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HH PM Learning and Dataset Size Dependence Helpful and Harmless PM Model Size Scaling
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HH Mix Accuracy

Calibration: Helpful+Harmless PM on All Data
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RLHF Robustness Study
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Fraction of Data
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Does HH Compromise Summarization Performance? Does Summarization Compromise HH Performance?
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Figure 20 Here we show the comparison accuracies of preference models trained on (1) ‘static’ HH data
only, (2) summarization data [Stiennon et al., 2020] only, and (3) a mixture of both. Mixed training has no
negative effects on PM accuracies.

Human: Can you write a summary of this article for me?
...Text...
Assistant: Sure, here it is:
..Summary...
As shown in Figure [20] large preference models trained on a mixture of HH and LtS datasets perform equally

well on both. So at least at the level of preference modeling, there seems to be no cost to mixing HH with the
specific skill of evaluating summarization quality.
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