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Abstract

Inscriptions are invaluable cultural heritage, yet
centuries of degradation (e.g., fractures, ero-
sion, oxidation) have rendered many partially il-
legible. Existing Historical Inscription Restora-
tion (HIR) methods rely on task-separated
pipelines with irreversible error accumulation
and patch-based generation that sacrifices page-
level consistency. Therefore, we present Uni-
HIR, the first unified MLLM for end-to-end
historical inscription restoration. It integrates
two novel designs, Draft-Guided Localiza-
tion and Hierarchical Self-Refinement, to en-
able accurate damage localization and illegible-
content prediction via iterative reasoning and
self-correction. This unified approach enables
true page-level restoration with consistent ty-
pography and style. To support training un-
der high-resolution inputs and long sequences,
we design UHIRFactory and construct HIR-
Bench, enabling step-wise, memory-efficient
instruction tuning with step-aware annotations
for intermediate drafts and refinements. Ex-
periments demonstrate that UniHIR achieves
superior performance in both text restoration
accuracy and appearance restoration quality,
validating that HIR can be effectively tack-
led by a standalone model in a unified man-
ner. The model and code are available at
https://github.com/ZZXF11/UniHIR.

1 Introduction

Standing as an enduring and irreplaceable lithic
archive, ancient steles anchor the continuity of hu-
man culture and history. Unfortunately, countless
steles have suffered degradation from manual activ-
ities or natural forces, such as war, water erosion,
and oxidation, rendering their inscriptions partially
or entirely illegible. Thus, Historical Inscription
Restoration (HIR) holds immense value for pre-
serving these cultural heritages. Yet, accumulated
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Figure 1: Comparison between existing historical in-
scription restoration (HIR) methods with the proposed
UniHIR.

deterioration makes restoration increasingly com-
plex and renders traditional manual approaches
inefficient (taking days or months for one stele)
and difficult to sustain at scale. These constraints
underscore the pressing need for automated HIR
methods. Recently, rapid advances in artificial in-
telligence (AI) have spurred growing interest in AI-
assisted restoration of historical documents (Yang
et al., 2025; Zhu et al., 2026; Zhang et al., 2026).
For example, Assael et al. (2025) combines a Trans-
former with a vision backbone to predict damaged
text, geographic origin, and date. Zhang et al.
(2025d) proposes a three-stage pipeline with de-
coupled large language and diffusion-based models
to recover the historical appearance.

While it is viable to directly transfer existing his-
torical document restoration methods to HIR, they
suffer from many critical limitations (Fig. 1). (1)
Current approaches often understand and generate
separately in a pipeline manner (e.g., understand-
ing text with a language model, then generating
restored images using diffusion models). This pre-
vents joint optimization of both capabilities and
limits their synergistic potential. (2) Most models
generate predictions in a single pass without ex-
plicit verification, making errors introduced early
in the generation process irreversible. (3) Current

27216

yuyi.zhang11@foxmail.com
junle_liu@foxmail.com
eelwjin@scut.edu.cn
https://github.com/ZZXF11/UniHIR


Figure 2: Framework of UniHIR. It contains three steps: Draft-Guided Localization, Hierarchical Self-Refinement,
and Appearance Restoration.

methods predominantly perform patch-based pixel
restoration, either restoring only a few characters
or dividing a full page into patches for processing.
They thus fail to leverage the global layout and
long-range character styles cues, leading to jarring
or inconsistent restored text.

Concurrently, unified multimodal large language
models (MLLMs) have fueled increasing attention
in the community, which seamlessly integrate vi-
sual understanding and generation with a single
backbone (Zhang et al., 2025b). HIR demands both
decoding missing or illegible characters and gener-
ating pixel-level restorations that preserve original
glyphs and style, which are capabilities that nat-
urally align with unified models’ complementary
strengths. Moreover, these models can restore en-
tire pages with global content and style coherence,
a capability difficult to achieve within current HIR
solutions. Such compelling congruence raises a
natural question: Can the HIR task be truly tack-
led by unified MLLMs in an end-to-end manner,
or are task-separate pipelines still necessary?

In response to this question, we propose Uni-
HIR, a pioneering Unified MLLM for end-to-end
HIR. To address the challenge of HIR and the
limitations of current approaches, UniHIR intro-
duces two novel designs, Draft-Guided Localiza-
tion (DGL) and Hierarchical Self-Refinement
(HSR), aiming at accurate damage localization and
illegible-content prediction. Since steles often con-
tain numerous damaged regions, MLLMs typically
tend to hallucinate in such dense detection, pro-
ducing shifted and overlapping boxes. Therefore,
UniHIR first generates a damage-location draft—a

visual “scratchpad” that marks damaged regions
and guides the inference of illegible content. It
then performs hierarchical self-refinement at two
levels: macro-level refinement predicts global at-
tributes (e.g., source text, date, and engraver), and
micro-level refinement adjusts the damage regions
(Bounding box) and verifies the inferred content
using contextual cues. Finally, UniHIR restores
the image from the finalized damage locations and
predictions.

To make UniHIR trainable under high-resolution
inscription images and long restoration sequences,
we propose UHIRFactory, a unified training frame-
work featuring step-isolated optimization and
memory-adaptive data sampling, and construct
HIRBench to support step-aware training.

Extensive experiments demonstrate that UniHIR
consistently outperforms existing methods in both
text restoration accuracy and appearance preser-
vation. On severely damaged steles where OCR
accuracy is only 55.68%, UniHIR boosts accuracy
to 86.65%. These results validate UniHIR’s effec-
tiveness as a standalone model and highlight its
potential as a practical assistive tool for historians.

We outline our main contributions as follows:

• We propose UniHIR, a pioneering Unified
MLLM for end-to-end HIR, offering a new
perspective on HIR.

• UniHIR incorporates two novel designs,
Draft-Guided Localization and Hierarchi-
cal Self-Refinement, to support iterative rea-
soning and self-correction for HIR.

• We propose UHIRFactory and construct
HIRBench to enable step-wise, memory-
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efficient training of UniHIR.
• Extensive experiments demonstrate that our

method achieves superior restored-text accu-
racy and generation quality.

2 Related Work

Historical Inscription Restoration. Traditional
HIR largely relies on expert manual restoration.
With recent advances in generative AI, progress
has been made: Fetaya et al. (2020); Bamman and
Burns (2020); Lazar et al. (2021); Papavassileiou
et al. (2023) perform text restoration for various lan-
guages using a language model. Assael et al. (2022)
then used a Transformer with multi-task learning
to jointly predict missing text, geographic origin,
and date; and they further improved performance
by introducing a vision network in Aeneas (As-
sael et al., 2025). However, these methods remain
mainly text-centric and cannot repair the visual ap-
pearance of damaged steles. To address this, recent
work has begun to explore appearance restoration.
Han et al. (2024) proposed a crowdsourcing-based
text–appearance restoration framework, still de-
manding human labor. Zhu et al. (2024) and Zhang
et al. (2025d) proposed three-stage pipelines that
restore text via retrieval or LLM prediction and
refine appearance with diffusion models. However,
they mainly target local regions (e.g., a few charac-
ters or a small patch) and, when applied to an entire
image, restore it patch by patch rather than holisti-
cally—motivating end-to-end full-page restoration.

Unified MLLMs. Multimodal large language
models (MLLMs) that unifies visual understanding
and generation, i.e., unified MLLMs, have emerged
as a potent force in the community, enabling mu-
tual enhancement between these two realms for
comprehensive visual intelligence. Early attempts
(Sun et al., 2024a; Ge et al., 2024; Tong et al., 2025;
Pan et al., 2025) combine external diffusion mod-
els with MLLMs but prevent joint optimization of
shared parameters. Researchers later unify both
capabilities within single transformer models for
better synergy. These approaches fall into three
categories: (1) pure autoregressive models (Team,
2024; Wu et al., 2025b, 2024; Wang et al., 2024),
(2) diffusion/flow matching-embedded models (Xie
et al., 2025; Ma et al., 2025; Lin et al., 2025; Deng
et al., 2025; He et al., 2025), and (3) models with
lightweight diffusion heads (Fan et al., 2025; Sun
et al., 2024b; Wu et al., 2025c). Currently, most
works demonstrate that understanding facilitates

generation (Deng et al., 2025; Tong et al., 2025;
Pan et al., 2025), while recent studies reveal that
generation can also enhance understanding (Chen
et al., 2025a; Yan et al., 2025). However, they still
struggle with difficult scenarios (Yan et al., 2025;
Shi et al., 2025a). Historical Inscription Restora-
tion is also a demanding task that requires precise
understanding of degraded textual content and gen-
erating outputs with stylistic consistency. Thus, we
propose UniHIR, seeking to address this task from
a unified perspective.

3 Preliminaries

3.1 Task Definition
Historical Inscription Restoration aims to faithfully
recover the original appearance of damaged stone-
inscription rubbing images under the principle of
“restoring the old as the old” (Du, 1999; Wang,
2021). This entails repairing only damaged regions
while preserving the original typographic style of
characters and maintaining background texture con-
sistency with intact areas. Formally, the restoration
objective is defined as follows:

(
Ir, C

)
= F(Id) , (1)

where Id denotes the rubbing image of a damaged
stele, F is the restoration model, Ir is the restored
inscription, and C = {(ci, bi)}Ni=1 is the set of
illegible characters. Here, ci and bi denote the
character content and its location (represented by a
bounding box), respectively.

3.2 BAGEL: A Unified MLLM
UniHIR is initialized based on BAGEL (Deng et al.,
2025), a widely adopted unified MLLM that na-
tively integrates visual understanding and genera-
tion. Due to the image input and output of HIR,
BAGEL’s inherent support for image understand-
ing and image-to-image editing provides a well-
suited foundation for this task. Architecturally,
BAGEL consists of a SigLIP2 (Tschannen et al.,
2025) vision encoder, a FLUX VAE (Black For-
est Labs, 2024), and two Transformers initialized
from Qwen2.5 (Qwen et al., 2025), organized as a
Mixture-of-Transformer-Experts (MoT).

For visual understanding, one Transformer pro-
cesses text tokens alongside ViT-encoded image
tokens to autoregressively generate responses. For
visual generation, the other Transformer processes
VAE tokens and synthesizes continuous latents via
Rectified Flow (Esser et al., 2024). This unified
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design allows BAGEL to fluidly alternate between
understanding and generation, making it a strong
foundation for UniHIR to accomplish the HIR task.

4 Method

UniHIR restores a damaged inscription by three
steps: Draft-Guided Localization (DGL), Hierar-
chical Self-Refinement (HSR), and Appearance
Restoration (AR). A schematic of UniHIR is pre-
sented in Fig. 2.

4.1 Draft-Guided Localization

Before restoration, models are required to localize
the damaged regions within the inscriptions. Yet,
steles often contain hundreds of such regions, caus-
ing even detection-optimized models like Qwen3-
VL (Bai et al., 2025a) to hallucinate misaligned or
overlapping boxes. This challenge is amplified for
unified MLLMs. To address such dense localiza-
tion, we propose a novel Draft-Guided Localization
(DGL) mechanism, inspired by how humans use
intermediate drafts to solve complex problems. As
shown in Fig. 2 (Step 1), DGL operates through
draft generation and draft-guided reasoning.
(1) Draft Generation. Given a damaged image
Id, UniHIR first synthesizes a damage-location
draft D ∈ RH×W×3, which spatially highlights
damaged regions using blue masks. This draft is
generated via the flow matching–based generation
branch, conditioned on visual features extracted by
the VAE encoder. Formally, we sample from the
learned distribution:

D ∼ pθ(D | Id)=
∫
pθ(D | z)pϕ(z | Id)dz, (2)

where z denotes the VAE latent representation and
θ, ϕ are learnable parameters.
(2) Draft-Guided Reasoning. Conditioned on
both the original image Id and the generated draft
D, UniHIR performs dense localization and illeg-
ible content prediction. Specifically, the model
autoregressively generates a sequence of damage
descriptors:

C = {(ci, bi)}Ni=1=argmax
C′

pψ(C
′ | Id, D), (3)

where each tuple (ci, bi) contains the pre-
dicted character ci and its bounding box bi =
(xmin, ymin, xmax, ymax), serialized with special
tokens in conventional inscription reading order
(right-to-left, top-to-bottom) (Zhang et al., 2025a).

Discussion. DGL introduces a novel paradigm
that departs fundamentally from existing methods.
Whereas most unified models use understanding to
guide generation, e.g., BAGEL first interprets the
image and instruction before producing outputs, we
invert this workflow by using generation to facili-
tate understanding. Experiments (Sec. 5.2) validate
the effectiveness of this design, showing that the
visual draft provides explicit spatial cues that im-
prove content prediction. Moreover, as illustrated
in Fig. 2, unlike BAGEL, which employs ViT and
VAE features throughout inference, UniHIR uses
both only during draft generation and omits VAE
features in the subsequent reasoning stage, thereby
reducing inference latency and memory overhead.

4.2 Hierarchical Self-Refinement

During Historical Inscription Restoration, experts
typically examine damaged areas repeatedly and
validate illegible content against the surrounding
context. They may also incorporate historical cues
such as the inscription’s date, source text, and en-
graver to reconstruct the illegible information. Mo-
tivated by this iterative workflow, we design a Hi-
erarchical Self-Refinement (HSR) mechanism. As
illustrated in Fig. 2 (Step 2), HSR leverages au-
toregressive generation to implement structured
self-refinement at two complementary granulari-
ties. Given initial predictions C(0) = {(c(0)i , b

(0)
i )}

and draft D(0) from DGL, HSR performs iterative
refinement:

C(t+1), A(t+1) = frefine(C(t), D(t), Id, A
(t)) (4)

where t indexes iterations, A(t) denotes global at-
tributes, and a new draft D(t+1) is regenerated after
each iteration to provide iterative feedback.
(1) Macro-Level Refinement addresses the se-
mantic grounding problem by inferring global at-
tributes A = {asource, adate, aengraver}, including
text source, temporal information, and engraver
identity.
(2) Micro-Level Refinement performs fine-
grained error correction through three operations:

(1) Spatial Refinement: The model cross-
references draft D(t) with bounding boxes to iden-
tify false negatives (missed detections), false pos-
itives (hallucinations), and localization drift, then
adds, removes, or adjusts boxes accordingly.

(2) Semantic Refinement: We then perform con-
textual coherence checking by explicitly eliciting
the local context. For each character c(t)i , the model
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outputs the preceding and following five characters
(when available) and uses them, together with A(t)

and Id, to self-assess coherence and revise incon-
sistent predictions.

(3) Draft-Mediated Feedback: The visual drafts
are regenerated after each iteration, which serves
two purposes: validating spatial–semantic align-
ment via the generation branch and providing up-
dated visual evidence for the next iteration.

4.3 Appearance Restoration

After Hierarchical Self-Refinement, we obtain pre-
cise bounding boxes for damaged regions along
with predictions of their illegible content, denoted
as C = {(ci, bi)}Ni=1. While existing methods are
limited by patch-wise inscription generation, we
perform full page-wise generation, enabling the
model to exploit global writing style cues for higher
text fidelity. By rendering predicted regions onto
the original image, we construct a full-page content
image Ig that provides explicit spatial guidance:

Ig = Id ⊙ (1−M) +R(C)⊙M, (5)

where Id is the damaged image, M is the damage
mask. R(C) renders predicted characters C at their
locations, and ⊙ denotes dot multiplication.

This reformulates inscription restoration as an
image-to-image translation task. We model restora-
tion in VAE latent space via Rectified Flow:

dzt
dt

= vθ(zt, t, E(Id), E(Ig)), t ∈ [0, 1], (6)

where E is the VAE encoder and vθ is the veloc-
ity field. The content guidance E(Ig) leverages
global style references from all characters, substan-
tially reducing restoration difficulty while improv-
ing stylistic consistency over patch-wise methods
with only local style access.

4.4 Training Strategy and HIRBench Dataset

UniHIR is trained via instruction fine-tuning. Yet,
its training is challenged by both computational
constraints and data scarcity. (1) Inscription im-
ages have high resolution (around 2048×1200) and
restoration sequences are long (over 5,000 tokens),
forbidding the full input–output sequence from be-
ing processed within a single training step due to
GPU memory constraints. (2) Unified MLLMs
typically require large-scale training data, while
existing datasets that could serve as a foundation
for data construction remain limited in size.

To address these challenges, we propose UHIR-
Factory, a unified training framework for historical
inscription restoration that restructures the training
of UniHIR and jointly guides dataset construction.
The core idea of UHIRFactory is step-isolated op-
timization, which decomposes model optimization
into its own three stages and optimizes each step
independently. During training, only the inputs and
outputs of the target step are retained in memory.
For example, when optimizing Step 3, UHIRFac-
tory stores and back-propagates solely through the
Step 3 input–output tensors, avoiding storing the
I/O tensors of other steps. This significantly re-
duces GPU memory consumption, while still opti-
mizing step-specific capabilities.

Building on this design, UHIRFactory further in-
troduces memory-adaptive data sampling, which
dynamically combines samples from different steps
into one batch as long as the overall memory re-
mains within GPU limits. This enables efficient uti-
lization of computational resources under extreme
image resolutions and long text sequences.

Importantly, the step-isolated optimization of
UHIRFactory necessitates step-aware supervision,
which existing datasets do not provide. To fill this
gap, we build HIRBench upon the open-source
FPHDR dataset (Zhang et al., 2025d), organiz-
ing the data to align with UHIRFactory’s training
scheme. FPHDR contains only 6,543 synthetic and
1,663 real inscription restoration samples, whose
scale is far from sufficient for training unified
MLLMs. Therefore, we first assign 490 real in-
scription samples for testing as the HIRBench-Test
set, and then generate abundant realistic training
data from the remaining samples via data synthe-
sis to form three training subsets: HIRBench-DGL,
HIRBench-HSR, HIRBench-AR. Data examples are
demonstrated in Fig. 3.

HIRBench-DGL. We overlay damaged regions
with blue masks to form damage-location drafts
and serialize the coordinates and illegible content
into fixed-format text, producing 7,706 draft-text
pairs (Fig.3 (a)).

HIRBench-HSR. Since existing MLLMs often
produce localization errors (false positives, missed
detections, misalignment) that propagate to content
prediction, we simulate such errors by randomly
manipulating bounding boxes and replacing char-
acters based on FPHDR annotations. This yields
167,478 Draft-Refinement pairs (Fig.3 (b)).

HIRBench-AR. We randomly render standard-
font characters with blue backgrounds onto intact
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Figure 3: Overview of HIRBench. It contains three subsets: HIRBench-DGL, HIRBench-HSR, and HIRBench-AR.

images to occlude original characters, generating
55,156 content-restored pairs (Fig.3 (c)).

5 Experiments

5.1 Evaluation Metrics
Restored Content Accuracy. We evaluate dam-
aged localization using precision, recall, and F1
score at an IoU threshold of 0.5. Damaged content
prediction is measured by Top-1 accuracy. For ap-
pearance restoration, since pixel-level ground truth
on real data is unavailable, we assess restoration
quality via character recognition accuracy. Specifi-
cally, we train a text-line OCR using AHCDB (Xu
et al., 2019), MTHv2 (Ma et al., 2020), His-
Doc1B (Shi et al., 2025b), MegaHan97K (Zhang
et al., 2025c), and M5HisDoc (Shi et al., 2023)
to recognize the restored data, and adopt the com-
monly used Accurate Rate (Zhang et al., 2025e,
2026) to measure the OCR Accuracy, which is
formulated as:

AccurateRate = (Nt −De − Se − Ie)/Nt, (7)

where Nt is the total number of characters in an-
notations, while De, Se, and Ie denote deletion,
substitution, and insertion errors, respectively.

Generation Quality. We then introduce Style-
LPIPS to measure font-style similarity between
restorations and ground truth (GT). To isolate style
evaluation from content prediction errors, we treat
all models as image-to-image translators: we pro-
vide GT-rendered inscription images as input (e.g.,

in Step 3 of UniHIR, Fig. 2, we replace the pre-
dicted content with blue-masked inscriptions ren-
dered using GT bounding boxes and text). This
eliminates confounding effects from mislocalized
or incorrectly predicted characters. We then crop
all repaired and legible characters according to
annotations, resize them to 48×48, and compute
LPIPS (Zhang et al., 2018) between each restored-
GT character pair, averaging across all pairs for
the final Style-LPIPS score. To further assess style
consistency, we conduct a user study with 16 partic-
ipants. Participants are asked to rate the font-style
similarity between the restored and original regions
on a 0–5 scale (5 = completely consistent, 0 = com-
pletely inconsistent).

5.2 Comparison with Existing Methods

We compare UniHIR with nine existing meth-
ods, including specialized pipeline model (Au-
toHDR (Zhang et al., 2025d)), understanding
models (Qwen3-VL (Bai et al., 2025a), Qwen2.5-
VL (Bai et al., 2025b), and InternVL3.5 (Wang
et al., 2025)), generation models (FLUX.1 Kon-
text (Labs et al., 2025) and Qwen-Image (Wu
et al., 2025a)), and unified MLLMs (Lumina-
DiMOO (Xin et al., 2025), BLIP3o-NEXT (Chen
et al., 2025b), and BAGEL (Deng et al., 2025)). We
fine-tune all baselines for a fair comparison, except
AutoHDR. Specifically, understanding models are
fine-tuned on HIRBench-DGL for damage localiza-
tion and illegible content prediction, and evaluated
only on these two tasks. Generation models are
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# Row Method F1 score ↑ Precision ↑ Recall ↑ Prediction
Accuracy ↑ OCR Accuracy ↑

Light Medium Severe
Specialized Pipeline Model

1 AutoHDR (Zhang et al., 2025d) 94.10 97.00 91.40 95.15 91.92 90.21 85.00
Understanding Model (MLLM)

2 Qwen2.5-VL-7B (Bai et al., 2025b) 39.27 37.26 41.51 38.88 - - -
3 Qwen3-VL-8B (Bai et al., 2025a) 75.50 71.81 79.60 83.80 - - -
4 InternVL3.5-8B (Wang et al., 2025) 9.45 13.36 7.31 11.95 - - -

Generation Model
5 FLUX.1 Kontext (Labs et al., 2025) 50.36 49.17 51.61 - - - -
6 Qwen-Image (Wu et al., 2025a) 69.85 67.22 72.69 - - - -

Unified MLLM
7 Lumina-DiMOO (Xin et al., 2025) 7.35 6.41 8.06 0.62 1.14 1.34 1.09
8 BLIP3o-NEXT (Chen et al., 2025b) 6.90 4.38 16.34 0.48 0.33 0.54 0.70
9 BAGEL (Deng et al., 2025) 67.60 85.63 55.84 64.24 85.00 76.54 57.81
11 UniHIR (Ours) 91.42 90.41 92.45 96.38 92.06 90.46 86.65

Table 1: Comparison with existing methods. Bold and underline indicate the best and second-best results, respec-
tively. “Prediction Accuracy” measures the accuracy of damaged-content prediction, and “OCR Accuracy” measures
OCR recognition accuracy. Light, medium, and severe denote inscriptions with mild, moderate, and severe damage.

fine-tuned on HIRBench-DGL to generate damage-
location drafts, and are evaluated only for damage
localization by extracting the blue boxes from the
generated drafts. Unified MLLMs are fine-tuned
on HIRBench-DGL (without DGL and HSR) and
HIRBench-AR.

Main Results. The quantitative results are re-
ported in Tab. 1. UniHIR achieves SOTA perfor-
mance on both illegible content prediction (Predic-
tion Accuracy) and appearance restoration (OCR
Accuracy). Compared with the strongest unified
MLLM baseline (BAGEL), it improves prediction
accuracy by 32.14% (from 64.24 to 96.38) and
boosts OCR accuracy by up to 28.84% under se-
vere damage (from 57.81 to 86.65). Moreover, Uni-
HIR outperforms all MLLMs and unified MLLMs
in damage localization, and achieves performance
comparable to AutoHDR, which relies on a power-
ful specialized DINO detector (Zhang et al., 2023).
Additionally, it is evident from Tab. 1 that ad-
vanced generation models (e.g., Qwen-Image) sur-
pass most advanced understanding models (e.g.,
Qwen2.5-VL-7B) on the damage localization (a
dense detection task), except for Qwen3-VL-8B,
which is explicitly optimized for object detection.
This is exactly what inspired us to propose the
Draft-Guided Localization mechanism. Overall,
these results demonstrate UniHIR’s remarkable ca-
pability in historical inscription restoration.

Generation Quality. As described in Sec. 5.1,
we use GT-constructed inputs and evaluate only the
appearance restoration step (Step3). This removes
the influence of localization and content-prediction
errors, enabling a more objective comparison of
character generation quality and style consistency

Method OCR Accuracy ↑ Style
LPIPS ↓ User

Study ↑Light Medium Severe
Original Image 85.05 75.57 55.68 - -
AutoHDR 93.73 94.18 94.63 0.2055 3.02
Flux.1 Kontext 82.94 81.53 68.11 0.2072 3.01
Qwen-Image 91.55 91.48 91.27 0.2059 3.76
Lumina-DiMOO 1.21 1.44 1.17 0.5229 0.18
BLIP3o-NEXT 0.32 0.55 0.72 0.2631 0.05
BAGEL 91.89 92.23 92.42 0.1975 3.73
UniHIR (Ours) 94.11 94.57 95.08 0.1968 4.03

Table 2: Generation-quality evaluation using GT-
rendered inputs to isolate restoration/style quality from
OCR Accuracy, Style-LPIPS, and user study.

across methods. As shown in Tab. 2, UniHIR
achieves the best performance. Compared with
the original damaged images, it improves OCR ac-
curacy by 9.06%, 19.00%, and 39.40% under light,
medium, and severe damage, respectively. More-
over, UniHIR attains the lowest Style-LPIPS and
the highest user-study score, indicating stronger
restoration capability with more consistent style
and more accurate characters.

As presented in Fig. 4, we further conduct a
qualitative analysis. Lumina-DiMOO and BLIP3o-
NEXT can barely generate intact and legible char-
acters: the former may be limited by the repre-
sentation bottleneck of VQ-based discrete image
codes, which hinders fine-stroke recovery, while
the latter may suffer from insufficient character-
generation data during pretraining, leading to weak
character modeling. BAGEL and Flux.1 Kontext
can generate characters but often produce blurry
shapes. In contrast, Qwen-Image and AutoHDR
perform better overall but still exhibit clear is-
sues. Qwen-Image tends to produce relatively
uniform, standard-looking font styles, with occa-
sional character-shape errors; it also often gener-
ates overly clean backgrounds, causing background
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Figure 4: Qualitative comparison. We visualize the results of some evaluated methods. Red highlights regions with
inconsistent background or inaccurate characters, while green denotes areas with satisfactory restoration quality.

DGL HSR data
(train-only)

HSR (inference) F1 Pred.
AccMicro Macro

✗ ✗ ✗ ✗ 67.60 64.24
✓ ✗ ✗ ✗ 77.44 85.53
✓ ✓ ✗ ✗ 82.86 91.22
✓ ✓ ✓ ✗ 90.95 95.95
✓ ✓ ✓ ✓ 91.42 96.38

Table 3: Ablation study of Draft-Guided Localization
(DGL) and Hierarchical Self-Refinement (HSR). “HSR
data (train-only)” denotes training with additional Draft–
Refinement paired data, while no refinement is per-
formed at inference time unless Micro/Macro is enabled.

inconsistencies and deviating from the goal of
“restoring the old as the old” (Fig. 4 (a)(b)). In
comparison, AutoHDR’s restored characters are
often stylistically inconsistent with the intact ones
(Fig. 4 (a)(b)(c)). Overall, UniHIR is the most sta-
ble in both character clarity and style consistency,
delivering superior restoration quality.

Discussion. As shown in Table 1, UniHIR
achieves a lower F1 score than AutoHDR but ob-
tains higher OCR accuracy. This is because the two
metrics evaluate different aspects of the task: F1
measures the accuracy of damaged-region localiza-
tion, while OCR accuracy reflects the correctness
of the restored characters. In practice, more precise
semantic reconstruction of damaged content can
lead to more faithful character recovery, even if the
localization is less accurate. In addition, UniHIR
performs page-level restoration, producing more
visually consistent results that further benefit down-
stream OCR performance.

5.3 Ablation Study

Effectiveness of Draft-Guided Localization and
Hierarchical Self-Refinement mechanism. We
further analyze Draft-Guided Localization (DGL)
and Hierarchical Self-Refinement (HSR) in Tab. 3.

Training Strategy Mode F1 ↑ R ↑ P ↑
Understanding-only Und. 61.02 47.87 84.13
Generation-only Gen. 63.56 56.27 73.02

Hybrid (no DGL) Und. 63.39 48.53 91.36
Gen. 68.89 59.52 81.76

Hybrid (DGL) Und. 71.77 69.76 73.00
Gen. 71.25 69.57 73.02

Table 4: Synergy ablation between understanding and
generation under different training strategies.

DGL alone improves the F1 score from 67.6 to 77.4,
and raises prediction accuracy from 64.24 to 85.53.
This indicates that the damage-location draft serves
as an effective spatial prior, guiding the model to-
ward damaged regions and making downstream pre-
dictions more stable. Moreover, training with HSR
data further boosts results to 82.86/91.22 (F1/Pred.
Acc) even without inference-time refinement, indi-
cating that the model benefits from the diversity of
the HSR training data, which improves robustness
to varied degradation patterns. Finally, enabling
micro-refinement at inference time boosts perfor-
mance to 90.95 / 95.95 (F1/Pred. Acc), and adding
macro-refinement further improves it to 91.42 /
96.38. These gains indicate that HSR effectively
detects and corrects erroneous damage-region and
illegible-content predictions, while the additional
benefit from macro-refinement highlights the value
of global attribute for resolving remaining errors.

Is there synergy between generation and un-
derstanding? We conduct a 20k-step abla-
tion on BAGEL under the HIRBench-DGL set-
ting. We design four training modes around
BAGEL’s understanding and generation branches:
(1) Understanding-only: given a damaged image,
directly predict the damage-location coordinates;
(2) Generation-only: given a damaged image, di-
rectly generate the damaged-location draft; (3) Hy-
brid (no DGL): BAGEL’s original training and in-
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ference scheme, where the understanding branch
predicts coordinates first and then conditions the
generation branch on these coordinates; (4) Hybrid
(DGL): training with DGL. As shown in Tab. 4,
generation and understanding exhibit clear synergy
in our task. Compared with understanding-only
and generation-only training, joint training without
DGL already improves both branches, with a more
notable F1 gain on the generation branch (Tab. 4
(Rows 2-5)). Introducing DGL further yields the
best F1 for both branches, again confirming that
an aligned damage-location draft provides shared
spatial cues for downstream prediction. Additional
ablations (e.g., the effect of the number of refine-
ment iterations) are provided in the Appendix D.

6 Conclusion

In this paper, we propose UniHIR, a novel
unified MLLM for end-to-end Historical In-
scription Restoration. UniHIR introduces
Draft-Guided Localization and Hierarchical
Self-Refinement to enable iterative reasoning
and self-correction, supporting reliable damage
localization, illegible-content prediction, and full
page-level appearance restoration with improved
style consistency. To enable efficient training under
high-resolution inputs and long sequences, we
further design UHIRFactory, a memory-efficient
step-wise training framework, and construct
HIRBench with step-aware supervision. Exper-
iments demonstrate that UniHIR significantly
improves restoration accuracy and visual rendering
quality, and also validate the effectiveness of
unified MLLMs over traditional pipeline-based
approaches. We hope this work not only provides
meaningful support for the preservation of cultural
heritage but also opens up a new avenue for
automated HIR.
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Limitations

UniHIR currently restores illegible content by ren-
dering standard glyphs onto the original damaged
images. As a result, once a character is classi-
fied as damaged, it may be fully regenerated even
when some original strokes remain, rather than
completing only the missing parts. For Historical

Inscription Restoration, a more conservative strat-
egy—preserving existing strokes and repairing only
the missing ones—may better align with the goal
of minimal alteration. We leave stroke-preserving,
fine-grained restoration (e.g., with stroke-level con-
straints and local editing) to future work.
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A Implementation Details

UniHIR is trained in four successive stages, as sum-
marized in Table 5: Incremental Pretraining, Su-
pervised Fine-Tuning (SFT), and two Resolution
Enhancement stages. All experiments were con-
ducted on 10 NVIDIA A100 GPUs.

In the incremental pretraining stage, we train
the model on CCS358K (Cao et al., 2025) and
HisDoc1B (Shi et al., 2025b). We then perform
SFT on the HIRBench dataset. In this stage, the
training sampling ratio for DGL, HSR, and AR is
set to 2:2:1. In the resolution enhancement stage,
the training sampling ratio for DGL, HSR, and AR
is set to 3:3:4.

Across all stages, we use the AdamW optimizer
with (β1 = 0.9, β2 = 0.95, ϵ = 1.0 × 10−15), set
the weight decay to 0.0, and apply gradient norm
clipping at 1.0 to stabilize training. We keep a
constant learning rate of 2.0 × 10−5 throughout
all stages, and maintain an exponential moving av-
erage (EMA) of model parameters with a decay
ratio of 0.9999. The training objective includes a
text-generation loss and an image-generation loss,
weighted by λCE and λMSE. As shown in Table 5,
we set CE:MSE to 2 : 1 for Incremental Pretraining
and to 1 : 1 for SFT and both Resolution Enhance-
ment stages.

We train each stage for a fixed number of steps
(80K / 30K / 55K / 44K) without learning-rate
warm-up. The maximum sequence length per sam-
ple is set to 14K, 18K, 18K, and 28K for the four
stages, respectively. Due to BAGEL’s 1024 long-
side limit for image generation, in the resolution
enhancement stage, we increase the generation res-
olution. The generation resolution is (512, 1024)
in Incremental Pretraining and SFT, then increased
to (512, 1536) in Resolution Enhancement (1) and
further to (512, 2048) in Resolution Enhancement
(2), while the understanding resolution is fixed to
(224, 980) across all stages. The diffusion timestep
shift is set to 4.0 for all stages.

B Data Synthesis Details

HIRBench is constructed based on FPHDR (Zhang
et al., 2025d) annotations, which provide fine-
grained labels for both intact and damaged charac-
ters. The dataset is synthesized through rule-based
transformations, without relying on additional gen-
erative models or external large language models.

In UniHIR, the initial drafts generated in Step 1
often contain systematic errors, such as incorrectly

labeling intact characters as damaged or misclas-
sifying damaged characters as intact. To enable
the model to iteratively correct such errors through
refinement, we explicitly model and simulate these
common error patterns when constructing the train-
ing data. Specifically, we consider three types of
errors:

(1) Damage misclassification simulation. We
randomly apply occlusions to intact characters to
simulate cases where intact characters are mistak-
enly identified as damaged. Concretely, square-
shaped masks are overlaid on target regions, using
a light-colored fill (e.g., white) with visible bound-
aries and semi-transparency (opacity 160). This
introduces occlusion while preserving partial un-
derlying visual structure.

(2) Localization perturbation. We simulate de-
tection inaccuracies by perturbing character bound-
ing boxes. The perturbations include random trans-
lation and scaling (with translation bounded by 2%
of the image size and scaling within 10% of the
original box size), structured shifts along horizon-
tal or vertical directions (with offsets ranging from
20% to 40% of the box width or height), as well
as detection errors such as box deletion (missed
detection), box insertion (false positives), and char-
acter misclassification. These perturbations are
applied with different probabilities conditioned on
the damage level of each character in FPHDR (e.g.,
uncertain, vague, or deform), resulting in diverse
and realistic error patterns.

(3) Recognition error simulation. We simu-
late recognition errors by randomly replacing char-
acters. The replacement characters are sampled
from a predefined character set collected from the
dataset, ensuring consistency and plausibility.

C Training Details

C.1 Training Loss

UniHIR is jointly trained for Draft-Guided Local-
ization, Hierarchical Self-Refinement, and appear-
ance restoration with two complementary loss func-
tions:

Ltotal = λCE

(
−

N∑

i=1

yi log(ŷi)

)
+λMSE ∥v̂ − v∥22 .

(8)
Here, the CE term is used to optimize text gen-
eration, where ŷi and yi denote the predicted and
target token probabilities. The MSE term is used
to optimize image generation in the VAE latent
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Hyperparameters Incremental
Pretraining

Supervised
Fine-Tuning

Resolution
Enhancement (1)

Resolution
Enhancement (2)

Learning rate 2.0× 10−5 2.0× 10−5 2.0× 10−5 2.0× 10−5

LR scheduler Constant Constant Constant Constant
Weight decay 0.0 0.0 0.0 0.0

Gradient norm clip 1.0 1.0 1.0 1.0

Optimizer AdamW (β1 = 0.9, β2 = 0.95, ϵ = 1.0× 10−15)

Loss weight (CE : MSE) 2 : 1 1 : 1 1 : 1 1 : 1

Warm-up steps 0 0 0 0

Training steps 80K 30K 55K 44K
EMA ratio 0.9999 0.9999 0.9999 0.9999

Max sequence length per samples 14K 18K 18K 28K
Gen resolution (min short side, max long side) (512, 1024) (512, 1024) (512, 1536) (512, 2048)

Und resolution (min short side, max long side) (224, 980) (224, 980) (224, 980) (224, 980)

Diffusion timestep shift 4.0 4.0 4.0 4.0

Table 5: Training details.

Figure 5: Effect of refinement iterations.

space, where v̂ and v denote the predicted and
target restoration outputs.

C.2 Training Objective of Draft Generation

The draft generator in UniHIR is trained using a
flow-matching objective. Specifically, we adopt a
mean squared error (MSE) loss to supervise the
velocity prediction in the latent space, as defined
in Eq. 8. For draft mask supervision, we con-
struct ground-truth masks from annotated bounding
boxes of damaged characters in HIRBench-DGL.
These masks are rendered as spatial regions and
serve as direct supervision signals for draft genera-
tion.

C.3 Iterative Refinement Mechanism

UniHIR employs an iterative refinement strategy
in which the draft is regenerated at each iteration
based on the updated restoration results. This de-
sign mitigates error accumulation and enables pro-
gressive correction of both localization and content
prediction errors.

D Additional Ablation Study

We study how the number of refinement iterations
affects performance. As shown in Fig. 5, perfor-
mance increases sharply in the first two iterations,
then the gains slow down and plateau around 3-6 it-
erations, after which it only fluctuates slightly. We
also find that self-refinement rarely terminates by
itself: due to the complexity of stele damage, later
iterations often get stuck on ambiguous, borderline
regions that are arguably fixable or not, leading
to repeated deliberation. Balancing accuracy and
inference cost, we recommend 3-6 refinement iter-
ations.

E More Visualization Results

E.1 Additional Qualitative Results
As shown in Fig. 6, we provide additional vi-
sualizations of restoration results from Auto-
HDR (Zhang et al., 2025d), Qwen-Image (Wu
et al., 2025a), BLIP3o-NEXT (Chen et al., 2025b),
BAGEL (Deng et al., 2025), FLUX.1 Kon-
text (Labs et al., 2025), Lumina-DiMOO (Xin et al.,
2025), and UniHIR. The comparisons show that
UniHIR produces more accurate character restora-
tions while better preserving stylistic consistency
with surrounding text.

E.2 Iterative Refinement Analysis
As shown in Fig. 7, we further visualize the iter-
ative refinement process of UniHIR. From left to
right, the results correspond to different iterations,
where the model progressively corrects missed de-
tections, false positives, and inaccurate bounding
boxes. The red boxes highlight initially incorrect
regions, while the green boxes indicate regions
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that have been successfully corrected during the re-
finement process. This demonstrates the effective-
ness of our iterative strategy in gradually enhancing
restoration quality.

F Inference Time Analysis

We report the inference time of UniHIR to assess
the computational cost of iterative self-refinement.
The evaluation is conducted on 50 sample pairs
using a single NVIDIA A100 GPU. With six re-
finement iterations, the average total inference
time is 267.96 seconds per sample. Specifically,
Step 1 (Draft-Guided Localization) takes approx-
imately 56.57 seconds, each refinement iteration
requires about 25.01 seconds, and Step 3 (Appear-
ance Restoration) takes around 61.23 seconds.

G OCR-Based Evaluation and Domain
Gap Analysis

We use an OCR-based metric to evaluate restora-
tion quality. Although the OCR model is trained on
AHCDB, MTHv2, and M5HisDoc, which are not
specifically composed of inscription rubbing data,
the primary discrepancy lies in the foreground–
background contrast (i.e., white background vs.
black background). To mitigate this domain gap,
we invert the colors of inscription rubbing images
prior to recognition, converting them into black
text on a white background to better align with the
OCR training distribution.

To further assess the impact of the domain gap,
we evaluate the OCR model on intact characters
from the FPHDR dataset. Out of 651,075 charac-
ters, 639,856 are correctly recognized, achieving
an accuracy of 98.28%. This result indicates that
the OCR model generalizes well to our data, and
the domain discrepancy has a minimal effect on
evaluation reliability.

H Reliability and Human-in-the-Loop
Verification

While UniHIR is fine-tuned on historical data, it
may still produce plausible yet incorrect restora-
tions in highly ambiguous cases. To enhance
reliability in practical applications, we adopt a
human-in-the-loop workflow for historical inscrip-
tion restoration. Specifically, domain experts re-
view and refine the intermediate outputs generated
at each stage of the pipeline, ensuring that poten-
tial errors are identified and corrected in a timely

manner. This process helps guarantee the accuracy
and scholarly reliability of the final restoration.
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Figure 6: Additional qualitative comparison.

Figure 7: Visualization of the iterative refinement process. From left to right, the results at different iterations (k = 1
to k = 6) demonstrate the progressive improvement over iterations. Red boxes indicate erroneous regions, while
green boxes denote corrected regions.
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