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Figure 1: DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods
for fine-tuning language models with human feedback first fit a reward model to a dataset of prompts and
human preferences over pairs of responses, and then use RL to find a policy that maximizes the learned reward.
In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification
objective, fitting an implicit reward model whose corresponding optimal policy can be extracted in closed form.
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Rafailov et al. (2023). Direct Preference Optimization: Your Language Model is
Secretly a Reward Model. NeurlPS 2023. https://arxiv.org/abs/2305.18290
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Figure 1: Self-Rewarding Language Models. Our self-alignment method consists of two
steps: (i) Self-Instruction creation: newly created prompts are used to generate candidate
responses from model M;, which also predicts its own rewards via LLM-as-a-Judge prompting.
(ii) Instruction following training: preference pairs are selected from the generated data,
which are used for training via DPO, resulting in model M, ;. This whole procedure can
then be iterated resulting in both improved instruction following and reward modeling ability.

Yuan et al. (2024). Self-Rewarding Language Models. ICML 2024.
https://arxiv.org/abs/2401.10020
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Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.
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Ograniczenia rozwigzan bazujgcych wytgcznie na uczeniu
Ze wzmocnieniem

1. Wymaga danych do nadzorowanego pretreningu
2. QOgraniczona réznorodnosc¢ generowanych sciezek rozwigzan
3. Nieefektywnosc przeszukiwan
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1. Expansion

R(st) = O(s¢) + C(s¢)

C(St) — 7T9(A | promptevabxa St)



Table 6: Evaluation Prompt Template. The text underlined will be replaced with content from
different examples.

QUESTION: Which of the following is an example of the formation of a mixture?
Answer Choices: (A) rust forming on an iron nail (B) sugar crystals dissolving in water (C) sodium and
chlorine forming table salt (D) hydrogen and oxygen reacting to produce water

EXAMPLE ANSWER: The answer is (B) sugar crystals dissolving in water

PROPOSED SOLUTION: The formation of a mixture occurs when two or more substances are
combined together without changing their individual properties. In the given options, rust forming on an
iron nail is an example of the formation of a mixture. The iron nail and the oxygen in the air combine to
form iron oxide, which is a mixture. The answer is A.

QUESTION: Evaluate if the proposed solution is logically heading in the correct direction.
Provide an answer of (A) correct or (B) incorrect.

ANSWER: The answer is

R(St) = O(St> + C(St)

C(sy) = mg(A | prompt,, ., T, S¢)



Table 3: Ablation of “EXAMPLE ANSWER” in self-evaluation on GSM8K, MATH, and ARC-C.
We report AUC and accuracy (%) to compare the discriminative abilities of self-evaluation scores.

GSMSK MATH ARC-C
AUC Accuracy AUC Accuracy AUC Accuracy

w/ example answer 74.7 72.5 76.6 48.8 65.2 27.5
w/o example answer  62.0 69.5 48.1 42.3 95.8 48.4

Approach




2. Backpropagation

Q(st,a) < 1(st,a) + YV (st41)
V(st) < ZN(St+1)Q(Staa)/ZN(St-{-l)

N(st) « N(s:)+1




3. Selection

* N (s
St+1" = argmax | Q(st, a) + Cpuct - P | 3t)1+N((st) )]
Sy t+1

pla | st) =mo(a |, st)/lal?



Theorem 3.1 (Offline setting can fail with high probability). Let 7 be any distribution for which there
exists y € Y such that n(y | x), (g | z,y) < eforally € (Y \y) U{y*} and myi-1)(g | ) > ¢
for some i € {1,2,--- ,M}. Set 7'V = 7 foralli € {1,2,---,M}. Then, there exists § € ©
such that with probability at least 1 — 2eM (over the samples of ) = ), the following holds:
mo(y* |2) < 1—c.

If the current policy and the sampling policy differ too much, it is possible that e = 0 and ¢ = 1.0,
for which Theorem 3.1 can conclude 7y (y™* | ) &~ 0 with probability 1 for any number of steps M.



Theorem 3.2 (Online setting can avoid offline failure case). Let 78 = To(i—1). Then, for any 6 € ©,
it holds that mo(y* | x) = 1if M > n+ 1.



Table 7: Pass Rates when Ablating MCTS Settings. SE represents the guidance from self-evaluation.

Decoding Strategy ~ After Learning ~ ARC-C  AI2Sci-M  GSMSK
Greedy Decoding ?; 76.63‘3‘.?0_1 88.720T.?,-,;; 807.?;2.2
MCTS w/o SE § 91?(2)%i,3 92{55 89§8fi.6
MCTS § 922?:13}(,),‘1 97?:(3)3*5(;,.\ 905.;3?81_4




Table 1: Result comparison (accuracy %) on arithmetic tasks. We
supervised fine-tune the base model Mistral-7B on Arithmo data,
while Math-Shepherd (Wang et al., 2023a) use MetaMATH (Yu
et al., 2023b) for SFT. We highlight the advantages of our approach
via conceptual comparison with other methods, where NR, OG, OF,
and NS represent “w/o Reward Model”, “On-policy Generation”,
“Online Feedback”, and “w/ Negative Samples”.

Conceptual Comparison

Approach Base Model GSMSK MATH
NR OG OF NS

LMSI PaLM-540B o/ ¥ X 73.5 -
SFT (MetaMath) ; - - - (P 28.2
Math-Shepherd Mgt 7h X X/ 84.1 33.0
SFT (Arithmo) — — — — 75.9 28.9
MCTS Offline-DPO NRT R 7 X X v 79.9 31.9
Instance-level Online-DPO oo 7 v v/ v/ 79.7 32.9
Ours v Ve v ve 80.7 32:2
Ours (w/ G.T.) v v v v 81.8 34.7
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Direct Pred CoMCTS
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Table 2: Ablation Study on CoMCTS. We study how each
model in CoMCTS collective learning contribute to overall
tree search performance in Search Success Rate (S.S.R.).
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Wu et al. (2025). DeepSearch: Overcome the Bottleneck of Reinforcement Learning
with Verifiable Rewards via Monte Carlo Tree Search.
https://www.arxiv.org/abs/2509.25454
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The g-value initialization is ¢(°)(s;) = 0 for all s; € 7. Terminal node rewards are assigned
according to the verification function’s result:

+1  if V(Send) = 1 (correct),

Q(Send) = {_1 if V(Send) = 0 (incorrect) V d(send) < d7 (incomplete). ©)

To ensure positive g-values (e.g., gcorreet = 0.1) for nodes on correct reasoning paths while penalizing
nodes leading to incorrect or incomplete solutions, we enforce the constrained update rule:

g™ D (8;) +v6,1) - ¢™ (sena) if g™V (8;) - ¢™ (Sena) > 0,
g™ (s5) = < v(3,1) - ¢"™ (Sena) elif (™) (senq) > 0, (7)
g™ (s;) elif (™1 (s;) > 0.

Wu et al. (2025). DeepSearch: Overcome the Bottleneck of Reinforcement Learning
with Verifiable Rewards via Monte Carlo Tree Search.
https://www.arxiv.org/abs/2509.25454
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For each frontier node s € F, we compute a frontier priority score:
F(s) = A1 x tanh(Qparent(5)) + A2 x H(mg(s|0)) + A3 x D(d(s)). (10)

~" "~

Quality Potential Uncertainty Bonus Depth Bonus

Wu et al. (2025). DeepSearch: Overcome the Bottleneck of Reinforcement Learning
with Verifiable Rewards via Monte Carlo Tree Search.
https://www.arxiv.org/abs/2509.25454
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Q-Value Soft Clipping. To address the g-value explosion problem for intermediate nodes while
preserving meaningful gradients, we first apply soft clipping using the hyperbolic tangent function:

a(s;) = tanh (g (s;) /€ ) - Gumax forall s; € T\ S (16)

where £ ax 1S the maximum rollout iterations, €, = 1.0 is the temperature parameter, and gmax = 1
defines the maximum allowable g-value magnitude.

Aj,k — Q<SJ) — Ht,

where 14 is the average reward of the terminal nodes Se,g throughout the tree T



1. Standard Reasoning 2. Generate Abstractions 3. Propose and Utilize Abstractions
by Summarizing the Future
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Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning
Problems https://arxiv.org/abs/2510.02263
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EyNﬂ'HOI( 1%,2) [ACC(y Yy )] > Eywﬂed( %) [ACC(}/' y )]

Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning
Problems https://arxiv.org/abs/2510.02263
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K pass@k coverage (max@k)
w/0 abs w/ abs w/o abs w/ abs
1 14.0% 18.0% 19.5% 22.5%
2 17.5% 22.5% 24.0% 28.5%
4 20.0% 26.5% 28.5% 34.0%
8 22.8% 30.2% 31.8% 38.8%
16 24.7% 33.2% 35.0% 42.9%

Table 1: pass@k accuracy and max@k coverage
on the ARC-AGI benchmark. Abstractions yield

consistent gains in both metrics.



“To ensure that the abstractions do not “leak” content of the solution, we verify
post-hoc that prompting a model with only the abstraction and no problem yields
zero accuracy when sampling 16 times from the base model. This makes these
abstractions suitable for our study as they only provide useful information while not
allowing the model to shortcut to the answer.”

Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning
Problems https://arxiv.org/abs/2510.02263
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Figure 3: RLAD training paradigm. We train an abstraction generator, 73"%, that proposes some reasoning abstractions

sol

conditioned on the question x, denoted as z. Then, the solution generator, 7,”", is trained to produce a response, y, conditioned

on the generated abstraction z. The reward used for training 75" corresponds to the average success rate of the solution

generator conditioned on the proposed abstraction.

Qu et al. 2025. RLAD: Training LLMs to Discover Abstractions for Solving Reasoning
Problems https://arxiv.org/abs/2510.02263
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Abstraction and Solution Generation Tradeoff in Test-Time Scaling
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