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[Abstract]

Recently, denoising diffusion probabilistic models (DDPMs) have advanced remarkably; however, traditional mean squared error
(MSE) training causes blurring in high-frequency textures. Previous studies integrated adversarial loss in grayscale environments
but failed to scale to multi-channel color datasets due to convergence instability. To overcome this limitation, this study proposes
an enhanced hybrid framework that combines a generative adversarial network (GAN) and a DDPM by recalibrating
time-embedding dimensions and resolving device-indexing mismatches in the reverse process. Furthermore, we optimize the
adversarial weight to alleviate excessive discriminator penalties. The results demonstrate that our proposed model successfully
overcomes previous convergence failures, achieving Fréchet Inception Distance (FID) reductions of 2.6% (CIFAR-10) and 4.0%
(anime-face) over the baseline DDPM.
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Table 1. Experimental setup

Parameter Value
GPU NV|D|ASFLTpXer407O Ti
Original DDPM Learning Rate 1x107
Proposed Model Generator Learning rate 1x107™
Proposed Model Discriminator Learning rate 2x107°
Optimizer Adg::qo(_%gg)‘&
Batch Size 32
Epoch 80
EMA decay (B) 0.9999
Total Timesteps 1000
Time Embedding Dimension 128

2. MO|™ &4 7EE|(\)ol| w2 FID ¥s}
Table 2. Effect of adversarial loss weight (A) on FID

Dataset A FID
CIFAR-10 0.001 206.2002
0.0005 208.9215
Anime Face 0.001 81.8119
0.0005 81.3289
0.0002 70.5139
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# 3. Ho|HME FID M5 th=
Table 3. Comparison of FID scores across datasets

) Anime Character
Model Architecture CIFAR-10 (FID) Faces (FID)
Original DDPM
(MSE Only) 211.7633 73.4550
Proposed Model 206.2002 70.5139
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Fig. 3. Generation results of CIFAR-10 images using the
proposed hybrid model (8x8 grid)
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Fig. 4. Generation results of anime character faces using the
proposed hybrid model (4x4 grid)
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