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Pre-trained Distribution
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Alignment Without Over-optimization
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Problem Formulation
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Problem Formulation

Ptar — aIrg ml?lx E:cwp [T‘ (.’13)] — aDKL (p prre)

Ptar = %ppre (z) exp (T S’) )

Optimization = Inference



Reward Aligned Target Distribution

Higher reward if
closer to x-axis
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Limitations in Prior Works - Fine-tuning

Solve ‘Optimization’ Problem Ce .
minimizeDkr, (po||Prar)

0
Direct
RL
Backprop
Reward: -0.29 Reward: -0.07 Reward: -0.96

EMD: 1.58 EMD: 3.69

mode seeking
= over-optimize



Limitations in Prior Works - Guidance

Solve ‘Inference’ Problem |
vfct 1ngtar,t(xt) ~ vxt 1ngpre,t($t) —l_ avxtr(Q%O(xt))

Approx.

Guidance

Reward: -0.29 Reward: -338

J EMD: 15.49
- low reward

= under-optimize

ptar



Solution - DAS (Diffusion Alignment as Sampling)

Solve ‘Inference’ Problem
+ High target reward via test-time search based on tempered SMC

+ Overcome over-optimization via direct sampling

DAS
(Ours)
Reward: -0.29 Reward: -0.22
] EMD: 0.82
High target reward
L .
| w/0 mode seeking |

ptar



DAS: Method Overview

1. Propose multiple samples at current denoising step using reward guidance




DAS: Method Overview

2. Estimate expected rewards of each samples using one-step denoising
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DAS: Method Overview

3. Calculate the probability of each samples respect to pre-trained model

‘ ppre,t(a?t—l)




DAS: Method Overview

4. Combine two criteria and select top samples




DAS: Method Overview

5. Repeat the previous with tempering
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DAS is Pareto-optimal

Guidance
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DAS is Pareto-optimal
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DAS is Pareto-optimal
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DAS effectively Optimizes Rewards

Color Count Composition  Location Style Unusual

Target Reward:

Pre-trained

Human Preference

DDPO

AlignProp
w/ KL

DAS (Ours)

green colored rabbit cat and a dog cat in the style of Van Gogh



DAS effectively Mitigates Over-optimization

Pre-trained DDPO Alvi%nll(’iop DAS (Ours)

Target Reward:

Aesthetic




Compute-efficient Test-time Scaling
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Multi-reward Alignment

w - Aesthetic Score + (1 — w) - 20 - CLIPScore

Aesthetic Score Weight

A AlignProp e DDPO *  DAS (Ours)
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(a) Trade-off in multi-objective optimization. (b) Generated samples according to reward weights



Thank You!

For more:

—| paper: https://openreview.net/forum?id=vi3DjUhFVm

M code: https://github.com/krafton-ai/DAS
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