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Abstract. The connoisseurship of antique Chinese porcelain demands
extensive historical expertise, material understanding, and aesthetic sen-
sitivity, making it difficult for non-specialists to engage. To democratize
cultural-heritage understanding and assist expert connoisseurship, we in-
troduce CiQi-Agent—a domain-specific Porcelain Connoisseurship
Agent for intelligent analysis of antique Chinese porcelain. CiQi-Agent
supports multi-image porcelain inputs and enables vision tool invoca-
tion and multimodal retrieval-augmented generation, performing fine-
grained connoisseurship analysis across six attributes: dynasty, reign
period, kiln site, glaze color, decorative motif, and vessel shape. Beyond
attribute classification, it captures subtle visual details, retrieves relevant
domain knowledge, and integrates visual and textual evidence to produce
coherent, explainable connoisseurship descriptions. To achieve this capa-
bility, we construct a large-scale, expert-annotated dataset CiQi-VQA,
comprising 29,596 porcelain specimens, 51,553 images, and 557,940 vi-
sual question–answering pairs, and further establish a comprehensive
benchmark CiQi-Bench aligned with the previously mentioned six at-
tributes. CiQi-Agent is trained through supervised fine-tuning, reinforce-
ment learning, and a tool-augmented reasoning framework that inte-
grates two categories of tools: a vision tool and multimodal retrieval
tools. Experimental results show that CiQi-Agent (7B) outperforms all
competitive open- and closed-source models across all six attributes on
CiQi-Bench, achieving on average 12.2% higher accuracy than GPT-5.
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Reasoning
It’s a blue-and-white vase.
Let me refine my answer. 

Zoom & Search

Scrolling lotus …
Ming Dynasty …What is this?

It’s a vase.

Answer-Only Final Answer
This is a Ming Dynasty blue-
and-white vase with a lotus 
scroll design.

Ground Truth:
Celadon Flattened Flask with Handles, 
Guan ware, 
Song Dynasty
(宋官窑青釉贯耳扁瓶)

Based on its form and glaze characteristics, this porcelain 
piece can be identified as:

Southern Song Dynasty, 
Longquan ware, 
Celadon 
Cong-shaped Vase.
 
Key Points of Identification:
• Dynasty: Southern Song Dynasty
The smooth and lustrous glaze …
• Kiln Site: Longquan Kiln
Longquan celadon is renowned for its jade-like texture and 
subtle tones of fenqing (powder blue) and meiziqing (plum 
green).
• Glaze: Celadon Glaze
The visible crackle pattern (known as kaipian or crackle lines) 
is a typical characteristic of Longquan celadon.
• Shape: Cong-shaped Vase
The form derives from the ancient jade cong, symbolizing 
“the square within the circle.” The vessel is …

Baseline (GPT-5):

CiQi-Agent:
Based on visual observation, this porcelain piece is a 
flattened flask with loop handles. The vessel exhibits…—
features characteristic of Song Dynasty Guan ware. The 
body lines … Moreover, the loop-handle design is also a 
common decorative element in Guan ware porcelain of the 
Song period.
To further verify its provenance and detailed attributes, I plan 
to invoke the search_image tool and input the image index 1 
to retrieve the most similar records from the database. 
<tool_call>
{"name":"search_image","arguments":{"index": 
1}}
</tool_call>

According to the information returned by the tool, this 
flattened flask with loop handles exhibits typical stylistic 
traits of Song Dynasty Guan ware, as seen in its form, glaze 
color, and crackle pattern. In particular, the celadon tone 
and naturally developed crackles further confirm its identity 
as a product of the official kilns. Combined with its loop-
handle design and overall shape, it can be identified as an 
authentic work of the Song Dynasty official kiln system.
To obtain more precise details regarding its chronological 
period, kiln site, and exact designation, I plan to invoke the 
search_text tool to retrieve detailed artifact records. 
<tool_call>
{"name": "search_text", "arguments": {"query": 
"Song Dynasty; Guan ware; celadon; vase with 
loop handles; crackle glaze"}}
</tool_call>

Vases with loop handles (guan’er ping) can already be 
found among bronze vessels from the Spring and Autumn 
and Warring States periods, where they served as wine 
containers.
In the Song dynasty, such shapes became popular …

Based on the analysis, … All these features conform to the 
craftsmanship standards of the official kilns of the Song 
period. The glaze …, typical of decorative vessels used in the 
imperial court of the Song Dynasty.
<tool_call>
{"name": "image_zoom_in_tool", "arguments": 
{"index": 1, "bbox_2d": [223, 223, 670, 670], 
"label": "vase with loop handles"}}
</tool_call>

According to the localized image analysis returned by the tool, 
this flattened flask … detailed observation reveals the distinctive 
feature of “purple mouth and iron foot”. These attributes 
further verify that it is a product of the Song official kilns.
Considering its form and glaze characteristics, the piece can be 
identified as:

Song Dynasty, 
Guan ware, 
Celadon 
Flattened Flask with Loop Handles.

Name: Song Dynasty, Guan ware, Celadon Vase 
with String-Pattern and Loop Handles
Description: The form imitates a bronze 
vessel. It has a slightly contracting mouth 
with rolled rim, a long neck …

Name: Qing Dynasty, Imitation Song Guan 
ware, Octagonal Vase with Loop Handles
Description: The vessel is flattened and 
octagonal in form, with a flared mouth and 
slightly rolled lip, constricted neck …

Name: Qing Dynasty, Yongzheng mark, Milk-
glazed Double-spouted Vase
Description: The vase is of flattened 
square form, modeled after the shape of an 
ancient bronze fang hu vessel …

Name: Southern Song Dynasty, Longquan ware, 
Celadon Mallet-shaped Vase
Description: The vessel has a disk-shaped 
mouth with a copper rim, a long neck, 
slanted shoulders leading to a broad …

(b) CiQi-Agent (Ours)(a) General-purpose MLLM

. . .

Fig. 1: Comparison between (a) General-purpose MLLM and (b) CiQi-
Agent. (a) Conventional MLLMs rely on single-pass answering, directly outputting
a label leading to superficial or inaccurate identifications. (b) The proposed CiQi-
Agent introduces Tool-Augmented Reasoning, enabling multi-step porcelain analysis
through image zoom-in, image/text retrieval. This iterative process yields more reliable
final answers aligned with expert connoisseurship reasoning.

1 Introduction

Cultural relics are invaluable carriers of human civilization, encapsulating both
artistic creation and historical evolution. The connoisseurship and authentica-
tion of artifacts require deep expertise—combining historical knowledge, percep-
tual experience, and material understanding. Consequently, professional barri-
ers have long restricted public engagement in cultural heritage connoisseurship.
With the rapid progress of artificial intelligence (AI) methods, especially large
language models (LLMs) and multimodal large language models (MLLMs) [4,14,
16, 31], new opportunities have emerged to democratize artifact understanding.
By jointly modeling vision, language, and reasoning, MLLMs enable interactive,
explainable, and scalable analysis of visual art and historical objects [2,11,20,36].
In this work, we focus on Antique Chinese Porcelain, one of the most rep-
resentative yet technically challenging categories of cultural relics, as our entry
point for AI-driven artifact connoisseurship.

Existing approaches to porcelain connoisseurship remain limited in several
key aspects. In most computer vision (CV) studies, porcelain connoisseurship is
simplified as a fine-grained recognition task [10,15,17,18], focusing mainly on vi-
sual classification without incorporating language-based reasoning or interactive
explanation. Moreover, general-purpose MLLMs perform poorly in this special-
ized domain due to the scarcity of porcelain-related data, leading to weak gener-
alization, unstable judgments, and the absence of a unified evaluation standard,
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resulting in outputs that are often incomplete and lacking in professionalism.
These limitations highlight the need for a dedicated porcelain connoisseurship
agent that integrates perception, reasoning, and cultural interpretation.

Building such an agent presents several unique challenges. First, the number
of valuable porcelain artifacts is inherently limited, making high-quality data
collection extremely difficult. Second, accurate annotation and description of
porcelain pieces require deep domain expertise in art history and craftsmanship,
which makes large-scale labeling both costly and inconsistent. Third, there is no
unified evaluation standard for porcelain connoisseurship, leaving MLLMs with-
out reliable metrics to assess their performance. Finally, the essence of porcelain
connoisseurship lies in fine-grained recognition, which demands precise identifica-
tion of features such as vessel shape, glaze color, decorative motifs, and historical
period—a task that remains highly challenging even for human experts.

To overcome these challenges, we propose CiQi-Agent, the first Chinese
porcelain connoisseurship agent that integrates domain-grounded data curation,
a two-phase training paradigm combining supervised fine-tuning (SFT) and re-
inforcement learning (RL), and tool-augmented reasoning into a unified frame-
work (as shown in Fig. 1). CiQi-Agent supports multi-image input and performs
fine-grained connoisseurship over six attributes (dynasty, reign period, kiln site,
glaze color, decorative motif and vessel shape) by natively integrating vision
tool invocation and multimodal retrieval-augmented generation (RAG) as es-
sential reasoning capabilities, and can optionally output the top-k visually sim-
ilar porcelains to facilitate human interpretation and reference. Specifically, our
contributions are as follows:

– We construct CiQi-VQA, a large-scale dataset for ancient Chinese porcelain
connoisseurship, with 29,596 original artifacts spanning 38 dynasties (2nd c.
BCE–19th c. CE), covering 100+ vessel shapes, 200+ glaze colors, and 200+
decorative motifs. To support multimodal model training, we further expand
it to over 500K high-quality visual question answering (VQA) pairs via a
hybrid pipeline combining expert annotation and LLM-assisted cleaning.

– We establish CiQi-Bench, an expert-aligned benchmark for Chinese porce-
lain connoisseurship, comprising 775 high-quality specimens and two com-
plementary evaluation protocols: (1) a fine-grained multiple-choice setting
covering six attributes and standardized naming, and (2) a free-form gener-
ation setting assessed via LLM-based attribute-wise similarity scoring.

– We propose a two-phase iterative training framework for CiQi-Agent: Phase
I uses GRPO-based RL with a large tool-calling reward to rapidly boot-
strap tool-calling skills and generate synthetic trajectories; Phase II inte-
grates these trajectories back into SFT, followed by RL with a reweighted,
accuracy-conditioned reward that jointly optimizes tool-calling proficiency
and connoisseurship accuracy, thereby aligning CiQi-Agent’s tool-calling ca-
pability with its domain expertise.

– CiQi-Agent incorporates both visual and retrieval-based tools, including an
image zoom-in tool and image/text retrieval tools to enable multimodal
RAG. The retrieval database is primarily built from the CiQi-VQA dataset,
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consisting of 8,161 curated porcelain pieces with 16,830 images, supple-
mented by 49,606 cleaned plain-text entries from professional articles.

– The proposed CiQi-Agent, built upon the Qwen2.5-VL-7B-Instruct, achieves
superior performance on our benchmark, consistently outperforming all main-
stream open- and closed-source multimodal models across all evaluation at-
tributes.

2 Related Work

AI for Porcelain Connoisseurship Early attempts at intelligent porcelain
analysis mainly formulate connoisseurship as a fine-grained visual classification
problem. Traditional computer vision methods rely on handcrafted texture and
color descriptors combined with shallow classifiers for ceramic classification and
authentication [25, 32]. With the success of deep learning, convolutional neu-
ral networks have significantly improved recognition performance by automati-
cally learning discriminative visual representations for glaze color, vessel shape,
and decorative patterns [10, 18]. More recently, multi-task learning has been
introduced to jointly recognize multiple porcelain attributes such as dynasty,
glaze, ware, and vessel type [15]. Nevertheless, these methods remain recognition-
oriented, where the objective is limited to predicting predefined labels from im-
ages. They generally lack the capability to perform evidence-grounded reasoning,
historical interpretation, or explainable analysis, all of which are fundamental
requirements in real-world porcelain connoisseurship.

Tool-Augmented Multimodal Reasoning Recent multimodal large language
models (MLLMs), such as BLIP-2 [14] and LLaVA [16], have substantially ad-
vanced joint vision-language understanding through instruction tuning and large-
scale pretraining. Building upon these models, recent visual agents further en-
hance reasoning by incorporating external tools, iterative perception, and struc-
tured planning. Representative systems employ visual chain-of-thought reason-
ing [5, 19], program execution [28], image generation [6], or image editing and
visual foundation models [33,35]. Despite their impressive general reasoning ca-
pability, these systems are designed for open-domain visual tasks and do not
explicitly model domain expertise. Consequently, they are often unable to in-
terpret subtle visual characteristics, retrieve specialized knowledge, or produce
historically grounded explanations required for professional artifact connoisseur-
ship.

MLLMs for Cultural Heritage Understanding MLLMs have shown en-
couraging progress in cultural heritage understanding, including museum exhibit
interpretation [2], multilingual artwork understanding [20], cross-temporal cul-
tural reasoning [36], and ancient pottery analysis [7]. These studies demonstrate
the potential of vision-language models for assisting cultural heritage analysis by
combining visual perception with semantic reasoning. However, existing systems
primarily focus on semantic understanding or visual question answering, while
expert-level porcelain connoisseurship requires substantially finer-grained visual
discrimination, historical attribution, and iterative evidence verification.
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Fig. 2: Visualization of the four key attributes in porcelain connoisseurship.
Shown are the distributions of dynasty, glaze color, vessel shape, and decorative motif
in the raw porcelain dataset. For each attribute, the top 10 most frequent categories
are presented.

3 Dataset and Benchmark

3.1 CiQi-VQA dataset

Raw Data Collection. We first collected raw antique Chinese porcelains from
multiple publicly accessible sources, including web-based searches, open-access
digital museum collections, and digitized scholarly books. From these sources, we
curated a dataset of 29,596 unique specimens spanning 38 dynasties, 42 reign pe-
riods, 246 glaze colors, 248 decorative motif categories, and 158 vessel shapes. To
the best of our knowledge, this is the most comprehensive dataset for porcelain
appreciation currently available.4 Each porcelain specimen is associated with at
least one high-quality image and a standardized name that explicitly encodes
four key attributes: dynasty, glaze color, vessel shape, and decorative mo-
tif. In addition, a portion of the specimens further specifies two additional
attributes—reign period and kiln origin. A complete example with all six at-
tributes would be: “Qing Dynasty, Kangxi period (1662–1722 CE), Jingdezhen
kiln, Blue-and-white, Cloud-and-dragon motif, Bowl (清康熙 景德镇青花云龙纹碗).”
Fig. 2 visualizes the distribution across the four key attribute dimensions, show-
ing the top-10 most frequent categories in each.

From this collection, we later selected 775 pieces to construct CiQi-Bench,
while the remaining 28,821 pieces were used to build the CiQi-VQA training set.

Metadata Enrichment. We further extracted and cleaned descriptive texts re-
lated to porcelain connoisseurship from the raw sources and aligned them with
each specimen. However, a substantial portion of the collected porcelain speci-
mens only provided standardized names without detailed narrative descriptions.
To address this issue, we invited domain experts to participate in the metadata

4 A comparison with existing porcelain-related datasets is provided in the supplemen-
tary materials.
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Fig. 3: Examples from CiQi-VQA dataset. The figure illustrates annotations
across four key attributes: dynasty, glaze color, decorative motif and vessel shape.

enrichment process. Specifically, for the 61.18% of specimens that lacked de-
tailed descriptions, the expert team composed complementary connoisseurship
descriptions based on the specimen images and the available source metadata.
In addition, to improve the reliability of the dataset, the experts reviewed and
corrected the standardized names of all collected specimens, ensuring that the
encoded attribute information was accurate, consistent, and properly formatted.
The expert annotation team was led by Honglin Ma from the Shaanxi Academy
of Cultural Relics Conservation, a senior researcher with more than 20 years
of experience in porcelain identification and connoisseurship research. Under
the supervision of Honglin Ma, four graduate students from related disciplines
participated in the description completion and standardized-name verification
process. Finally, we fed the standardized names, enriched descriptive texts, and
raw images into MLLMs to produce a polished connoisseurship description for
each specimen, which was structured in six paragraphs corresponding to six
connoisseurship attributes.

VQA Data Generation. We leveraged MLLMs to generate specialized VQA
pairs targeting the four key attributes—dynasty, glaze color, decorative motif,
and vessel shape—as illustrated in Fig. 3. We focused on these four rather than
the full six benchmark attributes because they are most central to connoisseur-
ship; the remaining two were treated as more advanced refinements and empha-
sized at the RL stage. For each porcelain specimen, the holistic description was
also converted into a VQA format, giving five VQA training samples per item.

To further diversify linguistic expression, we adopted a lightweight augmen-
tation strategy instead of multi-epoch training on identical samples. For each
of the five VQA samples, we prompted the LLM to generate four additional
variants that preserve the semantics but differ in phrasing and style.
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Table 1: Overall statistics of CiQi-VQA dataset and CiQi-Bench.

Porcelains Images Questions Attributes
VQA Multiple-choice

SFT 28,821 50,675 557,165 —
RL∗ 10,275 10,275 10,275 — dynasty, reign, kiln, color, motif, shape
Evaluation 775 878 775 5,425
Total 29,596 51,553 557,940 5,425 dynasty, reign, kiln, color, motif, shape

∗ The raw porcelain data used for RL is a subset of that used for SFT.

The final CiQi-VQA training set thus contains 20 stylistically diverse yet
semantically consistent VQA samples per specimen5, and we performed SFT for
a single epoch on this augmented dataset.

3.2 CiQi-Bench

For the benchmark, we curated a set of 775 porcelain specimens and designed
two evaluation protocols.

Multiple-Choice Questions. The first protocol adopts a multiple-choice for-
mat. For each specimen, we constructed seven questions covering the four key
attributes, two additional attributes (reign period and kiln origin), and the full
standardized name. We used GPT-5 to automatically generate the multiple-
choice questions: given the image and the ground-truth annotation as input, the
model was instructed to produce plausible yet challenging distractor options.
Model performance is then quantified by the answer accuracy over all questions.

Free-Form Questions. The second protocol focuses on free-form generation.
In this setting, the model is prompted to produce a holistic textual description
of each porcelain specimen. An LLM-based evaluator is subsequently employed
to compare the generated description with the ground-truth text and assign six
separate similarity scores—one for each of the four key attributes and the two
additional attributes.6

Tab. 1 summarizes the overall statistics of the porcelain dataset and bench-
mark. The raw porcelain data used for RL is a subset of that used for SFT.

4 Training Framework of CiQi-Agent

In this section, we present the overall architecture of our proposed CiQi-Agent,
which emulates the reasoning process of human experts by combining visual per-
ception, retrieval-augmented knowledge access with reinforcement-driven tool-
calling. As illustrated in Fig. 4, the agent autonomously analyzes visual details,
5 For a small subset of specimens (e.g., monochrome wares), only 15 questions are

available because these objects inherently lack decorative motifs.
6 The specific MLLMs and prompt templates used during the construction of our

dataset and benchmark are provided in the supplementary materials.
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Qwen2.5-VL-Instruct

Training Data

Supervised Fine-tuning Reinforcement Learning

Tool Trajectories

Agent

Vision Language Model

Loss

Trajectories

Phase 1

Phase 2

LLM-as-a-Judge

Image Zoom-in Tool Image Retrieval Tool Text Retrieval Tool

"name": "image_zoom_in_tool",

"arguments": {"index": 1, "bbox": [220, 0, 660, 300], 

"label": "bowl lid"}

"name": "search_image",

"arguments": {"index": 1}

"name": "search_text",

"arguments": {"query": "Covered jar with four lugs”}

Tool Response: Tool Response: Tool Response:

Original Image

Multimodal Tool Calling Workflow

Two-phase Training Pipeline

Phase 1

Phase 2

Tool responeses 

(masked)

Multi-turn Rollouts

[prompt][tool_call][tool_response]...[answer]

Successfully zoom the image into [220, 0, 660, 300]. Retrieved 3 images with the highest similarity based on 
image.

Retrieved 1 corpus and 2 images with the highest similarity.

name: Blue-and-white Meiping 
Vase ...
dynasty: Ming
reign: None
kiln: None
color: Blue-and-white
pattern: Deer motif
shape: Meiping
description: None
similarity: 0.972

caption: Covered jar with four lugs
text: The vessel has a short rounded lip and a straight 
mouth, with sloping shoulders bearing four horizontally 
arranged, semi-ring lugs. The base is flat. The diameter 
of the belly exceeds the total height ...
source: Famous Kilns of China: The Hongzhou Kiln
similarity: 0.471

Fig. 4: Framework of the CiQi-Agent. The agent integrates visual zoom-in, im-
age/text retrieval tools within a two-phase training pipeline. Supervised fine-tuning
establishes tool-calling skills and porcelain connoisseurship knowledge, while reinforce-
ment learning with an LLM-as-a-Judge refines accuracy and strategic tool-calling.

retrieves multimodal evidence, and generates context-aware judgments through
the coordinated use of specialized tools.

4.1 Tool Design

To enable more flexible and interpretable reasoning, a suite of external tools
is provided, which can be autonomously selected and executed by CiQi-Agent
during inference. Each tool invocation is encapsulated within a standardized
<tool_call></tool_call> tag pair, allowing the agent to issue structured com-
mands and integrate tool outputs into its reasoning context in a consistent for-
mat. These tools are organized into two categories, vision tool and retrieval tool,
which respectively serve the purposes of perceptual enhancement and knowledge
acquisition, as illustrated in Fig. 4.

Vision Tool. The image zoom-in tool enables the agent to autonomously focus
on visually salient regions that are potentially informative for porcelain con-
noisseurship. Instead of relying on predefined or user-specified coordinates, the
agent first analyzes the global image context to infer which local areas merit
closer examination—such as decorative motifs, glaze textures, or inscription de-
tails. It then dynamically predicts the corresponding bounding-box parameters
and extracts high-resolution visual patches from those regions. The resulting
sub-images are subsequently reintegrated into the multimodal reasoning context,
where they serve as fine-grained perceptual evidence for the ongoing analysis.
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Retrieval Tools. Two retrieval tools are provided: an image retrieval tool and
a text retrieval tool, enabling the agent to access evidence from a multimodal
porcelain database autonomously. Both tools operate on a unified RAG frame-
work that integrates high-resolution images and textual knowledge related to
porcelain connoisseurship.

For image retrieval, the query image is encoded by the CLIP encoder [34], and
cosine similarity is computed against all image embeddings in the database. The
system returns top-k similar entries and their metadata, which are reinserted
into the reasoning context as visual evidence. For text retrieval, the query text
is encoded by both a CLIP encoder and a text-embedding model [3], yielding
two vectors in distinct semantic spaces. Each is matched with its correspond-
ing index via cosine similarity, and the results are fused to identify the most
relevant records by a parameter α, which controls the relative contribution of
each model to the final retrieval set. The retrieved metadata, such as descrip-
tions, provenance, or linked images, are then supplied to the agent as external
knowledge. This dual-space retrieval mechanism grounds the model’s reasoning
in complementary visual and textual evidence, enhancing factual reliability and
interpretability.

4.2 Two-phase Training Pipeline

Given the base model’s initial lack of tool-calling competence and the absence
of expert-annotated procedural trajectories, the acquisition of tool-calling skills
is relegated to unguided exploration in the RL phase. This deficiency leads to
a sample-inefficient process that constrains the attainable performance. Conse-
quently, we employ a two-phase training pipeline, with each phase consisting of
an SFT stage and a subsequent RL stage.

Phase I: Foundational Competence. The first phase aims to establish gen-
eral connoisseurship knowledge and tool-calling ability. During the SFT, the
model is trained on the CiQi-VQA dataset (Sec. 3.1), augmented with instruction-
following data [29] to retain general reasoning capability and with 10,575 every-
day porcelain samples to reduce overfitting. The subsequent RL stage employs
Group Relative Policy Optimization (GRPO) [27], and a strong tool-calling re-
ward encourages the model to quickly learn the mechanics of tool-calling, yielding
a model that generates synthetic tool-calling trajectories for Phase II.

Phase II: Strategic Competence. The second phase focuses on refining the
agent’s ability to integrate tool-calling with higher-level reasoning. The synthetic
trajectories from Phase I are merged back into the SFT corpus, allowing the
model to internalize both reasoning and tool-calling patterns. The subsequent
RL stage employs a redesigned reward that explicitly links tool-calling rewards
to connoisseurship accuracy, encouraging the model to improve connoisseurship
performance through more effective and purposeful tool-calling. Through this
two-phase curriculum, the agent progressively acquires domain-specific expertise
required for porcelain connoisseurship while learning to call tools to enhance
perception and reasoning.
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4.3 Reward Design

During RL, the overall reward function is a weighted average of format reward
Rformat, accuracy reward Racc, and tool-calling reward Rtool:

R = γformat ·Rformat + γacc ·Racc +Rtool,

where weight parameters γformat and γacc control the relative importance of the
format and accuracy rewards.
Format Reward. The format reward Rformat ∈ {0,−1} enforces compliance
with the prescribed output and tool-calling syntax. Specifically, the agent re-
ceives Rformat = 0 if both the response and tool calls strictly follow the required
format; otherwise, it incurs a penalty of Rformat = −1.

Accuracy Reward. The accuracy reward Racc measures how accurately the
model names the porcelain. It is composed of six attribute scores: dynasty,
reign period, kiln origin, glaze color, decorative motif, and vessel shape, plus
a consistency score that checks whether the output conforms to the required
format. Each score si ∈ [0, 1]. If the ground-truth does not contain a certain
attribute, that attribute is excluded from the average. Formally, let M denote
the set of attribute indices present in the ground-truth for a given sample; then
Racc = |M|−1

∑
i∈M si. The evaluation is performed by the LLM-as-a-Judge

described in Sec. 4.4.

Tool-calling Reward. The tool-calling reward Rtool is designed to guide the
agent’s learning of tool-calling behavior and its effective use in improving con-
noisseurship performance.

– During the first-phase RL training, the primary objective is to help the
model quickly acquire the ability to call tools appropriately. For each rollout,
if the model invokes ktool tools, it receives a corresponding reward Rtool =
ktool, proportional to the number of successful tool-calls, encouraging early
mastery of tool-calling behavior.

– During the second-phase RL training, the reward scheme shifts from quan-
tity to quality. To promote strategic and meaningful tool-calling, the agent is
rewarded only when the invocation of tools contributes to higher connoisseur-
ship accuracy. Specifically, if the model invokes mtool distinct tools during a
rollout, it receives a scaled tool-calling reward Rtool = (0.9 + 0.1mtool)Racc
while rollouts without any tool invocation receive no tool-calling reward.

This design incentivizes the model to explore tool-calling strategies that gen-
uinely enhance identification accuracy rather than indiscriminate calling of tools.

4.4 LLM-as-a-Judge

Although porcelain naming follows a standardized attribute structure, linguis-
tic realizations of each attribute exhibit substantial lexical variation while pre-
serving semantic equivalence. As a result, exact string matching or embedding-
based similarity metrics fail to reliably assess correctness, particularly when fine-
grained, domain-specific terminology is involved. To address this challenge, we
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Table 2: Pearson correlation and MAE between human expert scores and LLM-as-a-
Judge scores on CiQi-Bench.

Dynasty Reign period Kiln Glaze color Motif Shape

Pearson r 1.00 1.00 0.98 0.96 0.94 0.86
MAE 0.01 0.00 0.04 0.03 0.07 0.08

instead adopt an LLM-as-a-Judge approach: during RL training and evalua-
tion, the agent is required to output a standardized naming enclosed within
a predefined <answer></answer> tag pair. The content inside these tags, along
with the corresponding ground-truth porcelain name, is submitted to an LLM-
based evaluator. The evaluator is instructed to rate each attribute according to
a structured scoring rubric, yielding individual scores si ∈ [0, 1], where higher
values indicate greater accuracy or stylistic consistency. The detailed prompt is
provided in Sec. 3.4–Sec. 3.5 of the Supplementary Material.

To validate the reliability of LLM-as-a-Judge, we run the SFT model after
first-phase training on CiQi-Bench to generate predictions and collect indepen-
dent evaluations from domain experts using the same scoring rubric. Tab. 2
reports the Pearson correlation coefficients and mean absolute errors (MAE)
between expert scores and LLM-based scores across all six attributes. The con-
sistently high correlations, together with the small MAE values, indicate strong
alignment between the LLM-based evaluator and human expert judgment.

5 Experiments

In this section, we conduct extensive experiments to evaluate the performance
of our proposed CiQi-Agent. We first conduct experiments on the CiQi-Bench,
and then perform ablation studies to analyze the impact of each component on
our model’s performance.

5.1 Experiment Setup

Baseline Configuration. We compare our method against a comprehensive
set of state-of-the-art multimodal models, including both closed- and open-
source variants. For closed-source models (GPT-5 [22], GPT-4.1 [23], GPT-
4o [21], OpenAI o3 [24], Gemini 2.5 Pro [9], and Claude Opus 4 [1]), we use
their official APIs with the default inference settings, with the temperature set
to 0.0 to ensure deterministic outputs. For open-source models, we select the
largest released models for each model family (Qwen2.5-VL-72B-Instruct [26],
GLM-4.5V [8], InternVL3.5-241B-A28B-Flash [12], Kimi-VL-A3B-Instruct [13]).
Models are loaded using their official implementations and evaluated with the
temperature set to 0.0 to ensure reproducibility.
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Our Method Configuration. Our agent is built upon Qwen2.5-VL-7B-Instruct,
trained using the two-phase pipeline described in Sec. 4, with Qwen2.5-72B-
Instruct [30] served as the LLM-as-a-Judge evaluator. The weight parameters
are set as γformat = 0.2 and γacc = 1.0, respectively. For retrieval, we construct
a database consisting of 16,830 images and 49,606 texts from our CiQi-VQA
dataset, which is strictly non-overlapping with both the RL training set and the
CiQi-Bench to avoid information leakage and ensure fair assessment. See Sec. 4
of the Supplementary Material for the detailed configurations.

Evaluation Metrics. We report accuracy as the primary metric for multiple-
choice questions, computed as the percentage of correctly answered questions
across all seven dimensions: overall naming, dynasty, reign period, kiln site,
glaze color, decorative motif, and vessel shape. For free-form generation tasks,
we employ Qwen2.5-72B-Instruct [30] as the LLM-as-a-Judge evaluator.

5.2 Main Results on CiQi-Bench

Tab. 3 summarizes the results on CiQi-Bench. CiQi-Agent achieves state-of-
the-art performance across all dimensions, validating the effectiveness of our
two-phase training pipeline and tool-augmented reasoning framework.

On multiple-choice tasks, CiQi-Agent attains 85.2% overall naming accuracy
and an average of 81.5% across all seven attributes, surpassing GPT-5 (aver-
age 75.8%) and Qwen2.5-VL-72B-Instruct (average 69.2%). Notably, it achieves
77.6% on dynasty, 70.3% on reign period, and 81.8% on kiln site—outperforming
all baselines by substantial margins. Performance gains are especially pronounced
in visually grounded attributes, reaching 91.4% on glaze color, 75.7% on deco-
rative motif, and 88.1% on vessel shape.

For free-form generation, CiQi-Agent further demonstrates strong generaliza-
tion, achieving 71.3% on dynasty (vs. 42.7% for o3), 69.8% on kiln site (vs. 44.4%
for o3), and 85.4% on glaze color (vs. 75.8% for Qwen2.5-VL-72B), with an av-
erage of 66.7% across all six attributes (vs. 43.0% for Qwen2.5-VL-72B and
48.0% for GPT-5). Remarkably, despite having only 7B parameters, CiQi-Agent
outperforms GPT-5 across all attributes and in both multiple-choice and free-
form averages, demonstrating that tool-calling and domain-aligned training can
effectively compensate for model scale.

5.3 Ablation Study

Training stages. To understand how each training stage contributes to the final
performance, we perform an ablation study based on Qwen2.5-VL-7B-Instruct,
as shown in Tab. 4.

We conduct an ablation study with the following three model variants: (1)
the base model; (2) the SFT model fine-tuned on the base model, corresponding
to the Phase II model; (3) the SFT+RL model, i.e., our full CiQi-Agent. Since
the tool-calling trajectories used for RL training are generated by the Phase I
model, Model (3) is built on Model (2).
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Table 3: Performance on CiQi-Bench (Multiple-choice & Free-form). Bold indicates
the best performance, and underline indicates the second-best performance.

Model
Multiple-choice Accuracy (%) Free-form Accuracy (%)

Dynasty Reign Kiln Color Motif Shape Naming Average Dynasty Reign Kiln Color Motif Shape Average

GPT-5 [22] 65.7 61.4 79.6 86.5 69.3 83.8 84.3 75.8 39.4 32.8 42.6 74.4 35.3 63.9 48.0
GPT-4.1 [23] 59.3 68.3 71.1 85.0 62.2 81.8 77.9 72.2 36.7 27.2 29.0 67.5 27.6 60.1 41.3
GPT-4o [21] 59.1 60.4 68.6 89.2 70.1 84.2 82.1 73.4 26.9 13.4 15.1 53.9 21.1 47.6 29.7
o3 [24] 57.6 57.4 72.2 82.6 62.4 76.8 76.6 69.4 42.7 36.6 44.4 74.2 33.1 62.1 48.8
Gemini 2.5 Pro [9] 54.4 57.4 68.0 65.2 58.5 64.2 82.5 64.3 48.1 34.9 48.4 50.2 16.1 39.0 39.5
Claude Opus 4 [1] 54.8 40.6 65.3 74.9 59.0 75.2 69.3 62.7 36.8 10.3 22.0 64.1 25.1 59.1 36.2

Qwen2.5-VL-72B-Instruct [26] 57.6 34.7 69.2 86.7 71.7 84.1 80.3 69.2 29.5 31.2 27.7 75.8 31.0 62.6 43.0
GLM-4.5V (106B) [8] 58.3 59.4 75.8 82.3 70.4 81.8 80.6 72.6 31.0 14.3 32.8 65.4 31.1 65.2 39.9
InternVL3.5-241B-A28B-Flash [12] 57.1 38.6 59.5 82.1 64.8 73.9 68.5 63.5 42.4 31.6 36.9 52.6 19.6 41.5 37.4
Kimi-VL-A3B-Instruct (16B) [13] 59.3 22.8 48.8 84.8 59.8 77.9 70.3 60.5 17.3 23.7 16.2 69.5 26.5 61.3 35.7

CiQi-Agent (Ours, 7B) 77.6 70.3 81.8 91.4 75.7 88.1 85.2 81.5 71.3 49.1 69.8 85.4 49.7 75.0 66.7

Table 4: Ablation study on Qwen2.5-VL-7B-Instruct variants. Arrows indicate im-
provement (↑) or decline (↓) relative to the previous variant, and bold indicates the
best performance.

Model
Multiple-choice Accuracy (%) Free-form Accuracy (%)

Dynasty Reign Kiln Color Motif Shape Naming Average Dynasty Reign Kiln Color Motif Shape Average

Qwen2.5-VL-7B-Instruct [26] 54.0 60.4 55.1 83.6 69.8 79.6 69.0 67.4 20.3 22.2 15.5 70.6 28.4 61.4 36.4
+ SFT 65.5 ↑ 53.5 ↓ 77.1 ↑ 92.6 ↑ 72.8 ↑ 88.2 ↑ 81.9 ↑ 75.9 ↑ 64.6 ↑ 45.2 ↑ 56.6 ↑ 81.6 ↑ 35.8 ↑ 70.9 ↑ 59.1 ↑
+ SFT + RL 77.6 ↑ 70.3 ↑ 81.8 ↑ 91.4 ↓ 75.7 ↑ 88.1 ↓ 85.2 ↑ 81.5 ↑ 71.3 ↑ 49.1 ↑ 69.8 ↑ 85.4 ↑ 49.7 ↑ 75.0 ↑ 66.7 ↑

Effect of SFT. SFT substantially boosts performance: overall naming improves
from 69.0% to 81.9%, and the multiple-choice average rises from 67.4% to 75.9%.
On free-form evaluation, dynasty accuracy jumps from 20.3% to 64.6%, and
the average increases from 36.4% to 59.1%, establishing core connoisseurship
knowledge.
Effect of RL. Adding RL aligns tool-calling with knowledge-grounded reasoning:
kiln accuracy jumps from 67.2% to 81.8% and dynasty from 51.6% to 77.6%, and
all free-form attributes improve (e.g., kiln: 63.6% → 69.8%, dynasty: 66.8% →
71.3%). Correspondingly, the multiple-choice average increases from 69.7% to
81.5%, and the free-form average from 62.3% to 66.7%, yielding our final CiQi-
Agent.

Tool Configurations. To understand how each tool contributes to the final
performance, we perform an ablation study on GPT-5, Qwen2.5-VL-7B-Instruct,
and our CiQi-Agent, as shown in Tab. 5.
Tool on Base Models. Tools do not consistently benefit general-purpose base
models. (e.g., GPT-5’s average: 75.8% → 76.3%/70.8%/70.8%, Qwen2.5-VL-
7B-Instruct’s average: 67.4% → 47.1%/48.6%/48.1%). A plausible explanation
is that the returned evidence (retrieved text or visual cues) is domain-specific
and may require porcelain-appraisal knowledge to interpret and reconcile, which
these base models do not reliably exhibit. In contrast, CiQi-Agent shows consis-
tent gains (e.g., average: 69.7%/75.1%/77.3% → 81.5%), suggesting that mod-
els adapted with porcelain-domain expertise can more effectively interpret tool-
provided evidence and translate it into improved performance.
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Table 5: Ablation study on GPT-5, Qwen2.5-VL-7B-Instruct and CiQi-Agent with
different tool configurations. Bold indicates the best performance.

Model
Multiple-choice Accuracy (%)

Dynasty Reign Kiln Color Motif Shape Naming Average

GPT-5 [22] 65.7 61.4 79.6 86.5 69.3 83.8 84.3 75.8
+ vision tool 62.4 68.3 80.4 86.9 67.7 83.2 85.0 76.3
+ retrieval tools 54.9 58.4 69.4 85.5 65.6 81.4 80.2 70.8
+ all tools 55.7 58.4 68.3 85.8 66.7 82.3 78.6 70.8

Qwen2.5-VL-7B-Instruct [26] 54.0 60.4 55.1 83.6 69.8 79.6 69.0 67.4
+ vision tool 32.7 51.5 31.4 55.0 44.4 54.7 60.1 47.1
+ retrieval tools 33.6 54.5 35.5 55.4 45.2 55.6 60.6 48.6
+ all tools 32.3 53.5 36.9 54.1 45.2 55.4 59.3 48.1

CiQi-Agent (Ours, 7B) (w/o tools) 51.6 32.7 67.2 92.7 73.3 86.2 84.3 69.7
+ vision tool 69.2 66.3 59.8 91.0 78.6 76.7 84.2 75.1
+ retrieval tools 68.7 59.4 81.0 88.9 75.4 83.3 84.3 77.3
+ all tools 77.6 70.3 81.8 91.4 75.7 88.1 85.2 81.5

Tool Combination on CiQi-Agent. Combining tools is more effective than using
a single tool for CiQi-Agent. The best average performance is achieved when
vision and retrieval tools are enabled together (average: 81.5%), which supports
the view that the two tools provide complementary information that is most
useful when integrated.

Overall, the ablation results reveal a clear division of labor among training
stages and tools. SFT provides a comprehensive uplift of the model’s domain
knowledge and yields consistent improvements across all evaluations. Building
on this foundation, RL with the vision tool strengthens the model’s ability
to capture fine-grained visual cues, which is particularly beneficial for visually
grounded attributes such as motif. When multimodal retrieval tools are further
incorporated, the agent gains the ability to compare input images against ex-
ternal porcelain exemplars, significantly improving history-based attributions,
including dynasty, reign, and shape.

6 Conclusion

In this work, we present CiQi-Agent, a domain-specific multimodal agent for
antique Chinese porcelain connoisseurship. We build CiQi-VQA, a large-scale
dataset of expert-curated porcelain images and question–answer pairs, and CiQi-
Bench, an expert-aligned benchmark that evaluates six connoisseurship attributes.
For the training framework, we design a two-phase training pipeline that com-
bines SFT, RL, and tool-augmented reasoning to align tool-calling with domain
expertise. CiQi-Agent integrates visual zoom-in and image/text retrieval tools
to perform fine-grained analysis with multimodal RAG. Extensive experiments
show that CiQi-Agent significantly outperforms mainstream MLLMs across all
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attributes, demonstrating the effectiveness of our dataset, benchmark, and train-
ing framework for cultural-heritage connoisseurship.

For future work, we plan to move beyond connoisseurship and tackle more
challenging tasks of authentication, i.e., distinguishing genuine antique porce-
lains from later imitations. In addition, CiQi-Agent represents a first step to-
ward using MLLMs for cultural-heritage analysis; the same framework can be
extended to build agents for other artifact types (e.g., ancient coins, calligraphy,
paintings) or to develop a more general foundation model for cultural-heritage
connoisseurship.
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