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DiffQRCoder: Diffusion-based Aesthetic QR Code Generation with Scanning
Robustness Guided Iterative Refinement
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Aesthetic QR codes generated from DiffQRCoder. Our method takes a QR code and a text prompt as input to generate

an aesthetic QR code. We leverage the pre-trained ControlNet and guide the generation process using our proposed Scanning Robust
Perceptual Guidance (SRPG) to ensure the generated code is both scannable and attractive.

Abstract

With the success of Diffusion Models for image gener-
ation, the technologies also have revolutionized the aes-
thetic Quick Response (QR) code generation. Despite sig-
nificant improvements in visual attractiveness for the beau-
tified codes, their scannabilities are usually sacrificed and
thus hinder their practical uses in real-world scenarios.
To address this issue, we propose a novel Diffusion-based
OR Code generator (DiffORCoder) to effectively craft both
scannable and visually pleasing QR codes. The proposed
approach introduces Scanning-Robust Perceptual Guidance
(SRPG), a new diffusion guidance for Diffusion Models to
guarantee the generated aesthetic codes to obey the ground-
truth QR codes while maintaining their attractiveness dur-
ing the denoising process. Additionally, we present another
post-processing technique, Scanning Robust Manifold Pro-
jected Gradient Descent (SR-MPGD), to further enhance
their scanning robustness through iterative latent space op-
timization. With extensive experiments, the results demon-
strate that our approach not only outperforms other com-
pared methods in Scanning Success Rate (SSR) with better

or comparable CLIP aesthetic score (CLIP-aes.) but also
significantly improves the SSR of the ControlNet-only ap-
proach from 60% to 99%. The subjective evaluation indi-
cates that our approach achieves promising visual attrac-
tiveness to users as well. Finally, even with different scan-
ning angles and the most rigorous error tolerance settings,
our approach robustly achieves over 95% SSR, demonstrat-
ing its capability for real-world applications.

1. Introduction

Quick Response (QR) [7] codes are ubiquitous in daily
transactions, information sharing, and marketing, driven by
their quick readability and the widespread use of smart-
phones. However, the standard black-and-white QR codes
lack visual appeal. Aesthetic QR codes offer a solution by
not only capturing user attention but also seamlessly inte-
grating with product designs, enhancing user experiences,
and amplifying marketing effectiveness. By creating visu-
ally appealing QR codes, businesses can elevate brand en-
gagement and improve advertising impact, making them a
valuable tool for both functionality and design. Recogniz-
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Figure 2. Existing methods struggle to balance scannability
and aesthetics. Although QRBTF [18] generate visually appeal-
ing QR codes, they lack scanning robustness. Conversely, QR
Code AI Art [21] and QR Diffusion [15] produce better scanning
robust QR codes but are visually less appealing. Our approach
can generate both attractive and scannable QR codes. Red frames
indicate unscannable codes, while green frames denote scannable
codes. Zoom in for better viewing details.

ing the commercial value of aesthetic QR codes, numerous
beautification techniques have been thus developed.

For this purpose, some previous works have attempted to
generate aesthetic QR codes via style-transfer-based tech-
niques [39] to blend style textures with the QR code pat-
terns. However, these methods often lack flexibility and can
reduce scanning robustness.

Instead, current prevailing commercial products [24]
have adopted generative models to create stylized QR
codes, primarily employing Diffusion Models (e.g., Con-
trolNet [45]). The mainstream methodology is to adjust the
Classifier-Free Guidance (CFG) weights [6] in ControlNet
to create visually pleasing QR codes. However, selecting
CFG weights presents a trade-off between scannability and
visual quality (Fig. 2). In practical applications, manual
post-processing is often used to fix unscannable codes, but
this process is time-consuming and labor-intensive. There-
fore, it is still an open challenge to generate aesthetic QR
codes with a good balance between visual attractiveness and
scanning robustness.

To address the instability of scanability in previous
generative-based methods, we propose Diffusion-based
QR Code generator (DiffQRCoder), a diffusion-based ap-
proach to balance the scannability and aesthetics of QR
codes. We introduce Scanning Robust Loss (SRL), specif-
ically designed for evaluating the scannability of a beau-
tified QR code with respect to its reference code. Build-

ing on SRL, we develop Scanning Robust Perceptual Guid-
ance (SRPG), an extension of the Classifier Guidance con-
cept [2, 6,44], which ensures generation fidelity to ground-
truth QR codes while preserving aesthetics during the de-
noising process.

Besides, we develop a post-processing technique called
Scanning Robust Manifold Projected Gradient Descent
(SR-MPGD) further to enhance the scanning robustness
through iterative latent space optimization utilizing a pre-
trained Variational Autoencoder (VAE) [17]. Specifically,
our framework features the following key designs: 1) the
proposed framework is training-free and compatible with
existing diffusion models. 2) our approach exploits the er-
ror tolerance capability inherent in standard QR codes for
more flexible and precise manipulation over QR code im-
age pixels.

Finally, extensive experiments demonstrate that our ap-
proach outperforms other compared models in Scanning
Success Rate (SSR) with better or comparable CLIP aes-
thetic scores (CLIP-aes.) [32]. Specifically, it achieves 99%
SSR while better preserving CLIP aesthetic scores.

Our main contributions are summarized as follows:

1. We propose a two-stage iterative refinement frame-
work with a novel Scanning Robust Perceptual Guid-
ance (SRPGQG) tailored for QR code mechanisms to gen-
erate scanning-robust and visually appealing aesthetic
QR codes without training.

2. We propose Scanning Robust Manifold Projected Gra-
dient Descent (SR-MPGD) for post-processing, en-
abling Scanning Success Rate (SSR) of aesthetic QR
code up to 100% through latent space optimization.

3. Extensive quantitative and qualitative experiments
demonstrate that our proposed framework significantly
enhances the Scanning Success Rate (SSR) of the
ControlNet-only approach from 60% to nearly 100%,
without compromising aesthetics. User subjective
evaluations further confirm the visual appeal of our QR
codes.

2. Related Works
2.1. Image Diffusion Models

Recently, Diffusion Models [12, 33] have emerged as
powerful generative models, demonstrating superior uncon-
ditional image generation capabilities compared to GAN-
based models [6,9]. Dhariwal et al. [6] introduced the con-
cept of Classifier Guidance to control the sampling process
via gradients from pre-trained classifiers, which has since
been further developed with more generalized conditional
probability terms for more freely control [1, 16,20,44,48].

However, Diffusion Models require substantial computa-
tional resources, especially for high-resolution images. To
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Figure 3. An overview of our two-stage pipeline with Scanning Robust Perceptual Guidance (SRPG). First, we encode target QR
code y and prompt p to embeddings for ControlNet input. In Stage-1, we utilize the pre-trained ControlNet to generate an attractive yet
unscannable QR code. In Stage-2, we convert the QR code from Stage-1 into a latent representation Z7 by adding Gaussian noise and
transforming the y to y, which has a more similar pattern as X, using Qart [5]. Finally, we feed the latent and the transformed code into
ControlNet, guided by Scanning Robust Perceptual Guidance (SRPG), to create an aesthetic QR code with scannability.

address this issue, Rombach et al. [30] proposed the Latent
Diffusion Model (LDM), leveraging a pre-trained VAE to
compress high-resolution images into a lower-dimensional
latent space. This approach enhances efficiency in the dif-
fusion process while preserving visual quality. For more
fine-grained manipulations in downstream tasks, Zhang et
al. [46], Qin et al. [27], and Zavadski et al. [45] proposed
adaptation strategies that allow users to fine-tune only the
extra output layer instead of the entire model.

These advancements have significantly impacted fields
including image editing [4, 6, 10, 11,22, 23,25, 43], text-
to-image synthesis [29-31], and commercial product de-
velopement, exemplified by DALL-E2 [26] and Midjour-
ney [14].

2.2. Aesthetic QR Codes
2.2.1 Non-generative-based Models

Previous works on aesthetic QR codes have focused
on three main techniques: module deformation, module
reshuffling, and style transfers. Module-deformation meth-
ods, such as Halftone QR codes [3], integrate reference
images by deforming and scaling code modules while
maintaining scanning robustness. Module-reshuffling, in-
troduced by Qart [5], rearranges code modules using
Gaussian-Jordan elimination to align pixel distributions
with reference images to ensure decoding accuracy. Im-
age processing techniques have also been developed to en-
hance visual quality, such as region of interest [41], cen-
tral saliency [19], and global gray values [42]. Xu et
al. [42] proposed Stylized aEsthEtic (SEE) QR codes, pi-
oneering style-transfer-based techniques for aesthetic QR
codes but encountered visual artifacts from pixel cluster-
ing. ArtCoder [39] reduced these artifacts by optimizing

style, content, and code losses jointly, although some arti-
facts remain. Su et al. [38] further improved aesthetics with
the Module-based Deformable Convolutional Mechanism
(MDCM). However, these techniques require reference im-
ages, which leads to a lack of flexibility and variation.

2.2.2 Generative-based Models

With the rise of diffusion-based image manipulation and
conditional control techniques, previous works such as QR
Diffusion [15], QR Code AI Art [21] and QRBTF [1§]
have leveraged generative power of diffusion models to
create aesthetic QR codes, primarily relying on Control-
Net [45] for guidance. However, more fine-grained guid-
ance that aligns with the inherent mechanisms of QR codes
remains unexplored. Another non-open-source method
Text2QR [40], introduced a three-stage pipeline that first
generates an unscannable QR code using ControlNet, fol-
lowed by an optimization technique independent of the dif-
fusion process to enhance scannability.

In contrast, our objective is to design training-free, fine-
grained guidance that enhances the diffusion denoising pro-
cess and integrates scannability from the start of genera-
tion.

3. Method

DiffQRCoder is designed to generate a scannable and at-
tractive QR code from a given text prompt p and a target
QR code y, which consists of m x m modules, each of size
s X s pixels.

Fig. 3 illustrates the overall architecture of DiffQRCoder,
consisting of two stages. In Stage-1, ControlNet [45] with-
out our proposed guidance is employed to create a visually
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Figure 4. An illustration of Scanning Robust Loss (SRL). SRL is designed at the module level, tailored to the QR code mechanism.
The process begins by constructing a pixel-wise error matrix that measures the differences between the pixel values of the target QR code
and the grayscale image. Subsequently, the error for each module is re-weighted using a Gaussian kernel, and the central submodule is
extracted to implement an early-stopping mechanism. The mechanism stops refining the module and evaluating its error once the average
pixel value of the central submodule matches the center pixel value of the target module. Finally, SRL can be calculated as the average

error across all modules in the code.

pleasing yet unscannable QR code. In Stage-2, we convert
the QR code into a latent representation by adding Gaussian
noise and transform the y to y, which has a more similar
pattern as X, using Qart [5]. We then feed the latent and
the transformed code into ControlNet with Scanning Ro-
bust Perceptual Guidance (SRPG). The guided loss function
includes perceptual loss and our proposed Scanning Ro-
bust Loss (SRL), ensuring that the generated QR codes are
both scannable and attractive. Besides, we propose a post-
processing technique called Scanning Robust Manifold Per-
ceptual Gradient Descent (SR-MPGD) to boost the scan-
ning robustness. Detailed descriptions on SRL, the two-
stage pipeline, and SR-MPGD are provided in Sec. 3.1,
Sec. 3.2, and Sec. 3.3, respectively.

3.1. Scanning Robust Loss

SRL (Fig. 4) is designed to assess the scannability of
a beautified QR code with respect to its target code, and
aims to provide the guidance signal for image manipula-
tion at the module level. It begins with an error matrix
that evaluates the differences between the pixel values of
the target code and the image in grayscale. Next, the matrix
is re-weighted to account for varying scanning probabili-
ties across the code. Consequently, we extract the central
submodule within each module due to its importance in de-
coding. Additionally, an early-stopping is implemented to
prevent over-optimization.

Pixel-wise Error Matrix. Given a normalized image x!,
a target QR code y, and a grayscale conversion operator G

IEach color channel of an image is divided by 255 to normalize pixel
values to the range of O to 1

(cf., Appendix A). We formulate a pixel-wise error matrix
E that calculates the differences in pixel values between y
and G(x). E is calculated as follows:

E =max(1 — 2G(x),0) © y+ 0
max(2G(x) —1,0) © (1 —y),
where max(-, -) operator is applied pixel-wisely, and © de-
notes the Hadamard product. The first term in the equation
addresses the white squares of the QR code, while the sec-
ond term focuses on the black squares.

Error Re-weighting. Not all pixels are equally likely to
be scanned. According to ART-UP [41], the scanning prob-
abilities of pixels within each module follow a Gaussian
distribution. This implies that pixels closer to the center
of each module are more important. Consequently, we re-
weight the module error M}, as

By, = Y Gol(i,j)-E(i,j), )

(4,5) €My,

where (i, 7) indicates the coordinate of a pixel in My, and
G, is a Gaussian kernel function with standard deviation

o= Lsglj.

Central Submodule Filter. ZXing [37], a popular bar-
code scanning library, notes that only the central pixels of
each module are essential for decoding QR codes. Accord-
ing to Chu et al. [3], each module is divided into 3 x 3 sub-
modules. They observed that a QR code remains scannable
if the binarized average pixel value in the central submodule



matches the center pixel value of the target module. This
observation enables the creation of visual variations in the
peripheral submodules.

A central submodule filter F is applied to extract the cen-
tral submodule:

o o o
myz | O Trsixin O - 3
sPlo o

mXxXm

The binarized average pixel value of the center submodule
X, 1s calculated as:

(,5) €My,

X, = I g (xm (65) | 4

where I 4 is an indicator function of set A.
To determine whether x,, is correctly matched, we de-
fine the function ¢ as:

0, Xm, =¥, )
L X # Y,

¢(X1Wk ; yMk) = {

where y§, represents the center pixel value of the target
module.

Early-stopping Mechanism. We employ an early-
stopping mechanism at the module level to prevent over-
optimization. This mechanism stops refining a module once
it can be correctly decoded, i.e. ¢(Xps,,y¥n,) = 0. ¢ acts
as a switch that determines whether to update x,,, , hence
its gradient will not be used to update xpy, . Therefore, we
use the stop gradient operator sg|-] to detach this term from
the computation graph. The SRL can be expressed as:

Lsr(x,y) = o(sglxar ], yar,) - Ear,  (6)

HMZ

where N is the number of modules.

3.2. Two-stage Pipeline with Scanning Robust Per-
ceptual Guidance

DiffQRCoder utilizes a two-stage pipeline. In Stage-1,
we use ControlNet, without our proposed guidance, to cre-
ate a visually appealing yet unscannable QR code. In Stage-
2, we refine the generation process with Scanning Robust
Perceptual Guidance (SRPG). This guidance employs a loss
function that combines Learned Perceptual Image Path Sim-
ilarity (LPIPS) [47](cf. Appendix B.1), denote as Lypips,
and Lgg, ensuring a balance between aesthetics and scan-
ning robustness.

2A threshold of 0.5 is set for binarization

3.2.1 Stage-1

In stage-1, we first encode p as the prompt embedding e,
and y as the QR code embedding e.,q.. And we sample a
noise latent z; from a standard normal distribution. Then
feed into ControlNet to generate an unscannable QR code
%, which will be used in stage-2 for perceptual regularizing
reference.

3.2.2 Stage-2

In stage-2 we adopt the unscannable QR code X generated
in stage-1 as a starting point for enhancing scannability and
a regularizing reference for LPIPS to preserve aesthetics.
First, we convert image X into a latent representation z; us-
ing the VAE encoder and by adding Gaussian noise. We
also transform the target QR code y to be a more similar
pattern as X ° for better conditioning. Both Z; and y are
then fed into ControlNet. The predicted clean latent at each
timestep ¢ can be calculated as

iO\t = \/1077 (Zt —V1- O_éteé(zhta e;mecode)) > (7N
where €y denotes the noise predictor of ControlNet.

Since Lgg and L pips operate in the pixel space, we use
the pre-trained image decoder of ControlNet, Dy(-), to map
Zo; into the pixel space: Xo;; = Dy (Zo|¢). As a result, the
guidance function Fggrp can be formulated as:

Fsrp(Zt,y,%) = M Lsr(Xo|¢, ¥) + A2 Lrpps (Xojt, X)),

®)

where \; and Ao denote the guidance scales.

Song et al. [35,36] established a connection between the
score function and the estimated noise function, demon-
strating that

—V1—aVy, logp(z:). (9)
Inspired by [6], the guided noise prediction becomes:

ét = 6(f(itat,epvecode) + v 1- O_[tvitFSRP(itay)~ (10)

7] (Zta t) epa eCOdC) -

Finally, we employ the DDIM sampling [34]:

Zi_1 = — V1 —@é) + /1 —a_16. (11)
After T' iterations, we decode zg into the pixel space by
Dy(-) to obtain the generated aesthetic QR code xj. The
complete algorithm for our two-stage generation pipeline
is provided in Appendix C.2. Detailed derivations of the

formulas can be found in Appendix B.2 and B.3.

3The aesthetic QR code generated by Qart is a binary image, so we can
utilize SRL to evaluate the discrepancy between this code and the one we
generated.



3.3. Post-processing with Scanning-Robust Mani-
fold Projected Gradient Descent (SR-MPGD)

SR-MPGD is a post-processing technique proposed to
enhance scanning robustness further. Our goal is to mini-
mize Lsg(x,y) while ensuring the refined QR code x still
lies on nature image manifold M. The optimization prob-
lem is defined as:

min Lsr(x,y). (12)

This constrained optimization problem can be solved via
the Projected Gradient Descent (PGD) algorithm. Inspired
by the manifold-preserving nature proposed in [10], we use
the pre-trained VAE encoder £(+) to project the image to its
space and then iteratively refine the latent by:

2y =25 ' —ViLse(D(z5 1), ). (13

Note that z{ indicates the clean image latent output from
Sec. 3.2 and in each iterative refinement step, the VAE de-
coder D(-) will project the latent back to image manifold.
However, the VAE is imperfect and may introduce recon-
struction errors in practice. To mitigate this, we incorporate
LPIPS loss as a regularization term with a weight A > 0:

L(x,y,%0) = Lsr(X,y) + ALrpips (X, X0). (14)

The rationale for employing LPIPS loss is to facilitate Lsg
to refine incorrect modules while preserving coarse-grained
semantics. Finally, the update rule becomes:

z(i) = z671 — WVZOE(D(zéfl),y,xo). (15)

By incorporating this latent optimization, it can converge to
local minima against Lsg near initial latent z.

4. Experiments
4.1. Experimental Settings

Implementation Details. In our experiments, 100 text
prompts are generated by GPT-4 as the conditions for Stable
Diffusion, consistently using easynegative as the neg-
ative prompt. We employ Cetus—-Mix Whalefall *as
the checkpoint for Stable Diffusion [30] and QR code Mon-
ster v2 [24] as the checkpoint for ControlNet [46], with the
guidance_scale set to 1.35 for the latter. We compare
with QR code AI Art [21], QR Diffusion [15], and QRBTF
[18]. The reason we don’t compare with non-generative-
based methods is that they rely on reference aesthetic im-
ages as input, here we only have prompts describing the aes-
thetic scenes. And other previous works are unavailable for

“https: //huggingface . co/ fpl6 - guy /Cetus - Mix _
Whalefall_ fpl6_cleaned

fair comparison due to non-open-source. Compared mod-
els are accessed through their web API using their recom-
mended settings. Detailed parameter settings are provided
in Appendix D.

In our QR code setups, we use Version 3 QR codes con-
figured with a medium (M) error correction level and mask
pattern 4. Each code includes an 80-pixel padding, and each
module is in the size of 20 x 20 pixels. Additionally, the text
message Thanks reviewer! is encoded into our QR
codes for most experiments in the paper. We also conduct
quantitative and qualitative results in different messages for
QR code generation.

We conduct our experiments using a single NVIDIA
RTX 4090 GPU. Generating aesthetic QR codes takes ap-
proximately 14 to 18 seconds in our two-stage pipeline,
each with 40 inference steps.

Evaluation Metrics. We use qr-verify [8] to measure
Scanning Success Rate (SSR) of aesthetic QR codes. For
the quantitative assessment of aesthetics, we use CLIP aes-
thetic score predictor [32] to reflect image quality and visual
appeal. This score is referred to as the CLIP aesthetic score
(CLIP-aes). We also adopt CLIP-score [28] to assess the
text-image alignment of generated aesthetic QR codes.

4.2. Comparison with Other Generative-based

Methods
Method SSR1 CLIP-aes. T CLIP-score 1
QR Code AT Art [13] 90% 5.7003 0.2341
QR Diffusion [15] 96% 5.5150 0.2780
QRBTF [18] 56% 7.0156 0.3033
DiffQRCoder (Ours) 99 % 6.8233 0.2992

Table 1. Quantitative comparison with other generative-based
methods. DiffQRCoder significantly outperforms other methods
in SSR with only an insignificant decrease in CLIP-aes.

Quantitative Results. As shown in Tab. 1, we present
the quantitative results of our method compared to previous
generative-based methods. Our method outperforms QR
Diffusion [15] and QR Code AI Art [13] in SSR, CLIP aes-
thetic score, and CLIP-score. Compared with QRBTF [18],
our method significantly enhances the SSR, albeit with a
little trade-off with CLIP aesthetic score [32]. Notably, the
text-image alignment measured by CLIP-score shows that
our method is close to QRBTF, indicating our method ad-
heres to prompts without distortion.

Furthermore, we test the robustness of our QR codes un-
der various scenarios, including different simulated scan-
ning angles, error correction level configurations, and scan-
ners from multiple devices and open-source software. As
presented in Tab. 2, our approach achieves a 97% SSR even
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Winter wonderland, fresh
snowfall, evergreen trees,
cozy log cabin, smoke rising
from chimney, aurora
borealis in night sky.

Old European town

square, cobblestone streets,
café terraces, flowering
balconies, gothic cathedral,
bustling morning.

Forest clearing at night,
fireflies, full moon, ancient
oak tree, soft grass,
mystical ambiance.

(c) Encoded message: https://www.google.com.tw/

Mediterranean seaside town,
white-washed buildings,
blue-domed churches,
fishing boats, vibrant market,
sunny day.

(d) Encoded message: https://www.wikipedia.org/
Figure 5. Qualitative comparison with other generative-based methods. DiffQRCoder can generate attractive and scannable QR codes

with different encoded messages and prompts.

at a 45° tilt (Implementation details are provided in Ap-
pendix D.1); As presented in Tab. 3 for different error cor-
rection levels, our approach still achieves a 96% SSR un-
der the most rigorous setting (7% tolerance), we also pro-
vide qualitative results in Appendix; As presented in Tab. 4,
for scanning with different scanners, results show that our
method can still achieving over 88% SSR even in the worst
case. Additionally, we generate QR codes with various en-
coded messages and assess their SSR, the results are pro-
vided in Tab. 5, and their qualitative results are provided in
the Appendix.

Degree 0° 15° 30° 45°
SSR 1 100% 100% 100% 97%

Table 2. Scannability of different angles.

Level L (7%) M15%) Q25%) H (30%)
SSR * 96% 100% 100% 100%

Table 3. Scannability of different QR code error correction level.

Device qr-verify iPhone 13  Pixel 7

SSR1  100.00% 97% 88%
Table 4. Scannability results of different devices.
Message SSR 1
I think, therefore I am. 97%
You are the apple of my eye. 100%
https://www.google.com.tw/ 100%
https://www.wikipedia.org/ 97%

Table 5. Scannability of different QR code encoded messages.
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Figure 6. Visualization of x|, and its error modules during sampling steps.

Qualitative Results. We present qualitative comparisons
with previous methods in Fig. 5. Compared to QR Code Al
Art and QR Diffusion, our method exhibits a more harmo-
nized pattern blending with concepts in prompts; Compared
to QRBTF, our method trades little aesthetics for scannabil-
ity, achieving more scanning-robust QR code generation
than ControlNet-only methods. Fig. 6 illustrates the reduc-
tion of error modules during the iterative refinement process
using our SRPG method. The error modules, highlighted in
red, progressively diminish as the denoising step advances.
Once the error level falls below a tolerable threshold, the
QR code becomes scannable. Moreover, we present qual-
itative results for a given QR code in different prompts in
Fig. 1. We provide more qualitative results in Appendix.

Subjective Results. We conducted a user-subjective aes-
thetic preference study with 387 participants, the result is
reported in Tab. 6. Although QRBTF [18] ranked first, our
method closely follows with little difference. Considering
the limited scannability of QRBTF, which achieved only
56%, our approach is the leading method for effectively bal-
ancing visual attractiveness with scannability. The details of
the average rank calculation and questionnaire design are
provided in the Appendix E.

Methods Average Rank | SSR
QR Code AT Art [13] 2.71 90%
QR Diffusion [15] 3.18 96%
QRBTF [18] 1.86 56%
DiffQRCoder (Ours) 2.25 99 %

Table 6. The weighted aesthetic ranks for different methods.
4.3. Ablation Studies

Effectiveness of Different SRPG Guidance Scales. In
this study, we investigate the effectiveness of our proposed
Lsr and regularizing Ly pips respectively (cf., Eq. 8). In Tab.
7, Stage-1-only indicates only ControlNet is adopted to gen-
erate aesthetic QR codes. First, we fix Ay = 0, and only
perform Stage-2 generation with SRPG. In the absence of
%, we use ControlNet with original y and text prompts to
generate images. As shown in upper half of Tab. 7, increas-
ing A; significantly improves SSR while slightly decreasing
CLIP aesthetic score. Second, we fix A\; = 500 and perform
a full two-stage generation with SRPG. As shown in lower

Stage A1 A2 SR-MPGD CLIP-aes. T SSRT
Stage-1-only - - 7.0661 60%
Two-stage 400 0 6.7860 86%
Two-stage 500 0 6.7259 88%
Two-stage 600 0 6.7183 94%
Two-stage 1000 0 6.5667 93%
Two-stage 400 0 v 6.7567 98%
Two-stage 500 0 v 6.7097 100%
Two-stage 600 0 v 6.7002 99%
Two-stage 1000 0 v 6.5629 99%
Two-stage 500 2 6.8600 90%
Two-stage 500 3 6.8744 89%
Two-stage 500 5 6.8357 89%
Two-stage 500 10 6.8409 88%
Two-stage 500 2 v 6.8204 98%
Two-stage 500 3 v 6.8233 99%
Two-stage 500 5 v 6.7779 100%
Two-stage 500 10 v 6.8040 97%

Table 7. Ablations for our proposed pipeline.
half of Tab. 7, increasing Ay improves CLIP aesthetic score
while preserving SSR.

Effectiveness of SR-MPGD. SR-MPGD is a post-
processing technique designed to enhance scanning robust-
ness further. In our experiments, we set step size v = 1000
(cf., Eq. 15), and LPIPS X\ = 0.01(cf., Eq. 14). As reported
in Tab. 7, it substantially improves SSR with only a negligi-
ble decrease in CLIP aesthetic score. By implementing SR-
MPGD, we can even achieve 100% SSR in certain cases.

5. Conclusion

In this paper, we introduce a novel diffusion-based QR
code generator (DiffQRCoder). We propose Scanning-
Robust Loss (SRL) to enhance the scannability of QR codes
and have established a bridge between SRL and our pro-
posed Scanning-Robust Perceptual Guidance (SRPG). We
develop a two-stage generation pipeline with iterative re-
finement that integrates our SRPG to generate aesthetic
QR codes. Moreover, we introduce Scanning-Robust Man-
ifold Projected Gradient Descent (SR-MPGD) to ensure
scannability further. Compared to other existing methods,
our approach significantly enhances the SSR of the gen-
erated codes without compromising visual attractiveness.
Thus, the aesthetic QR codes generated through our ap-
proach are capable of applications in real-world scenarios.
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