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Existing Methods:
1. DM-based recommenders inheriting generative objective

functions lack a comprehensive understanding of user
preference sequences (cf. Figure(a)).

2. DM-based recommenders simply employ standard
recommendation training objectives, hindering their
generative ability.

Question: Can we preserve the generative power of
diffusion-based recommenders while fully capture user
preference distribution?

Goal: Propose an objective specifically designed for DM-
based recommenders, which effectively integrates negative
samples to better capture user preference distributions.

Contribution:
• Transform Bayesian personalized ranking from rating

ranking into log-likelihood ranking
• Derive a variational upper bound using variational

inference, which serves as a surrogate optimization
target for direct optimization

• Incorporate multiple negative samples to enrich
preference signals during training, while employing an
efficient strategy to avoid redundant denoising from
excessive negatives.

Overview

Experimental Results

Results:

• PreferDiff significantly outperforms other DM-based
recommenders across all metrics on three public
benchmarks.

• PreferDiff can benefit from advanced text-embeddings.

• PreferDiff converges faster than other DM-based
sequential recommenders.

1. Rating ranking to log-likelihood ranking

Normalization

2. Deriving Surrogate Optimization Target

Variational Inference

3. Extend to multiple negatives

Jensen’s inequality

Main Takeaways
1. Standard Normal Initiation Matters

2. Large Embedding Size Matters

Sports Toys

Variance

The identity-like covariance structure suggests that diffusion-
based recommenders distribute variance evenly across
embedding dimensions, requiring more dimensions to capture
the complexity and diversity of the item space effectively.
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