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ABSTRACT

As one of the earliest writing systems, Oracle Bone Script (OBS) preserves the
cultural and intellectual heritage of ancient civilizations. However, current OBS
research faces two major challenges: (1) the interpretation of OBS involves a com-
plex workflow comprising multiple serial and parallel sub-tasks, and (2) the effi-
ciency of OBS information organization and retrieval remains a critical bottleneck,
as scholars often spend substantial effort searching for, compiling, and managing
relevant resources. To address these challenges, we present OracleAgent, the
first agent system designed for the structured management and retrieval of OBS-
related information. OracleAgent seamlessly integrates multiple OBS analysis
tools, empowered by large language models (LLMs), and can flexibly orchestrate
these components. Additionally, we construct a comprehensive domain-specific
multimodal knowledge base for OBS, which is built through a rigorous multi-
year process of data collection, cleaning, and expert annotation. The knowledge
base comprises over 1.4M single-character rubbing images and 80K interpretation
texts. OracleAgent leverages this resource through its multimodal tools to assist
experts in retrieval tasks of character, document, interpretation text, and rubbing
image. Extensive experiments demonstrate that OracleAgent achieves superior
performance across a range of multimodal reasoning and generation tasks, sur-
passing leading mainstream multimodal large language models (MLLMs) (e.g.,
GPT-4o). Furthermore, our case study illustrates that OracleAgent can effectively
assist domain experts, significantly reducing the time cost of OBS research. These
results highlight OracleAgent as a significant step toward the practical deployment
of OBS-assisted research and automated interpretation systems.

1 INTRODUCTION

Oracle Bone Script (OBS) is the earliest known form of the Chinese writing system, dating back
more than 3,000 years to the Shang Dynasty (c. 1400–1100 B.C.). Inscribed on turtle plastrons
and animal scapulae for divination, ritual, and record-keeping, these inscriptions not only document
major historical events and religious practices but also provide invaluable insights into the language,
society, and culture of early Chinese civilization, marking a pivotal stage in the evolution of Chinese
characters. Despite the discovery of approximately 4,500 OBS characters, only about 1,600 have
been successfully deciphered, leaving much of this ancient writing system still undeciphered.

During the decipherment of Oracle Bone Script (OBS), the most fundamental materials to re-
searchers are the approximately 150,000 excavated oracle bone fragments. However, these phys-
ical artifacts are dispersed across various locations, making it exceedingly difficult for schol-
ars to access the originals for in-depth study. To overcome this, scholars rely on rubbings,
which are paper impressions that capture the surface texture of the bones. As shown in Fig. 1,
these rubbings authentically preserve the original information of the oracle bones but often suf-
fer from unclear character shapes due to noise such as scratches. The corpus of rubbings cur-
rently amounts to about 200,000 pieces. Additionally, scholars produced facsimiles by manually
outlining the oracle bone characters. As illustrated in Fig. 1, these facsimiles feature clear char-
acter morphology but inevitably lose some details present on the original fragments. There are
approximately 70,000 such traced images that can be directly paired with corresponding rubbings.
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Figure 1: Illustrative examples of oracle bone images
from different OBS data modalities.

Typically, research workflows of OBS in-
volve comparing similar character forms,
examining the interpretations of specific
character across different rubbings, extract-
ing comprehensive information from dupli-
cate fragments, and synthesizing prior schol-
arship. However, the absence of Unicode
encoding for OBS poses significant chal-
lenges for information retrieval. To address
this, scholars compiled comprehensive ref-
erence works, such as Oracle Bone Inscriptions Gulin (Yu, 1996), Oracle Bone Inscriptions Com-
pendium (Li, 2012), and Yinxu Complete Collection of Facsimiles with Transcriptions of Oracle
Bone Inscriptions (Yao, 1998), which serve different purposes: aggregating philological interpreta-
tions, cataloging glyph variants, and providing collections of deciphered texts. Despite these efforts,
the process has traditionally depended heavily on the expertise and memory of individual scholars.
Conducting searches, comparisons, and syntheses across resources at the scale of 200K rubbings,
reference works, and academic publications is both time-consuming and error-prone. For instance,
even experienced experts may spend considerable time compiling evidence for a single character,
while less experienced scholars may require significantly longer. Consequently, the efficiency and
accuracy of information retrieval and organization have become critical bottlenecks in OBS research.

To address these challenges, we propose OracleAgent, the first agent system designed for the struc-
tured management and retrieval of OBS information. OracleAgent is capable of assisting researchers
rapidly, accurately, and comprehensively in gathering relevant content and associated information.
Our agent is meticulously designed around three core aspects: knowledge base construction, model-
based toolchains, and task-oriented planning. This enables the agent to orchestrate tools according to
the requirements of specific research tasks, leverage the knowledge base as an enhanced resource for
retrieval and generation, and finally aggregate and synthesize all related information for researchers,
thereby accelerating the decipherment process of Oracle Bone Script. Its architecture is carefully de-
signed around three core components: (1) Knowledge Bases: From a content perspective, the data
must comprehensively cover diverse aspects of OBS. We therefore construct five interlinked knowl-
edge bases encompassing rubbings, facsimiles, single characters, interpretation texts, and scholarly
literature. From a structural perspective, the heterogeneous combination of images and texts poses
challenges for algorithmic processing. To mitigate this, we fragment and restructured resources
such as 3,000 research papers and Gulin (Yu, 1996) to enable fine-grained retrieval. (2) Domain
Model-Driven Tools: To enable precise and comprehensive retrieval from the knowledge bases, we
develop a suite of algorithms, including single-character detection, glyph retrieval, rubbing retrieval,
and facsimile generation. These algorithms not only enrich the knowledge bases through offline pro-
cessing of raw data but also support online retrieval, ensuring that researchers can directly access the
information relevant to their tasks. (3) Task-Oriented Planning with LLMs: Powered by LLMs,
OracleAgent dynamically plans tasks based on the specific needs of researchers, autonomously se-
lects and invokes the most suitable model-based tools for each subtask, and ultimately aggregates
both retrieved and generated information into comprehensive, coherent outputs tailored to the user’s
requirements.

The main contributions are summarized as: 1) We propose OracleAgent, the first AI agent sys-
tem designed for the structured management and retrieval of OBS information, which seamlessly
integrates seven OBS analysis tools, empowered by LLMs, dynamically orchestrating specialized
components for complex OBS queries. 2) We propose the first comprehensive, domain-specific
multimodal knowledge base for OBS, built through a rigorous multi-year process of data collec-
tion, cleaning, and expert annotation. The knowledge base contains over 1.4M single-character
facsimile images and 80K interpretation texts, supporting retrieval tasks of character, document,
interpretation text, and rubbing image via the multiple tools integrated within OracleAgent. 3)
OracleAgent provides comprehensive OBS analysis capabilities, including modality classification,
character classification and retrieval, character detection, and facsimile generation. It dynamically
orchestrates specialized tools based on user needs, retrieves information from knowledge bases, and
synthesizes reliable results. 4) Extensive experiments demonstrate that OracleAgent outperforms
leading MLLMs on OBS reasoning and generation tasks, while maintaining strong stability. Further
case studies show that OracleAgent can effectively execute complex workflows and assist domain
experts in retrieving relevant documents, significantly reducing the time required for OBS research.
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Figure 2: Architecture overview of the proposed OracleAgent. OracleAgent consists of four mod-
ules: Perception, Brain, Tools, and Knowledge Bases. The Perception module accepts multimodal
user inputs and infers user intent. The Brain stores states in Memory and integrates multimodal
reasoning with tool-based decision-making. Some tools integrated within OracleAgent are capable
of retrieving information from knowledge base.

2 RELATED WORKS

Oracle Character Processing. Deep learning has played an important role in OBS processing. Re-
cent studies (Jiang et al., 2023; Li et al., 2021; Wang et al., 2022; Gao et al., 2022) have focused
on character detection, denoising, and image translation, while others, such as Genov (Qiao et al.,
2024) and OracleFusion (Li et al., 2025b), leverage MLLMs to enhance visual understanding. More
recently, OBS Decipher (OBSD) (Guan et al., 2024) has applied diffusion models to decipher ora-
cle characters. Although these works are all centered on deep learning, their models are typically
tailored to specific tasks and lack a unified framework capable of addressing the full range of OBS
challenges. To bridge this gap, OBI-Bench (Chen et al., 2024b) introduces a comprehensive OBS
benchmark for MLLMs, leveraging their strong prior knowledge to tackle various OBS tasks. How-
ever, due to issues such as hallucination and suboptimal performance of MLLMs on certain tasks,
there remains a need for a more comprehensive, effective, and reliable AI system.

LLM-based Agent Architectures. Recent advances in LLM-powered agents have enabled au-
tonomous reasoning, planning, and flexible tool utilization (Xi et al., 2025; Zhao et al., 2023; Mas-
terman et al., 2024). Representative frameworks such as ReAct (Yao et al., 2023) combine reason-
ing and acting, while tool-calling methods (e.g., Toolformer (Schick et al., 2023)) and multi-agent
orchestration (e.g., AutoGen (Wu et al., 2024)) further expand agent capabilities. However, their ap-
plication in domain-specific tasks like OBS research is still underexplored, highlighting the need for
customized agent frameworks incorporating domain knowledge and systematic tool coordination.

Evaluation Frameworks. A range of benchmarks have been developed to rigorously assess the
capabilities of LLM-based agents. For example, AgentBench (Liu et al., 2023) evaluates agents
on tasks such as multi-step reasoning, memory retention, tool utilization, task decomposition, and
interactive problem solving. Findings indicate that even advanced models like GPT-4o and Claude-
3.5-Sonnet face challenges with maintaining long-term context and making autonomous decisions.
Building on these insights, MMAU (Yin et al., 2024) extends evaluation to five domains—tool use,
graph reasoning, data science, programming, and mathematics—further exposing ongoing difficul-
ties in structured reasoning and iterative problem solving. However, the evaluation of agents in the
OBS domain remains unexplored. To address this gap, we compare our approach with general-
purpose MLLMs and further extend the benchmark to the domain of facsimile generation.

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

3 ORACLEAGENT

3.1 SYSTEM OVERVIEW

We present OracleAgent, a unified agent framework designed for various Oracle Bone Script (OBS)
tasks. Fig. 2 illustrates the workflow of our OracleAgent, which comprises four core modules: Per-
ception, Brain, Tools, and Knowledge Base. User queries are processed sequentially through these
modules, enabling adaptive and context-aware reasoning. The overall workflow is as follows: (1)
Observe: The Perception module ingests external inputs, including user queries and various types of
images, providing a comprehensive understanding of the environment. (2) Think: The Brain mod-
ule dynamically analyzes the current state maintained in Memory and performs structured reasoning
by orchestrating an array of specialized tools for decision-making. (3) Action: OracleAgent orches-
trates multiple tools in serial and parallel workflows to accomplish complex tasks. Furthermore, the
integrated multimodal tools within the agent leverage the domain-specific OBS knowledge base for
information retrieval, serve as a reliable source for retrieval- augmented generation.

3.2 KNOWLEDGE BASES

To better support OBS experts in the organization and study, we construct a comprehensive,
richly annotated image database of oracle bone characters together with a corresponding textual-
interpretation corpus. This resource is assembled through a multi-year effort involving extensive
manual collection, rigorous data cleaning, and meticulous annotation to maximize accuracy and
coverage. We further integrate a task-driven image-retrieval framework that leverages the image and
text retrieval tools described in Section 3.3. This framework matches input query images of oracle
bone characters to canonical forms stored in the database and then retrieves multiple candidate inter-
pretations from the textual corpus, thereby enabling automatic matching of isomorphic characters.
The knowledge base comprises five databases. In the first three databases, every image is annotated
with provenance information to ensure traceability. In addition, single-character entries, their tex-
tual interpretations, and their images are mutually cross-referencable via oracle bone fragment IDs.
Moreover, we curat a pixel-level fine-grained dataset of approximately 15K annotations that records
facsimile–rubbing correspondences, precise single-character locations, and explicit reading order,
providing a high-resolution foundation for downstream retrieval and analysis tasks.

• Standard Indexed Oracle Bone Character Image Database (Peichao, 2024): A meticulously
curated standard database of oracle bone characters, produced by domain experts, containing
50K images across 4,000 distinct characters and 6,000 subclasses. This database serves as the
reference for associating input character images with their standard forms.

• Oracle Bone Script Interpretation Text Corpus: A collection of interpretation texts for oracle
bone fragments, gathered from online sources, covering 60K fragments and 80K interpretation
texts. This corpus includes the meanings of characters, common phrases, and their occurrences in
various literature. The main sources include: (1) Oracle Bone Instructions (OBI) Collection (Guo
& Hu, 1978-1982), (2) Supplement to the OBI Collection (Peng et al., 1999) , (3) Huayuan East
Oracle Bones (Institute of Archaeology, 2003), and (4) Xiaotun South Oracle Bones (Liu, 1983).

• Image-Interpretation Pair Database: First, we apply the character-detection algorithm de-
scribed in Section 3.3 to a corpus of 172K rubbings from YinQiWenYuan (AYNU, 2020), yielding
1.4M cropped single-character images. To support efficient retrieval, we then generate facsimile
representations for each rubbing and each extracted character by applying the facsimile genera-
tion algorithm introduced in Section 3.3. Collectively, these processing steps produce the most
comprehensive database of image–interpretation pairs to date.

• Document Database: We construct our document database from the YiQinWenYuan, which pro-
vides richly interleaved image-text data on oracle bone studies. The database comprises 3,000
documents related to the interpretation of oracle bone characters, alongside three authoritative
reference books covering historical perspectives on specific characters. Text regions are extracted
from document images using PaddleOCR (Cui et al., 2025), and all character images are manu-
ally segmented. Each image is indexed by its corresponding character, enabling precise image-text
alignment and facilitating efficient retrieval tasks in downstream modules.
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• Comprehensive Dictionary of OBS: A database of interpretations for 7,000 oracle bone inscrip-
tions, sourced from Gulin (Yu, 1996) and Gulin Supplementary Volume (He, 2017), with the same
compilation methodology as the document database.

3.3 DOMAIN MODEL TOOLS OF ORACLE BONE SCRIPT

• Character Detection on Rubbing. We train a YOLO-based detection model on the rubbing im-
age dataset to automatically localize oracle bone script (OBS) characters within rubbing images.

• Character Detection on Facsimile. We train a YOLO-based detection model on the facsimile
image dataset to identify and extract oracle bone script (OBS) characters from facsimile images.

• Text Retrieval and Interpretation. We utilize the GTE-Qwen2-1.5B (Li et al., 2023) multi-
lingual embedding model instruction-tune on high-quality query–document pairs to retrieve and
interpret relevant textual information in response to user queries.

• Character Retrieval and Classification. To enable efficient character retrieval and classification
based on visual similarity, we train a feature extraction model (Ren et al., 2022) specifically
designed for characteristics of OBS facsimile images.

• Single-Character Facsimile Image Denoising. To transform noisy rubbing images of individual
OBS characters into clean facsimile representations, we employ and train a CycleGAN (Zhu et al.,
2017) model for this image-to-image translation task.

• Whole Facsimile Image Generation. To generate complete facsimile images from rubbing im-
ages. We train a ControlNet (Zhang et al., 2023) based on SD1.5 (Rombach et al., 2022) on the
OBIMD dataset (Li et al., 2024) to achieve facsimile image generation.

• Rubbing Image Retrieval. We support efficient retrieval of rubbing images based on visual
similarity by training a specialized matching model (Li et al., 2025a). Furthermore, by leverag-
ing the Image-Interpretation Pair Database, the retrieved rubbing images can be indexed to their
corresponding interpretation texts, enabling effective rubbing-to-interpretation matching.

3.4 OBS MULTIMODAL PERCEPTION AND BRAIN

The Perception module constitutes the foundational component of our Oracle Bone Intelligent
Agent, enabling comprehensive understanding of both user queries and multiple visual modalities of
OBS. As illustrated in Fig. 1, The system processes a set of oracle bone images I = {I1, ..., Ii}i=M

spanning modalities such as rubbings, facsimiles, single-character crops, and handprinted charac-
ters. Each image Ii is encoded via a visual encoder V to obtain modality-specific features:

vi = V(Ii), i = 1, 2, ...,M. (1)

User queries Q are interpreted in the context of the visual inputs. Unlike conventional approaches
that combine multi-modal features via concatenation or attention mechanisms, our method employs
large language models (LLMs) by injecting discrete visual tokens into the textual prompt. Specifi-
cally, visual features {v1,v2, ...,vi}i=M are projected into tokens and embedded alongside the user
query to form a unified prompt, which can be formulated as:

Prompt = [Q;v1;v2; ...;vi]i=M (2)

This unified prompt enables the Agent to jointly process textual and visual information, facilitating
deep semantic alignment and cross-modal reasoning through the LLM’s contextual capabilities.

The Brain module serves as the central reasoning and decision-making component of the Agent,
functioning as the “cognitive core” that orchestrates the overall workflow. Leveraging the powerful
prior knowledge embedded within large language models (LLMs), the Brain module is responsible
for analyzing the current state stored in Memory, planning tool usage, performing multi-step rea-
soning, and ultimately making decisions to fulfill user intents. At each interaction step, the Agent
maintains a dynamic state st in Memory, which encapsulates the historical context, user queries,
intermediate results, and relevant environmental information up to time t. The Brain module first
retrieves and interprets this state: st = Memory(t). The state st is then encoded into a structured
prompt, which is fed into the LLM-based Brain for further analysis. Given the current state st, the
Brain module utilizes its extensive prior knowledge to plan the sequence of tool invocations required
to solve the task. Let A = {a1, a2, ...aj}j=K denote the set of available tools (e.g., OCR, image
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Table 1: Results on the OBS character retrieval task on OBC306 and OBI-IJDH datasets. “Yes-or-
No” and “How” represent the absolute and probability output, respectively. We report the averaged
Recall@1, 3, 5, and mAP@5 for “How” question.

OBC306 OBI-IJDH

Models Yes-or-No↑ How↑ Yes-or-No↑ How↑
mAP@|Yes| Recall@1 Recall@3 mAP@5 mAP@|Yes| Recall@1 Recall@3 mAP@5

GPT-4v 0.4228 0.205 0.650 0.624 0.5680 0.225 0.676 0.740
GPT-4o 0.4550 0.235 0.686 0.688 0.6122 0.250 0.706 0.800
Qwen-VL-MAX 0.4223 0.190 0.621 0.644 0.5716 0.225 0.638 0.780

InternVL2-Llama3-76B 0.3557 0.150 0.460 0.522 0.4268 0.250 0.675 0.720
InternVL2-8B 0.2844 0.095 0.374 0.420 0.3623 0.225 0.650 0.68
Qwen-VL-7B 0.2883 0.080 0.345 0.422 0.3528 0.225 0.588 0.660
LLaVA-NeXT-8B 0.2793 0.075 0.358 0.348 0.3605 0.225 0.606 0.600
Qwen2.5-VL-7B 0.2995 0.110 0.388 0.460 0.3704 0.225 0.620 0.700
OracleAgent (Ours) 0.4953 0.210 0.690 0.712 0.7600 0.250 0.735 0.940

retrieval, translation, etc). At time t, the Brain constructs a plan πt, which is an ordered sequence
of tool actions: πt = [a1, a2, ..., an], ai ∈ A, which maximizes the expected utility:

πt = argmax
π

E[R(π | st,Goal)], (3)

where R(·) denotes the utility of executing plan π given the state st and the user goal.

4 ORACLEAGENT-BENCH

4.1 DATASET

Table 2: Results on the OBS detection task. “How”
and “Where” represent the number and bounding box
output, respectively. We report MRE and mIoU.

Models Type How↓ Where↑
GPT-4v Closed 0.4383 0.0165
GPT-4o Closed 0.3458 0.0182
Qwen-VL-MAX Closed 0.4843 0.0131

InternVL2-Llama3-76B Open 0.5344 0.0623
InternVL2-8B Open 1.1146 0.0152
Qwen-VL-7B Open 3.5694 0.0069
LLaVA-NeXT-8B Open 0.4268 0.0189
Qwen2.5-VL-7B Open 1.0000 0.1112
OracleAgent (Ours) Open 0.3894 0.6198

For OBS detection, character classification,
and character retrieval tasks, we use OBI-
Bench (Chen et al., 2024b) to evaluate the
understanding and reasoning ability of Or-
acleAgent. Additionally, we introduce 3K
images from 4 different OBS modalities
illustrated in Fig. 1 to evaluate the OBS
modality classification and facsimile gener-
ation ability.

4.2 QUESTION SETTINGS

To evaluate various perception capabilities, we follow the coarse-to-fine question settings in OBI-
Bench. Specifically, we categorize the questions into four distinct types: (1) Yes-or-No: Binary
questions designed to minimize ambiguity and directly reflect the underlying task objectives. (2)
Which: Single-choice questions that require the model to identify the correct answer from a finite
set of candidates, thereby evaluating its discriminative capability among closely related options. (3)
How: Quantitative questions, such as determining the number of oracle bone characters present in
an image or estimating the probability that two characters belong to the same class, which facilitate
a more fine-grained assessment of model performance. (4) Where: Localization questions that
prompt the model to output bounding boxes for detected characters, thereby assessing its spatial
reasoning and detailed perceptual abilities. For facsimile generation task, we prompt the model with
instruction: “Please transform this picture into a facsimile.”.

5 EXPERIMENTS

5.1 IMPLEMENTATIONS

OracleAgent employs DeepSeek-V3.1 (Liu et al., 2024a) as its backbone LLM and integrates
Yolov11 (Khanam & Hussain, 2024) for character detection, GTE-Qwen2-1.5B (Li et al., 2023)

6
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Table 3: Results on the OBS character classification task on HWOBC, Oracle50K, and OBI125
datasets. Note that “Yes-or-No” and “How” represent absolute and probability output, respectively.

HWOBC Oracle-50k OBI125

Models Yes-or-No↑ How↑ Yes-or-No↑ How↑ Yes-or-No↑ How↑
Acc Acc@1 Acc@5 Acc Acc@1 Acc@5 Acc Acc@1 Acc@5

GPT-4v 69.50 86.75 100.0 66.00 88.25 100.0 57.75 70.75 91.75
GPT-4o 72.75 89.75 100.0 74.50 90.25 100.0 62.50 75.50 93.75
Qwen-VL-MAX 64.25 85.00 100.0 65.75 88.75 98.75 55.00 69.25 89.75

InternVL2-Llama3-76B 44.75 53.75 69.75 47.50 55.00 69.00 43.25 50.75 66.75
Qwen-VL-7B 44.25 48.00 61.25 42.00 51.00 63.50 38.75 44.75 61.25
InternVL2-8B 42.25 47.75 59.75 41.75 49.00 59.00 38.75 47.75 56.50
LLaVA-NeXT-8B 44.00 46.75 53.75 42.00 46.25 56.75 38.75 42.75 54.75
Qwen2.5-VL-7B 45.50 49.25 65.25 43.25 51.75 65.25 42.50 47.25 62.75
OracleAgent (Ours) 89.75 95.75 100.0 90.25 92.75 100 80.50 84.75 95.00

for text retrieval and interpretation, EGFF model (Ren et al., 2022) for Glyph Retrieval and Clas-
sification, CycleGAN (Zhu et al., 2017) and ControlNet (Zhang et al., 2023) for facsimile gener-
ation. OracleAgent executes tool operations via structured JSON API calls, explicitly specifying
all required parameters (e.g., image file locations, textual instructions) for each target tool. For
baseline comparisons, we use the official implementations of all models and strictly follow their
recommended configuration protocols during evaluation. For model responses, we employ regular
expressions to extract answers such as numerical values or boolean results. In cases of errors or
timeouts, the extraction procedure is retried up to three times. If the response remains invalid or
does not yield a single definitive answer after these attempts, it is marked as incorrect.

5.2 EXPERIMENTAL SETUP

We evaluate OracleAgent against both mainstream open-source and proprietary MLLMs, includ-
ing the Qwen (Bai et al., 2023), GPT-4 (Hurst et al., 2024), InternVL (Chen et al., 2024a), and
LLaVA (Liu et al., 2024b) series. Since most MLLMs lack the advanced instruction-based image
editing capabilities like GPT-4o, we additionally compare OracleAgent with Bagel (Deng et al.,
2025) and Step1x-Edit (Liu et al., 2025) on the facsimile generation task. We conduct comprehen-
sive evaluations on OracleAgent-Bench, which incorporates experimental settings from OBI-Bench
for oracle bone script (OBS) detection, character classification, and retrieval tasks. For modality
classification and generation tasks, we design tailored evaluation procedures and metrics. The ex-
perimental configurations for the five key domain problems are detailed as follows:

Character Retrieval and Classification. To evaluate model performance on oracle bone character
retrieval and classification tasks, we design “Yes-or-No” and “How” questions. Specifically, these
questions are constructed based on intra-class and inter-class pairs of oracle bone character images,
requiring the model to output either a binary decision or a probabilistic score indicating class sim-
ilarity. The retrieval task includes 600 images sampled from OBC306 (Huang et al., 2019) and
OBI-IJDH (Fujikawa & Meng, 2020). We employ averaged Recall@k and mean Average Precision
(mAP) to quantify the multi-round OBI retrieval performance of MLMMs and OracleAgent. The
character classification task comprises 500 images across 100 categories from each of HWOBC (Li
et al., 2020), Oracle-50k (Han et al., 2020), and OBI125 (Yue et al., 2022), with accuracy (Acc) used
as the evaluation metric.

Detection. To assess model performance on OBS detection, we employ two question types to evalu-
ate coarse- and fine-grained perceptual abilities with 2K OBS rubbing images sampled from YinQi-
WenYuan (AYNU, 2020). “How” questions require the model to predict the number of characters
on a given rubbing, while “Where” questions task the model with precisely localizing each character
by outputting its bounding box. We utilize MRE described in Eq. 4 and mIoU

Modality Classification. We utilize 2K images from OBIMD (Li et al., 2024), covering four distinct
OBS image modalities. For each image, we present a “Which” question, requiring the model to
select the most appropriate modality from four given options.

Generation. The facsimile generation task converts oracle bone rubbing images into correspond-
ing facsimiles via a simple prompt (e.g., “Please convert this to a facsimile.”). Most existing
MLLMs lack the instruction-driven image editing capabilities of models like GPT-4o. We evalu-
ate OracleAgent against unified autoregressive models, including Bagel (Deng et al., 2025), Flux1.-
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Kontext (Batifol et al., 2025), and Step1x-Edit (Liu et al., 2025). We sample 500 rubbing-facsimile
pairs from designated test set of the OBIMD dataset and assess performance using standard met-
rics: FID (Heusel et al., 2017), KID (Bińkowski et al., 2018), SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018). For further details, please refer to the OBI-Bench paper (Chen et al.,
2024b) and Appendix E of our work.

Case Study of Retrieval Evaluation. For the retrieval task of a specific oracle character, we use
expert-annotated results as the ground truth and compare them with the retrieval results obtained by
OracleAgent. Specifically, we evaluate the retrieval performance using Precision, Recall, F1-score,
and Coverage, with their respective definitions and calculation formulas provided in Eq. 5-Eq. 8.

5.3 QUANTITATIVE ANALYSIS

Table 4: Results on the OBS modality classification task.

Models Type Which↑
Acc@1 Precision Recall

Qwen-VL-MAX Closed 83.35 0.8731 0.8345
Qwen-VL-PLUS Closed 70.40 0.8561 0.7050

InternVL2-8B Open 65.95 0.7748 0.6595
Qwen-VL-7B Open 35.45 0.3734 0.2665
LLaVA-NeXT-8B Open 39.55 0.4465 0.2955
Qwen2.5-VL-7B Open 43.75 0.5434 0.4375
OracleAgent (Ours) Open 99.90 0.9990 0.9975

Retrieval. As shown in Tab. 1, all
models exhibit comparable performance
on the character retrieval task under
the Recall@1 metric, with OracleAgent
slightly trailing GPT-4o on the OBC306
dataset. However, when expanding the
candidate pool to Recall@3 and Re-
call@5, OracleAgent consistently out-
performs all baselines on both the
OBC306 and OBI-IJDH datasets across
“Yes-or-No” and “How” question types.
This indicates that OracleAgent is more
effective at retrieving relevant characters when a broader set of candidates is considered, which is
critical for practical applications. These findings also underscore the limitations of Recall@1 in
distinguishing model capabilities. Moreover, OracleAgent achieves the highest mAP@5 scores on
both datasets, further demonstrating its superior retrieval performance and robustness in complex
character retrieval scenarios compared to state-of-the-art models.

Character Classification. Tab. 3 presents OBS character classification results on HWOB, Oracle-
50k, and OBI125. OracleAgent consistently achieves the highest accuracy on both “Yes-or-No” and
“How” questions across all datasets. While proprietary models such as Qwen and GPT-4 outperform
open-source MLLMs, OracleAgent maintains a clear lead, particularly in Acc@5. These results
demonstrate its superior classification and generalization capabilities.

Detection. As shown in Tab. 2, OracleAgent achieves the highest performance on the “Where”
(mIoU) metric with a score of 0.6198, significantly outperforming all baselines and demonstrating
strong localization capability. On the “How” (MRE) metric, OracleAgent attains 0.3894, slightly
higher than GPT-4o but better than most open models, indicating robust numerical prediction. Over-
all, OracleAgent substantially improves target localization accuracy while maintaining low quantity
prediction error, highlighting its superior fine-grained perception.

Modality Classification. As shown in Tab. 4, OracleAgent achieves an accuracy of 99.9% on
the modality classification task. Since modality classification is a fundamental step upon which
subsequent workflows depend, such high accuracy is crucial. Moreover, other models lack access to
multimodal OBS training data, which reasonably accounts for their lower zero-shot performance.

Table 5: Results on the OBS facsimile generation task.
Models FID↓ KID↓ SSIM↑ LPIPS↓
GPT-4o 103.65 68.19 0.8127 0.2787

Step1x-Edit 303.93 292.56 0.5876 0.4853
Flux.1-Kontext 225.88 196.73 0.7232 0.3491
Bagel-7B 144.02 95.97 0.7087 0.3417
OracleAgent (Ours) 45.06 24.00 0.8381 0.2447

Evaluation on Generation As shown
in Tab. 5, OracleAgent outperforms all
baselines on the OBS facsimile gen-
eration task across all evaluation met-
rics. OracleAgent produces facsimiles
that are both visually and perceptually
closer to the ground truth, with FID and
KID reduced by more than half com-
pared to GPT-4o, and notable gains in SSIM and LPIPS. These results highlight OracleAgent’s
advanced fine-grained facsimile image generation capability.
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5.4 CASE STUDY

5.4.1 INTERACTION FLOW

<think> There are 14 characters on this rubbing, ”貞”, ”卜”, ”王”,… . Next, I 
need to search the id of this rubbing. </think>

Please analyze the content of this oracle bone script image.

<think> It seems to be an oracle bone rubbing. Next, I need to detect 
these characters on this rubbing. </think>

OracleAgent

User Query

<tools> {“tool”:“rubbing_det”,“boxes_list”:[{“label”: “貞”, “bboxes”: [
681, 647, 94, 132]}, {“label”: “卜”, “bboxes”: ([926, 466, 53, 69])}, …]}

<tools> {“tool”:“rubbing_retrieval”, “image_path”: …, “response”: {”id”: 5}}

<think> Next, I need to search the interpretation. </think>

<tools> {“tool”:“interpretation_retrieval”, “id”: “00005”, “response”: 
{“interpretation”: “乙巳卜殻貞殻貞王大令眾人曰受”}

<response> The interpretation of this rubbing is “乙巳卜殻貞殻貞王大
令眾人曰受”, corresponding cropped sample images are listed as follows: 
    乙    巳 卜 殻 貞 殻   貞  王 大    令  眾  人 曰 受

Figure 3: OracleAgent Interaction Flow: Auto-
mated analysis of an oracle bone rubbing

As shown in Fig. 3, the user’s question con-
cerns the analysis of a given oracle bone rub-
bing. OracleAgent first recognizes the modal-
ity of the OBS rubbing image. Next, it au-
tomatically invokes the object detection tool
to accurately identify all oracle bone charac-
ters present on the rubbing. Using the rub-
bing retrieval tool, it then determines the frag-
ment number, thereby obtaining the correct
reading order of the characters. Finally, by
calling the interpretation retrieval tool, Ora-
cleAgent retrieves the corresponding modern
Chinese characters and aligns each oracle bone
character with its modern counterpart. This
process simulates the workflow of OBS ex-
pert and can greatly simplify their work. The
subsequent interaction is displayed in Fig. 4.

5.4.2 RETRIEVAL EVALUATION

Table 6: Quantitative retrieval result for a specific
oracle bone character.

Precision ↑ Recall ↑ F1-score ↑ Coverage ↑
0.8959 0.9269 0.9112 0.9615

To comprehensively assess the performance
of OracleAgent in real-world OBS informa-
tion retrieval tasks, we conducted a compara-
tive experiment against domain experts’ manual
search results. Specifically, we selected a target
oracle character and tasked both OracleAgent
and human experts with identifying all oracle
bone fragments in which the character appears. For the expert baseline, a team of domain specialists
engaged in manual retrieval by consulting relevant reference books and materials over a one-week
period. The aggregated expert findings serve as the ground truth (noting that these results might
not be fully exhaustive, but currently represent the best available benchmark). OracleAgent sub-
sequently performed the same retrieval task automatically, and its results were directly compared
with those from the experts. As shown in Tab. 6, OracleAgent demonstrated strong performance on
this task, achieving a high recall of 92.69% and category coverage of 96.15%. These metrics indi-
cate a high level of agreement between OracleAgent and expert results. Additionally, OracleAgent
retrieved 7.31% more potential instances than the experts, with the majority of these additional find-
ings validated as reasonable upon further expert review. This highlights OracleAgent’s expert-level
retrieval capabilities and its potential to outperform manual expert searches, thus providing a robust
foundation for accelerating information retrieval and research in oracle bone studies.

6 CONCLUSION

In this work, we introduce OracleAgent, a pioneering AI agent system for the structured manage-
ment and retrieval of OBS information. OracleAgent addresses two long-standing challenges in
OBS research: the complexity of interpretation workflows and inefficiencies in information organi-
zation and retrieval. By seamlessly integrating multiple OBS model-driven tools via large language
models (LLMs) and orchestrating them flexibly, OracleAgent enables end-to-end support for expert
tasks. Our comprehensive OBS multimodal knowledge base, comprising over 1.4 million charac-
ter rubbing images and 80K interpretation texts, substantially enhances the system’s capabilities.
Experimental results and case studies demonstrate that OracleAgent achieves state-of-the-art per-
formance and significantly reduces the time required for OBS research. Our findings underscore
OracleAgent as an important advance toward intelligent, automated support in OBS research. Look-
ing ahead, we plan to further expand the coverage of the knowledge base and explore adaptive agent
strategies for broader semiotic and historical domains. We anticipate that OracleAgent will serve as
a foundation for future progress in computational humanities and the digitization of ancient scripts.
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7 REPRODUCIBILITY STATEMENT

We have already elaborated on all the models or algorithms proposed, experimental configurations,
and benchmarks used in the experiments in the main body or appendix of this paper. Furthermore,
we declare that the entire code used in this work will be released after acceptance.
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Mikołaj Bińkowski, Danica J Sutherland, Michael Arbel, and Arthur Gretton. Demystifying mmd
gans. arXiv preprint arXiv:1801.01401, 2018.

Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen, Sen Xing, Muyan Zhong, Qinglong
Zhang, Xizhou Zhu, Lewei Lu, et al. Internvl: Scaling up vision foundation models and aligning
for generic visual-linguistic tasks. In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, pp. 24185–24198, 2024a.

Zijian Chen, Tingzhu Chen, Wenjun Zhang, and Guangtao Zhai. Obi-bench: Can lmms aid in study
of ancient script on oracle bones? arXiv preprint arXiv:2412.01175, 2024b.

Cheng Cui, Ting Sun, Manhui Lin, Tingquan Gao, Yubo Zhang, Jiaxuan Liu, Xueqing Wang, Zelun
Zhang, Changda Zhou, Hongen Liu, Yue Zhang, Wenyu Lv, Kui Huang, Yichao Zhang, Jing
Zhang, Jun Zhang, Yi Liu, Dianhai Yu, and Yanjun Ma. Paddleocr 3.0 technical report, 2025.
URL https://arxiv.org/abs/2507.05595.

Chaorui Deng, Deyao Zhu, Kunchang Li, Chenhui Gou, Feng Li, Zeyu Wang, Shu Zhong, Weihao
Yu, Xiaonan Nie, Ziang Song, et al. Emerging properties in unified multimodal pretraining. arXiv
preprint arXiv:2505.14683, 2025.

Yoshiyuki Fujikawa and Lin Meng. Obi dataset for ijdh and obi recognition application. http:
//www.ihpc.se.ritsumei.ac.jp/OBIdataseIJDH.zip, 2020. 2020.

Feng Gao, Jingping Zhang, Yong ge Liu, and Yahong Han. Image translation for oracle bone char-
acter interpretation. Symmetry, 14:743, 2022. URL https://api.semanticscholar.
org/CorpusID:247959908.

Haisu Guan, Huanxin Yang, Xinyu Wang, Shengwei Han, Yongge Liu, Lianwen Jin, Xiang Bai, and
Yuliang Liu. Deciphering oracle bone language with diffusion models. In Lun-Wei Ku, Andre
Martins, and Vivek Srikumar (eds.), Proceedings of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Papers), pp. 15554–15567, Bangkok, Thailand,
August 2024. Association for Computational Linguistics. doi: 10.18653/v1/2024.acl-long.831.
URL https://aclanthology.org/2024.acl-long.831.

Moruo Guo and Houxuan Hu. Collection of Oracle Bone Inscriptions. Zhonghua Book Company,
Beijing, China, 1978-1982.

Wenhui Han, Xinlin Ren, Hangyu Lin, Yanwei Fu, and Xiangyang Xue. Self-supervised learning
of orc-bert augmentator for recognizing few-shot oracle characters. In Proceedings of the Asian
Conference on Computer Vision, 2020.

Jingcheng He. Zhonghua Book Company, Beijing, China, 2017.

10

https://jgw.aynu.edu.cn/ home/down/detail/index.html?sysid=3
https://jgw.aynu.edu.cn/ home/down/detail/index.html?sysid=3
https://arxiv.org/abs/2308.12966
https://arxiv.org/abs/2507.05595
http://www.ihpc.se.ritsumei.ac.jp/OBIdataseIJDH.zip
http://www.ihpc.se.ritsumei.ac.jp/OBIdataseIJDH.zip
https://api.semanticscholar.org/CorpusID:247959908
https://api.semanticscholar.org/CorpusID:247959908
https://aclanthology.org/2024.acl-long.831


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochreiter.
Gans trained by a two time-scale update rule converge to a local nash equilibrium. Advances in
neural information processing systems, 30, 2017.

Shuangping Huang, Haobin Wang, Yongge Liu, Xiaosong Shi, and Lianwen Jin. Obc306: A large-
scale oracle bone character recognition dataset. In 2019 International Conference on Document
Analysis and Recognition (ICDAR), pp. 681–688. IEEE, 2019.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, Alec Radford, et al. Gpt-4o system card. arXiv preprint
arXiv:2410.21276, 2024.

Chinese Academy of Social Sciences Institute of Archaeology. Oracle Bones from the Eastern
Huayuanzhuang Site at Yinxu. Yunnan People’s Publishing House, Kunming, China, 2003.

Runhua Jiang, Yongge Liu, Boyuan Zhang, Xu Chen, Deng Li, and Yahong Han. Oraclepoints: A
hybrid neural representation for oracle character. In Proceedings of the 31st ACM International
Conference on Multimedia, MM ’23, pp. 7901–7911, New York, NY, USA, 2023. Association for
Computing Machinery. ISBN 9798400701085. doi: 10.1145/3581783.3612534. URL https:
//doi.org/10.1145/3581783.3612534.

Rahima Khanam and Muhammad Hussain. Yolov11: An overview of the key architectural enhance-
ments. arXiv preprint arXiv:2410.17725, 2024.

Bang Li, Qianwen Dai, Feng Gao, Weiye Zhu, Qiang Li, and Yongge Liu. Hwobc-a handwriting
oracle bone character recognition database. In Journal of Physics: Conference Series, volume
1651, pp. 012050. IOP Publishing, 2020.

Bang Li, Donghao Luo, Yujie Liang, Jing Yang, Zengmao Ding, Xu Peng, Boyuan Jiang, Shengwei
Han, Dan Sui, Peichao Qin, et al. Oracle bone inscriptions multi-modal dataset. arXiv preprint
arXiv:2407.03900, 2024.

Bang Li, Zengmao Ding, Yan Zhang, Han Zhang, Jing Yang, Jiaqi Fang, Taisong Jin, Yongge Liu,
Zhenhao Song, and Rongrong Ji. An open benchmark for oracle bone rubbing image retrieval.
npj Heritage Science, 13(1):292, 2025a.

Caoshuo Li, Zengmao Ding, Xiaobin Hu, Bang Li, Donghao Luo, AndyPian Wu, Chaoyang
Wang, Chengjie Wang, Taisong Jin, Yunsheng Wu, et al. Oraclefusion: Assisting the decipher-
ment of oracle bone script with structurally constrained semantic typography. arXiv preprint
arXiv:2506.21101, 2025b.

Jing Li, Qiu-Feng Wang, Rui Zhang, and Kaizhu Huang. Mix-up augmentation for oracle char-
acter recognition with imbalanced data distribution. In Document Analysis and Recognition –
ICDAR 2021: 16th International Conference, Lausanne, Switzerland, September 5–10, 2021,
Proceedings, Part I, pp. 237–251, Berlin, Heidelberg, 2021. Springer-Verlag. ISBN 978-3-
030-86548-1. doi: 10.1007/978-3-030-86549-8 16. URL https://doi.org/10.1007/
978-3-030-86549-8_16.

Zehan Li, Xin Zhang, Yanzhao Zhang, Dingkun Long, Pengjun Xie, and Meishan Zhang. Towards
general text embeddings with multi-stage contrastive learning. arXiv preprint arXiv:2308.03281,
2023.

Zongkun Li. Oracle Bone Inscriptions Compendium. Zhonghua Book Company, Beijing, China,
2012.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang, Bochao Wu, Chengda Lu, Chenggang Zhao,
Chengqi Deng, Chenyu Zhang, Chong Ruan, et al. DeepSeek-V3 technical report. arXiv preprint
arXiv:2412.19437, 2024a.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae Lee.
Llavanext: Improved reasoning, ocr, and world knowledge, 2024b.

11

https://doi.org/10.1145/3581783.3612534
https://doi.org/10.1145/3581783.3612534
https://doi.org/10.1007/978-3-030-86549-8_16
https://doi.org/10.1007/978-3-030-86549-8_16


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Shiyu Liu, Yucheng Han, Peng Xing, Fukun Yin, Rui Wang, Wei Cheng, Jiaqi Liao, Yingming
Wang, Honghao Fu, Chunrui Han, et al. Step1x-edit: A practical framework for general image
editing. arXiv preprint arXiv:2504.17761, 2025.

Xiao Liu, Hao Yu, Hanchen Zhang, Yifan Xu, Xuanyu Lei, Hanyu Lai, Yu Gu, Hangliang Ding,
Kaiwen Men, Kejuan Yang, et al. Agentbench: Evaluating llms as agents. arXiv preprint
arXiv:2308.03688, 2023.

Yiman Liu. Oracle Bones from the Southern Xiaotun Site. Zhonghua Book Company, Beijing,
China, 1983.

Tula Masterman, Sandi Besen, Mason Sawtell, and Alex Chao. The landscape of emerging
ai agent architectures for reasoning, planning, and tool calling: A survey. arXiv preprint
arXiv:2404.11584, 2024.

Qin Peichao. Jingyuan oracle bone font library. https://oracular.azurewebsites.
net/, 2024. 2024.

Bangjiong Peng, Ji Xie, and Jifan Ma. Supplementary Collection of Oracle Bone Inscriptions.
Chinese Language and Literature Publishing House, Beijing, China, 1999.

Runqi Qiao, Lan Yang, Kaiyue Pang, and Honggang Zhang. Making visual sense of oracle bones
for you and me. CVPR, Jan 2024.

Hao Ren, Ziqiang Zheng, and Hong Lu. Energy-guided feature fusion for zero-shot sketch-based
image retrieval. Neural Processing Letters, 54(6):5711–5720, 2022.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, pp. 10684–10695, 2022.

Timo Schick, Jane Dwivedi-Yu, Roberto Dessı̀, Roberta Raileanu, Maria Lomeli, Luke Zettlemoyer,
Nicola Cancedda, and Thomas Scialom. Toolformer: Language models can teach themselves to
use tools, 2023. arXiv preprint arXiv:2302.04761, 2023.

Mei Wang, Weihong Deng, and Cheng-Lin Liu. Unsupervised structure-texture separation network
for oracle character recognition. IEEE Transactions on Image Processing, 31:3137–3150, 2022.
doi: 10.1109/TIP.2022.3165989.

Zhou Wang, Alan C Bovik, Hamid R Sheikh, and Eero P Simoncelli. Image quality assessment:
from error visibility to structural similarity. IEEE transactions on image processing, 13(4):600–
612, 2004.

Qingyun Wu, Gagan Bansal, Jieyu Zhang, Yiran Wu, Beibin Li, Erkang Zhu, Li Jiang, Xiaoyun
Zhang, Shaokun Zhang, Jiale Liu, et al. Autogen: Enabling next-gen llm applications via multi-
agent conversations. In First Conference on Language Modeling, 2024.

Zhiheng Xi, Wenxiang Chen, Xin Guo, Wei He, Yiwen Ding, Boyang Hong, Ming Zhang, Junzhe
Wang, Senjie Jin, Enyu Zhou, et al. The rise and potential of large language model based agents:
A survey. Science China Information Sciences, 68(2):121101, 2025.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik Narasimhan, and Yuan Cao.
React: Synergizing reasoning and acting in language models. In International Conference on
Learning Representations (ICLR), 2023.

Xiaosui Yao. Yinxu Complete Collection of Facsimiles with Transcriptions of Oracle Bone Inscrip-
tions. Zhonghua Book Company, Beijing, China, 1998.

Guoli Yin, Haoping Bai, Shuang Ma, Feng Nan, Yanchao Sun, Zhaoyang Xu, Shen Ma, Jiarui Lu,
Xiang Kong, Aonan Zhang, et al. Mmau: A holistic benchmark of agent capabilities across
diverse domains. arXiv preprint arXiv:2407.18961, 2024.

Shengwu Yu. Oracle Bone Inscriptions Gulin. Zhonghua Book Company, Beijing, China, 1996.

12

https://oracular.azurewebsites.net/
https://oracular.azurewebsites.net/


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Xuebin Yue, Hengyi Li, Yoshiyuki Fujikawa, and Lin Meng. Dynamic dataset augmentation for deep
learning-based oracle bone inscriptions recognition. ACM Journal on Computing and Cultural
Heritage, 15(4):1–20, 2022.

Lvmin Zhang, Anyi Rao, and Maneesh Agrawala. Adding conditional control to text-to-image
diffusion models. In Proceedings of the IEEE/CVF international conference on computer vision,
pp. 3836–3847, 2023.

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shechtman, and Oliver Wang. The unreasonable
effectiveness of deep features as a perceptual metric. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pp. 586–595, 2018.

Pengyu Zhao, Zijian Jin, and Ning Cheng. An in-depth survey of large language model-based
artificial intelligence agents. arXiv preprint arXiv:2309.14365, 2023.

Jun-Yan Zhu, Taesung Park, Phillip Isola, and Alexei A Efros. Unpaired image-to-image translation
using cycle-consistent adversarial networks. In Proceedings of the IEEE international conference
on computer vision, pp. 2223–2232, 2017.

A APPENDIX

B THE USE OF LARGE LANGUAGE MODELS

We use large language models solely for polishing our writing, and we have conducted a careful
check, taking full responsibility for all content in this work.

C ETHICS STATEMENT

In alignment with the ICLR Code of Ethics, our work centers on publicly available, open-licensed
images of oracle bone script. No sensitive, private, or personally identifiable information has been
incorporated at any stage of dataset development or annotation. We exercised particular care to re-
spect cultural heritage and maintain fairness throughout the entire process. To promote transparency
and replicability within oracle bone script research, we commit to sharing our dataset and algo-
rithmic resources for academic use only. By doing so, we hope to advance responsible research
practices and contribute positively to the scholarly study of ancient scripts.

D ADDITIONAL CASE STUDY

Which corpora record this oracle bone Character “大”?

User Query

<think> It seems to be a sample of rubbing. Next, I need to convert this 
sample into tracing. </think>

Oracle Agent

<tools> {“tool”: “tracing_generation”, “image_path”: …, 
response: <image>}

<think> I need to search related copora and similar glyphs. </think>

<tools> {“tool”: “interpretation_text_corpus_retrieval”, “image_path”: …,  
“response”:{{“image”: <image1>, “id”: “hb_7788”}, {“image”: <image2>, 
“id”: “tn_1066”}, …}

<response> This oracle bone character is recorded in 
1. Corpus of Oracle Bone Instruction 7708 
2 .Xiaotun South Oracle Bones 1066 ⋯
More similar glyphs are listed as follows:

Figure 4: OracleAgent Interaction Flow:
Follow-up query about which catalogues record
this oracle bone character from the last response.

In Section 5.4 of the main paper, we present
only a portion of the results from our case study.
The subsequent user query. In the subsequent
interaction, the user follows up on the previ-
ous response by inquiring about a specific or-
acle bone character identified in the initial anal-
ysis in Fig. 4. This scenario reflects a typi-
cal expert workflow, where further investigation
is required for a particular character of inter-
est. OracleAgent recognizes that the query per-
tains to a single character cropped from an or-
acle bone rubbing. Given that our Standard In-
dex Database is organized by facsimile modal-
ity, OracleAgent first performs single-character
denoising to generate the facsimile form of the
queried character. It then utilizes the character
retrieval tool to locate the standard glyph within
the index database and further retrieves visually
similar glyphs from the Image-Interpretation
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Pair Database, linking each to the correspond-
ing interpretation and corpus.

E DETAILED EXPERIMENTAL CONFIGURATION

In this section, we provide a comprehensive description of the experimental setup, including a di-
verse set of OBS tasks. Specifically, we exhibit the question templates of different oracle bone script
tasks.

E.1 CHARACTER RETRIEVAL AND CLASSIFICATION

“How” question template:
#System: You are a senior oracle bone researcher who excels in classifying oracle bone characters.
#User: Given the following two oracle bone characters, estimate the probability that they belong to
the same class. Please return only a single integer between 0 and 100. <image1> <image2>
“Yes-or-No” question template:
#System: You are a senior oracle bone researcher who excels in classifying oracle bone characters.
#User: Whether these two oracle bone characters belong to the same class? Please return “Yes” or
“No”. <image1> <image2>

E.2 MODALITY CLASSIFICATION

“Which” question template:
#System: You are a senior oracle bone researcher who excels in classifying the modality of oracle
bone images.
#User: Which modality is this oracle bone image belong to? <image1>
A. Whole Rubbing Image.
B. Whole Facsimile Image.
C. Single Character Rubbing Image.
D. Single Character Facsimile Image.

E.3 DETECTION

“How” question template:
#System: You are a senior oracle bone researcher who excels in detecting characters on oracle bone
script images.
#User: How many oracle bone characters are in this image? Please return the number of oracle
bone characters in this image. <image1>
“Where” question template:
#System: You are a senior oracle bone researcher who excels in detecting characters on oracle bone
script images.
#User: How many oracle bone characters are in this image? For each detected oracle bone char-
acter, please return a bounding box in [xmin, ymin, xmax, ymax] format. <image1>
For “How” questions, we employ the relative counting error (MRE) metric to evaluate the perfor-
mance of different LMMs:

MRE =
1

N

N∑
i=1

|Kgt
i −Kpre

i |
Cgt

i

, (4)

where N is the number of evaluated OBS images. Kgt
i and Kpre

i represent the ground-truth and
predicted numbers of oracle bone characters in the i-th OBS image, respectively.

E.4 GENERATION

For the facsimile image generation task, the input to our framework is a high-resolution rubbing
image of an oracle bone inscription, which captures the raw visual appearance of the engraved
characters along with the noise and texture artifacts introduced by the rubbing process. The objective
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Input Image Input ImageGround Truth OracleAgent Ground Truth OracleAgent

Figure 5: Examples of facsimile image generation. Note that input image is a rubbing image and
OracleAgent generate its facsimile form.

is to transform this noisy archaeological input into a clean, interpretable facsimile representation
suitable for scholarly analysis and publication.

As illustrated in Fig. 5, we present four representative examples of the complete generation pipeline.
In each case, the left column shows the original rubbing image obtained from an actual oracle
bone artifact. The middle column contains the ground-truth hand-drawn facsimile meticulously
created by an epigraphic expert, which serves as the gold standard for accurate stroke reconstruction
and character interpretation. The right column displays the facsimile automatically generated by
OracleAgent, which aims to replicate the expert’s style and accuracy while removing background
noise, cracks, and irrelevant visual artifacts.

This side-by-side comparison highlights OracleAgent’s ability to produce high-fidelity facsimiles
that are visually and semantically consistent with expert renderings. The generated results not only
preserve the structural integrity and stylistic characteristics of the oracle bone script but also signif-
icantly reduce the manual workload traditionally required for such tasks, thereby enabling scalable
and efficient digital epigraphy.

F RETRIEVAL METRICS OF CASE STUDY

Given a set of ground truth results and predicted results for a specific retrieval task, the evaluation
metrics are defined as follows:

Precision measures the proportion of correctly retrieved items among all retrieved items:

Precision =
TP

TP + FP
(5)

where TP (True Positive) is the number of relevant items correctly retrieved, and FP (False Posi-
tive) is the number of irrelevant items incorrectly retrieved.

Recall measures the proportion of correctly retrieved items among all relevant items:

Recall =
TP

TP + FN
(6)

where FN (False Negative) is the number of relevant items that were not retrieved.

F1-score is the harmonic mean of Precision and Recall:

F1-score =
2× Precision × Recall

Precision + Recall
(7)
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The most similar word in the oracle bone character matched into the font library is   , and the following is the definition of the word:

The corresponding current Chinese character is "solution", simplified Chinese: "solution", traditional Chinese: "solution"; Click here for a detailed

explanation

  The scholars and literature that have searched for relevant research on the oracle bone character are as follows:

Wang Xueqi, re-interpreting "bullet", which has an in-depth discussion on the correlation between the configuration of the oracle bone character

"solution" and the use of divination;

Feng Shengjun and Guo Kan, [Two Commentaries on the Seven Interpretations of Tsinghua University.pdf], combined with the newly published Tsinghua

simplified materials to demonstrate the special use of the word in the sacrificial documents of the Shang and Zhou dynasties;

Chang Yuzhi, whether it is "Simu Wuding" or "Houmu Wuding" - on the "Si, Yu" in divination, analyze the semantic evolution of the word through the

comparison of bronze inscriptions and oracle bone inscriptions;

  The oracle bone character appears in the following bibliography:

[He, 13559], the interpretation records "Renchen Bu, Zhen: Set up a division room", which is used to describe the sacrificial space of the ancestral

temple building;

[Tunnan, 2082], the word in the divination "Jichou Bu, Wu Zhen: Its blessing is reported in the big room" is closely related to the sacrificial ceremony;

In addition, in [The Problem of Dating the Ancient Books of the Pre-Qin Dynasty from the Evolution of the Combination of Numbers.pdf], scholars such as

Wang Guowei and Guo Moruo demonstrated that the character was a typical characteristic of early understanding characters by comparing the morphology

of the word in oracle bone inscriptions and golden scripts. Gu Jiegang also combined the use of the word in war divination in the annotations, writings and

comments on the Book of Yi Zhou and the World Prisoners, revealing the trajectory of its semantic expansion during the Shang and Zhou dynasties.

Okay, the user's question is about who has studied this oracle bone and provided a link to the image. First, the link provided by the user is https://test-
cos.jgwlbq.org.cn/jgwpng/png/U60A77.png and needs to be processed with this image. According to the system process, the classification of the image
needs to be determined first, so the classification tool should be called to classify the image.
Next, according to the task flow, when the user enters the image address, the image classification is queried using classification. If the classification is a
copy of a word, you need to choose the corresponding tool based on the user's question. The user's question is about scholars who study the oracle
character, so it may be necessary to use retrieval_image or retrieval_text to search for relevant literature.
But first the image type must be determined, so the first step is to call the classification tool with the parameter image_url, i.e. the link provided by the user.
Once this step is complete, select a subsequent tool based on the classification results. For example, if classified as a copy word, you might use
recognize_glyph_matching_single to get the category information for that word, and then use retrieval_text or DeepSeekV3Search for literature search.
However, if the user's question directly asks who has studied the character, they may need to identify the modern Chinese character corresponding to the
oracle bone character first, and then search for relevant research. Therefore, classify the images first, and then call the corresponding tools based on the
results. The current step is to use the classification tool to determine the image type for subsequent processing Okay, I now need to deal with the user's
question, the user asks who has studied this oracle bone character, and provides a link to the image. First, the link to the image provided by the user is
https://test-cos.jgwlbq.org.cn/jgwpng/png/U60A77.png, and according to the results of the previous classification tool, this image is classified as a "copy
word". Next, I need to follow the system process.
According to the task process, when the user enters the image address and classifies it as a copy word, he should use recognize_glyph_matching_single
tool to query the category information of the oracle bone character, and correspond to the current Chinese interpretation. This step is to determine the
specific information of the oracle bone character for subsequent researcher retrieval.
Next, call the recognize_glyph_matching_single tool, and the parameters need to provide image information. According to the global specification, choose
one of image_url, image_path, image_base64, and there is already a URL of the image here, so use the image_url parameter directly. Therefore, the Action
Input should be {"image_url": "https://test-cos.jgwlbq.org.cn/jgwpng/png/U60A77.png"}.
After this step is completed, you can expect to get a matching result, including the most similar characters and their related information, such as the
corresponding modern Chinese characters, interpretations, etc. After that, you may need to use the KnowledgeRetrievalAnswer tool further to get te...

Okay, the clear copy generated from the rubbing you provided is as follows:

    

The copy strictly follows the oracle bone copying specifications, and uses the double-hook ink filling technique to accurately reproduce the carving

characteristics of the original rubbings. The following important information is clearly shown in the copy:

1. Text layout: The longitudinal writing order of the original oracle bone is completely preserved;

2. Stroke details: The charm of the oracle bone inscription is restored through 0.1mm accuracy;

3. Omenological marking: "One", "two", "three" and other divination ordinals are marked in red;

4. Texture: The gray shade layer accurately represents the natural cracks of the tortoise shell.

This copy can be used as the basic material for the bibliographic research of the Oracle Bone Collection, and is especially suitable for:

  Research on the evolution of oracle bone glyphs

  Divination and verification

  Research on the sacrificial system of Yin and Shang

  Analysis of oracle bone remediation process

It is suggested that researchers can conduct comparative research in combination with authoritative bibliography such as "Yin Ruins Text C

Compilation" and "Oracle Bone Conjugation Compilation" to dig deeper into the academic value of the oracle bone fragment.

Okay, the user made the same request again, needed to process the same rubbing and generate a copy. First, I need to confirm the type of image provided
by the user. According to previous records, this image has been classified as a "rubbing whole picture", so there is no need to classify it again. Next, the
user's goal is to generate a clear copy, so the tool that generates the full copy needs to be called. Use the generation_complete_fasical tool to pass in the
URL parameters of the image. After the tool is executed, it returns the generated copy image identity, and finally uses task_completed tool to return the
result to the user. Ensure that the output follows the format specified by the system, including correct labels and detailed Chinese explanations.
Okay, I now need to take care of the user's task: identify oracle bone monograms (rubbings, copyes) and generate clear copies. The link to the image
provided by the user is https://test-cos.jgwlbq.org.cn/oracleimg/rubbing/czn267.jpg. According to the previous interaction history, the user has requested
to generate a copy many times, and the system has successfully generated different copy images many times, such as boazoscibwmzzqrvuzjcaotnidsd.jpg,
vtoqyfftzqedodfzchwxzkaozxda.jpg, etc.
First, the user submits the same request again, and I need to determine the current steps. According to the previous processing process, you first need to
call the classification tool to classify the images. However, looking at the history, it is found that the user has called classification before, and the
classification result is "topology whole map". Therefore, you should use generation_complete_fasical tool directly to generate the whole copy diagram.
In the latest user request, the AI's last response had already called generation_complete_fasical and successfully generated a new copy image
bhwyedmswyxipfjbivonnghkfotp.jpg. At this point, the task is complete and the task_completed tool needs to be called to return the final answer. However,
according to the system specifications, task_completed tool should be used if the task is completed, but it needs...

  Click here to see more examples

The following oracle bone inscriptions were detected on this oracle bone fragment (number: CZN71):

1.   隹 (modern Chinese characters: 隹)

Text interpretation: Hieroglyphs, originally referring to short-tailed birds, are often used as fictional words or place names in divination;

  Appearance location: upper right area;

2.   Gao (modern Chinese characters: Gao)

Text interpretation: The word "understanding" indicates the report during the sacrifice, which is often related to sacrificial activities;

  Location: left in the center;

3.   貞 (Simplified: 貞, Traditional: 貞)

Text interpretation: The core word of divination indicates divination behavior, which is often found at the beginning of the proposition;

  Location: Central core area;

4.   Gui (Tenth Heavenly Stem)

  Text interpretation: The special word for the day of the zodiac is mostly used to record the date of divination;

  Location: middle right side;

5.   Yu (modern Chinese character: Yu)

Text interpretation: Preposition, indicating the object or place of sacrifice, such as "Yu Zu Yi";

  Appearance position: lower left corner;

6.   Shoulder (modern Chinese character: shoulder)

Text interpretation: Hieroglyphs, in divination, mostly refer to the shoulder blades or sacrificial animals;

  Appearance: middle left;

7.   弜 (modern Chinese character: 弜)

Text interpretation: negative words, meaning "don't", often used in sacrificial divination;

  Appearance position: lower right;

8.   No (negative word)

  Text interpretation: means negative, such as "no rain" means that it will not rain;

  Location: central right;

9.   ??(Unexplained)

Note: The word has not been fully interpreted, and there are various interpretations in the academic community;

10.   King (title of King of Shang)

  Text Interpretation: Refers to the Shang King, commonly found in the verification part;

  Appearance location: bottom center;

11.   Ugly (second place in the earthly branch)

Text interpretation: The zodiac signs record the day, such as "Gui Chou Bu" indicates divination on the day of Gui Chou;

The oracle bone fragment interpretation involves the bibliography of the "Oracle Bone Collection", and the specific number needs to be confirmed in

conjunction with the rubbing search tool. According to the text layout analysis, this edition should be a typical divination that records the sacrificial activities

of the Shang kings, involving the date (Guichou), divination figures (kings), sacrificial objects (Zu Yi) and sacrifices (shoulder animals), etc., which fully

reflects the standardized process of divination rituals in the Yin and Shang dynasties.

Okay, I now need to deal with the user's question: "What oracle bones are on this oracle bone piece (https://test-
cos.jgwlbq.org.cn/oracleimg/rubbing/czn71.jpg); All generated content should be answered in Chinese; ”。 According to the system instructions, the images
provided by the user should first be classified to determine the subsequent processing process. The image link provided by the user looks like a topping
map, so it needs to be classified using the classification tool first.
According to the task flow, when the user enters the image address, the first step is to call the classification tool to determine the image type. If the
classification results are a rubbing whole map, you may need to use detection_rubbing tools for object detection or use retrieval_rubbing_text to retrieve the
provenance of the rubbings. But first you need to confirm the classification result of the image, so the first step should be to call the classification tool and
provide the URL of the image in the parameter.
It should be noted that when the tool is called, image_base64, image_path, and image_url are selected from one of the three, and here the user provides the
URL, so the image_url parameters are used directly. Fill in the parameters in JSON format correctly to ensure that the tool executes correctly. After this step
is completed, the next step is decided based on the classification results, for example, if it is a topping map, continue to call other related tools.
Okay, the user's question is about the oracle bone character on an oracle bone piece, and the link to the image provided is https://test-
cos.jgwlbq.org.cn/oracleimg/rubbing/czn71.jpg. First, I need to confirm...

  The oracle bone character appears in the following bibliography:

[He, 5584]: The interpretation mentions "Xiao Chen Bi Wang", and the word "Chen" here corresponds to the oracle bone character you provided, recording

the appointment or activities of the Shang King to the Xiao Chen.

[Huadong, 290]: In the entry "Xin Mao Bu, Ding (Zhen): Broom (Woman) Mother and (Have) Words, Zi from Hu, Not from Zi Chen", the word "Chen" appears

as a noble title, reflecting the divination content of the subordinate relationship in the divination of the subgroup.

[He, 615]: The divination word "Zhen, Hu Duochen Fa 𢀛 Fang" indicates that the word appears in the military mobilization scene, and Duochen refers to the

subordinate armed forces of the Shang Dynasty.

[He, 27889]: Records "叀小陳虘", combining the word "minister" with specific personal names, showing the concrete characteristics of the official system of

the Shang Dynasty.

[Huadong, 183]: The divination record "Yijia is the same as the Duochen Zhou", which shows that the subordinates participate in the management of ship

transportation, confirming the management system of merchant transportation.

Literature traceability shows that the oracle bone character mainly appears in scenes such as recording the appointment and dismissal of official positions,

military activities, and sacrificial ceremonies. In the "Yin Ruins Oracle Bone Inscription Compilation", it is classified as an official glyph, and Guo Moruo's

"Divination Words and Compilation" interprets it as a understanding character, like the shape of vertical eyes, taking the meaning of "bowing down and

yielding". The configuration of the word "minister" in the Tsinghua slip "The Care of the Sacrifice" unearthed in recent years is highly consistent with this

film, providing an important physical basis for studying the evolution of the official system in the Shang and Zhou dynasties.

Okay, now I need to deal with the user's question, who uploads a link to an oracle bone image and asks where the word appears. First, according to the task
process, the user enters the image address, so the first step should be to use the classification tool to classify the image.
According to the system prompt, when the user enters the image address, call the classification tool to confirm the image type. The link provided by the
user here is https://test-cos.jgwlbq.org.cn//20250804/1754300913157.png, I need to use the classification tool and pass in image_url parameters. Since
the user-provided parameter is a URL, select image_url field to populate this link. Next, according to the classification results, if it is a copy of a single
word, continue to use other tools to retrieve information.
So the correct first step is to call the classification tool, passing in image_url parameters. After this step is completed, the next action is decided based on
the classification results, such as calling tools such as recognize_glyph_matching_single or recognize_glyph_matching_db to obtain the information on the
location of the oracle bone characters. But now the first step must be to confirm the image type, so select classification OK, now I need to deal with the
user's question, the user uploaded an image link, asking where this oracle bone character appeared. First, according to the previous processing steps, the
image has been determined to belong to the "rubbing word" through the classification tool. Next, according to the system process, the user enters a rubbing
single-word image, and needs to select the corresponding tool to process it.
According to Part 2.2 of the task flow, when the image is classified as a rubbing single word, the tool should be used generation_single_fasical generate a
copy single word image, and then use the copy single word tool for subsequent processing. The user's question is about the appearance of oracle bone
characters, so they need to make a copy, and then call the recognize_glyph_matching_db to query the bibliographic information.
First, call the generation_single_fasical tool and pass in the URL parameters of the image. This step generates a copy of the single-word image to prepare
for subsequent bibliographic queries. After generating the copy, you need to use recognize_glyph_matching_db tool to find out which bibliography the oracle
bone character appears in. This step requires ensuring that the parameters are correct and that the generated copy image path or URL is passed.
It should be noted that when the tool is called, the image_url, image_path, and image_base64 in the parameters are selected from one of the three, and
there is already a URL of the image here, so use the image_url parameter. After calling the generation_single_fasical, the path of the generated copy image
will be returned, and then the path will be used to query in the recognize_glyph_matching_db.
Therefore, the next step is to call the generation_single_fasical tool, pass in the image URL provided by the user, and generate a copy word to prepare for
the subsequent bibliographic search.
Okay, I need to deal with the user's question now, and the user uploaded an image link asking where this oracle bone character appeared. According to the
previous processing steps, the system has classified the pictures, determined them as rubbing single words, and generated a copy single word image. Next,
you need to call recognize_glyph_matching_single tool to obtain the category information of the oracle bone character and correspond it to the current
Chinese character interpretation. At the same time, it is also necessary to check whether other tools need to be called to further search the bibliography
and related literature of the oracle bone character.
First of all, the images provided by the user have been classified as rubbing single words, so according to the process, the next step should be to use
generation_single_fasical tool to generate a copy single word image. According to historical records, this step has been completed and result_image as
bgkkahpbuuslusvnplnnrhxkivxe.jpg.
Next, according to part 2.1 of the task process, when the image is classified as a copy word, you should use the recognize_glyph_matching_single tool to
query the category information of the oracle bone character. Therefore, I need to call this tool and enter the path of the generated copy single-word image.
The tool's parameters need to be selected image_path, as the previous generation tool returned the image path instead of the URL or base64.
After calling the recognize_glyph_matching_single, it is expected to get matching oracle bone character information, including the corresponding modern
Chinese characters, simplified and traditional forms, and text interpretations. According to the system instructions, if the matching similarity is greater than
0.8, you need to indicate at the end of the answer that the result is for reference only. At the same time, the text paraphrasing part needs to be further
queried through the KnowledgeRetrievalAnswer...

Thought Process:

Thought Process:

Thought Process:

Thought Process:

Figure 6: Additional representative user case studies illustrating OracleAgent’s ability to process
diverse oracle bone script inputs and user queries.

Coverage measures the proportion of ground truth categories that are covered by the predicted re-
sults, regardless of the count of occurrences. Specifically, for the retrieval of oracle bone characters,
Coverage reflects whether a predicted result hits a true category at least once, without consider-
ing how many times it is hit (e.g., if an oracle bone character appears multiple times on a single
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fragment, only its presence is considered):

Coverage =
|Pred ∩ Real|

|Real|
(8)

where Pred is the set of predicted items and Real is the set of ground truth items.

G MORE EXAMPLES OF CASES STUDY.

As shown in Fig. 6, we present representative user case studies illustrating OracleAgent’s ability to
process diverse oracle bone script (OBS) inputs and queries. Inputs include rubbing images, cropped
single-character segments, and cropped single-character facsimile, accompanied by user requests
such as character identification, semantic interpretation, document retrieval, and clean facsimile
generation. For each case, we show the user query, the system’s response, and the reasoning trace
that reveals OracleAgent’s step-by-step decision process. These examples highlight the system’s
versatility across various oracle bone modalities and its capability to deliver accurate, interpretable
results for epigraphic research.

In summary, these case studies demonstrate that OracleAgent can effectively handle a wide range of
input modalities and user queries in oracle bone script research. The system’s ability to provide ac-
curate, interpretable, and context-aware responses highlights its potential to facilitate and accelerate
epigraphic analysis. We believe OracleAgent represents a significant step toward the development
of comprehensive AI-assisted tools for historical document interpretation.
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