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Exposure Bias

1. Introduction

the network alwasy see xt duiring training

Sampling: ෝ𝑥𝑡 → 𝜖𝜃(. ) → ෟ𝑥𝑡−1. . . → 𝜖𝜃(. ) → ෞ𝑥0

Training: 𝑥𝑡 → 𝜖𝜃(. ) → 𝑥𝑡−1

the network alwasy see ෝ𝒙𝒕 duiring inference

𝜖𝜃(. )

Training: 𝑥𝑡

Sampling: ෝ𝑥𝑡

mismatch



2. Exposure Bias in DDPM

Compare the difference between q 𝑥0 and 𝑝(ො𝑥0) using FID on ADM [1]

For t in range(1, 1000):

repeat: 

𝑥0~𝑞 𝑥0 → 𝑥𝑡~𝑞(𝑥𝑡|𝑥0) → 𝑝𝜃(𝑥𝑡−1|𝑥𝑡) → ො𝑥0

Until 50k ො𝑥0

[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." NeuIPS (2021)



3. Method – Input Perturbation

DDPM [2] Our DDPM-IP

[2] Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. NeuIPS (2020).



3. Method – Explicit Lipshitz Continuous 

Gradient Penalty Weight Decay

Input Perturbation works better



3. Main Results on DDPM (ADM)

ADM-IP:

◼ Significantly better FID

◼ Faster training



3. Results in ADM & DDIM

ADM-IP:

◼ Faster sampling

DDIM-IP: 

◼ less sampling steps, more FID improvement



3. Qualitative Results
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