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Background

What is Oracle Bone Inscription (OBI)?
the earliest known form of Chinese writing, dating back to the late Shang Dynasty (1600–1046 BCE)

Ancient history relies on disciplines such as epigraphy—the study of inscribed texts known as 
inscriptions—for evidence of the thought, language, society and history of past civilizations [1]

[1] Assael, Yannis, et al. "Restoring and attributing ancient texts using deep neural networks." Nature 603.7900 (2022): 280-283.

Why we study it?



Background

Five Tasks throughout the OBI Processing 

Ø Difficulties in all processing stages

• Lack of standardized coding system

• Lack of literature and corpus

• Lack of data 

Making it hard to design a unified and effective 
AI models for solving these problems



Background

ØMotivation
• The emergent large multi-modal models (LMMs) have brought opportunities for solving multidisciplinary 

tasks with powerful visual perception, understanding, and reasoning abilities

• The ability of LMMs remains unclear on fine-grained perception and cognition, which play significant 

roles in interpreting ancient texts and its associated tasks on image pre-processing

• LMMs are inherently suited to processing multimodal textual information due to their natural language-
driven characteristics, which may reduces the knowledge requirements for OBI processing tasks

Can LMMs aid in study of ancient script on oracle bones?



Construction of OBI-Bench

ØTwo Principles
• From Coarse-grained Perception to Fine-grained Perception & Task-oriented Abilities of LMMs. 

• We focus on five major issues in the field of oracle bone inscription research: 1) Recognition; 2) 

Rejoining; 3) Classification; 4) Retrieval; 5) Deciphering

• Covering Multi-stage Font Appearances. 

• We include all the manifestations of the entire process of OBI processing from excavation (i.e., 

original oracle bone) to artificial synthesis (i.e., handprinted or computer-generated).



Construction of OBI-Bench

ØFour Question Types
• What Question. 

• In OBI-Bench, they serve as global coarse-grained perception in recognition task (e.g., What is in this 

image?), or unbound the answers in deciphering task (e.g., What is the meaning of this oracle bone 

character?).

• Yes-or-No Question. 

• As a fundamental type of judgment, Yes-or-No represents a binary output.

• How Question. 

• We also include the How questions to further refine the responses as an extension to Yes-or-No 

questions. For example, How many oracle bone characters are in this image? for the recognition task or 

How much probability is there that these two oracle bone characters belong to the same class?

• Where Question.

• We employ the Where question for the recognition task. For instance, ‘Return a bounding box for each 

detected oracle bone character in [xmin, ymin, xmax, ymax] format to achieve pixel-level OBI anchoring’



Construction of OBI-Bench

ØBenchmark Candidates
• 6 proprietary LMMs including Gemini 1.5 Pro, Gemini 1.5 Flash, GPT-4v, GPT-4o, Qwen-VL-Max, and 

GLM-4v and 17 open-source LMMs



Experiments

Ø Evaluation on Recognition
• GPT-4o reaches the best performance in 

terms of the relevance of answers on 

coarse-grained perception, followed by 

Qwen-VL-Max

• LMMs are highly effective in handling 

queries that involve explicitly directed 

content

• Current LMMs are still not usable for 

character-level OBI locating and are far 

from the public-level human



Experiments

Ø Evaluation on Rejoining
• The answer in probabilistic form better reflects 

the differences in visual perception compared to 

absolute form output

• The number of parameters is roughly 

proportional to the performance, and newer 

models tend to exhibit superiority under the 

same scale of language backbone models

• GPT-4o and Gemini 1.5 Pro reach over 76% in 

Acc@10 metric, illustrating the possibility of of 

using LMMs to assist the OBI rejoining efforts.

• The overall performance of open-source LMMs 

is still far away from being truly usable



Experiments

Ø Evaluation on Classification
• Image quality of OBI affects the 

perception of character structure

• Significant performance discrepancies 

between ‘Yes-or-No’ and ‘How’ queries

• Feasibility of using LMMs for preliminary 

classification of OBI images.

• Overall performance improvement à the source-mixed test set 
increases the inter-class differences.

• The accuracy of these models decreases as the number of classes 
increases.

• LMMs with larger parameter sizes tend to have better robustness



Experiments

Ø Evaluation on Retrieval



Experiments

Ø Evaluation on Deciphering
• The deciphering performance on common 

characters is better than that on rare 

characters. 

• The deciphering results on pictograph are 

more accurate than ideogram 

• LMMs are impeded in distinguishing and 

deciphering component-level variants

• GPT-4o, GPT-4v, and Gemini 1.5 Pro have 

approached or exceeded public-level 

humans in some scenarios



Thanks !

Please contact Zijian Chen for any questions: zijian.chen@sjtu.edu.cn


