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Aesthetic QR Code
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Our Work
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e
Our Work

Winter wonderland, fresh
snowfall, evergreen trees,
cozy log cabin, smoke rising
from chimney, aurora
borealis in night sky.

Text Prompt
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2. Diffusion Models
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What is Generative Model Learning?

R"™ Pdata
Image manifold M
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What is Generative Model Learning?
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Diffusion Phenomenon
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Development of Diffusion Models

* Sohl-Dickstein, Jascha, et al. "Deep unsupervised learning using
nonequilibrium thermodynamics." International Conference on Machine
Learning (ICML). 2015.

* Song, Yang, et al. "Score-Based Generative Modeling through Stochastic
Differential Equations." International Conference on Learning
Representations (ICLR). 2020.

* Ho, Jonathan, et al. "Denoising diffusion probabilistic models." Proceedings
of the 34th International Conference on Neural Information Processing
Systems (NeurIPS). 2020.
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Diffusion Models: Forward Process
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Diffusion Models: Forward Process

Forward Process (Diftusion)

add noise
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Diffusion Models: Forward Process

Forward Process (Diftusion)
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Diffusion Models: Reverse Process
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Diffusion Models: Reverse Process
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Diffusion Models: Reverse Process

pXr)
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Diffusion Models

Givenl>a;>a>..>ar>0,

+v1—a;

z; ~ N (0,1)

X; ~ N (Vaxe1, 1 —a)l

mean variance

X~W(u,02)(=>x:p+az with z~ A4(0,1I)
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Diffusion Models

Givenl>a;>az>..>ar>0,

TForward Process (Diffusion)
q&Xe|X-1) = N K /O X1, (1= a)])

q(x;%o) q(x2x1) q(x¢lxe-1) qXrxr-1)
pxo)  — g TN o~ Px1)

4
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Po(Xolx1) Po(x11x2) Po(X;-11X,) po(Xr-11XT1)
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Diffusion Models

Givenl>a;>az>..>ar>0,

TForward Process (Diffusion)
q&Xe|X-1) = N K /O X1, (1= a)])

q(x;%o) q(x2x1) q(x¢lxe-1) qxrlxr-1)
pxo)  _—, — Px1)

1 - xt “ \'/XT—I “ X
Po(Xolx1) Po(x11x2) Po(Xr-11%s) po(Xr-11X7)

Reverse Process (Denoising)

1. pxr)=A4(0,)
2. poXi—11%,) = N (X¢1; o Xy, 1), 01)
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Diffusion Process of Image Manifold

N(0,1)

Image manifold M
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Diffusion Process of Image Manifold
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Reverse Process back to Image Manifold
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Reverse Process back to Image Manifold

XT
L]

N(0,T)

Image manifold M
27/61



Reverse Process back to Image Manifold
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S
Derivation of Distribution at Last Timestep

Since p(X¢[x;-1) = N X4 VA X1, (1= a)D),
pX¢[Xg) = A (Xg; /@ Xo, (1 — a@,)]).
where @; =I1!_ ;. Then
p(X;) =fp(xtle)p(xO)de — A(0,I).

by letting t — co. We assume the final step distribution p(x7) is standard normal
distribution, i.e., p(xt) = A(0,1).
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S
Derivation of Reverse Process
Notice that
PXXm1) = N Xp;vVaXe—1, L= a)D), pXi|xp) = A Xs; /@ Xo, (11— @)l).
By Bayes’ theorem, we can derive the conditional distribution in reverse process

p(X¢|X¢-1) p(Xs-11X0)
p(X¢|Xo) ’

p(X¢-11X¢,Xp) =

Therefore, we have p(x;_;[X;,X0) = A (X;—1; K (X¢,Xo), 051) with

Va(l- dt—l)Xt N Va-1(1- ar)xo

1-a; 1-a;

1-a;1)1—-ay)
and 0‘%: — L.
].—Oft

e (Xs,Xg) =
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e
Diffusion Models

¢ Forward Process:

pPXelxs1) = N X vVaxe—1, 1 —apl)

* Reverse Process:

P, 11X;,X0) = N (Xy_1; s Xy, X0), 051)
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e
Diffusion Models

¢ Forward Process:

pPXelxs1) = N X vVaxe—1, 1 —apl)

* Reverse Process:

P, 11X;,X0) = N (Xy_1; s Xy, X0), 051)

In practice, we don't have xj. Thus, our goal is to train the deep learning model to
reconstruct xy such that

pPo(Xi-11Xs) := p(Xr-11X¢,Xo1) = p(X¢—11X4,X0).
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Estimating x, and Training Objective

- - 2
Z0) = |EX0~@N,t~U(1,T),€t~JV(o,1) lleg (\\/ aXo++1- €y, 1) —€ll5.

Xt
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Estimating x, and Training Objective

- = 2
Z0) = [Ex0~@N,t~U(1,T),€t~JV(0,I) leg (‘V aXo+v1- Q€ 1) —€cll5.

TV
Xt

Xt = \/ETtXO +\/1 — i€y
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Estimating x, and Training Objective

- - 2
Z0) = EXONQNJNU(LT)_QNJV((),I) leg (\V aXp++/1- €y, 1) —ell5.

-~

Xt

Xt = X + 1 — auey

Xopt = \/% (%t — VT — areg(xs, 1))
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S
Sampling Algorithm

1. x7 ~A(0,1).
2, X-1~ p@(xt—llxt) = JV(IJH(Xt, t))o-%l)y r= T) T- ]-7---) 1.
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S
Sampling Algorithm

1. x7 ~A4(0,D).
28 X1~ p@(xt—llxt) = ﬂ(l.l@(x;, t))o-%l)y r= T) T - ]-y---) 1

Xr-1 = Mo Xy, 8) + 0424

V@ -a) +mt_l(l—at)ﬁolﬁwl—dt_l)(l—aa

= X
1-a, ! 1-a, 1-a,

Zy,

where z, ~ A (0,1) and Xo|; = —( —VI=aegxs, 1)).
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Sampling Algorithm with Reverse Process
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Sampling Algorithm with Reverse Process
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Sampling Algorithm with Reverse Process
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Sampling Algorithm with Reverse Process

X1 = t

VaEl-de) V11— at)ion N \/(1 —a)0-a)

1-a; 1-a; 1-a;

M;
e M
t—1
L ]
Mo
[ ]
Xo[t—1

Image manifold M

43/61



Sampling Algorithm with Reverse Process
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Sampling Algorithm with Reverse Process
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3. Iterative Refinement Algorithm
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Similarity Between Image and QR Code

similar

Our goal is to define a smooth loss function to measure the similarity between
image and QR code.
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Scanning-Robust Loss

We define the Scanning Robust Loss (SRL) as

where the error matrix E is

Zsr(x,y) = [ vec(E) 1,

E =max(1 -2¥%(x),0) oy+ max(2¥(x) - 1,0) 0 (1 -y).
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Sampling with Iterative Refinement Algorithm
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Sampling with Iterative Refinement Algorithm
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Sampling with Iterative Refinement Algorithm
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Sampling with Iterative Refinement Algorithm
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Sampling with Iterative Refinement Algorithm
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Sampling with Iterative Refinement Algorithm
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4. Experiments
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S
Qualitative Results

Original QR Code
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Quantitative Comparison with Other Methods

* SSR: Scanning Success Rate
* LAS: LAION Aesthetic Score

Method SSR1 LAS|

QR Diffusion 96% 5.5150
QR Code AI Art 90% 5.7003
QRBTF 56% 7.0817
QR Code Monster 60% 7.0661
Ours 9% 6.8233

Table: Quantitative results.
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Error Analysis

Unscannable Scannable
(#1000 ~ #625 timestep) (#625 ~ #1 timestep)
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5. Conclusion
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Conclusion

* We develop a training-free iterative refinement algorithm for diffusion model
with the development of the Scanning-Robust Loss (SRL), significantly
enhancing QR code scannability without compromising visual appeal.

* We demonstrated a higher scanning success rate compared to commercial
alternatives, maintaining visual quality and confirming the suitability of
these QR codes for real-world applications.
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