoder into a high-
dimensional embedding vector. Images belonging
to the same component class form compact clusters
in the embedding space, while prototypes (class
means) serve as representative anchors for classifi-
cation.

As shown in the figure, query samples are clas-
sified based on their distances to class prototypes
rather than individual training instances. This ge-
ometry encourages intra-class compactness and
inter-class separability, which is particularly bene-
ficial in low-resource scenarios where only a few
labeled examples are available per component.

Such a structured feature space allows the model
to generalize effectively to unseen samples while
mitigating overfitting, making prototype-based
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classification well suited for OBS component iden-
tification.

A.3 Oracle Bone Script Interpretation
Example

This section provides an example of oracle bone
script (OBS) interpretation generated by our mod-
els to illustrate the difference between the Baseline
and Agentic RAG approaches, as shown in Figure 9.

A.4 LLM-as-a-Judge Evaluation

To evaluate the semantic correctness of OBS inter-
pretation generation, we adopt an LLM-as-a-Judge
evaluation paradigm (Zheng et al., 2023). In this
setting, a large language model is prompted to com-
pare a model-generated interpretation with a refer-
ence interpretation provided by domain experts and
to assign a scalar score in the range of 0 to 1, where
higher scores indicate better semantic alignment.

The evaluation focuses on semantic consistency
rather than surface-level lexical overlap, taking into
account the correctness of key entities and partici-
pants, core events and relations, semantic modifiers,
as well as potential hallucinations or critical omis-
sions. We instantiate the judge with Gemini 3 Flash
using a fixed prompt template and temperature set
to zero to ensure deterministic behavior.

Prompt Template. The exact prompt used for
the LLM-as-a-Judge evaluation is shown below:

System Instruction:
You are a rigorous semantic assessment expert.
You are responsible for scoring the semantic con-
sistency of the sentence to be scored based on the
reference sentence.
Scoring Criteria (0.00–1.00): Output a score
rounded to the nearest 0.01 (e.g., 0.66, 0.92).
• 0.80–1.00 (Perfect): Semantically equivalent.

Core information and details are accurate, with
only reasonable paraphrasing.

• 0.60–0.79 (Excellent): Core semantics are ac-
curate. Minor modifiers may be missing, but
there are no factual errors.

• 0.40–0.59 (Acceptable): Contains key informa-
tion, but omits some important details or contains
minor ambiguities.

• 0.20–0.39 (Poor): Significant omission of key
information or inclusion of obvious hallucinations,
leading to semantic distortion.

• 0.00–0.19 (Failure): Completely irrelevant, op-
posite meaning, or nonsense.

User Instruction: Please answer in this format:
Score: [a number between 0.00 and 1.00]

A.5 Oracle Bone Script Interpretation
Questionnaire

The questionnaire consists of 30 candidate inter-
pretations of oracle bone script characters. Specif-
ically, we curated 10 distinct characters, each of
which is associated with three alternative interpre-
tations reflecting different reasoning pipelines. To
avoid introducing bias from fixed presentation se-
quences, the three interpretations corresponding to
the same character were randomly permuted prior
to distribution. This randomization was applied in-
dependently across pipelines, ensuring that partici-
pants evaluated the interpretations without being in-
fluenced by a consistent order effect. Consequently,
the design of the questionnaire facilitates a more
balanced and reliable assessment of the compara-
tive quality of the proposed interpretation methods
(see Figure 10).

A.6 Variant Character Recognition

Oracle Bone Script contains a large number of vari-
ant character forms due to its extended historical us-
age and diverse engraving practices. Paleographic
studies indicate that the script was used for nearly
two centuries by multiple engraving groups, result-
ing in substantial visual variation across characters,
often without shared radicals or explicit component
structures. To study this phenomenon, we curated
39 variant character pairs and evaluated whether
models could associate each variant with its canon-
ical form. As shown in Table 7, recognition ac-
curacy remains low across all evaluated models,
with no method achieving strong Top-1 or Top-10
performance, reflecting the intrinsic difficulty of
this task.

This difficulty arises because many variants lack
consistent substructures that can be captured by
component- or radical-based visual representations,
making compositional cues insufficient in this set-
ting. These results suggest that effective variant
recognition may require targeted supervision, ex-
plicit variant–canonical mappings, or deeper inte-
gration of expert paleographic knowledge, which
we leave for future work.

Concretely, one feasible direction is to construct
a small but curated set of variant–canonical pairs
and perform supervised fine-tuning (SFT) of a
VLM to explicitly learn invariances across histor-
ically attested shape variations. Such SFT could
be combined with deformation-aware augmenta-
tion (e.g., stroke-level perturbation, skeleton trans-
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User:

Prompt

“Assume you are an oracle bone 
script expert from China, describe 
the image provided” 

Ground truth:
Sense of smell. The shape of a 
dog's nose for sniffing.

GPT-5:

Claude Opus 4.1:

Indicates the sacrificial utensils 
or emblems of the ancient Qiang 
ethnic group, referring to the Qiang 
people or related matters.

It is shaped like a ram's head with two 
horns on top, and resembles the form of 
a big person below, representing good 
things and pleasing appearances.

GLM-4.5V:

The form of the flowing water 
indicates the flowing body of water. 

Qwen3-VL:

A person kneels in front of the 
altar, with offerings or the form of 
a deity above, indicating a 
sacrificial activity.

Prompt

“Based on image analysis, radical 
information, and database 
information, directly output the 
interpretation of this oracle bone 
script character.”

User:

GPT-5:

Claude Opus 4.1:

Pig snout. It refers to the snout 
part of a pig.

Odor, scent. The smell that comes 
from the nose when sniffing the 
breath of a pig, represents the foul 
smell of animals.

GLM-4.5V :

Chasing. People chase the shape of 
animals. 

Qwen3-VL:

The shape the pig's nose is a 
pictogram that represents the nose 
of the pig or things related to 
its nose.

Figure 9: The left side shows the baseline outputs, while the right side shows our results.

Table 7: Variant character search (39 samples).

Model Top-1@ACC Top-5@ACC Top-10@ACC

GPT-5 5.13% — 2 5.13% — 2 5.13% — 2
Claude Opus 4.1 0.00% — 0 2.56% — 1 5.13% — 2
GLM-4.5V 2.56% — 1 2.56% — 1 2.56% — 1
Qwen3-VL-235B-A22B 2.56% — 1 2.56% — 1 5.13% — 2

formation) to improve robustness to engraving-
induced distortions. Another practical approach
is to train a contrastive visual encoder where vari-
ant–canonical pairs are pulled closer in embedding
space, while unrelated characters are pushed apart.

35235



Instructions
Do you agree with this interpretation of the oracle bone script? (5-point scale) Please tick (√) the score that best reflects 

your agreement with each oracle-bone-script interpretation below.

Scoring Scale

• (5) Completely Agree: The interpretation fully matches the oracle bone script’s glyph original meaning and 

construction logic, without any semantic distortion or historical deviation. 

• (4)Basically Agree: The core interpretation is correct (matches the glyph original meaning and mainstream views), 

but there are extremely minor expression flaws (such as imprecise terminology) or omissions of 

secondary information (such as not mentioning rare usages), which do not affect the overall 

accuracy of the interpretation. 

• (3) Neutral: The interpretation has "ambiguity" or "points of controversy" there is no clear evidence to prove it 

wrong, nor does it fully match authoritative interpretations; possibly due to the oracle bone 

script’s own glyph defects, ongoing academic debates, or the interpretation only covering partial 

possibilities. 

• (2) Basically Disagree: The core interpretation is wrong (violates the glyph original meaning or mainstream 

academic views), but there are a few reasonable elements (such as correct partial glyph 

disassembly, or involving secondary usages of the character); the overall interpretation deviates 

from the essence, but not completely baseless. 

• (1) Completely Disagree: The interpretation completely contradicts the oracle bone script’s glyph, construction 

logic, and academic consensus; unrelated to any known usage of the character.

Example

Output Score

• It is like placing something on a stand with two hands. Four 

hands hold the object and place it on the ground or on a stand, 

which means to place or put it.

• The image of holding jade in both hands and offering it to 

the altar represents a sacrificial ceremony.

• It resembles four hands holding up a tube.

1     2     3     4     5

Figure 10: Questionnaire
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