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Question X, | Explore math puzzle * How to rebalance two reward terms? Adjusting a to & results in a new reward
I'm lc_;oklng for ways t_:o make Tg(S‘, a) games that turn concepts
studying for my upcoming math | into challenges. pm—————— —— —— —

exams more enjoyable. Can you Question-related Reward

suggest any interactive (Enjoyable Learning)
Realignment Reward
(REAR)
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resources or techniques?

Lemma 3.2. The realignment reward rrear (s @ p, a) is Rrear(t) = Y 7'rrEAR (5t © Tp, 1)
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learning approaches and find
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E‘h‘e‘“ to be more distracting Preference-related Reward s S 02178 TREAR(S © Tp, a) = logm(a | 5) o
an engaging. (Dislike games) i aB ®) ! + \Blogm(as|s; & z,,)) +Z(s0),
+Elog7r(a | s®zp) + Z(s) —vZ(s), i Smm——— -=- - ———=
+ Human preferences are diverse and personal, yet a pretrained LLM bakes in a single, i here the state-dependent term 2(s) — (1 — ) V™ (s) + — - - - i
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fixed preference balance from its training data. Z‘;:isﬂ:;‘ze epenaent serm 213 a) V8 i REAR Score (Drop state-only terms) |
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 General LLMs are good at answering questions but bad at recognizing user . F1 0 Snean(r) = 309((1 - Nlogm(arls) +Alog(als ®3,)).
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i How can we adjust the balance between question & preference of an LLM? | (1) Best-of-N (2) Tree search (DVTS) (calculated from sub-trajectories)
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i+ Re-training / fine-tuning with specific preference level — costly ' .
: 2 - . | Experiment Results
I« Test-time alignment — no verifiable approach (diff. from math, code, ...) i
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* Under the following reward decomposition: Prop. 3.1 — latent reward structure i Preference: Gener‘tzl_, ROIC—PIGY, 1= :‘ Pr’eference: _DO 900d math

* s: generation state wo. preference (question only)  7(s ® z,,a) = (s, a) + ar,(s @ z,,a)
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* s @ x,: generation state with preference question DEcfErence i Preference: Read y e T e niol| _Method MMHal Score (1) Hallucination (1)
: H H Quostion: BoN w/ REAR 84.20 21.87
+ The base model maximizes the question-related reward wo. preference and maximizes a i the image w!’rhou’r - T BoN w/ GenRM 5021 2396
combination of question-related and preference-related reward with some «a i hallucinations 1 renaiow s et Greedy 7899 28.12
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