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Supplementary Material

A. Implementation Details

A.1. Evaluation Protocol

Our evaluation framework comprehensively assesses inscrip-
tion restoration quality across two dimensions:

Visual Fidelity. We quantify low-level fidelity using es-
tablished full-reference metrics: Peak Signal-to-Noise Ra-
tio (PSNR), Structural Similarity Index (SSIM) [18], and
Learned Perceptual Image Patch Similarity (LPIPS) [28]. To
address the absence of ground-truth references in real-world
test sets (R-I and R-II), we further incorporate four No-
Reference (NR) metrics, i.e., CLIP-IQA [16], MUSIQ [9],
MANIQA [22], and NIMA [14]. These metrics utilize pre-
trained assessment models to evaluate perceptual quality,
ensuring the restored images maintain stylistic consistency
and aesthetic fidelity.

Textual Authenticity. This dimension prioritizes the struc-
tural integrity of restored characters and the downstream tex-
tual semantic accuracy. In particular, we employ a pre-trained
YOLOvVS model [2] for character detection, which yields an
F1 score exceeding 0.98 at an Intersection-over-Union (IoU)
threshold of 0.5. End-to-end spotting performance is mea-
sured via Normalized Edit Distance (NED), obtained by ap-
plying a ResNet-50 recognizer [6] to the detected character
regions. Furthermore, to decouple recognition performance
from detection variance, we evaluate standalone recognition
accuracy (Top-1, Top-5, and Macro Accuracy) by applying
the recognizer to ground-truth cropped character regions on
the restored images. Notably, Macro Accuracy is computed
on a per-category basis, providing a stricter evaluation of
performance across the long-tailed distribution inherent in
ancient Chinese inscription datasets.

It is noteworthy that the Test Set S in CIRI dataset [30]
provides both intact clean images and character-level labels
(text and locations), enabling full evaluation of visual pre-
sentation and textual integrity. In contrast, the real test sets
R-I and R-II lack ground-truth images and character-level
location annotations, so their evaluation is restricted to no-
reference IQA metrics and end-to-end 1-NED.

A.2. Training Details of EpiAgent

Although our fine-grained restoration strategy is inherently
agnostic to input image resolution, we conduct our imple-
mentation on the Chinese Inscription Rubbing Image (CIRI)
dataset [30] due to copyright restrictions.

We follow the standard data partitioning protocols defined
in CIRI dataset for both training and evaluation. The training
procedure is divided into two distinct phases:

1. Tool Pre-training: First, the three specialized genera-
tive tools (Background Denoising, Stroke Completion,
and Font Imitation) are individually trained on the CIRI
training split until convergence.

2. Agent Optimization: Subsequently, we freeze the
weights of these specialized tools. The high-level EpiA-
gent framework then undergoes an iterative optimization
phase on the same training set. This phase focuses on
accumulating planning experience and refining decision-
making logic through expert feedback loops.

Following this process, comprehensive evaluations are
conducted on the synthetic Test set (S) and real-world bench-
marks (R-I and R-II). To ensure a fair comparison, all base-
line methods are trained and evaluated using this identical
data configuration.

Table 1. Ablation studies on the accuracy of inscription character
recognition for representative multimodal large language models
using the end-to-end 1-NED metric. The best and the second-best
results are highlighted and underlined.

MLLM Test S Test R-I  Test R-II
PaddleOCR-VL-0.9B [1] 0.3985 0.3191 0.2605
Qwen3-Thinking-VL-Plus [21] 0.5727 0.5235 0.4147
Seed-1.5-Thinking-Vision-Pro [4]  0.6481 0.5509 0.4336

A.3. Multimodal Perception Tools

In the Observe stage, we deploy both general and special-
ized modules to analyze and disentangle the coupled visual-
textual cues within inscriptions. Concretely, this stage inte-
grates a Multimodal Large Language Model (MLLM) for
holistic multimodal perception, a Degradation Assessment
Model (DAM) to quantify degradation severity, a Correc-
tive Language Model (CLM) for predictive script correction,
and Retrieval-Augmented Generation (RAG) for querying
external Chinese corpora.

We instantiate the MLLM using Seed-1.5-Thinking-
Vision-Pro [4], prompting it to extract both textual content
and spatial bounding box layouts. Tab | presents a compara-
tive analysis of mainstream MLLMs on Chinese inscription
Optical Character Recognition (OCR). As evidenced by the
results, Seed-1.5-Thinking-Vision-Pro demonstrates supe-
rior robustness, consistently outperforming baseline models
across all three benchmarks.

DAM. We implement the Degradation Assessment Model
using a U-Net architecture [11]. The model is trained on the
synthetic set of the CIRI dataset, which provides ground-
truth degradation masks, to perform pixel-level segmenta-
tion of degraded regions. Subsequently, we assign discrete



severity levels based on the ratio of degraded pixels within
each detected character bounding box. We set thresholds at
[0.02, 0.20, 0.50, 1.0] to categorize the degradation levels as
“none”, “slight”, “middle”, and “severe”, respectively.
CLM. For the Corrective Language Model, we adopt Qwen-
2-7B [15] as the foundation model, utilizing a Parameter-
Efficient Fine-Tuning (PEFT) strategy via LoRA [7] to adapt
the model for understanding and restoring damaged histori-
cal text. To facilitate this, we curate a large-scale dataset of
paired damaged-restored historical texts from public classi-
cal literature repositories, including Daizhige' and CBeta’.
These corpora span diverse genres, including literature, po-
etry, inscriptions, and scriptures. We simulate real-world
degradation by applying character-level deletions, additions,
and replacements to the original text. During training, dam-
aged characters are represented by consecutive mask tokens,
guiding the model to reconstruct the missing semantics.
RAG. In the Retrieval-Augmented Generation module, we
leverage BGE-Large-zh [20] as the embedding model to en-
code classical Chinese texts into high-dimensional semantic
vectors. We construct a comprehensive multi-source corpus
by integrating the above corpora (Daizhige, CBeta) and com-
pilations of historical documents and stele inscriptions. To
manage the resulting database, FAISS [8] is deployed as
the retrieval engine, enabling efficient and precise similarity
search across the large-scale vector database.

A.4. Details of User Study

To ensure a comprehensive and unbiased subjective evalua-
tion, we recruited a diverse cohort of participants stratified
into three distinct groups: domain experts (epigraphers and
historians), humanities students (with background knowl-
edge in ancient texts), and general volunteers (laypersons).
The study comprised 100 individual evaluation cases. In
each case, participants were presented with a tuple consist-
ing of the degraded input image, the ground-truth text, and
the restoration outputs from 9 comparative methods. Partici-
pants were tasked with ranking these 9 results based on their
visual perceptual quality and restoration fidelity.

A.5. Prompt for MLLM and Central Planner

Tab. 2 shows the designed prompt for the MLLM in the
Observe stage and the central planner 7.

A.6. Hierarchical Restoration Tools

In the Execution stage, we deploy specialized restoration
tools tailored for complex degradation patterns. We detail
their specific implementations below:

Background Denoising: This tool f4e, specializes in elimi-
nating background clutter and noise while rigorously preserv-
ing stroke topology. Unlike existing diffusion-based mod-

Uhttps://github.com/garychowcmu/daizhigev20
Zhttps://www.cbeta.org

els [23] that operate within a continuous feature space, our
tool adopts a discrete diffusion paradigm [27, 30]. This is
implemented via an attention-based U-Net [11] equipped
with three pairs of symmetric residual blocks, effectively
preventing information loss during feature transitions. Dur-
ing training, we adhere to the discrete diffusion formulation
by successively adding noise sampled from a Bernoulli dis-
tribution e to the ground-truth image I,; based on time step ¢.
In the denoising phase, we leverage the degradation segmen-
tation mask S, provided by the DAM. The original degraded
inscription [ is concatenated with Sy to serve as the con-
ditional input to estimate the intact image. The process is
supervised by the KL divergence loss between the predicted
and ground-truth distributions. During inference, the pre-
trained model iteratively generates the restored result over T’
steps, conditioned on the degraded input and its mask.

Stroke Completion: This tool fi,,, targets the inpainting of
missing or severely degraded regions (as indicated by Sy)
to avoid deforming intact strokes. We implement this using
a vanilla U-Net [11] with five pairs of symmetric residual
blocks. During training, we bridge the modality gap by ren-
dering the corrected text sequence # into a canonical glyph
image [ according to the predicted layout O. This explicit
structural guidance ensures the model aligns with the correct
textual content. Subsequently, we combine the degraded char-
acter regions, degradation masks, and the canonical glyph
images as conditioning inputs. The model generates restored
images through an iterative denoising process, supervised by
an MSE loss against the ground-truth intact images. During
inference, we employ a non-Markovian sampling process
(DDIM) [13] to accelerate generation and improve sampling
efficiency.

Font Imitation: This tool f;,; focuses on synthesizing stylis-
tically consistent glyphs by learning style priors from high-
quality exemplars within the same stele, thereby ensuring
calligraphic harmony. We follow the architecture from [24],
incorporating two decoupled encoders: a style encoder F,
and a content encoder F.. The style encoder E extracts cal-
ligraphic features from well-preserved or restored exemplars
in the same sequence, while the content encoder E,. captures
semantic structural features from the canonical glyph image
I,. Ultimately, the conditional diffusion process generates
font-consistent imitations by fusing these extracted style and
content representations.

Character Retrieval: Designed to compensate for potential
imperfections in the preceding generative restoration phases,
this tool (fict) retrieves high-fidelity exemplars to substitute
for degraded regions. It searches for well-preserved or suc-
cessfully restored image patches that share identical semantic
content and consistent calligraphic style, thereby ensuring
the final output maintains visual coherence and historical
authenticity.



Table 2. Prompts for the MLLM and the central planner of EpiAgent. {-} denotes a placeholder to be filled based on the context.

Prompt for the MLLM to perceive visual and textual cues within inscription images

Here’s an ancient Chinese text image. The characters in the image are corrupted with varying

degradations, such as scatter noise, grid etching,

irregular absence, and large spalling, making

the text hard to recognize. Please recognize the textual content and locate the bounding box for
each character within the inscription image. For each character that is recognizable, provide

the recognized text and coordinates. For each character that is completely unrecognizable, please
predict the coordinates of the degraded character according to the coordinates of recognizable
characters. Generally, each bounding box is aligned with the bounding boxes of the surrounding
characters. The sizes of the bounding boxes should be consistent. Note that do not attempt to
recognize areas without text. Please output strictly in JSON format like [{"text": "", "coordinate":

[x1,y1l,%x2,y21}].

Prompt for the central planner to schedule restoration plans based on multimodal cues and distilled experience

Here’s an inscription image with text content, coordinates, and degradations {Cues}. We will invoke
specialized restoration tools to eliminate degradations as well as restoring textual content and
visual appearance. There’s the distilled historical restoration experience: {Experience}. Please
refer to these experiences and schedule a correct invocation order of these tools for each degraded

character: background denoising, stroke completion,

font imitation, and character retrieval.

Prompt for the central planner to distill referenceable experience from historical restoration statistics

We are studying inscription image restoration with varying degradations. The degradation degree is

categorized into four levels: LO, L1, L2, and L3.

Characters at level L0 are intact and noise-free.

Characters with L1 degradations are slightly degraded with scatter noise. Characters with L2
degradations are moderately degraded with local character occlusion. Characters with L3 degradations
are severely degraded with extensive character occlusion, making the text hard to recognize. We

have specialized tools to address these degradations:
imitation, and character retrieval. The problem is,

background denoising, stroke completion, font

given a degraded character, we need to determine

the invocation order of the tools according to the degradation status. Note that it is complex and
complicated, as different tasks can deliver different restoration effects, and unsuitable tools
may cause side effects. Therefore, the correct tool combination and invocation order based on the
degradation levels are significantly important. We have conducted many trials and collected the
following statistics about the success rates of different tool invocation orders: {Statistics}.
Please distill useful restoration experience from these statistics to help us select the correct

tools and determine the tool invocation order.

Table 3. Restoration performance of SeedEdit-3.0, LucidFlux, and
EpiAgent on Test Set S.

Table 5. Restoration performance comparison between SeedEdit-
3.0, LucidFlux, and EpiAgent on Test Set R-11.

. Quality End-to-End
Strategy / Metric
PSNRT SSIMT LPIPS| 1-NED 1
SeedEdit-3.0 [17] 15.18 0.8414 0.2908 0.3870
LucidFlux [3] 17.73 0.8665 0.2890 0.3828
EpiAgent (Ours) 22.14 0.9684 0.0254 0.9069

Table 4. Restoration performance comparison between SeedEdit-
3.0, LucidFlux, and EpiAgent on Test Set R-1.

. Quality End-to-End
Strategy / Metric
CLIP-IQAT MUSIQT MANIQAT NIMA 1 1-NED 1
SeedEdit-3.0 [17] 09111 47.81 0.3817 0.4921 0.2758
LucidFlux [3] 0.9167 48.25 0.3857 0.5022 0.3462
EpiAgent (Ours) 0.9393 50.29 0.4179 0.5414 0.5766

B. More Results
B.1. Extended Comparative Analysis

Comparison with Foundation Models. Acknowledging
the rapid advancements in the field of Large Multimodal
Models (LMMs), we extend our evaluation to include recent

X Quality End-to-End
Strategy / Metric
CLIP-IQAT MUSIQT MANIQA| NIMA T 1-NED 1
SeedEdit-3.0 [17] 0.9136 47.25 0.3803 0.4725 0.2280
LucidFlux [3] 0.9021 46.36 0.3815 0.4955 0.2984
EpiAgent (Ours) 0.9388 49.94 0.4157 0.5381 0.5546

representative foundation models designed for image editing
and restoration tasks. Specifically, we benchmark against
SeedEdit-3.0 [17] and LucidFlux [3], both of which explicitly
claim capabilities for text image editing and restoration.
The quantitative results are detailed in Tab. 3, Tab. 4, and
Tab. 5. This disparity highlights a critical insight: general-
purpose foundation models, despite their generative power,
struggle with the complex, coupled degradations of ancient
inscriptions. They lack the comprehensive strategic planning
and domain-specific expertise required to disentangle noise
from semantics. This validates the necessity of our agent-
centric approach, which can systematically orchestrate multi-
stage specialized tools.

Evaluation of Qwen-Image-Edit. We further explored the
feasibility of replacing our restoration toolkit with the pow-
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Figure 1. Restoration results of Qwen-Image-Edit-2509 for inscrip-
tion images using ground-truth character bounding boxes and text
prompts.

erful Qwen-Image-Edit-2509 [19], a recent image editing
model that explicitly claims proficiency in modifying an-
cient Chinese text. However, as illustrated in Fig. 1, a critical
limitation emerges: while the model can successfully modify
target regions based on textual prompts, it fails to effectively
eliminate the underlying degradation. Furthermore, the gen-
erated text exhibits significant glyph distortion, frequently
deviating from correct calligraphic structures. This indicates
that while the model functions as a capable semantic edi-
tor, it lacks the fine-grained structural fidelity and denoising
capabilities required for authentic restoration.

Qualitative Superiority. Fig. 2 presents a broader qualita-
tive comparison against state-of-the-art methods introduced
in the main paper. The visual results highlight the strong
stability and generalization capabilities of EpiAgent, particu-
larly when handling the complex, non-uniform degradations
typical of real-world inscription rubbings.

Metric Insensitivity Analysis. To address the potential lim-
itations of standard image quality metrics in this specific
domain, Fig. 3 displays restored samples alongside their
corresponding PSNR values. It can be observed that while
PSNR may reflect minimal numerical variation between
methods, the perceptual differences are substantial, particu-
larly in terms of structural integrity and stylistic consistency.
This discrepancy underscores the necessity for specialized
evaluation protocols beyond generic pixel-level metrics.

B.2. Time Consumption Analysis

Fig. 5 illustrates the average time required for EpiAgent to
restore degraded inscriptions and the time proportion of each
stage throughout the restoration process. It reveals that it-
erative tool invocation and execution account for 48.8% of

the time. Additionally, perception, planning, and experience
distillation contribute 12.5%, 8.3%, and 10.7%, respectively.
As observed, the Execute stage is the most computationally
intensive, accounting for 48.8% of the total duration due to
the iterative inference of specialized generative tools (e.g.,
imitation and completion). In contrast, the agent’s cognitive
processes remain relatively efficient: the General Perception
module (within the Observe stage) utilizes 12.5%, while the
planning logic in the Conceive stage occupies only 8.3%.
Furthermore, the distill process, which handles experience
accumulation, contributes 10.7%. Meanwhile, the average
runtime increases with degradation severity, from 76.33 s/im-
age for slight cases to 238.53 s/image for severe cases. On
average, EpiAgent requires 1.54 iterations per image and
2.72 LLM calls per image. Such results demonstrate that
EpiAgent effectively balances the heavy computational load
of low-level visual restoration with low-latency high-level
reasoning. Moving forward, we aim to further optimize the
temporal efficiency of EpiAgent, specifically by accelerat-
ing the generative inference processes, to facilitate broader-
scale applications.

B.3. Failed Cases

As shown in Fig. 6, the inscription restoration task confronts
a critical bottleneck when handling extreme degradation
scenarios. These cases are characterized by massive cross-
character structural deficits and atypical degradation with
dense diffuse corruption that is inextricably coupled with
character strokes. Such severe degradations make it difficult
for existing restoration methods to distinguish genuine char-
acter strokes from degradation artifacts, thereby rendering
them ineffective. It is worth noting that, while achieving a
flawless restoration remains challenging under these adver-
sarial conditions, our method stands out as the only method
in our comparison that preserves textual authenticity at the
visual level. This contrast highlights the inherent difficulty of
restoring ancient inscriptions and underscores the necessity
for continued research in this domain.

B.4. Robustness Analysis for Degradation Severities

To further evaluate the robustness of EpiAgent against vary-
ing degrees of degradation, we stratified Test Set S into three
distinct subsets: “slight”, “middle”, and “severe”. The quan-
titative comparisons are detailed in Tab. 6. As evidenced
by the results, our approach establishes a consistent perfor-
mance lead over competing methods across all metrics and
degradation levels. This comprehensive superiority validates
the exceptional generalization capability and adaptability of
our agent-centric restoration paradigm.

Qualitative results corresponding to these three severity
levels are visualized in Fig. 7, Fig. 8, and Fig. 9. These
examples visually confirm the advantages of EpiAgent in
maintaining both calligraphic style fidelity and textual se-
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Figure 2. Restoration result comparison between EpiAgent and current state-of-the-art methods. (a), (b) are respectively from Test Set R-I
and R-IL

mantic authenticity. Collectively, these results not only vali-
date the technical efficacy of EpiAgent but also highlight its
profound potential in advancing the digital preservation of
cultural heritage.
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Distilled experience from historical restoration records

. Based on historical statistics, here’s the distilled knowledge for determining optimal tool

invocation order with different degradation levels ...
denoise alone, with subsequent completion as an alternative ...

For L1 degradation, it’s often better to
For L2 degradation, denoising

and completion is the most universally compatible solution ...

Plan for slightly degraded characters
According to the insights
provided ... the preliminary
plan is removing noise to
clarify character shape ...

Plan for mediumly degraded characters
Based on past experience ...
the plan comprises of image
denoising and glyph completion

Prompt

Please consult the distilled experience to
formulate an optimal restoring plan for
this image.

Plan for severely degraded characters

. it’s effective to sequently
execute denoising, completion,
and retrieval for style and
content consistent text ...

Figure 4. Examples of EpiAgent’s planning response to the prompt that incorporates distilled experience.
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Table 6. Quantitative comparison with the state-of-the-art methods on Test Set S. Inscription images are categorized into “slight”, “middle”,
and “severe” according to the degradation severity. The best and the second best results are highlighted and underlined.
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