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Background

m | earning from preference feedback is a common practice for Al system.
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= We need Al agents to generalize human preference for online and infinite tasks.
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= A typical solution to generalize human preference in RLHF -> Scalar Reward model =8
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Language model

Value head

= Challenges for Scalar Reward model:

2. Susceptible to biases in datasets

What Al learns: Shampoo
with yellow color is better
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Motivation

Address interpretability and robustness in one shot with Con-J

L Instruction }
f[ As an evaluation expert, given a question and its two possible answers, please choose which answer beh
Preamble J

aligns with coherence, accuracy, coverage, and overall quality. Output your judgment in JSON format,
where "rationale" is your explanation, and "better_answer" is an integer type of 1 or 2, for example,

{"rationale": "your explanation”, "better_answer": 1}. Below are the question and its candidate answers:

[ Question ] The volume of a rectangular prism is 96 cubic decimeters, and the base area is 16 square decimeters.
What is its height in decimeters?

We can use the following formula to calculate Height = Volume / Base Area=96/ 16 =
[ Answer 1 ] the height: V = S \times h. Substitute the known [ Answer 2 ] 5 decimeters. Therefore, the height of Con'J can generate
k values into the formula: 96 = 16 \times h; h = 6. the rectangular prism is 5 decimeters. preference prediction

~ with rationales
/—‘ Scalar reward model r—\ / [ Generative judge: Con-J } //4
{“rationale”: “Answer 1 provides a complete solution
| Scalar score | e ; : : :
- m - that involves basic method and logical reasoning. Answer
5

+ 1 2 contains a calculation error.”, “better_answer": 1}

Answer 1 > Answer 2
[ Value head ] PN Rationale Preference prediction )
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S| Judgments Sampling

S; Contrastive Training
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Preference Dataset )
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S, Judgements Filtering

Con-] leverages the LLM’s pre-existing judgment and bootstraps this
ability with human preference
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Method

® S, Judgments Sampling

m  Repeated sampling

®  Hint-driven sampling -> compel the LLM to generate judgments that prefer specific answers
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Method

m S, Judgements Filtering
m  Positive: the preference prediction corresponding to the keyword "better answer" is correct

®  Negative: the preference prediction is wrong / the format of the answer is incorrect
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m  §; Contrastive Training

Train the LLM using DPO loss on positive and negative judgments and SFT loss on positive judgments
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Experiment

m Closed source version

Model

Creation Math Code

GPT-40

55.6* 74.8% 68.1"

SM (point-wise) 69.4* 84.8 694
SM (pair-wise) 69.2* 84.6 69.6

Con-J

72.4 85.0 70.1

Model Creation Math Code
Con-J untrained 53.6* 63.4* 61.7*
Con-J w/o Hint 61.3* 77.4* 68.2
Con-J w/o DPO 54.6* 64.2* 63.5*
Con-J 72.4 85.0 70.1

_ Con-J outperforms scalar reward model (SM)

trained on the same corpus and GPT-40

| Con-) outperforms its variants w/o

DPO and w/o hint-driven sampling




Experiment

®m  Open source version

Model Infinity- Ultra- PKU- Reward-Bench
Preference @ Feedback SafeRLHF Chat Chat-H Safety Reasoning

Llama3.1-8B 59.0 62.9 66.4 80.7 49.8 64.0 68.1
Llama3.1-70B 64.0 71.4 67.6 97.2 70.2 82.8 86.0
Qwen2-7B 59.0 64.5 67.2 91.3 44.8 73.6 69.0
Qwen2.5-72B 70.0 66.0 58.7 86.6 614 74.5 90.7
Auto-J 69.0 63.9 66.9 93.0 40.0 65.5 50.5
Prometheus 2 68.0 63.3 63.0 85.5 49.1 171 76.5
GPT-40 75.0 72.2 69.6 953 743 87.6 86.9
Con-J (ours) 81. - 730 68.4 91.3 79.6 88. 87.1

Con-) outperforms or is comparable to state-of-the-art LLM-as-a-Judge




Experiment

® Interpretability of Con-J:is the rationale generated by Con-] useful and reliable?
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The correctness of the
rationales are increasing
during Con-| training




Experiment

® Interpretability of Con-J:is the rationale generated by Con-] useful and reliable?
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The rationales may not
be consistent with the
final prediction




Experiment

® Interpretability of Con-J:is the rationale generated by Con-] useful and reliable?
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Distilling Con-J’s
rationale can achieve

comparable performance
to GPT-4o.




Experiment

m  Robustness of Con-J:

" Why is Con-] more robust than Con-] w/o rationale and scalar model (SM)?
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Con-J’s trained with rationale is more
robust at learning from biased data
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Experiment

Robustness of Con-|:
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Con-J’s trained with rationale is more
robust at learning from biased data

Why is Con-] more robust than Con-] w/o rationale and scalar model (SM)?

Training with rationales bring robustness
against bias.

Py(jy | P) = ) Ps(dy | 3r,p) Po(jr | P)

Jr

LLM-as-a-Judge resists bias with LLM’s
prior learning from pretraining. -> a
regularization effect

A
£(6) = Laata(0) + 5110 — 6ol




Takeaways

Con-) -> LLM-as-a-Judge to address the interpretability and
vulnerability of scalar reward models

How to train Con-J -> self-bootstrap, elicit what LLM
already knows but supervised by human preference

Result -> Con-] not only improves its accuracy and

robustness in preference prediction but can also generate
high-quality rationales

Insight -> Can we improve Al system in its interpretability
and robustness with human preference Signals?
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Tsinghua University

Thank you! Welcome to our session!
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