
Supplementary Material:Physics-Guided Multistep Deformation Reversal for
Ancient Bamboo Slip Restoration

1. Dataset Background

Archaeological Context. The bamboo slips in this study
originate from Tomb 77 at Shuihudi, Yunmeng County,
Hubei Province, excavated in 2006. The tomb owner,
’Yue Ren’, served as a local official in Anlu County. The
slips document a rich corpus of legal codes, administrative
records, work logs, mathematical texts, and almanacs dat-
ing to the Western Han dynasty during Emperor Wen’s reign
(179-157 BCE).
The Restoration Challenge. These artifacts suffer from
fractures due to external forces, and the waterlogged soil
environment has caused mild corrosion through micro-
bial activity and moisture-induced degradation of bamboo
fibers. This preservation status presents significant restora-
tion challenges. First, the artifacts are extremely frag-
ile, making traditional manual restoration (e.g., mechani-
cal flattening) a time-consuming and high-risk process that
can cause irreversible damage, such as structural break-
age. Second, the deformation itself is highly complex, in-
volving multi-directional, non-uniform warping governed
by the material’s lignocellulosic fiber structure in response
to moisture and stress.
Dataset Construction. To develop a computational restora-
tion method, we constructed a specialized dataset. We
first curated a dataset of 2,000 ’pristine’ (straight and well-
preserved) slips from the high-resolution digital archives
of the Shuihudi Tomb 77 artifacts. To create the neces-
sary paired training data (which does not exist naturally),
we utilized the physics-based forward process (detailed in
the main paper, Sec. 4.2) to apply physically-plausible de-
formations to these pristine slips, dynamically generating a
large-scale training set. Furthermore, to ensure an objec-
tive evaluation, we collected an additional 500 slips with
authentic, natural deformations from this excavation, which
were held out as an independent test set.

2. Detailed Metric Definitions

As stated in the main paper, a successful restoration must
satisfy three core criteria: (1) Geometric Fidelity (for re-
joining), (2) Textual Preservation (for legibility), and (3)
Physical Plausibility (for credible results). The following

metrics are designed to evaluate these criteria.

2.1. Straightness Metric
To evaluate Geometric Fidelity, this metric quantifies the
straightness of the restored slip’s boundaries [1].

S = 1− σcurvature

µcurvature + ϵ
(1)

Higher scores indicate better geometric restoration.

2.2. Perceptual Quality (LPIPS)
This metric assesses general visual fidelity using Learned
Perceptual Image Patch Similarity [14]. Lower scores indi-
cate better perceptual quality.

2.3. Text Readability Quality (TRQ)
To evaluate Textual Preservation, we propose TRQ (Text
Region Quality) [13]. We use this heuristic metric as reli-
able open-source OCR models for Qin dynasty seal script
are lacking. The three components of TRQ are grounded
in validated document quality indicators: Kumar and Ra-
makrishnan [7] systematically evaluated document quality
metrics against human annotations across 132 multi-script
document images annotated by 6 experts, establishing that
metrics with correlation coefficients exceeding ±0.3 are
valid predictors of perceived quality. Their results demon-
strated that sharpness (ρ ≈ −0.55), continuity (ρ ∈
[−0.30,−0.47]), and contrast (ρ = −0.49) all significantly
correlate with mean subjective scores, providing strong sta-
tistical support that our EdgeSharpness, StrokeContinuity,
and TextClarity components are recognized indicators of
text quality aligned with expert perception.

TRQ is computed as an improvement ratio:

TRQ = Qrestored/Qdeformed (2)

A score > 1 indicates improvement. The quality score Q is
a weighted sum of three sub-metrics:

Q = 0.4 · ES + 0.3 · SC + 0.3 · TC (3)

The sub-metrics are defined as: (1) EdgeSharpness (ES):
The mean Sobel gradient magnitude within the text region
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(2) StrokeContinuity (SC): The ratio of valid text con-
nected components c (area ∈ [10, 500] pixels) to filter noise.

SC =
#{c : 10 ≤ Area(c) ≤ 500}
#{all connected components}

(5)

(3) TextClarity (TC): The Weber contrast between text
(µtext) and background (µbg) pixels.

TC =
|µtext − µbg|

255
(6)

2.4. Deformation Consistency Index (DCI)
To evaluate Physical Plausibility, we propose the DCI. The
final DCI ∈ [1, 10] is a linear normalization of a base score
DCIbase:

DCIbase = exp(−αEcont − βEenergy) (7)

where α = 1.0 and β = 1.0. The energy terms are:
(1) Continuity Energy (Econt): Penalizes discontinuity
(high strain) in the deformation field F = (Fx, Fy).
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(2) Deformation Energy (Eenergy): Penalizes high dis-
placement magnitudes (high energy state).

Eenergy =
1

HW

∑
x,y

||F (x, y)||2 (9)

The gradient terms are computed using finite differences.
A higher DCI score indicates a more physically consistent
restoration.

3. Complete Physical Deformation Model
This section provides the complete mathematical deriva-
tions of the physical deformation model presented in Sec-
tion 3 of the main paper. We establish the continuous
formulations that describe bamboo slip deformation un-
der moisture-induced stress, which serve as the theoretical
foundation for our discrete implementation.

3.1. Continuous Physical Theory
We begin by formulating the complete continuous physical
model that governs bamboo slip deformation. This theoreti-
cal framework integrates fiber bundle mechanics, viscoelas-
tic behavior, and moisture-stress coupling effects.

3.1.1. Fundamental Deformation Model
The deformation of bamboo slips is primarily driven by
changes in moisture content. For each fiber bundle, the
length change due to moisture variation is given by:

x′
i = xi(1 + αi ·∆W ), (10)

where x′
i is the new length of the i-th fiber bundle, xi is

the original length, αi is the moisture expansion coefficient,
and ∆W denotes the change in moisture content. This
moisture-induced deformation leads to geometric incom-
patibility, which results in a curvature described by:

κ ≈ ∆L

L · h
, (11)

where ∆L is the length difference between inner and outer
fiber bundles, L is the bamboo slip length, and h is its thick-
ness. The total energy of the system is the sum of bending
and stretching energies:

Etotal = Ebend + Estretch, (12)

where Ebend ∝ κ2 represents bending energy and Estretch ∝∑
i(x

′
i − xactual

i )2 represents the stretching/compression en-
ergy. These energy components are critical in guiding the
deformation and restoration processes.

3.1.2. Fiber Bundle Interaction and Viscoelastic Effects
The deformation process is further complicated by interac-
tions between adjacent fiber bundles [5, 8] and viscoelastic
behavior of the bamboo material [9]. When one fiber bun-
dle deforms, it influences neighboring bundles [5] through
the matrix material that connects them. This mechanical
coupling can be modeled as a viscoelastic interaction [9].

For each fiber bundle, the stress transfer to adjacent bun-
dles can be described by:

σi→j(r) = σi · e−r/λ, (13)

where σi→j represents the stress transferred from bundle i
to bundle j, σi is the stress in bundle i, r is the distance
between bundles, and λ is a characteristic length parameter
that depends on the matrix properties.

The viscoelastic response of each fiber bundle can be
modeled using a modified Kelvin-Voigt formulation [4]:

εi(t) =
σi

Ei
+

σi

ηi
(1− e−t/τi), (14)

where εi(t) is the time-dependent strain, σi is the applied
stress, Ei is the elastic modulus, ηi is the viscosity coeffi-
cient, and τi = ηi/Ei is the relaxation time for the i-th fiber
bundle.

The orientation of fiber bundles changes gradually under
these interactions, following:

dθi
dt

= k ·
∑
j ̸=i

σj→i · sin(θj − θi), (15)



where θi is the orientation angle of the i-th fiber bundle, and
k is a rotational response coefficient.

3.1.3. Simulation of Temporal Degradation Factors
The deformation of bamboo slips is not instantaneous but
evolves over time [9]. To model this temporal evolution, we
account for spatial variability in the moisture expansion co-
efficient. As introduced in the main paper, αi = ᾱ +∆αi,
where ᾱ is the mean expansion coefficient and ∆αi cap-
tures local deviations across fiber bundles due to material
heterogeneity and burial-induced degradation.

Similarly, degradation in fiber bundle material properties
can be modeled as:

Ei(t) = Ei(0) · fE(t), (16)

ηi(t) = ηi(0) · fη(t), (17)

where Ei(t) represents elastic modulus over time, ηi(t) de-
notes viscosity variation, and fE(t) and fη(t) are degrada-
tion functions that depend on burial conditions and time.

Water absorption spatial randomness across fiber bun-
dles further contributes to the complexity of deformation:

dWi

dt
=

dW

dt
+∆

(
dWi
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)
. (18)

Combining these factors, the time-dependent strain in each
fiber bundle can be expressed as:

εi(t) = εi + (ᾱ+∆αi)

×
∫ t

0
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))
dt.

(19)

This comprehensive physical model based on fiber bun-
dle interactions captures how water content changes drive
bamboo slip deformation, with deterministic patterns [11]
and stochastic variations [10] due to material heterogene-
ity. By simulating the forward deformation process through
incremental moisture parameter adjustments, we establish
a pathway for the inverse restoration algorithm described
in the following section, which effectively reverses the
moisture-induced warping that has occurred over centuries.

3.2. From Continuous Physics to Discrete Imple-
mentation

Having established the continuous physical theory, we
now describe how these principles are implemented in our
CreepDeformationEngine through a discrete control point
representation. This subsection establishes the principled
connection between the theoretical formulation and our nu-
merical implementation.

3.2.1. Control Point Grid Design
The control point grid is defined automatically from the
slip’s contour, requiring no manual annotation. Following
ablation studies on grid density (see Appendix sec5 for de-
tails), we selected an optimal 32×4 grid. This configuration
divides the image into 4 vertical fiber bundles (reflecting
the physical structure) and samples 32 points along each,
totaling 128 control points. These sparse displacements are
mapped to a dense field via bilinear interpolation, which en-
sures computational efficiency (>98% parameter reduction)
and spatial smoothness consistent with continuous media
mechanics.

3.2.2. Fiber Elongation: From Curvature to Displace-
ment

To implement the bending physics (Ebend) on our discrete
control points, we derive the displacement field from classi-
cal beam theory. For a beam undergoing bending, the axial
strain ε at distance y from the neutral axis is linearly pro-
portional to the curvature κ:

ε(y) = κ · y. (20)

Under the small deformation assumption, strain relates to
displacement (where u is the axial displacement) as:

ε =
∂u

∂x
≈ ∆u

L
. (21)

Combining these relations, the axial displacement at control
point i is:

∆ui = ε(yi) · L = κ · (yi − ycenter) · L. (22)

In our coordinate system, axial displacement corresponds
to the vertical component. To model the progressive ac-
cumulation of creep deformation (analogous to the time-
dependent term in the Kelvin-Voigt model, Eq. 5 of the main
paper), we introduce a temporal factor:

∆delong
i,y =

t

T
·Aκ · (yi − ycenter), (23)

where Aκ = κ · L is the curvature amplitude parameter
integrating the curvature magnitude and slip length, and t/T
models the gradual nature of creep. The small deformation
assumption is valid for archaeological bamboo slips, where
typical curvature radii exceed 50 cm, ensuring κ · h ≪ 1.

3.2.3. Stress Transfer: Approximating Exponential De-
cay

The physical model (Eq. 4 of the main paper) describes
stress transfer as an exponential decay σi→j(r) = σi·e−r/λ.
For short-range interactions within a local neighborhood,
this decay can be efficiently approximated using a Gaussian



kernel. The Taylor expansion of the exponential function in
the regime r ≪ λ yields:

e−r/λ ≈ 1− r

λ
+

r2

2λ2
+O(r3), (24)

which closely matches the profile of a Gaussian kernel for
small distances. We implement this using a 3×3 Gaussian
kernel:

K(r) =
1

2πσ2
kernel

exp

(
− r2

2σ2
kernel

)
, (25)

where σkernel is chosen such that the kernel effectively cap-
tures the stress distribution within the nearest-neighbor con-
trol points. For our grid spacing (∆x ≈ 6 mm) and material
parameter (λ = 0.3 corresponding to approximately 10 pix-
els), the maximum distance within the 3×3 neighborhood
(rmax =

√
2∆x) satisfies rmax/λ ≈ 0.28 < 1, ensuring the

Gaussian approximation remains accurate. This localized
convolution provides a computationally efficient implemen-
tation while preserving the essential physics of short-range
stress coupling.

3.2.4. Moisture-Stress Coupling: Displacement Gradient
as Stress Proxy

To implement the moisture-stress coupling (1 + γiσi) from
Eq. (8) of the main paper, we require a computationally
tractable proxy for local stress σi. In continuum mechanics,
stress is fundamentally related to strain through the consti-
tutive law:

σ ∝ ε, (26)

and strain is defined as the spatial gradient of the displace-
ment field:

ε = ∇u. (27)

Therefore, stress is directly proportional to the displace-
ment gradient: σ ∝ ∇d. We use the magnitude of the nu-
merically computed displacement gradient as a physically
grounded stress proxy:

σi ≈ ∥∇di∥ =

√(
∂dx
∂x

)2

+

(
∂dy
∂y

)2

, (28)

where gradients are computed using finite differences on
the control point grid. This formulation captures the domi-
nant stress patterns arising from bending deformation. The
moisture-stress amplification is then implemented as:

(1 + γ · ∥∇d∥). (29)

Material heterogeneity, arising from variations in fiber den-
sity and moisture distribution, is incorporated by adding
Gaussian noise N (0, 0.05 · t/T ), whose variance increases
with time to reflect accumulated environmental variability.

3.2.5. Progressive Cumulative Deformation
The forward process executes over T timesteps, where the
CreepDeformationEngine numerically implements the sim-
plified physics from Section 3. It computes incremental
micro-deformations dfw

t via three coupled sub-processes at
each control point i (derivations provided in the preceding
subsections):
(1) Fiber Elongation: From classical beam theory, bending
strain is linearly proportional to the distance from the neu-
tral axis. Under small deformation assumptions, this yields:
∆dti,y = t

T · Aκ · (yi − ycenter), where Aκ = κ · L inte-
grates curvature and slip length, and t/T models progres-
sive creep.
(2) Force Balance: Stress transfer follows the exponential
decay e−r/λ from Eq. (4) of the main paper. For computa-
tional efficiency, we approximate this using a 3×3 Gaussian
kernel K(r) on the discrete grid, which accurately captures
short-range interactions when r/λ < 1. Orientation evolu-
tion uses a tanh function to ensure coherent motion of adja-
cent control points.
(3) Moisture-Stress&Heterogeneity: From continuum me-
chanics, stress is proportional to strain, which is defined as
the displacement gradient: σ ∝ ε = ∇d. We implement
the stress amplification (1 + γiσi) from Eq. (8) of the main
paper using ∥∇d∥ as a physically grounded stress proxy:
(1 + γ · ∥∇d∥). Material heterogeneity is simulated by
adding Gaussian noise N (0, 0.05 · t/T ).

This simplified, differentiable implementation retains
the core physical mechanisms while avoiding coupled
PDEs.

3.2.6. State Evolution Equations
At timestep t, the bamboo slip deformation state is com-
pletely described by the state tuple (xt, Dt), where xt repre-
sents the current deformed image and Dt denotes the cumu-
lative control point displacement field. We define W(x,D)
as the warping function that applies the dense displacement
field D to image x via bilinear interpolation. State updates
follow the iterative equations:

dfw
t = CreepEngine(xt−1, Dt−1),

Dt = Dt−1 + dfw
t ,

xt = W(x0, Dt). (30)

This process starts from the initial state (x0, D0 = 0), gen-
erating a unique physical deformation trajectory that culmi-
nates in the fully deformed state (xT , DT ).

3.3. Conclusion
The integration of physical deformation modeling with deep
learning provides a powerful framework for simulating and
reversing the deformation of bamboo slips. By encod-
ing physical principles such as moisture-induced expan-



sion and stress transfer mechanisms into the data genera-
tion process through the CreepDeformationEngine, the net-
work learns a physically plausible restoration process. The
MSE loss, while simple in form, implicitly enforces physi-
cal constraints through the structure of the physics-derived
ground truth dtrue

t . This approach transforms the restoration
task from a black-box restoration problem into a physically
grounded parameter prediction task, enabling more accurate
and interpretable results for archaeological restoration.

4. Baseline Implementation Details

To ensure a rigorous and fair comparison, all models were
evaluated on the same hardware environment (NVIDIA
RTX 5090 GPU) and the same 200-image test set. For
methods requiring training, we further ensured fairness by
using identical data sources and preprocessing. All input
images were standardized to 320 × 32 resolution, and all
models were trained using the same 1,800 pristine slips (and
their corresponding physical deformations, where applica-
ble). We followed the official implementations for all base-
lines. For models we trained (DDRM, CycleGAN), hyper-
parameters were either matched to our own (for direct com-
parison) or set as recommended by their authors, as detailed
below.
Models Trained on Our Paired Dataset

To create a direct, apples-to-apples comparison of su-
pervised restoration algorithms, we trained the following
model from scratch on our own paired dataset (the 1,800
pristine and synthetic-deformed pairs ).

• DDRM [6]: To directly compare our physics-guided ap-
proach against a representative learning-based iterative
restoration model, we trained the official DDRM imple-
mentation using the exact same hyperparameters as our
own model. This includes 100 epochs, an AdamW opti-
mizer with a learning rate of 1 × 10−4, and a batch size
of 8.

Models Trained with Unpaired Data
This model represents the alternative paradigm of train-

ing without paired data.

• CycleGAN [15]: We used the official implementation
and trained it on our data, defined as two unpaired do-
mains (the 1,800 pristine slips and the 1,800 deformed
slips ). To ensure the model reached full convergence as
recommended by its authors , we trained it for 200 epochs
using an Adam optimizer (lr=2 × 10−4, β1 = 0.5, β2 =
0.999) and a batch size of 8 .

Pre-trained Foundational & Specialized Models
This category evaluates the generalization capability of

SOTA models pre-trained on other large-scale datasets.

• DewarpNet [2]: As a SOTA method for document un-
warping, we used the official pre-trained model (trained

on the DocUNet dataset) and applied it directly to our test
set.

• Stable Diffusion [12]: To assess the capability of large-
scale foundational models, we used the pre-trained v1.5
model in its image-to-image (img2img) pipeline. The
model was guided by the following text prompts:
– Prompt: ”a corrected, straight, flat bamboo slip, artifact

photograph”
– Negative Prompt: ”warped, distorted, bent”
The denoising strength was set to 0.75.

5. Control Point Grid Ablation
We conduct ablation experiments to validate our choice of
the 32 × 4 control point grid configuration. The 4-column
structure is fixed across all variants, as it directly corre-
sponds to the anisotropic fiber bundle organization of bam-
boo material [3]. We vary the longitudinal resolution by
testing 16 × 4, 32 × 4, and 64 × 4 grids to examine the
trade-off between deformation modeling capacity and com-
putational efficiency.

5.1. Experimental Setup
All variants are trained with identical physics parameters
(curvature amplitude Aκ = 0.15, force coupling strength
λ = 0.3, moisture diffusion coefficient Dmoist = 0.15) for
100 epochs on the same dataset.

5.2. Results and Analysis
Table 1 presents the quantitative results. The 16 × 4 con-
figuration is clearly suboptimal. Moving from 16 to 32
rows yields significant gains across all metrics, including
a +4.6% increase in Straightness (0.283 → 0.296) and a
+6.6% increase in physical plausibility (DCI: 7.45 → 7.94).
This demonstrates that 16 longitudinal points are insuffi-
cient to capture the slip’s complex curvature.

Conversely, increasing the resolution from 32 × 4 to
64 × 4 demonstrates diminishing returns. The gains are
marginal: Straightness improves by only 0.7% (0.296 →
0.298) and DCI by 1.0% (7.94 → 8.02), while TRQ (text
readability) slightly decreases. This performance plateau
indicates that 32 longitudinal points are sufficient to model
the deformation manifold. Given that the 64× 4 grid incurs
∼35% longer training time for no commensurate benefit,
our 32× 4 configuration is validated as the optimal balance
between modeling capacity and efficiency.

6. Physical Parameter Validation
To validate the rationality of our chosen physical param-
eters, we conduct a systematic sensitivity analysis follow-
ing the methodology of distribution matching. We evaluate
seven parameter configurations by computing the Fréchet
Curve Distance (FCD) between synthetic deformed samples



Grid Resolution Straightness↑ LPIPS↓ TRQ↑ DCI↑

16× 4 (64 pts) 0.283± 0.0765 0.237± 0.0668 1.005± 0.1087 7.45± 2.2341
32× 4 (128 pts) 0.296 ± 0.0737 0.232 ± 0.0641 1.018 ± 0.1061 7.94 ± 2.1738
64× 4 (256 pts) 0.298 ± 0.0729 0.231 ± 0.0652 1.016± 0.1073 8.02 ± 2.1895

Table 1. Ablation study on control point grid resolution. The 32 × 4 configuration achieves the best balance between restoration quality
(highest TRQ) and efficiency. Doubling the resolution to 64×4 yields only marginal gains (<1% in Straightness/DCI) at a ∼35% increase
in training time. Optimal trade-off is 32× 4.

and real archaeological deformed bamboo slips. The FCD
measures the similarity between the centerline curves ex-
tracted from bamboo slip images, where lower values indi-
cate closer alignment with real-world deformation patterns.

For each configuration, we extract centerline curves from
50 synthetic and 50 real deformed samples using B-spline
interpolation with 64 sampling points, yielding approxi-
mately 2,000 pairwise FCD measurements. The distribution
statistics provide a robust evaluation of how well each pa-
rameter set replicates authentic physical deformation mech-
anisms.

As shown in Table 2, our chosen parameters consistently
outperform alternative configurations. The fiber elongation
factor (Aκ = 0.15), defined in Eq. 9 of the main paper,
governs the bending deformation magnitude. Values too
low (0.05) produce insufficient bending (FCD=0.723), and
values too high (0.30) create unrealistic over-deformation
(FCD=0.714). The force coupling strength (λ = 0.3) bal-
ances the stress transfer mechanism in Eq. 4 of the main
paper—weak coupling (0.1) causes unnatural local discon-
tinuities (FCD=0.715), while strong coupling (0.6) over-
smooths spatial heterogeneity (FCD=0.720). Finally, the
moisture diffusion coefficient (Dmoist = 0.15) replicates
the gradual water content changes during burial; lower val-
ues (0.05, FCD=0.722) create abrupt moisture gradients,
whereas higher values (0.30, FCD=0.723) fail to preserve
the localized drying patterns observed in archaeological
contexts.

The optimal configuration achieves a mean FCD of
0.707, demonstrating systematic optimization to reflect au-
thentic bamboo slip deformation mechanisms rather than ar-
bitrary parameter selection.

7. Physical Realism Validation
Before utilizing the synthetic data generated by the Creep-
DeformationEngine for training, it is crucial to validate its
physical plausibility and consistency with real-world de-
formed bamboo slips. This validation is conducted from
two perspectives: the quantitative consistency of physical
parameters and the statistical consistency of feature space
distributions.

Consistency of Physical Parameters. We extract key
physical parameters—including boundary curvature κ, fiber

bundle length difference ∆x, and displacement gradient
∥∇d∥—from 500 real deformed bamboo slips. These are
compared against synthetic data generated by the CreepDe-
formationEngine under the same optimal parameter config-
uration. Table 3 presents the statistical comparison of these
parameter distributions. The curvature distribution of the
synthetic data (mean 0.142, std 0.051) aligns closely with
the real data (mean 0.138, std 0.048), and the ranges of fiber
length variations substantially overlap. This indicates that
our physical model, grounded in bamboo rheology, accu-
rately captures the authentic deformation characteristics of
real bamboo slips.

Consistency of Data Distribution. To further verify the
distributional consistency between synthetic and real data in
the feature space, we employ the Silhouette Score for quan-
titative evaluation. Specifically, we extract boundary curve
features from both real and synthetic deformed slips, apply
UMAP (Uniform Manifold Approximation and Projection)
to reduce the high-dimensional features to a 2D space for
visualization, and calculate the Silhouette Score s:

s(j) =
b(j)− a(j)

max{a(j), b(j)}
, (31)

where a(j) is the mean distance between data point j and
other points within the same cluster, and b(j) is the mean
distance between j and points in the nearest different clus-
ter. The score ranges from [−1, 1], where a value closer to 0
indicates that the two data distributions are highly overlap-
ping and statistically indistinguishable.

Figure 1 illustrates the UMAP visualizations of data
generated using optimal versus random physical parame-
ters. When employing the optimal parameters (Aκ = 0.15,
λ = 0.3, Dmoist = 0.15), the synthetic data heavily overlaps
with the real data in the feature space, yielding a Silhou-
ette Score of s = 0.003. This near-zero score demonstrates
that the two distributions are statistically indistinguishable.
In contrast, data generated with random parameters clearly
separates from the real data (s = 0.430), validating the
necessity of our physical parameter optimization. Further-
more, compared to purely data-driven generation methods
(e.g., GAN: s = 0.410, DDPM: s = 0.429), our physics-
guided approach exhibits a significant advantage in data dis-
tribution fidelity.



Configuration Aκ λ Dmoist Mean FCD↓ Median↓ Std Dev ∆ vs. Opt.

Ours (Optimal) 0.15 0.3 0.15 0.707 ± 0.278 0.748 0.278 –

Low Fiber 0.05 0.3 0.15 0.723± 0.280 0.800 0.280 +2.2%
High Fiber 0.30 0.3 0.15 0.714± 0.279 0.800 0.279 +1.0%

Weak Coupling 0.15 0.1 0.15 0.715± 0.275 0.755 0.275 +1.1%
Strong Coupling 0.15 0.6 0.15 0.720± 0.280 0.791 0.280 +1.8%

Low Diffusion 0.15 0.3 0.05 0.722± 0.276 0.800 0.276 +2.1%
High Diffusion 0.15 0.3 0.30 0.723± 0.270 0.769 0.270 +2.2%

Table 2. Parameter sensitivity analysis using Fréchet Curve Distance (FCD). Aκ: curvature amplitude parameter, λ: force coupling strength
, Dmoist: moisture diffusion coefficient. Lower FCD indicates better alignment with real deformation patterns. Our optimal parameters
achieve the best performance across both mean and median metrics, with up to 2.2% improvement over suboptimal configurations. Best
results are highlighted in bold.

Parameter Real Data Synthetic Data Relative Error

Mean Curvature µκ 0.138 0.142 2.9%
Curvature Std. Dev. σκ 0.048 0.051 6.3%
Max Displacement (pixels) 24.3 23.7 2.5%
Displacement Gradient ∥∇d∥ 0.087 0.091 4.6%

Table 3. Comparison of physical parameters between real deformed bamboo slips and synthetic data.

These validation results confirm that the deformation
model established by the CreepDeformationEngine, rooted
in the physical properties of bamboo, successfully generates
synthetic training data that is highly consistent with real-
world deformations in both physical parameters and feature
distributions. This provides a reliable guarantee of physi-
cal plausibility for the subsequent network training, exper-
imentally verifying the superiority of “physics-guided data
generation” over purely data-driven generative approaches.
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Figure 1. UMAP between real and synthetic data distribution.

8. Supplementary Qualitative Results
This section provides additional qualitative results to sup-
plement the analysis in the main paper. Figure 2 presents
four more restoration examples to further visually validate
the performance of our proposed method against the base-
lines.

From these comparisons, it can be more clearly observed

that baseline methods lacking physical priors produce var-
ious specific restoration deficiencies when faced with real,
complex bamboo slip deformations. For example, the re-
sults from CycleGAN (e) exhibit the most severe distortion;
not only does it fail to accurately correct the curvature, but
it also generates numerous non-existent artifacts and spots
on the surface, severely damaging the original text strokes.
The surface texture generated by Stable Diffusion (d) is en-
tirely unrealistic, looking more like a digital ‘painting’ than
a restoration of a real artifact. DewarpNet (c), specifically
designed for document image unwarping, is unable to han-
dle the non-uniform, complex warping with minor undula-
tions characteristic of bamboo slips, resulting in unnatural
edge lines after restoration. DDRM (b), the method most
similar to our own in terms of iterative processing, success-
fully straightens the slip through progressive refinement, but
its purely data-driven approach treats fine textural details as
reconstruction artifacts. While correcting the geometry, it
simultaneously degrades this critical high-frequency infor-
mation, causing the text to become blurry and illegible.

In contrast, our method (f) demonstrates a clear ad-
vantage across all comparison groups, which stems from
its core physics-guided idea. Because our forward process
simulates real physical deformation and the inverse pro-
cess learns to ‘undo’ these physical steps, the model ef-
fectively models the material properties and deformation
mechanisms. As can be seen from the results, the bam-
boo slips processed by our model achieve correction in



their macroscopic geometry, and the deformation is par-
tially recovered. Although a complete restoration is not
yet achieved at this stage, this work represents a key step
from models that completely ignore physical structure, to
one that can learn and adhere to certain physical properties.
We will further optimize the model to improve restoration
performance in future work.
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Figure 2. Supplementary qualitative comparison results. This figure presents four additional groups of restoration comparisons on different
bamboo slips. For each comparison group (upper rows): we display the original deformed slip (a), alongside the restoration results
from baseline methods including DDRM (b), DewarpNet (c), Stable Diffusion (SD) (d), and CycleGAN (e), compared with our final result
(f). Iterative Process Visualization (bottom row): To further illustrate our method’s mechanism, the bottom row showcases the step-
by-step restoration process for one of the examples, visualizing key intermediate states as our model progressively reverses the physical
deformation. These examples further highlight our method’s improved ability in both geometric correction and preservation of fine textual
details.
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