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Abstract

In this paper, we investigate the limitations of the Vector
Quantized Latent Diffusion Model (VQ-LDM) in restoration
tasks. We identify a performance gap between the Vector
Quantization (VQ) and Diffusion Model components, mani-
fested as a significant discrepancy between the reconstruction
quality of ground truth images processed via VQ autoregres-
sion and degraded images restored by VQ-LDM. Through
experiments, we attribute this gap primarily to the lack of ro-
bustness in the mapped points of VQ within the original VQ-
LDM framework. To address this issue, we propose a geomet-
ric based optimization approach. First, we introduce a simple
yet effective method, termed interpolation-based latent initial
state optimization, which mitigates the performance gap by
replacing the original mapped points with interpolated values,
supported by theoretical analysis. Here, the latent initial state
refers specifically to the input of the diffusion model. Build-
ing upon this, we further propose a Chebyshev center-based
latent initial state optimization, an elegant theoretical solution
from a geometric perspective, that further enhances restora-
tion performance. Our improvements consistently achieve su-
perior results across nine benchmark datasets.

Introduction
In recent years, Denoising Diffusion Probabilistic Models
(DDPMs) (Ho, Jain, and Abbeel 2020; Nichol and Dhari-
wal 2021; Song, Meng, and Ermon 2020) have garnered sig-
nificant attention and discussion in the field of image and
video generation due to their high-quality generation ca-
pabilities. Concurrently, researchers have become curious
about the performance of diffusion models in the domain
of image and video restoration, leading to a substantial body
of research in this area, particularly concerning the intersec-
tion of image restoration and diffusion models (Özdenizci
and Legenstein 2023; Kawar et al. 2022; Luo et al. 2023;
Yinhuai, Jiwen, and Jian 2022; Saharia et al. 2022). Stan-
dard diffusion models are primarily trained and inferred in
the image space, which incurs significant resource and time
costs. To reduce the time overhead, LDMs (Rombach et al.
2022) are proposed. Since LDMs are trained and inferred
in the latent space, they require fewer resources compared
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to standard diffusion models for the same number of func-
tion evaluations (NFEs). However, in the field of image and
video restoration, the research (Lin et al. 2023; Yang et al.
2023; Sun et al. 2024; Wang et al. 2023; Yue, Wang, and
Loy 2023) on LDMs has primarily focused on incorporat-
ing additional modules or auxiliary networks to enhance
restoration quality, with little attention given to investigat-
ing the fundamental causes of suboptimal restoration quality
caused by LDMs. Through theoretical analysis and experi-
mental results, We have found that the original VQ-LDM
architecture is not the optimal architecture for restoration
tasks. In vector quantization, the codebook geometrically
constructs many Voronoi subregions (Voronoi cells). Any
point within a Voronoi subregion has a distance to its corre-
sponding Voronoi centroid (Voronoi site) that is less than the
distance to the centroids of other Voronoi subregions, typi-
cally measured by the Euclidean distance. Using the values
before and after vector quantization as input to the diffusion
model, the results generated by the diffusion model may lead
to remapping into other Voronoi subregions due to numeri-
cal errors. To reduce this error, we modify the corresponding
mapping points after vector quantization.

First, we propose interpolation-based latent initial state
optimization, a method that replaces the original mapped
points with linearly interpolated values and uses them as in-
puts to the diffusion model. Despite being a minimal mod-
ification (requiring only minimal code modifications), this
approach significantly improves restoration performance,
supported by our theoretical analysis. Notably, it achieves
train-free performance gains when applied to existing VQ-
LDM method. Building on this discovery, we further de-
velop Chebyshev center-based latent initial state optimiza-
tion using linear programming from convex optimization.
Experiments demonstrate that this method exhibits supe-
rior robustness and represents an elegant theoretical solution
from a geometric perspective. Our main contributions are
summarized as follows:

• We propose interpolation-based latent initial state opti-
mization, a simple yet effective modification that sig-
nificantly enhances the restoration performance of VQ-
LDM, accompanied by theoretical analysis.

• Leveraging linear programming, we further introduce
Chebyshev center-based latent initial state optimization,
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Figure 1: The workflow of VQ-LDM for image restoration.

which demonstrates superior robustness and achieves
even better restoration performance compared to the
interpolation-based approach.

• We conduct extensive experiments on image restoration
tasks, validating our methods across nine datasets en-
compassing both images and videos.

Related Work
LDM has been widely applied to restoration tasks. Diff-
BIR (Lin et al. 2023) enhances restoration performance
by using a preprocessing module and a conditional control
module. Pixel-aware Stable Diffusion (Yang et al. 2023) in-
troduces Pixel-Aware Cross Attention and incorporates ad-
ditional high-level visual supervision to improve restora-
tion performance. StableSR (Wang et al. 2023) introduces a
trainable controllable feature wrapping module to navigate
the trade-off between fidelity and realism. CoSeR (Sun et al.
2024) introduces priors from low-resolution images, CLIP’s
semantic priors, and reference images generated by the dif-
fusion model to assist in image restoration. ResShift (Yue,
Wang, and Loy 2023) accelerates image restoration by ad-
justing the white noise in the final diffusion step for low-
quality images. As a VQ-LDM-based method, ResShift also
serves as a testbed for our interpolation-based latent initial
state optimization in later sections. Remarkably, this integra-
tion requires only minimal code modifications to the original
ResShift implementation.

Motivation
First, we present the operational pipeline of the VQ-LDM
framework in restoration tasks, with the detailed workflow
depicted in Figure 1. Where x̄ represent the recovered im-
age, x̃ and x represent the degraded image and ground
truth. ze/z̃e and zq/z̃q represent the pre-quantization and
post-quantization tensors in the vector quantization process.
zT
q follow a Gaussian distribution. ϵ represent the predicted

noise. In the original VQ-LDM, the typical practice is to di-
rectly utilize the vector quantized results zq/z̃q as the latent
initial state of the diffusion model. Our proposed method pri-
marily incorporates an latent initial state optimization mod-
ule prior to the diffusion model, where the modified zq/z̃q

are fed into the diffusion process to mitigate the performance
gap in VQ-LDM. The latent initial state refers specifically

to the input of the diffusion model. The interpolation-based
latent initial state optimization replaces the original zq/z̃q

with a linear interpolation between ze/z̃e and zq/z̃q , formu-
lated as: zlerp = λze+(1−λ)zq where λ is the interpolation
weight. The Chebyshev center-based latent initial state opti-
mization will be formally introduced in subsequent sections.
The additional vector quantization applied to the diffusion
model’s output in Figure 1 serves to correct the generated
mapping points by aligning them with the codebook, which
benefits the restoration task. This can be intuitively under-
stood from two perspectives: (1) For pixels unaffected by
degradation, they inherently require an auto-regressive solu-
tion, thus rigorous codebook alignment improves restoration
quality; (2) For degraded pixels, maintaining rigorous code-
book alignment also proves advantageous for training stabil-
ity. During training (forward process), the diffusion model
takes inputs zq and z̃q , while during inference (reverse pro-
cess), it processes ϵ ∼ N (0, I) and z̃q .

In the Introduction section, we characterize the code-
book in VQ-LDM as a Voronoi diagram comprising mul-
tiple Voronoi subregions. The original VQ-LDM typically
uses Voronoi centroids (i.e., the codebook’s mapping points)
as the latent initial state for the diffusion model. However,
during inference, numerical errors inevitably cause devia-
tions from these target mapping points, resulting in falls
into neighboring Voronoi subregions. For a more intuitive
understanding of this issue, we have included a concep-
tual sketch in the Figure 2. As evident from the Figure 2,
the interpolation-based latent initial state optimization effec-
tively prevents reconstruction mapping points from falling
into neighboring Voronoi subregions, thereby enhancing
both robustness and restoration performance. This method
requires only minimal code modifications, representing a
simple yet effective solution. The Chebyshev center-based
latent initial state optimization further modifies zq/z̃q to the
Chebyshev center of the Voronoi subregion. By definition,
the Chebyshev center is the point maximally distant from
all boundaries, equivalent to the center of the largest in-
scribed circle in two-dimensional polygons. While achiev-
ing enhanced robustness and restoration performance over
the interpolation-based method, this approach introduces
greater implementation complexity.

Latent Initial State Optimization
Figure 2 in the Motivation section visually illustrates the
conceptual foundation of our latent initial state optimization.
We now present rigorous theoretical analysis to support this
approach, beginning with the interpolation-based method.
As established in the Introduction section, the codebook
in VQ-LDM forms a Voronoi diagram comprising multi-
ple Voronoi subregions. Theorem 1 guarantees that each
Voronoi subregion forms a convex hull, and moreover, any
linear interpolation between two points within a Voronoi
subregion remains confined to that subregion, ensuring zlerp

never deviates into neighboring Voronoi subregion. Propo-
sition 1 further demonstrates that under numerical errors,
adaptively adjusting the fixed latent initial state of original
VQ-LDM using zlerp prevents the diffusion model’s out-
puts from crossing Voronoi boundaries. This significantly
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Figure 2: The definition of the latent initial state is the value after the VAE encoder, before the diffusion model. (a) to (d)
represent the error-containing results obtained using different latent initial states. zlerp represents the interpolation between ze

and zq . (c) and (d) correspond our methods.

enhances the robustness of subsequent vector quantization
correction steps.
Theorem 1. If there exists an n-dimensional Voronoi region
V , then any subregion within V is an n-dimensional convex
hull. We have that the interpolation zlerp between ze and zq

within any subregion remains within that subregion.

Proof. Let us assume the existence of a subregion S within
the Voronoi region V that does not satisfy the property of
being a convex hull.

Let f(p1) = z1, f(p2) = z1, f denote the mapping func-
tion that projects points to their Voronoi subregion centroids.
Here, p and z represent n-dimensional space points, where p
is an arbitrary point within a Voronoi subregion, and z cor-
responds to the subregion’s centroid.

Then ∃p3 = λp1 + (1 − λ)p2, for λ ∈ [0, 1], such that
f(p3) = z2.

Let −−→p1z1 = a⃗, −−→z1p2 = b⃗, −−→p1z2 = c⃗, −−→z2p2 = d⃗, −−→p1p2 = e⃗,−−→p1p3 = λe⃗.
Since |e⃗|2 = (⃗a + b⃗) · (⃗a + b⃗) = |⃗a|2 + |⃗b|2 + 2a⃗ · b⃗,

|⃗a| < |⃗c|, |⃗b| < |d⃗|. Where · denotes the inner product.
Now,

|−−→z1p3|2 =|λe⃗− a⃗|2 = |λ(⃗a+ b⃗)− a⃗|2 = |(λ− 1)⃗a+ λ⃗b|2

=|(λ− 1)⃗a|2 + |λ⃗b|2 + 2λ(λ− 1)⃗a · b⃗

=(1− λ)2 |⃗a|2 + λ2 |⃗b|2 − λ(1− λ)(|e⃗|2 − |⃗a|2

− |⃗b|2)

=(1− λ)|⃗a|2 + λ|⃗b|2 − λ(1− λ)|e⃗|2.

Similarly |−−→z2p3|2 = (1− λ)|⃗c|2 + λ|d⃗|2 − λ(1− λ)|e⃗|2.
Then |−−→z2p3|2 − |−−→z1p3|2 = (1− λ)(|⃗c|2 − |⃗a|2) + λ(|d⃗|2 −

|⃗b|2) > 0 holds true.
So, the original assumption does not hold, indicating that

the Voronoi region V is always a convex hull.

Due to the minimal modifications required by
interpolation-based latent initial state optimization and
for further investigation, we directly applied this method
to ResShift (Yue, Wang, and Loy 2023). We conducted
train-free validation on ResShift, which may not fully ex-
ploit the potential of interpolation-based latent initial state
optimization, yet the results still align with Proposition 1
and show improved performance for ResShift, as presented
in Table 1. It’s evident that interpolation-based latent initial
state optimization provides consistent improvements across
all ResShift experiments, though the gains are modest due
to the train-free validation. In subsequent experiments, we
incorporated zlerp into training, achieving more significant
improvements. These results strengthened our confidence
in latent initial state optimization and motivated our
exploration for geometrically optimal solutions.

Chebyshev center-based latent initial state optimization
emerged as our elegant theoretical solution through further
research. Table 1 reveals the challenge in determining the
optimal value for hyperparameter λ, as it varies across differ-
ent Voronoi subregions and ze conditions. To address this,
we introduced linear programming from convex optimiza-
tion to compute Chebyshev centers within Voronoi subre-
gions, then replaced zq with these centers as the latent ini-
tial state for the diffusion model, thereby achieving more ro-
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bust results. The pseudocode implementation of Chebyshev
center-based latent initial state optimization is presented in
Algorithm 1.
Proposition 1. In an n-dimensional convex hull S, let ze

and zq be two coordinate points. If there exists an error ra-
dius R, then the interpolation point zlerp = λze+(1−λ)zq ,
where λ is a scalar between 0 and 1, has a greater proba-
bility of remaining within the convex hull S. This indicates a
stronger robustness against errors in terms of the interpola-
tion point’s adherence to the convex hull.

Proof. ∃re is a vector s.t.|re| is minimal, let ze + re +
εe /∈ S, where re, εe are vectors and |εe| > 0, εe is
collinear with re and shares the same direction. ∃rq is a
vector s.t.|rq| is minimal, let zq + rq + εq /∈ S, where
rq, εq are vectors and |εq| > 0, εq is collinear with rq and
shares the same direction.

Let p(z + R ∈ S|zq) denote the probability of an n-
dimensional ball, centered at zq (z = zq) with an error
radius vector R, being contained within the n-dimensional
convex hull S. z and R are coordinate point and vector.

p(z + R ∈ S|zq) = p(z + R ∈ S|ze) = p(z + R ∈ S|zlerp)

= 1 |R| ≤ |re| < |rq|

∃λ ∈ [0, k), k < 1 s.t.p(z + R ∈ S|zq) = p(z + R ∈ S|zlerp)

= 1 > p(z + R ∈ S|ze) |re| < |R| ≤ |rq|

∃λ ∈ (j, k), j > 0, k < 1 s.t.|re| < |rq| < |rlerp|,

p(z + R ∈ S|ze) < p(z + R ∈ S|zq) < p(z + R ∈ S|zlerp)

|re| < |rq| < |R|

If |re| > |rq|, it can be deduced in a similar manner.
If |re| = |rq| and both ze and zq approach the same

boundary.
Then p(z +R ∈ S|ze) ≤ p(z +R ∈ S|zlerp), p(z +

R ∈ S|zq) ≤ p(z +R ∈ S|zlerp).
If |re| = |rq| and ze and zq approach different bound-

aries.
Then, it is analogous to the case of |re| < |rq| < |R|.
In conclusion, p(z+R ∈ S|zlerp) has a higher probabil-

ity of still belonging to the convex hull S.

Remark: Based on the above proof, we can rigorously
conclude that employing interpolated points zlerp yields su-
perior robustness, consequently enhancing restoration per-
formance.

To visually demonstrate how our method enhances VQ-
LDM’s robustness, we conduct a simple experiment us-
ing Monte Carlo sampling. We repeatedly generate recon-
struction mapping points through the diffusion model on
the same image, where numerical errors necessitate re-
quantizing these points via vector quantization to align with
the codebook. The standard deviation of corrected mapping
points (pixel values in latent space) serves as our robustness
metric. For this experiment, we employ the VQ-LDM-4 ar-
chitecture with an 8,192-entry codebook and 3 latent chan-
nels. Results are presented in Figure 3. As clearly demon-
strated in Figure 3, the interpolation-based latent initial state

Algorithm 1: Chebyshev center-based latent initial state op-
timization
Require: The embedding weights of codebook in VQ, de-

noted as WK×D, where K represents the size of the
embedding space and D denotes the dimension of the
embedding space (K = 8192, D = 3 in VQ-LDM-4).
Decimal precision r.

Ensure: A dictionary mapping embedding mapping points
zq as keys to their corresponding Chebyshev centers as
values.

1: Compute the point set s1 that encloses the set of em-
bedding mapping points (the set of codebook mapping
points) s2. Compute the Voronoi region of the union of
s1 and s2.

2: for point p in s1
⋃

s2 do
3: Compute the convex hull boundaries of the region

corresponding to point p, forming the boundary set B.
4: for boundary equation e in B do
5: Convert equation e into a linear inequality.
6: end for
7: Solve the linear programming problem formed by

the system of inequalities and obtain the Chebyshev
center c corresponding to point p.

8: for value v in p do
9: Reduce v with a decimal precision reduction of

r based on the computing precision of the graphics card.
10: end for
11: Save the pair (p as key, c as value) into a dictionary.
12: end for

optimization significantly reduces the standard deviation, in-
dicating more stable pixel-wise fluctuations in the generated
latent channels and consequently higher robustness, proper-
ties that directly contribute to improved restoration perfor-
mance. The Chebyshev center-based method achieves even
greater reduction in standard deviation, empirically validat-
ing our earlier theoretical claim that it represents an elegant
geometric solution.

Experiments
We train and test VQ-LDM-4 with latent initial state op-
timization on nine standard benchmarks involving image
restoration and video restoration. These nine datasets are
CSD (Chen et al. 2021), Outdoor-Rain (Li, Cheong, and
Tan 2019), RainDrop (Qian et al. 2018), RESIDE (Li et al.
2018), SIDD (Abdelhamed, Lin, and Brown 2018), Go-
Pro (Nah, Hyun Kim, and Mu Lee 2017), NTURain (Chen
et al. 2018), DAVIS (Khoreva, Rohrbach, and Schiele 2019)
and RainSynAll100 (Yang et al. 2021). Regarding the train-
ing implementation, we mainly use two NVIDIA GeForce
RTX 3090 GPUs, with a batch size of 8 and a fixed learning
rate of 0.0001. We utilize image cropping techniques on the
dataset, and randomly extract 16 patches of size 128 × 128
from each image. In the experiments, we set λ to 0.5 for
interpolation-based latent initial state optimization with in-
terpolation. However, as described in the preceding section
(Table 1), if using interpolation as the latent initial state
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ResShift original
results

λ

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Super Resolution

PSNR
SSIM

23.0160 23.0215 23.0262 23.0299 23.0327 23.0346 23.0355 23.0356 23.0348 23.0332 23.0306
0.6178 0.6181 0.6183 0.6185 0.6187 0.6189 0.6190 0.6191 0.6192 0.6192 0.6191

Image Inpainting 17.8590 17.8598 17.8623 17.8676 17.8751 17.8847 17.8954 17.9070 17.9187 17.9295 17.9292
0.6624 0.6625 0.6627 0.6630 0.6632 0.6635 0.6637 0.6639 0.6641 0.6642 0.6641

Blind Face Restoration 21.7634 21.8434 21.7158 21.3575 20.6089 19.9981 18.9254 18.0122 17.1126 16.2485 15.4786
0.6033 0.6072 0.6040 0.5925 0.5656 0.5445 0.5040 0.4710 0.4374 0.4054 0.3774

Table 1: The results of extending interpolation-based latent initial state optimization to ResShift. Bold represent the best results.

Figure 3: The standard deviation of results generated from
multiple samplings on the same image with different latent
initial states.

optimization and aiming for improved restoration perfor-
mance, a detailed analysis of the specific construction of
each Voronoi subregion would be required. To ensure a fair
comparison, VQ-LDM-4 with and without latent initial state
optimization uses identical training epochs and number of
function evaluations (NFEs).

The experiments encompass both image and video
restoration tasks. While existing video restoration meth-
ods typically employ multi-frame inputs to recover the cur-
rent frame (leveraging temporal information), our study fo-
cuses on investigating and addressing inherent flaws in VQ-
LDM. The introduction of temporal information would in-
terfere with our ability to diagnose VQ-LDM’s core issues.
Therefore, for video restoration experiments, we maintain
the same frame-by-frame processing approach as in image
restoration, deliberately avoiding the use of multi-frame in-
puts for current frame reconstruction.

Quantitative & Qualitative Results
The experimental results of VQ-LDM-4 with different latent
initial states are presented in Figure 4 and Table 2. As shown
in Table 2, using zlerp as the latent initial state for training
yields improvements across multiple datasets, with signifi-
cantly greater performance gains compared to the train-free
results (Table 1). However, our fixed λ = 0.5 setting may

VQ-LDM-4 latent initial state Optimization

Restoration
Performance

ze zq zlerp
Chebyshev

center

PSNR/SSIM

CSD 24.75
0.8619

25.96
0.8675

27.80
0.8798

28.16
0.8813

Outdoor-Rain 24.21
0.7352

24.06
0.7328

25.01
0.7400

25.13
0.7431

Image RainDrop 23.90
0.7917

24.33
0.8113

25.38
0.7950

25.41
0.8132

RESIDE 23.46
0.9003

23.82
0.9138

24.25
0.9054

25.02
0.9178

SIDD 35.97
0.9193

36.44
0.9251

36.57
0.9273

37.21
0.9300

GoPro 26.16
0.7990

26.15
0.7987

26.20
0.7991

26.53
0.8013

Video NTURain 18.75
0.4890

17.58
0.4476

26.96
0.8415

26.97
0.8423

RainSynAll100 18.77
0.6812

18.06
0.6733

19.26
0.7074

21.58
0.7312

DAVIS 25.99
0.6511

26.44
0.6862

26.58
0.7352

27.94
0.7498

Table 2: Comparison results of the performance at different
latent initial state in VQ-LDM-4 with different image/video
restoration datasets. Bold represent the best results.

not fully realize the optimal potential of interpolation-based
optimization. For instance, on the RainDrop and RESIDE
datasets, while PSNR improves, SSIM shows slight degra-
dation.

The Chebyshev center-based approach resolves this limi-
tation by eliminating the need for manual λ tuning, achiev-
ing optimal performance across all datasets, making it the
superior latent initial state choice for VQ-LDM. Visual
analysis of the magnified regions in Figure 4 further con-
firms that both optimization methods enhance VQ-LDM’s
restoration quality, with the Chebyshev center-based method
demonstrating notably more pronounced improvements.

Specifically, in quantitative results, interpolation-based
latent initial state optimization achieved average improve-
ments of 1.45 (PSNR) and 0.0469 (SSIM) across nine
datasets compared to the best original VQ-LDM-4 results.
For PSNR, the most significant improvement was observed
on NTURain dataset (8.21), while the smallest gain was on
GoPro dataset (0.04). Regarding SSIM, the maximum im-
provement reached 0.3525 on NTURain, while slight de-
creases of 0.0163 and 0.0084 occurred on RainDrop and
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Figure 4: The imaging results obtained by diffusion models with different latent initial state on different image/video restoration
datasets.
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Performance
Gain

zlerp Chebyshev center

PSNR/SSIM

CSD +1.84
+0.0123

+2.20
+0.0138

Outdoor-Rain +0.80
+0.0048

+0.92
+0.0079

Image RainDrop +1.05
-0.0163

+1.08
+0.0019

RESIDE +0.43
-0.0084

+1.20
+0.0040

SIDD +0.13
+0.0022

+0.77
+0.0049

GoPro +0.04
+0.001

+0.37
+0.0023

Video NTURain +8.21
+0.3525

+8.22
+0.3533

RainSynAll100 +0.49
+0.0262

+2.81
+0.0500

DAVIS +0.14
+0.0490

+1.50
+00636

Table 3: The performance gains achieved by latent initial
state optimization for the optimal VQ-LDM-4 across differ-
ent datasets.

RESIDE respectively, as previously explained. Chebyshev
center-based latent initial state optimization achieved av-
erage improvements of 2.11 (PSNR) and 0.0557 (SSIM)
across nine datasets compared to the best original VQ-LDM-
4 results. For PSNR, the maximum improvement reached
8.22 on NTURain dataset, while the minimum gain was 0.37
on GoPro dataset. Regarding SSIM, the highest improve-
ment was 0.3533 on NTURain, with the smallest gain of
0.0019 on RainDrop. All performance gains are presented
in Table 3.

In qualitative results, both methods enhance restored de-
tails to some extent, such as the gaps in stone railings (CSD
dataset), the contours of tower cranes (RainDrop dataset),
the clarity of text (SIDD dataset), and the shape of human
arms (DAVIS dataset). On the other hand, the Chebyshev
center-based method achieves superior image restoration,
evidenced by more accurate chair color brightness (RESIDE
dataset) and better removal of rain and haze degradation
(DAVIS dataset).

This section extensively validates the impact of different
latent initial states on the VQ-LDM architecture in restora-
tion tasks, demonstrating that optimizing latent initial states
enhances its recovery performance. Combined with the the-
oretical analysis from the previous section, these results ro-
bustly establish latent initial state optimization as an effec-
tive and well-grounded methodology.

Limitations & Suggestion
The experimental results in the preceding section demon-
strate the superior performance of Chebyshev center-
based latent initial state optimization over its interpolation-
based counterpart. This naturally raises the question: Can
Chebyshev center-based optimization completely replace

interpolation-based optimization? Below, we discuss the in-
herent limitations of each approach and provide practical
recommendations for their application.

The interpolation-based latent initial state optimization
faces a key limitation: the optimal λ depends on the spe-
cific Voronoi subregion characteristics of each codebook en-
try, meaning distinct ze/zq pairs require different optimal λ
values. However, determining pixel-wise optimal λ values
presents significant engineering challenges. For Chebyshev
center-based optimization, the primary constraint lies in its
dictionary lookup operation. As this CPU-intensive process
necessitates frequent GPU-CPU switching during training,
our experiments estimate an approximate 2× increase in to-
tal training time.

We recommend using interpolation-based latent initial
state optimization when low-cost performance improvement
is desired for VQ-LDM in image restoration tasks, as it re-
quires minimal code modifications and its feasibility and
scalability have been demonstrated through train-free ex-
periments. For scenarios prioritizing maximum performance
gains without training time constraints, Chebyshev center-
based latent initial state optimization is recommended.

Conclusion & Prospects

This paper investigates the flaws of VQ-LDM in image
restoration tasks and provides analysis and solutions from
a geometric perspective. Through experiments, we find that
the main issue of VQ-LDM in image restoration lies in
the lack of robustness in the codebook’s mapping points.
This causes the reconstruction mapping points generated
by the diffusion model under error conditions to be re-
quantized into incorrect Voronoi subregions, thereby de-
grading restoration performance. To address this, we pro-
pose latent initial state optimization. First, we introduce
interpolation-based latent initial state optimization, which
simply replaces the original mapping points through inter-
polation, and validate its effectiveness through train-free ex-
periments and theoretical analysis. Subsequently, we fur-
ther propose Chebyshev center-based latent initial state
optimization, which uses linear programming to compute
the Chebyshev center within Voronoi subregions and re-
places the original mapping points to enhance robustness
and restoration performance, this method represents an el-
egant theoretical solution from a geometric perspective. Ex-
tensive experiments demonstrate that latent initial state opti-
mization is effective for VQ-LDM in image restoration tasks
and can be applied to subsequent image restoration methods
using the VQ-LDM architecture. For the two proposed la-
tent initial state optimization methods, we also provide some
prospects and considerations. For interpolation-based latent
initial state optimization, one could find the k nearest map-
ping points to ze and adaptively adjust λ through certain
algorithms to obtain a relatively optimal λ. As for Cheby-
shev center-based latent initial state optimization, the fo-
cus would be more on engineering solutions to reduce the
latency of dictionary lookup operations, thereby making it
more hardware-friendly.
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