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Abstract

Large language models (LLMs) struggle with
complex, long-horizon reasoning due to insta-
bility from the frozen-policy assumption. Cur-
rent test-time scaling methods treat execution
feedback merely as an external signal for filter-
ing or rewriting trajectories, without internaliz-
ing it to improve reasoning strategies. Inspired
by Popper’s “conjectures and refutations,” we
posit that effective reasoning requires real-time
policy adaptation through learning from fail-
ures. We introduce Policy of Thoughts (PoT),
a framework that recasts reasoning as a within-
instance online optimization process. PoT ef-
fectively generates diverse candidates via tar-
geted exploration, then applies Group Rela-
tive Policy Optimization (GRPO) to update a
transient LoORA adapter using execution feed-
back. This closed-loop design enables dynamic,
instance-specific refinement of reasoning pri-
ors. Experiments demonstrate PoT’s substan-
tial gains across multiple benchmarks. On Live-
CodeBench, a 4B model achieves 49.71% ac-
curacy, surpassing 12 test-time scaling base-
lines and commercial models (e.g., GPT-4o,
DeepSeek-V3) despite being over 50x smaller.

1 Introduction

Recent advances are increasingly positioning large
language models (LLMs) as general-purpose rea-
soners, capable of solving problems that require
multi-step deduction, intermediate decisions, and
long-horizon planning (Kong et al., 2025). While
eliciting explicit intermediate reasoning steps
(Chain-of-Thought) (Wei et al., 2022) substantially
improves accuracy, reasoning stability remains a
central bottleneck on hard instances: these tasks
induce a vast search space filled with deceptive
trajectories, where a single early mistake can ir-
reversibly derail the entire reasoning chain. We
argue that this instability is intrinsic to a frozen
policy: without the ability to internalize its own
failed attempts, the model lacks a mechanism to

(a) Popper method

P1 — T
I locate the tension. I craft a conjecture.
I frame the problem. T deduce its testable core.
P2 <« EE
I integrate experience and I seek refutation. I pit my
reconfigure my inquiry  conjecture against reality to
framework. eliminate error.
(b) Policy of Thought Framework
Problem Original Model: Generates fentative,
U. testable solutions ri"ﬁ'
x|
= 7

Environment
Rerank and Evaluates

{
Policy Evolve
4 candidate solutions

TInput v
Submit ™ Self-Evolution
Reattemp = Cycle

Feedback Updated Model: Refine policy from experience

Figure 1: The Policy of Thoughts (PoT) Framework: A
Closed-Loop Reasoning System inspired by Popperian
epistemology. (a) The reasoning cycle: P1 (identify
problem), TT (propose conjecture), EE (test against
reality), and P2 (update understanding). (b) PoT imple-
mentation: The model generates solutions (TT); the
environment evaluates (EE); feedback is internalized
via RL to update the reasoning policy (P2), enabling
real-time adaptation.

consistently correct its course and converge to the
correct solution.

The mainstream approach to mitigate this prob-
lem is test-time scaling—increasing inference-time
computation (Wang et al., 2025c¢). Existing meth-
ods either expand search width through sampling
(Wang et al., 2023; Yao et al., 2023; Kang et al.,
2025) or increase depth through iterative refine-
ment (Madaan et al., 2023; Shinn et al., 2023),
using execution feedback mainly to filter or revise
trajectories. However, they still rely on a frozen
policy, spending substantial computation on failed
attempts without improving the reasoning strategy
itself. In AT history, learning has often surpassed
search on hard problems, as shown by AlphaGo
(Silver et al., 2017) and AlphaFold (Jumper et al.,
2021). This raises a natural question: can we learn,
rather than merely search, at test time? Recent test-
time training (TTT) methods (Akyiirek et al., 2025;
Zuo et al., 2025; Yuksekgonul et al., 2026) explore
this direction via gradient-based updates during in-
ference. However, they target cross-instance adap-
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Figure 2: Comparison of model scale versus Live evaluation accuracy. Our PoT-enhanced model achieves 49.71%
accuracy, significantly outperforming larger parameter scales—where accuracy degrades with increasing parameters.

tation or long-horizon scientific discovery rather
than the per-instance reasoning setting we study.
We introduce Policy of Thoughts (PoT), a
framework that effectively recasts test-time rea-
soning as a within-instance online optimization
process. Inspired by the epistemological princi-
ple of “conjectures and refutations,” PoT enables
the model to iteratively evolve its reasoning policy
through a closed loop of exploration and adapta-
tion. Our key design insight is that per-instance
transient adaptation is the right regime for rea-
soning problems: unlike standard RL, where the
goal is a policy that generalizes across many inputs,
each reasoning instance requires its own reasoning
strategy, and the adapted policy is merely a means
toward finding one correct solution rather than an
end in itself (Yuksekgonul et al., 2026). Concretely,
PoT first explores diverse candidate solutions via
Monte Carlo Tree Search (MCTS), then uses Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) to update a transient LoRA adapter based on
execution feedback. The adapter is discarded after
each problem, leaving the base model untouched.
This closed-loop design transforms additional test-
time compute into direct policy improvement rather
than wasted exploration (see Figure 2). Extensive
experiments show that PoT with small models con-
sistently outperforms 16 existing test-time scaling
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methods and five commercial large models across
multiple benchmarks.

Our contributions are summarized as follows:

. Test-time Policy Evolution. We formalize test-

time reasoning as a within-instance online opti-
mization process, shifting the paradigm from
static trajectory selection to dynamic policy
adaptation. This allows LLMs to transcend the
frozen-policy assumption by internalizing exe-
cution feedback and reshaping their reasoning
strategy in real time.

. Policy of Thoughts Framework. We im-

plement the PoT framework, which unifies
structured exploration (MCTS) with parameter-
efficient internalization (GRPO + transient
LoRA). The per-instance adapter design avoids
catastrophic forgetting and cross-instance inter-
ference, making PoT well-suited to heteroge-
neous reasoning tasks.

. Superior Empirical Performance. A PoT-

enhanced 4B model achieves 64.02% overall ac-
curacy across five code reasoning benchmarks,
surpassing GPT-40 (49.35%), Claude-Opus-4
(55.22%), and Gemini-2.5-Flash (60.91%) de-
spite being over 50x smaller. PoT also im-
proves the reasoning capabilities of thinking
models: Qwen3-4B-Thinking accuracy rises
from 55.20% to 63.70% on LiveCodeBench V6.



2 Related Work

Test-Time Scaling via Sampling and Refinement.
Chain-of-Thought prompting (Wei et al., 2022) es-
tablished the basis for scaling test-time computa-
tion through intermediate reasoning. Subsequent
methods such as Self-Consistency (Wang et al.,
2023) and Best-of-N (Kang et al., 2025) improve
accuracy by aggregating sampled trajectories. It-
erative refinement further enables self-correction:
Self-Refine (Madaan et al., 2023) and Reflexion
(Shinn et al., 2023) revise outputs with verbal feed-
back, while CodeT (Chen et al., 2023a) and Self-
Debug (Chen et al., 2023b) use execution feedback
to verify and repair code. Recent systems such
as OpenAl ol (OpenAl, 2024) further combine
extended reasoning with self-correction. Recent
work such as Agentic Proposing (Jiao et al., 2026b)
further improves reasoning through compositional
skill synthesis.However, these methods operate un-
der a frozen policy: feedback is used only for filter-
ing, rewriting, or prompting, without updating the
underlying reasoning strategy.

Structured Search and Planning. Reason-
ing can also be formulated as structured search.
Tree of Thoughts (Yao et al., 2023) and RAP
(Hao et al., 2023) search over candidate thoughts,
later extended by LATS (Zhou et al., 2024) and
planning-based approaches (Zhang et al., 2023).
To improve efficiency, ReST-MCTS (Zhang et al.,
2024) and process reward-guided ensembling (Park
et al., 2024) incorporate finer-grained feedback into
Monte Carlo Tree Search. Recent work including
AB-MCTS (Inoue et al., 2025) and RethinkMCTS
(Li et al., 2025) further improves search efficiency
and thought refinement. SearchEyes (Jiao et al.,
2026a) further explores search-world simulation to
enhance multimodal deep search intelligence. De-
spite strong exploration ability, these methods still
keep the generation policy fixed throughout search.

Test-Time Training and Adaptation. A grow-
ing line of work relaxes the frozen-policy assump-
tion through gradient-based updates at inference.
Akyiirek et al. (2025) first demonstrated test-time
training (TTT) for few-shot learning. This idea has
since expanded: TTT-E2E (Tandon et al., 2025) ap-
plies TTT to long-context modeling, In-Place TTT
(Feng et al., 2026) enables adaptation for Trans-
former LLMs, LaCT (Zhang et al., 2025) targets
efficient 3D reconstruction, and Spatial-TTT (Liu
et al., 2026) extends TTT to streaming spatial intel-
ligence. In reasoning, TTRL (Zuo et al., 2025) per-

forms test-time RL with self-consistency rewards,
TTT-Discover (Yuksekgonul et al., 2026) applies
RL-based TTT to scientific discovery, TEMPO
(Zhang et al., 2026) studies scaling through alter-
nating refinement and critic recalibration, and Al-
phaProof (Hubert et al., 2025) demonstrates test-
time RL for formal reasoning.Related work such
as Socratic-Zero (Wang et al., 2025a) also explores
bootstrapping reasoning through data-free agent
co-evolution.

3 Preliminaries

3.1 Monte Carlo Tree Search

MCTS is a decision-making framework designed
to explore complex solution spaces by incremen-
tally constructing a search tree. In reasoning tasks,
each node represents an intermediate thought or a
partial solution state. The search process follows
four iterative phases: (1) Selection, where nodes
are chosen based on the Predictor Upper Confi-
dence Bound applied to Trees (PUCT) to balance
exploration and exploitation:

a; = argmax (Q(s, a)
a

2 N(s,d)
14+ N(s,a) |

(D
+ Cpuct P(s,a)

where (s, a) is the action value, N(s,a) is the
visit count, and P(s, a) is the policy prior. (2) Ex-
pansion, where new potential thoughts are gener-
ated by the policy; (3) Simulation, where complete
reasoning trajectories 7 are sampled to reach a ter-
minal state; and (4) Backpropagation, where the
reward R(7) from environment feedback is used to
update the values of ancestral nodes:

N(s,a)
R(;) )
i=1

1
N(s,a)

Q(s,a) =

By aggregating terminal outcomes through Equa-
tion 2, MCTS filters out erroneous paths and serves
as the structured exploration engine for generating
diverse candidate trajectories.

3.2 Low-Rank Adaptation

To enable parameter-efficient test-time evolution,
we adopt Low-Rank Adaptation (LoRA) (Hu
etal., 2021). For a frozen pre-trained weight matrix
Wy € R¥*, LoRA represents the parameter up-
date AW as the product of two low-rank matrices
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Figure 3: Policy evolution on a thought tree with frozen LLM and dynamic LoRA adaptation. (a) Overall
pipeline: A thought tree is constructed rooted at the problem. The LLM backbone remains frozen while the policy
evolves through LoRA adapters. In each iteration, children are expanded from pending nodes, evaluated, and
low-quality branches are pruned. (b) Single iteration mechanism: All child nodes sharing the same parent form a
group. Their trajectories are evaluated and used to compute group-wise advantage signals. The LoRA parameters
are then updated via GRPO, enabling structured policy refinement.

B € R¥" and A € R"™¥¥, where r < min(d, k).
The forward pass is modified as:

h=Wor + AWz = Wor + %BAx 3)

During a reasoning episode, only A and B are
subject to optimization. LoRA acts as a transient
adapter, providing a lightweight vessel for the
rapid parameter mutations needed to transform the
initial policy P; into the evolved state P».

3.3 Group Relative Policy Optimization

We employ GRPO (Shao et al., 2024) to transform
external feedback into internal knowledge. For a
given problem ¢, GRPO samples a group of G tra-
jectories {01, 09, . ..,0¢} and optimizes the policy
Tp by maximizing:

zf:[ <7T9 Z‘q)A“Clip>

Larro (0 -
old

- /BDKL(FGHTFref)]
(4)

where the advantage A; is estimated via relative
rewards within the sampled group:

~ ’]",L

i =

7TG)
7TG)

— mean(ry, ...
Std(?“l, R

&)

By utilizing group-relative reward normaliza-
tion, GRPO effectively internalizes environment
feedback into the model’s parameters, enabling
instance-specific policy adaptation.

4 Methodology: Policy of Thoughts (PoT)

In this section, we present the Policy of Thoughts
(PoT) framework. We first formalize the reasoning
process as an online adaptation problem, followed
by an overview of the evolutionary cycle. We then
detail the mechanisms of exploratory conjecture
and policy (see Figure 3).

4.1 Problem Formulation: Reasoning as
Online Adaptation

We formulate problem solving as a finite-horizon
Markov Decision Process (MDP) (S, A, 7, R).
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Unlike static paradigms with a fixed policy, PoT
adapts an instance-specific policy my 4 within a
single reasoning episode, where 6 denotes frozen
pre-trained weights and ¢ a transient adapter.

* State Space S: A state s; = (P, H;) consists
of the problem description P and the history
He = {(ci, fi)}ﬁ;i, where ¢; is the i-th gen-
erated thought and f; is the corresponding
execution feedback.

* Action Space A: An action a; generates
a Thought ¢, i.e., a functionally complete
code implementation as a token sequence
(y1,...,yL), where y; is the j-th token.

¢ Transition 7 : Transitions are deterministic:
Si+1 = st U (¢, fr).

* Unified Reward R: Let 7 = (¢1,¢2,...,¢t)
denote a complete reasoning trajectory—a se-
quence of thoughts generated for problem P.
To quantify the degree of refutation for each
conjecture, we define a reward R(7) derived
from unit test execution:

1.0, if all pass (AC)
Npass/Niowi,  if partially pass 6)
0, otherwise

R(r) =

where Npass and Nyoa denote the number of
passed and total unit tests, respectively.

4.2 Framework Overview: The Evolution
Cycle

Guided by Popperian epistemology, PoT recasts
reasoning as acycleof P, - TT — EFE — P
(Figure 1). For any given problem P, PoT initial-
izes a task-specific transient adapter ¢, repre-
senting the initial policy state Pj.

The reasoning process unfolds over multiple
steps t € {1,...,T}, each comprising an inter-
leaved phase of exploration and adaptation:

» Exploratory Conjecture (7°7): PoT employs
structured search to explore the solution space,
generating a diverse ensemble of trajectories
as tentative theories.

¢ Policy Internalization (F E — P,): Execu-
tion feedback serves as objective refutation.
PoT leverages GRPO to internalize these sig-
nals into the transient adapter, producing an
evolved policy ¢, 11 (state P») with a refined
prior for subsequent search.

This cycle ensures that test-time computation sup-
ports both solution-space exploration and internal
reasoning refinement.

4.3 Exploratory Conjecture via Structured
Search

To generate the diverse conjectures required for
policy evolution, PoT performs a search-driven ex-
ploration phase. At each step t, it initiates k paral-
lel simulations to populate an experience buffer 13,
where k is a fixed hyperparameter controlling the
breadth of exploration.

Selection and Expansion. The search engine
traverses the tree by selecting actions that maxi-
mize the PUCT objective:

a; = argmax (Q(s, a)+
(N

P05 0N s )

> N(s,) )
where N (s, a) denotes the visit count, P(s,a) is
the prior probability under the current adapter ¢y,
and C > 0 is the exploration constant. Upon reach-
ing a leaf node, k candidate thoughts are generated
(k is a fixed expansion width) and evaluated by
environment execution.

Backpropagation. The reward R(7) is back-
propagated to update the value Q along the visited
path in the tree.

Early Termination. If any simulation yields
a perfect reward (R(7) = 1.0), the search termi-
nates immediately and returns the corresponding
solution. Otherwise, the ensemble of G trajectories
B = {(7;, R(7:))}%., is forwarded to the internal-
ization phase, where GG denotes the group size (i.e.,
the number of collected trajectories per iteration).

4.4 Policy Internalization via Online
Optimization

When exploration fails to yield a solution, PoT con-
verts feedback from failed conjectures into policy-
level updates, constituting the core of test-time
policy evolution.

Relative Advantage Estimation. To internalize
refutation signals, we compute the relative advan-
tage A; within the group B. This identifies compar-
atively more promising conjectures and provides
the gradient direction for policy evolution:

A; = clip M —Ca, Ca)  (8)
maX(O—Gan)
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Figure 4: Overall performance on reasoning benchmarks. PoT achieves the highest score (58.98%), significantly
outperforming self-refinement methods, search-based approaches, and standard inference baselines. It also surpasses
recent MCTS-enhanced methods such as AB-MCTS and ReinforceMCTS, demonstrating the effectiveness of its
unified thought-tree-guided policy evolution framework.

where ug = mean({Rj}le) and og =
std({ R; }le). where 17 > 0 is a small constant
to prevent division by zero, C4 > 0 is the clipping
bound for advantage normalization, and mean(-),
std(+) denote the empirical mean and standard de-
viation over the group.

Gradient-based Internalization. We min-
imize the GRPO loss to update the transient
adapter ¢, directly encoding refutation signals
into the model’s parameters. Let 7;;(¢) =
To(Yig | $,Yi,<j) /7, (Yij | 5,yi,<;j) denote the
importance sampling ratio. The loss is:

|7

|
min (Ti’in,

11
‘C(("):G;m

Clip(Tz"j, 1—6, 1+€)Az)

J=1

)
- B DKL(Wthﬂ—ref)}

Here, |7;| denotes the token count of trajectory 7;,
Yi,<; 1s the token prefix up to position j—1,¢ > 0
is the PPO clipping threshold, 8 > 0 controls KL
regularization strength, and m.¢ is the reference
policy (typically ¢¢).

Action Commitment. After £ epochs of opti-
mization (where E is a fixed number of fine-tuning
steps), the model commits to a new thought ¢; via
greedy decoding from the evolved policy g ¢, ., ; -
This updated policy then serves as the prior for the
next step’s exploration, progressively narrowing the
search toward high-quality regions. Upon episode
completion, the transient adapter is discarded, re-
setting the model for the next independent task.

S Experiments

5.1 Experiment Setup

Models. We used Qwen3-4B-Instruct-2507
(Yang et al., 2025), Qwen3-1.7B-Thinking (Yang
et al., 2025), Qwen3-30B-A3B-Instruct-2507
(Yang et al., 2025), and Phi-4-mini-4k-instruct (Mi-
crosoft, 2025) as the base models on which we
deploy PoT and SOTA baseline methods.

Benchmarks. We evaluated our method on five
benchmarks: LiveCodeBench v5 and v6 (Jain et al.,
2024), HumanEval (Chen et al., 2021), MBPP
(Austin et al., 2021), and the ICPC subset of
OJBench (Wang et al., 2025b).The complete bench-
mark details are provided in Section F, which in-
cludes the specific number of problems in each
dataset: HumanEval (164 problems), MBPP (257
problems), LiveCodeBench v5 lite (167 problems),
LiveCodeBench v6 lite (175 problems), and ICPC
(73 problems), totaling 836 programming problems
spanning various difficulty levels.

Baselines. We evaluate PoT against a com-
prehensive suite of baselines spanning prompting,
iterative refinement, structured search, test-time
training, and frontier LLMs. Detailed configura-
tions, hyperparameters, and fairness protocols for
all baselines are provided in Appendix B.

Evaluation Protocol. We evaluate all methods
using pass@1. To ensure fair comparison, PoT is
matched with search-based and TTT baselines un-
der a consistent computational budget; detailed con-
figurations and evaluation protocols are provided
in Appendix D.

Implementation Details. See in Appendix E.
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Table 1: Code reasoning results with a 4B solver. All methods use the same inference budget and evaluation protocol
(Appendix B). LiveCodeBench (LCB) results are evaluated on the code_generation_lite split. Overall is the

unweighted average across all five benchmarks.

Baselines \ HumanEval MBPP LCB V5 LCB V6 ICPC \ Overall
Model Baselines (Strong Commercial models (zero-shot))
Qwen3-235B-A22B 79.88 75.10 35.33 37.21 5.48 46.60
DeepSeek-V3 91.50 87.60 31.74 16.00 9.59 47.29
Gemini-2.5-Flash 94.01 81.70 64.07 56.57 8.22 60.91
GPT-40 92.70 87.60 29.94 29.71 6.80 49.35
Claude-Opus-4 95.80 83.20 50.30 40.00 6.80 55.22
Method Baselines (On Qwen3-4B-Instruct-2507)
Standard Inference
+Zero-shot 84.76 79.77 30.54 27.43 6.80 45.86
+Few-shot + CoT 85.98 82.88 31.13 28.57 8.22 47.36
+Best of N (N=20) 90.85 82.10 43.61 37.71 9.59 52.77
Self-Refinement / Debugging
+Self-Refine 84.15 80.13 30.54 28.00 5.48 45.66
+Reflexion 87.80 85.60 34.13 38.12 10.59 51.25
+CODET 88.41 83.79 34.43 30.13 8.22 49.00
+RAP 87.19 81.71 31.73 28.00 8.22 47.37
Search-Based Reasoning
+PG-TD 89.02 83.72 38.12 34.32 10.59 51.15
+ToT 90.24 82.37 43.11 38.86 16.43 54.20
+LATS 87.80 90.66 47.51 43.43 13.69 56.62
+AB-MCTS 90.85 83.66 39.52 36.00 15.07 53.02
+RethinkMCTS 89.02 87.34 49.83 44.12 15.07 57.08
Test-Time Training / Adaptation
+TTRL 91.22 86.14 48.61 41.67 13.70 56.27
+TTT-Discover 93.90 88.76 51.38 44.86 15.07 58.79
+RSA 88.78 86.91 48.94 43.71 14.85 56.64
+s1 90.37 88.02 50.11 45.03 15.66 57.84
+PoT (Ours) 98.78 94.94 57.49 49.71 19.18 64.02

Table 2: Cross-architecture generalization results. PoT is applied to models of different families and scales, including
instruct variants. LCB results use the code_generation_lite split. Overall is the unweighted average across

evaluated benchmarks.

Method \ HumanEval MBPP LCB V5 LCB V6 ICPC \ Overall
Phi-4-mini-dk-instruct
+zero-shot 74.39 68.09 19.90 15.42 - 44 .45
+PoT (Ours) 87.80 82.49 33.53 27.42 - 57.81
Owen3-1.7B-Thinking
+zero-shot 78.05 70.82 32.93 29.14 4.11 43.01
+PoT (Ours) 90.24 84.05 45.51 42.29 8.23 54.06
QOwen3-30B-A3B-Instruct-2507
+zero-shot 93.30 85.20 65.00 40.20 25.97 61.93
+PoT (Ours) 98.78 96.89 82.04 62.29 41.10 76.22

5.2 Main Results

As shown in Table 1, PoT achieves an over-
all score of 64.02 on Qwen3-4B-Instruct-2507,
outperforming the strongest prompting baseline
(Best-of-20, 52.77) by +11.25 points, the best
search method (RethinkMCTS, 57.08) by +6.94
points, and the best test-time training method (TTT-
Discover, 58.79) by +5.23 points. Notably, PoT
surpasses commercial models including GPT-40
(49.35), Claude-Opus-4 (55.22), and Gemini-2.5-

Flash (60.91) despite being over 50x smaller. The
largest gains appear on challenging benchmarks:
+7.66 on LCB V5 and +5.59 on LCB V6, demon-
strating that test-time policy evolution is particu-
larly effective for complex reasoning tasks requir-
ing iterative refinement.

5.3 Cross-Architecture Generalization

Table 2 shows that PoT generalizes across model
families, scales, and training paradigms. On
Qwen3-1.7B-Thinking, PoT improves overall accu-
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Table 3: Ablation on test-time evolution using Qwen3-
4B-Instruct-2507 on LCB v6. A denotes absolute per-
centage point gain relative to the zero-shot baseline.

Configuration Accuracy (%) A (%)
Zero-shot

Base Model 27.43 -
Search Only (No Adaptation)

POT w/o LoRA Update 37.14 19.71
Search + Adaptation (Ours)

POT w/ LoRA Update 49.71 122.28

Table 4: Ablation on branching factor £ on LCB v6.
Cost denotes measured wall-clock latency per evolution
step. A is relative to k = 3 (ours).

Branching Factor £ Accuracy (%) A (%) Cost (ms)

k = 3 (Ours) 49.71 - 473.66
k = 1 (Greedy) 31.42 11829  161.43
k=2 41.14 1857 309.87
k=4 50.28 1057  849.47
k=8 54.86 +5.15  2369.96
k=16 55.42 1571 3984.52
k=32 56.57 1686  8752.96

Table 5: Ablation on LoRA rank r, learning rate n
on LCB v6. A denotes absolute difference relative to
(r =8,m=10"%) (ours).

Setting (7, 77) Accuracy (%) A (%)
LoRA(8, 1 x 10™%) (Ours) 49.71 =

LoRA(4, 5 x 107%) 43.43 1628
LoRA(4,1 x 107%) 46.29 1342
LoRA(8, 5 x 1075) 46.86 12.85
LoRA(16, 5 x 1075) 50.28 10.57
LoRA(16,1 x 10™%) 50.86 11.15

racy from 43.01 to 54.06 (+11.05 points), while Phi-
4-mini-4k-instruct gains +13.36 points. The trend
also holds for larger models, with Qwen3-30B-
A3B-Instruct-2507 improving by +14.29 points.
PoT is also complementary to thinking models;
additional results are in Appendix H. These re-
sults confirm that test-time policy evolution is
architecture-agnostic and enhances long-form rea-
soning.

5.4 Ablation Study

All ablations use Qwen3-4B-Instruct-2507 on Live-
CodeBench vb6.

Ablation on Test-time Evolution. Table 3
demonstrates the critical importance of dynamic
weight adaptation in POT. Starting from the
Qwen3-4B zero-shot baseline (27.43%), the ver-
sion without LoRA updates reaches only 37.14%

through pure MCTS exploration. In contrast, our
full framework achieves 49.71%—a 12.57-point
improvement over static search. This margin
highlights how on-the-fly internalization of exe-
cution feedback enables the model to escape logi-
cal plateaus that often limit traditional search, pro-
viding essential adaptability for more successful
reasoning.

Ablation on Branching Factor k. Table 4 inves-
tigates the impact of search breadth by varying k.
Results show k& = 3 optimally balances exploration
diversity and computational efficiency. Lower val-
ues (kK = 1,2) yield significantly worse perfor-
mance—e.g., k = 1 drops to 31.42% due to insuf-
ficient contrastive samples for GRPO—while large
k incurs prohibitive overhead. Although k£ = 16
achieves 55.42%, its latency (3984.52 ms) is over
eight times that of £ = 3 (473.66 ms), indicating
severely diminished returns. Thus, & = 3 pro-
vides the ideal equilibrium, delivering robust per-
formance while maintaining high iteration speed
for effective test-time evolution.

Ablation on LoRA Hyperparameters. Table 5
identifies the stability-performance frontier through
joint analysis of rank r and learning rate . The
(r = 8,17 = 10~%) configuration achieves the high-
est accuracy (49.71%), outperforming others by
2.28-6.28%. Reducing either r or 7 leads to drops
up to 6.28%, suggesting insufficient capacity for
immediate knowledge internalization. Increasing r
to 16 yields marginal gains but risks overfitting on
sparse per-instance feedback.

5.5 Reward Robustness and Cross-Domain
Generality

Sensitivity to Reward Quality. A key question
is whether PoT benefits specifically from meaning-
ful execution feedback, or merely from the addi-
tional computation introduced by online adaptation.
To isolate the effect of the learning signal, we keep
the MCTS search procedure unchanged and perturb
only the reward used for GRPO updates. Results
on LCB V6 with Qwen3-4B are shown in Table 6.
Incorrect reward signals consistently degrade per-
formance below the search-only baseline (37.14%),
while progressively reducing reward noise leads
to steadily improved performance. In particular,
reversing the reward direction causes performance
to fall to 25.14%, even below zero-shot genera-
tion (27.43%). This demonstrates that the LoRA
adapter does not provide a generic benefit from
additional computation; rather, it internalizes the
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GRPO Reward Setting Pass@1 (%)
Inverted (1 — R) 25.14
Zero-shot 27.43
Shuffled 3143
Noisy (o = 1.0) 33.71
Constant 36.00
Search only (no LoRA) 37.14
Noisy (o = 0.7) 39.43
Noisy (o = 0.5) 43.43
Noisy (o = 0.3) 46.29
Noisy (o0 = 0.1) 48.57
PoT (full) 49.71

Table 6: Sensitivity of PoT to the quality of the GRPO
reward signal on LCB V6. MCTS search is kept identi-
cal across all settings.

direction encoded by the reward signal. With Gaus-
sian noise, performance improves monotonically
from 33.71% at 0 = 1.0 to 48.57% at 0 = 0.1,
approaching the full PoT result of 49.71%. These
results indicate that reward fidelity is an important
determinant of the effectiveness of test-time policy
evolution.

Generalization Beyond Code Generation. We
further evaluate whether policy evolution is spe-
cific to code generation or can be applied to tasks
with substantially different output structures and
feedback mechanisms. Table 7 summarizes results
across environment-verified and reward-model-
based tasks. PoT consistently improves over zero-
shot generation across code generation, formal the-
orem proving, mathematical reasoning, knowledge
question answering, and multimodal reasoning. No-
tably, PutnamBench and miniF2F provide a partic-
ularly strong test of generality: formal proof check-
ing supplies only binary feedback and proofs are
not naturally compositional in the same manner
as code. Nevertheless, PoT improves DeepSeek-
Prover-V2-7B from 9.00% to 30.20% on Putnam-
Bench and from 48.57% to 65.14% on miniF2F.
These results suggest that composability is not a
strict prerequisite for policy evolution; instead, suf-
ficiently informative variation in the reward signal
can provide a useful learning signal for transient
adaptation.

Adaptation Dynamics. We further inspect indi-
vidual adaptation trajectories to understand how
PoT improves reasoning within a problem. On
LCB V6 problem #127, the model initially adopts a
greedy strategy and achieves a pass rate of 3/14. Af-
ter successive policy updates, it shifts to backtrack-
ing (4/14), introduces memoization (8/14), and fur-

Task Model Zero-shot PoT
LCB V6 Qwen3-4B 2743  49.71
PutnamBench DeepSeek-Prover-V2-7B 9.00  30.20
miniF2F DeepSeek-Prover-V2-7B  48.57  65.14
TriviaQA Qwen2.5-7B 59.70  75.00
AIME-25 Qwen3-8B 20.90 32.30
MMLU-Pro Qwen3-8B 63.40 74.10
MathVista Qwen3-VL-8B 53.90 65.40

Table 7: Cross-domain evaluation of PoT. The method
consistently improves performance across environment-
verified and reward-model-based tasks.

ther improves the implementation with prefix-sum
optimization and boundary corrections, eventually
reaching 14/14. In contrast, on problem #43, the
model moves from brute-force enumeration toward
algebraic constructions, but remains at 0-2/18 after
20 iterations. The latter failure illustrates an impor-
tant limitation: when candidate solutions receive
similarly sparse rewards, the learning signal may
be insufficient to distinguish promising mathemati-
cal directions. These trajectories suggest that PoT
is most effective when execution feedback provides
sufficient reward variation to guide both strategy
transitions and subsequent refinement.

6 Conclusion

We present Policy of Thoughts (PoT), a test-time
reasoning framework that moves beyond the frozen-
policy assumption by enabling per-instance online
policy evolution. PoT integrates structured explo-
ration (MCTS) with gradient-based internalization
(GRPO + transient LoRA), allowing the model to
dynamically refine its reasoning strategy by learn-
ing from failed attempts rather than discarding
them. Across five code reasoning benchmarks, a
PoT-enhanced 4B model achieves 64.02% over-
all accuracy—surpassing 16 test-time scaling base-
lines including recent TTT methods (TTT-Discover,
TTRL), as well as commercial models such as
GPT-40 (49.35%), Claude-Opus-4 (55.22%), and
Gemini-2.5-Flash (60.91%), despite being over
50x smaller. PoT is also complementary to think-
ing models, further boosting Qwen3-4B-Thinking
from 55.20% to 63.70% on LiveCodeBench V6.
Ablations confirm that the core gain stems from
coupling adaptation with search: pure exploration
yields only marginal improvement, while the per-
instance transient adapter design outperforms per-
sistent cross-instance adaptation by 5.41 points.
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Limitations

We acknowledge that the reliance on learned re-
ward models as proxies for ground-truth feedback
introduces a degree of subjectivity. Whether model-
based signals can fully substitute for deterministic
environmental feedback remains an open question
and represents an interesting direction for future
investigation.
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A Generalization and Future Directions

To assess the generality of PoT beyond code gen-
eration, we evaluate it across diverse reasoning do-
mains spanning theorem proving, mathematical rea-
soning, knowledge-intensive QA, and multimodal
understanding.

A clear trend emerges across these tasks. PoT ex-
hibits the strongest gains in settings with native en-
vironment feedback, such as formal proof checkers
or tool-execution environments, where refutation
signals are precise, deterministic, and directly ac-
tionable. In contrast, for tasks without executable
interfaces (e.g., open-ended math or knowledge
QA), we employ RRM-7B as a unified verifier to
score candidate solutions. While performance in
these settings is naturally bounded by verifier relia-
bility, PoT still achieves consistent improvements.

We evaluate PoT across five representative
benchmarks using reported baseline scores and
PoT-enhanced results. As shown in Table 8, the
largest improvements occur in PutnamBench and
DeepResearch—both of which provide full envi-
ronment feedback—whereas RM-based tasks show
more moderate but stable gains.

These results demonstrate PoT’s broad effec-
tiveness across heterogeneous reasoning tasks,
while highlighting reliable reasoning verifiers as a
promising future direction.

Ablation on Reward Signal Quality. To disen-
tangle the impact of verifier capability on PoT’s
performance in non-executable domains, we con-
duct an ablation study on AIME-25 using different
reward sources (Table 9). We compare the stan-
dard setup against Self-as-RM (where the policy
model evaluates its own outputs) and stronger pro-
prietary or open-source reasoning RMs (RRM-32B,
Gemini-3-Pro, GPT-5).

The results reveal a clear hierarchy: Reasoning
RMs are effective surrogates: Specialized verifiers
like RRM-7B/32B bridge the gap significantly, and
scaling to frontier models (Gemini-3-Pro, GPT-5)
further amplifies performance. This indicates that
while environment-dense tasks (like coding) nat-
urally favor PoT due to deterministic feedback,
the framework is robust enough to leverage high-
quality reasoning-based feedback to achieve com-
parable trajectories in abstract domains.

These findings underscore a key insight: PoT is
best suited for agentic, grounded reasoning. How-
ever, as reward models evolve from simple classi-
fiers to complex reasoners, the distinction between

"environment feedback" and "RM feedback" be-
gins to blur, allowing PoT to extend its efficacy
into purely conceptual domains. Future work will
focus on narrowing the gap between open-weight
RMs and ground-truth environments for scientific
discovery.

B Baseline Setup

We unify the execution environment for all base-
lines to ensure consistent comparison. All base-
lines run under identical inference hardware and
software configurations, with shared backend, time-
out settings, and dataset processing pipelines.

Simple (0-shot). Temperature is set to 0.0 with
greedy decoding. A single code solution is gener-
ated without iterative refinement. The maximum
output length per generation is set to 8192 tokens.
For MBPP, a 3-shot prompt template is applied.
This baseline is evaluated on HumanEval, MBPP,
LiveCodeBench, and ICPC.

Few-shot + CoT. (Wei et al., 2022) This base-
line provides the model with few-shot exemplars
that demonstrate intermediate reasoning steps in a
chain-of-thought style. The prompt includes task-
specific exemplars, input-output formats, and tar-
get problem instructions. Decoding uses temper-
ature 0.0 to enforce deterministic reasoning. The
token budget for generation is set to 16, 384 tokens
to ensure sufficient space for long-form reasoning
chains. No iterative refinement or feedback mecha-
nism is applied; only a single forward generation
is executed per task.

Best-of-N. (Kang et al., 2025) This baseline sam-
ples N = 20 candidates using temperature 0.7.
Each candidate is generated with a maximum
length of 8192 tokens. If any candidate passes
all test cases, execution stops early. This method
emphasizes sampling-based diversity.

Reflexion. (Shinn et al., 2023) This baseline per-
forms iterative refinement with at most 10 refine-
ment rounds. Each round conducts 2 internal test
executions, then the model reflects and regener-
ates using temperature 0.7. The maximum output
length per generation is 8192 tokens. The total
number of LLM calls is approximately 20 (genera-
tion + reflection).

Self-Refine. (Madaan et al., 2023) This baseline
executes a single initial generation, followed by 3
refinement rounds. Generation uses temperature
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Table 8: Generalization of PoT across reasoning domains. Baseline scores are from official reports. All models use
non-thinking mode unless otherwise noted. Tasks with native environment feedback (PutnamBench, DeepResearch)
show substantially larger gains compared to RM-guided tasks, though RRM-7B still provides effective signals.

Domain Benchmark Model Baseline +PoT Feedback Type
STEM + General Knowledge MMLU-Pro Qwen3-8B 63.4 74.1 RM (RRM-7B)
Non-formal Math Reasoning ~AIME-25 Qwen3-8B 20.9 323 RM (RRM-7B)
Formal Math Proof PutnamBench DeepSeek-Prover-V2-7B 9.0 30.2 Native Environment
Multimodal Math Reasoning  MathVista Qwen3-VL-8B 53.9 65.4 RM (RRM-7B)
DeepResearch TriviaQA Qwen2.5-7B-Instruct 59.7 75.0  Native Environment

Table 9: Ablation study on AIME-25: Impact of Reward Model choice on PoT performance. The backbone is
Qwen3-8B in non-thinking mode. “Self-as-RM” denotes the backbone scoring its own solutions. Stronger reasoning
RMs yield gains closer to those seen in environment-grounded tasks.

Reward Model Source Type Accuracy (%) A vs Baseline
Baseline (No PoT, Qwen3-8B) - 20.9 -
Self-as-RM (Qwen3-8B) Policy Self-Check 28.4 +6.5
RRM-7B Open Weights 32.3 +11.4
RRM-32B Open Weights 35.1 +14.2
Gemini-3-Pro Proprietary API 35.8 +14.9
GPT-5 Proprietary API 36.2 +15.3

0.7, feedback uses temperature 0.3. The maximum
output length per generation is 2048 tokens. No
code execution is performed; the model internally
assesses correctness and may stop early.

ToT (Tree of Thoughts). (Yao et al., 2023) This
baseline performs tree-structured search with max-
imum depth 5, beam width 3, and 3 sampled can-
didates per node. Sampling uses temperature 0.7,
and the maximum output length per node is 2048
tokens. Search proceeds via BFS with scoring and
pruning.

LDB (Large Language Model Debugger).
(Zhong et al., 2024) This baseline segments a pro-
gram into basic blocks, executes it on a visible test
case to collect runtime variable states, and queries
the LLM once per debugging iteration with all se-
lected block-level execution traces; the prompt is
capped at 3,097 input tokens, at most 10 basic
blocks are included per iteration, greedy decoding
(temperature 0) is used, and up to 10 debugging
iterations are allowed.

RAP (Reasoning via Planning). (Hao et al.,
2023) This baseline uses Monte Carlo Tree Search
(MCTS) with 20 iterations, sampling exactly 3 ac-
tions per expansion, a maximum reasoning depth
of 8, and each LLM call (for action or state gen-
eration) capped at 2048 tokens with temperature

0.8.

PG-TD (Planning-Guided Transformer Decod-
ing). (Zhang et al., 2023) This baseline performs
tree search over LLM-generated code solutions,
where each node represents a partial program; at
each leaf, it uses beam search (beamsize = 1) to
complete the program and evaluates it on public
test cases to assign a pass-rate reward; the search
uses P-UCB with exploration weight ¢ = 4, ex-
pands the top-3 most likely next tokens per node,
and runs for up to 256 total LLM calls (one per
rollout); each LLLM generation is capped at 1024
tokens and uses temperature 0.7.

LATS (Language Agent Tree Search). (Zhou
et al., 2024) This baseline performs at most 10
search iterations, each expanding 3 nodes. Each
node is tested using 2 internal executions. Sam-
pling uses temperature 0.7, with a maximum out-
put length of 4096 tokens. Node selection fol-
lows UCB1 with exploration weight 1.414, and
the search loop consists of selection, expansion,
evaluation, and backtracking.

AB-MCTS (Adaptive Branching Monte Carlo
Tree Search). (Inoue et al., 2025) This baseline
performs tree search over LLM-generated code so-
lutions, where each node represents a candidate pro-
gram evaluated by execution on visible test cases;
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it uses temperature 0.7, allows up to 128 total LLM
calls per problem, and dynamically decides at each
node whether to generate a new candidate or refine
an existing one based on Bayesian posterior up-
dates of observed scores; the method has no fixed
branching factor and caps each LLM generation at
1024 tokens.

RethinkMCTS. (Li et al., 2025) This baseline
applies MCTS with 16 rollouts, 3 expansions per
rollout, and up to 2 rethink attempts per failed
branch. Sampling uses temperature 0.7. The maxi-
mum decoding length per expansion is 4096 tokens.
A variable P-UCT policy is used with constants 4.0
and 10.0.

CodeT. (Chen et al., 2023a) This baseline gener-
ates 10 candidate solutions and synthesizes 5 test
suites with 5 test cases each. Sampling uses tem-
perature 0.8, and the maximum output length per
candidate is 16384 tokens. Candidate ranking uses
Dual Agreement based on test execution outcomes.

Fairness Policy. All baselines are executed un-
der the same hardware, inference backend, timeout
configuration, and dataset handling pipeline. To-
ken generation limits, sampling configurations, and
evaluation methodologies are fully disclosed to en-
sure transparent and reproducible comparison.

Our Setting. Our method adopts a structured
search paradigm with explicit tree expansions. At
most M = 20 expansions are allowed, each expan-
sion generates up to k = 3 child candidates, and
each candidate receives up to 2048 tokens. This
yields a maximum search capacity of 60 generated
nodes under the same infrastructure as baselines.

Response Length and Budget Fairness. A natu-
ral question is whether the different per-candidate
token limits across methods (e.g., 8192 for Best-of-
N vs. 2048 per node for PoT) constitute an unfair
comparison. We argue that fairness should be de-
fined at the level of total computational budget
rather than per-call token length, for the following
reasons.

First, different methods have fundamentally dif-
ferent inference structures. Best-of-N requires
each candidate to be a standalone, complete so-
lution generated from scratch, so it needs a large
per-candidate budget. In contrast, PoT operates
as a multi-round search-and-adapt process: each
node builds upon previously explored context, and

the MCTS tree structure allows the model to con-
tinue refining a solution across iterations rather
than regenerating it from scratch each time. This
is analogous to how a human programmer debugs
iteratively—each attempt does not restart from zero
but builds on prior understanding. The per-node to-
ken limit reflects this iterative nature: a 2048-token
budget per node is sufficient because the model’s
adapter has already internalized feedback from ear-
lier attempts.

Second, controlling total budget is strictly more
meaningful. Under our protocol, PoT’s total token
budget is 20 x 3 x 2048 = 122,880 tokens, while
Best-of-N uses 20 x 8,192 = 163,840 tokens—a
33% larger budget for Best-of-N. Enforcing identi-
cal per-call limits would either inflate PoT’s total
budget (favoring PoT) or compress Best-of-N’s per-
candidate budget (favoring PoT even more), neither
of which constitutes a fair comparison.

Third, we verify empirically that per-candidate
length is not the source of PoT’s advantage. We
ran a unified 2048-token cap across all methods on
LCB V6:

Table 10: Unified 2048-token cap experiment on LCB
V6. Capping all methods to the same per-candidate
token limit produces minimal changes and preserves the
original ranking.

Method Original (%) Unified 2048-cap (%)
Best-of-N 37.71 36.86
AB-MCTS 36.00 36.27
RethinkMCTS 44.12 43.57
PoT (Ours) 49.71 48.94

The ranking is unchanged, and all methods ex-
perience comparably small drops (<1 point). This
confirms that PoT’s gains arise from its policy
evolution mechanism, not from differences in per-
candidate token budgets.

Finally, our compute efficiency analysis (Ta-
ble 18) provides a more comprehensive fairness
measure: PoT achieves the best accuracy while
consuming only 3.86 PFLOPs per problem, which
is lower than most search-based and TTT baselines
(5-7 PFLOPs). This demonstrates that PoT is not
only fair but actually more compute-efficient than
the methods it outperforms.

C Robustness Analysis

Multi-seed Stability. Table 11 reports 8-run mean
and standard deviation on LCB V6. PoT achieves
the highest mean accuracy (49.76%) with the low-
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Table 11: Multi-seed evaluation on LCB V6 (8 indepen-
dent runs with different random seeds).

Method 8-run Mean + Std. (%)
Best-of-N 37.64 + 0.61
RethinkMCTS 44.09 + 0.47
PoT (Ours) 49.76 + 0.34

Table 12: Degenerate GRPO group analysis on LCB V6.
A group is degenerate when all k=3 candidates receive
identical rewards, producing zero gradient signal.

Temperature Degen. Ratio (%) Acc. (%)

0.2 16.8 56.8
0.4 14.2 57.3
0.6 12.9 57.7
0.8 15.1 57.0

est variance (10.34), confirming that the perfor-
mance gains are robust and not artifacts of seed
selection.

Degenerate Group Analysis. Table 12 exam-
ines how often all candidates in a GRPO group
receive identical rewards (producing no gradient
signal). The degenerate ratio remains moderate
(12.9-16.8%) across temperatures, and accuracy
stays stable. Importantly, even when a degenerate
group occurs, subsequent exploration still condi-
tions on accumulated context, so the overall search-
and-adaptation process does not stall.

Ablation on LoRA Hyperparameters. Table 5
identifies the stability-performance frontier through
joint analysis of rank r and learning rate 1. The
(r = 8,1 = 10~%) configuration achieves the high-
est accuracy (49.71%), outperforming others by
2.28-6.28%. Reducing either r or ) leads to drops
up to 6.28%, suggesting insufficient capacity for
immediate knowledge internalization. Increasing
r to 16 yields marginal gains but risks overfitting
on sparse per-instance feedback. Notably, our ap-
proach exhibits a form of benign overfitting: de-
spite performing intensive, instance-specific up-
dates using only limited execution signals, the
model avoids catastrophic forgetting or policy col-
lapse. Instead, it significantly improves task perfor-
mance while preserving its base reasoning capabil-
ities. This indicates that PoT’s transient adaptation
mechanism effectively channels overfitting toward
productive refinement rather than degradation. Per-
Instance Reset vs. Persistent Adapter. A natural
question is whether the transient LoRA adapter
should be discarded after each problem or retained
across instances. We evaluate a no-reset variant

on LCB V6 where the adapter is carried over be-
tween consecutive problems. This variant achieves
44.3%, compared with 49.71% for the standard per-
instance reset, a drop of 5.41 points. The degrada-
tion suggests that instance-specific updates are not
reliably transferable across problems and can intro-
duce cross-instance interference. This validates our
design choice of per-instance transient adaptation:
the adapted policy is a means toward solving the
current problem, not a persistent artifact.

D Computational Budget of POT

To ensure reproducibility and transparency regard-
ing the computational footprint of our method, we
explicitly define the resource constraints for the
inference search process and the on-the-fly training
updates used in POT.

D.1 Evaluation Protocol and Fairness
Constraints

We adopt pass@1 as the primary evaluation metric
across all experiments.

To ensure rigorous comparison, we align PoT
with search-based and TTT baselines under a con-
sistent computational budget by enforcing the same
node expansion limit.

For code generation benchmarks, the test cases
used for reward computation during PoT’s search
and adaptation are strictly disjoint from the hidden
test cases used for final pass@1 evaluation. The
model never accesses hidden evaluation tests dur-
ing inference, search, or parameter updates.

Additional implementation details and hyperpa-
rameter settings are provided below.

D.2 Computational Budget of POT

Inference Budget. For each problem instance,
we set a maximum budget of M = 20 MCTS itera-
tions. In every iteration, the tree expands by k£ = 3
child nodes, resulting in a theoretical maximum
of 60 generated nodes per problem. Each node
generation is constrained by a local token limit of
Lyo4e = 2048. Although this search configuration
defines a high upper bound, the average path depth
in practice is effectively regulated by the objective-
driven nature of the MCTS selection policy.

On-the-fly Training Overhead. The core mecha-
nism of POT involves integrating online GRPO up-
dates directly during the search. We utilize LoRA
(rank » = 8) to update the policy weights effi-
ciently. As demonstrated in our empirical profiling
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in Table 13, the computational cost is manageable.
For a batch of £ = 3 nodes (at a representative
sequence length), a single LoORA backward pass
incurs approximately 1.46 x the latency of the cor-
responding forward pass. The total budget approxi-
mation is given by:

Total Budget ~ M Xx (C()Stfwd’k + Costbwd)
~ M x (1 + 1.46) X COSthdvkzg
(10)

This relationship indicates that the additional over-
head for online training is roughly equivalent to
adding about 1.5 extra node expansion steps (of
width k& = 3) per iteration.

Efficiency via Fast Convergence: A Case Study.
Although the backward pass increases the per-step
cost, POT significantly reduces the total number
of iterations required to reach the optimal solution.
Consider Jump Game II, where the model must
overcome a strong prior for O(N?) dynamic pro-
gramming in favor of an O(N) greedy approach:

* Static Baseline Scenario: Without online
adaptation, the search policy often remains
trapped in local optima, requiring an extensive
budget (e.g., Mstatic = 104) to stochastically
sample the correct path using only forward
expansions.

* POT Scenario: By performing gradient up-
dates on failed candidates, POT suppresses
sub-optimal reasoning and converges within
a much stricter budget, typically requiring far
fewer steps (e.g., Mpor =~ 15).

The computational efficiency gain is calculated
by comparing the total cost of static iterations
against the cost-augmented POT iterations:

Coststatic 104 x Costiwd, k=3

15 x Costiotal k=3
104 x 192.66

= ~ 282
15 % 473.66 - 282X

Costpor

an

This demonstrates that despite the training over-
head, POT achieves superior end-to-step efficiency
by preventing wasted exploration in suboptimal
reasoning branches.

Global Efficiency vs. Performance. As demon-
strated in Table 14, POT achieves a state-of-the-art
accuracy of 98.78%, significantly outperforming
all baselines. Crucially, our reported time (196.42s)

is a total end-to-end duration—strictly encompass-
ing both the LoRA-based backward updates and the
MCTS search process—whereas baseline figures
(e.g., LATS and AB-MCTS) account for inference
only.

Despite including the full training overhead,
POT maintains a total latency comparable to, or
even lower than, several leading search-oriented
approaches like RethinkMCTS (223.27s). This re-
sults in a superior efficiency-performance trade-off:
by leveraging gradient-driven adaptation to prune
search spaces and suppress sub-optimal reasoning
early, POT successfully transmutes backward com-
putation into high-precision reasoning. Compared
to static search methods that often plateau around
90% accuracy even with extensive budgets, POT
demonstrates that on-the-fly learning is a more
effective path toward solving complex reasoning
tasks without incurring prohibitive total time costs.

E Implementation Details

In this section, we detail the experimental config-
urations and hyperparameter settings for the PoT
framework. Our system consists of a tree-based
search mechanism for test-time scaling and a group-
relative policy optimization (GRPO) framework for
alignment.

E.1 MCTS Search and Code Verification

To enhance the model’s reasoning trajectory explo-
ration, we implement a Monte Carlo Tree Search
(MCTS) strategy. The search process is governed
by the Upper Confidence Bound (UCB) formula
with an exploration constant ¢y, = 1.414.

For each simulation, the model generates k& = 3
candidate continuations (generation batch size)
with a maximum search depth of 8. The generation
process is constrained to a maximum of 2048 new
tokens per node with a sampling temperature of
T = 0.7. To ensure the technical correctness of the
synthesized code, we integrate the LiveCodeBench
environment for real-time execution-based verifica-
tion. We set a code execution timeout of 10 seconds
and assign a reward weight of 1.0 for successful
test case completion. Furthermore, the system in-
corporates an error feedback mechanism, where
execution errors are utilized to refine the search
process. The detailed hyperparameters are summa-
rized in Table 15.
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Table 13: Profiling of computational cost components for POT (k = 3). Total cost reflects the real-time latency as

defined in Table 4, where Costyiq1 = Cost g + COstpypd-

Component (Batch Size & = 3)

Computational Cost (ms)

Forward Pass (Cost fy,q) 192.66
LoRA Backward (Costy,,, Rank r = 8) 281.00
Total Iteration Cost 473.66
Overhead Ratio (Costy,,q/Cost f,,q) 1.46 x

Table 14: Efficiency and performance comparison on
HumanEval using Qwen3-4B-Instruct-2507. For PoT,
Avg. Time includes both LoRA training and inference;
for other baselines, inference only.

Method Training Avg. Time Accuracy
Req. (s) (%)
Standard Prompting & Ensemble
Zero-shot No 28.51 84.76
Few-shot CoT No 52.13 85.98
Best-of-N No 113.87 90.85
Iterative Refinement
Self-Refine No 58.96 84.15
Reflexion No 61.29 87.80
CodeT No 56.34 88.41
LDB No 71.23 87.19
Search-based Approaches
RAP No 162.33 89.63
PG-TD No 178.26 89.02
ToT No 121.46 90.24
LATS No 178.83 87.80
AB-MCTS No 189.24 90.85
RethinkMCTS No 223.27 89.02
PoT (Ours) Yes 196.42 98.78
(LoRA)

E.2 Training and GRPO Parameters

The model is fine-tuned using Group Relative Pol-
icy Optimization (GRPO). For each input prompt,
we sample a group of G = 3 outputs to estimate the
advantage function through relative reward ranking,
thereby eliminating the need for a separate value
network.

The training objective incorporates a KL diver-
gence penalty with a coefficient 5 = 0.02 to ensure
policy stability. Additionally, a fixed KL coefficient
of 0.005 is applied as a baseline constraint. To
prevent excessive drift from the initial policy, the
reference model is synchronized every 10 update
steps. We adopt Parameter-Efficient Fine-Tuning
(PEFT) via Low-Rank Adaptation (LoRA) with a
rank 7 = 8 and a corresponding vLLM backend
configuration. The optimization is conducted us-
ing a learning rate of 1 x 10~ with a PPO clip

Table 15: Hyperparameters for MCTS Search and Code
Verification.

Component Parameter Value
Number of simulations 20
Temperature (17) 0.7
MCTS Core Maximum search depth 8
Generation batch size (k) 3
Max new tokens 2048
Code verification Enabled
Code Evaluation = Code reward weight 1.0
Code timeout (seconds) 10
Error feedback Enabled
Selection Exploration constant (cpuct) 1.414

ratio e = 0.3 over 3 epochs. The complete training
hyperparameters are provided in Table 16.

Table 16: Hyperparameters for GRPO Training and
LoRA.

Component Parameter Value
Learning rate 1x107*
Optimization PPO epochs 3
PPO clip ratio (¢) 0.3
LoRA rank (r) 8
LoRA (PEFT) vLLM max LoRA rank 8
Group size (G) 3
KL penalty coefficient (/3) 0.02
GRPO Fixed KL coefficient 0.005
KL ref update frequency 10

E.3 Computing Infrastructure

To ensure the reproducibility of our results, we
detail the hardware and software environment
used for both training and inference. All exper-
iments were conducted on a single-node worksta-
tion equipped with a single NVIDIA A800 (80GB)
GPU. The generous 80GB of HBM2e memory al-
lows for efficient execution of Group Relative Pol-
icy Optimization (GRPO) and accommodates the
significant KV cache demands during deep MCTS
simulations.
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The software stack is built upon the latest indus-
try standards to leverage high-performance kernels.
We utilize CUDA 13.0 and PyTorch 2.9.0 as the
primary deep learning framework. For the test-time
scaling phase, we employ vLLM (v0.13.0) as the
inference engine, which provides optimized sup-
port for the LoRA adapter and high-throughput
continuous batching during tree search.

Table 17: Hardware and software specifications.

Component Specification

GPU 1x NVIDIA A800 (80GB
HBM2e)

VRAM 80 GB

Host Memory 128 GB DDR4 (suggested)

Operating System Ubuntu 22.04 LTS

CUDA Version 13.0
Deep Learning Framework  PyTorch 2.9.0
Inference Engine vLLM v0.13.0

F Benchmark Details

Our evaluation encompasses five code generation
benchmarks with a total of 836 programming prob-
lems. The detailed composition of our test suite is
as follows:

* HumanEval: Contains 164 programming
problems designed to evaluate code genera-
tion capabilities on diverse algorithmic tasks.

e MBPP (Mostly Basic Python Problems):
Comprises 257 problems focusing on basic
Python programming skills and common cod-
ing patterns.

¢ LiveCodeBench: Utilizes the official
code_generation_lite versions for both
v5 and v6 releases:

— LiveCodeBench VS5 lite: 167 problems
— LiveCodeBench v6 lite: 175 problems

* ICPC: A subset of OJBench containing 73
competitive programming problems from In-
ternational Collegiate Programming Contest
scenarios.

In total, our comprehensive benchmark suite con-
tains 164 4+ 257 + 167 + 1754 73 = 836 program-
ming problems across different difficulty levels and
problem domains, providing a thorough evaluation
of code generation performance across various cod-
ing challenges and paradigms.

Table 18: Compute efficiency comparison on LCB V5
using Qwen3-4B-Instruct-2507. All methods use the
same evaluation budget (20 iterations, k=3, max 2048
tokens). Reported time and FLOPs include full end-to-
end cost (forward + backward + search).

Method Acc. (%) Avg Time Est. FLOPs
Best-of-N 43.61 364 s 3.02 PF
ToT 43.11 96.8 s 5.94 PF
AB-MCTS 39.52 109.7 s 6.72 PF
RethinkMCTS  49.83 101.3 s 6.08 PF
TTRL 48.61 84.6s 5.96 PF
TTT-Discover 51.38 78.9 s 5.21 PF
PoT (Ours) 57.49 61.7 s 3.86 PF

Table 19: Results for Qwen3 Thinking variants on LCB
V6 benchmark.

Method | LCBV6

Owen3-4B-Thinking-2507
+zero-shot 55.20
+PoT (Ours) 63.70

Owen3-30B-Thinking-2507
+zero-shot 76.80
+PoT (Ours) 84.90

G Compute Efficiency Analysis

Table 18 compares the compute efficiency of rep-
resentative methods on LCB V5. Despite includ-
ing the full backward-pass overhead for LoRA up-
dates, PoT achieves the best accuracy (57.49%)
while consuming only 3.86 PFLOPs per problem—
less than all search-based and TTT baselines ex-
cept Best-of-N. This demonstrates that gradient-
driven policy evolution effectively prunes the
search space, converting backward computation
into higher-precision reasoning rather than wasted
exploration.

H Additional Results on Thinking Models

To further examine whether PoT complements
models with built-in long-form reasoning, we
evaluate it on two dedicated thinking mod-
els: Qwen3-4B-Thinking-2507 and Qwen3-30B-
Thinking-2507.

As shown in Table 19, PoT consistently im-
proves both models. On Qwen3-4B-Thinking-
2507, PoT increases LCB V6 accuracy from 55.20
to 63.70 (+8.50 points). On Qwen3-30B-Thinking-
2507, accuracy improves from 76.80 to 84.90
(+8.10 points).

These gains indicate that PoT is complementary
to native reasoning capabilities rather than a substi-
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tute. Even when the base model already performs
extended multi-step reasoning, test-time policy evo-
lution remains beneficial by refining reasoning tra-
jectories using environment feedback and adapting
the policy to the current instance.
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