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(b) Proposed method Single model Training process
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Algorithm 1 Training process

1: repeat

2 s ~ Uniform({S,5 —1,...,0})

3 t ~ Uniform({0, ..., T})

4: e~ N(0,I)

5: Tl TRl Tihs Thih = D\/VT(I) xre RIXHXW
6 if s =5 then

7 75 = IDWT(zy) > T € RIXHAXW
8 else if s = S — 1 then

9: x5 = IDWT(x + 1) > Ef € RIXAXW
10: else if s = 5 — 2 then
11: rfa = IDT\/VT(J?” + x5 + .'Eh_f.) g 5:5 € R3xHxW
12: else
13: Ty=1x > Original image for remaining scales
14: end if
15: 5 = axh + 1 — aye
16: Update model ¢g by taking a gradient descent step on:
17: Vg”e == 6,9( Ty, t, S)”l

18: until converged
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Algorithm 2 Sampling process
1;: foralls=5,5-1,...,0do

2: LT ~ N(O I}

3: fort=1T,...,1do

4: €g = 69(7 1,8)

5: 7 = \/l_( ¥ — V1 — ageg(,t, 8)) > Predicted z
6: if s = 5 then

7 EF‘? = f;"

8: else

0 BT = a4 (1)

10: end if

11: To_q = o lfg (F; m'L )+ V1 —ai_1€9(,t,s) > DDIM update
12: end for
13: end for
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ABSTRACT

Efficient Image Synthesis Method Using Single
Reference Image—Based Diffusion Model

Kim, Ji—Soo

Major in Applied Artificial Intelligence
Dept. of Applied Artificial Intelligence
The Graduate School

Hansung University

Recent advances in representation learning have led to remarkable
progress in image synthesis. However, most innovative models heavily rely
on large—scale training datasets, limiting their practical applications. This
paper presents a novel diffusion model that can generate diverse,
high—quality images from a single reference image. Our proposed method
combines wavelet domain frequency decomposition with a hierarchical
scale structure to address the artifact accumulation problem inherent in
existing approaches.

Specifically, we introduce a U-—Net architecture with restricted
receptive fields to prevent overfitting to global information, while enabling
effective feature learning in the frequency domain through wavelet

transforms. Through extensive experiments, we demonstrate that our
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model achieves superior visual quality and diversity compared to existing
single—image generation methods, and wvalidates its effectiveness in
real—world applications such as image harmonization. Furthermore, our
proposed model significantly reduces the lengthy sampling time of
conventional diffusion models, improving computational efficiency while
enabling stable image generation at arbitrary resolutions.

Our research presents a novel solution to the image generation
problem in limited data environments and demonstrates various practical
applications. The quantitative and qualitative evaluations show that our
method outperforms previous approaches across multiple metrics,
including LPIPS diversity scores and no-—reference image quality
assessments. Future work will focus on extending this methodology to
achieve faster inference speeds and enhanced image quality through

advanced optimization techniques.

[Key words] Diffusion Models, Single Image Generation, Wavelet

Transform
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