Noise Contrastive Alignment of Language Models with Explicit Rewards
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3) Unifies contrastive learning (NCE) and LLM alignment theories.

Figure 1: InfoNCA/NCA allows direct LM opti-
mization for both reward and preference data.

Figure 2: Pairwise NCA prevents chosen likeli-

4) Subsumes DPO as a special case of InNfoNCE-based methods. hood from decreasing while DPO cannot.

Method: InfoNCA and NCA methods for both reward&preference alignment. Experimental Findings:
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2) Suboptimal responses are also important for LLM alignment.
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