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Abstract

Test-time scaling via sequential revision has emerged as a powerful paradigm for
enhancing Large Language Model (LLM) reasoning. However, standard post-
training methods primarily optimize single-shot objectives, creating a fundamental
misalignment with multi-step inference dynamics. While recent work treats this as
multi-turn reinforcement learning (RL), conventional approaches optimize over the
multi-step trajectories directly, failing to further exploit the high-quality mistakes
in intermediate steps that model can learn from correcting them. We propose a
two-stage iterative framework that alternates between online data/prompt augmen-
tation and policy optimization. By converting the intermediate steps (“near-miss"
answers) in the successful recovery trajectories into decoupled revision and ver-
ification prompts, our approach concentrates training on both effective answer
transformation and error identification. This approach enables efficient off-policy
data generation and reduces the computational overhead of long-horizon sampling
compared to standard multi-turn RL. On LiveCodeBench, using publicly avail-
able test cases as feedback, we observe gains of +6.5 points over the RL baseline
and +4.0 points over standard multi-turn training. Beyond coding, our approach
matches the previously reported SOTA result on circle packing. Math results under
ground-truth verification further confirm improved correction ability. It also gener-
alizes to out-of-distribution constraint-satisfaction puzzles such as n_queens and
mini_sudoku, where correctness is defined entirely by problem constraints.

1 Introduction

Large language models (LLMs) deployed in challenging settings rarely produce a correct answer
on the first attempt; real-world workflows routinely loop back with feedback. A growing family of
test-time scaling (TTS) algorithms formalizes this pattern, including sequential revision (Madaan
et al.,|2023};|Shinn et al.| [2023)), tree search (Inoue et al., 2025)), evolutionary refinement (Lee et al.,
2025b), and best-of- N with a verifier (Chow et al.| 2025). They all share a single primitive: given a
problem, a previous attempt, and feedback, produce an improved response.

This raises a basic question: can we design a post-training algorithm that explicitly improves a
model’s test-time sequential revision capability? We focus on sequential revision (SR) because gains
on SR transfer to the rest of the family: every revision-using TTS algorithm eventually calls the
policy on revise-from-prior-attempt inputs, and SR has the broadest such distribution. Theorem[3.1]
shows that increasing the policy’s one-step revision value on SR-induced inputs also raises J4 for
every revision-using TTS algorithm whose call inputs are covered by SR, up to small drift terms.

How, then, do we post-train an LLM to optimize the SR objective Jy., ? Standard post-training,
RLHF (Ouyang et al., [2022), RLVR, and GRPO (DeepSeek-Al et al., 2025), optimizes a single-
shot expected reward, which is fundamentally misaligned with the multi-step nature of test-time
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deployment. The natural fix is multi-turn RL on revision rollouts, but trajectory-level credit broadcasts
assign path-dependent credit. Take a wrong, wrong, correct rollout: every per-turn log-probability
gradient receives the same positive credit, including the wrong intermediates. Per rollout this credit is
biased, and only cancels in expectation across many rollouts.

We propose REVES, a two-stage iterative framework that targets the SR objective Jy, directly
through its per-state structure. We show that J,., decomposes exactly into a weighted sum of
per-state one-step recovery probabilities along visited rollouts (Lemma4.1)), exposing single-state,
single-turn gradients with no horizon credit assignment. REVES is an offline realization of this
per-state training signal: each epoch, it runs SR rollouts under the current policy, retains those that
succeed within budget, converts the intermediate (“near-miss”) answers into decoupled revision and
verification prompts, and trains with standard single-turn RL on the augmented prompt set; the next
epoch refreshes the augmentation. This concentrates training on per-state recovery and avoids both
the bias of trajectory broadcasts and the cost of long-horizon online sampling.

Empirically, on LiveCodeBench with public test cases as feedback, REVES achieves +6.5 points
over the single-shot RL baseline and +4.0 points over standard multi-turn training. On the circle
packing benchmark, a Qwen3-4B base trained with REVES matches the previously reported best
results from much larger evolutionary search systems built on Gemini-2.0 Pro/Flash and Qwen3-8B.
Math benchmarks (MATHS500, AIME24/25) show consistent improvements under both ground-truth
and self-confidence stopping, and the trained policies generalize to out-of-distribution constraint-
satisfaction puzzles (n_queens, mini_sudoku). Beyond standalone SR, REVES improves every
revision-using TTS algorithm we tested (BoN, MCTS, AB-MCTS variants, Mind Evolution), in line
with the conditional bound in Theorem 3.1]

Our contributions are threefold:

1. Conceptual. We formulate test-time scaling as a meta-RL problem and show that improving
sequential revision also improves any revision-using TTS algorithm whose call inputs are covered
by SR (Theorem [3.1).

2. Methodological. We derive an exact decomposition of Jy, into per-state one-step recovery
probabilities and propose REVES (Lemma[4.T)), a two-stage framework that converts intermediate
near-miss answers into decoupled revision and verification prompts and trains with single-turn
RL, sidestepping the path-dependent credit assignment of multi-turn RL.

3. Empirical. REVES delivers consistent test-time improvements across math, coding, out-of-
distribution puzzles, circle packing, and improves revision-using TTS algorithm we evaluated.

2 Related Work

Test-time-aware post-training. A growing line of work shows the importance of aligning the
post-training objective with the intended test-time inference strategy. For parallel-sampling families,
this includes optimizing pass@#k (Chen et al., [2025; Walder and Karkhanis, [2025; Tang et al., [2025)
when deployment uses best-of-/V, majority voting (Wang et al., 2023)), or learned verifiers (Chow.
et al.,[2025)). Our deployment is structurally different: the test-time strategies we care about, including
sequential revision, MCTS variants, and Mind Evolution, are all revision-using algorithms whose
calls take as input a previous attempt together with its feedback. Aligning training with this inference
family therefore requires a different objective.

Training sequential revision capability. Closer to our setting, several prior methods explicitly
train the policy to revise, including supervised and preference-based approaches (Qu et al., [2024;
Xiong et al.| 2025)), RL-based approaches (Kumar et al.,2024; Jiang et al.| 2025} Lee et al.| 2025a),
and multi-turn RL methods that incorporate per-turn natural-language or numerical critiques (Jain
et al., 2025} [Li et al., 2025blla; |Zhang et al., [2026)). Our work shares the broader goal of strengthening
the model’s revision capability, but differs in framing: we primarily focus on how to align training
with the test-time objective of a revision-using inference strategy.

Weakness-driven data synthesis and guided exploration. SwS (Liang et al.l[2025)) synthesizes
new problems targeting the model’s weaknesses using strong external teacher models, and POPE (Qu
et al.,|2026) uses privileged oracle hints to guide on-policy exploration on hard problems. These meth-
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ods are orthogonal to ours: they target single-shot pass@ 1, whereas REVES targets a fundamentally
different test-time objective.

3 Test-Time Scaling as a Meta-RL Problem

Setup and two motivating examples. We fix notation used throughout the paper. Denote by X
the distribution over input problems, ) the answer space, and 7* : X x Y — [0, 1] the ground-truth
reward, where r*(z,y) = 1 indicating a fully correct answer. We focus on the verifiable-reward
regime where r* is computable during both training and at test time, e.g., public test-case execution
for code, and constraint satisfaction for puzzles. When 7* is unavailable at test time, a surrogate
stopping rule replaces it (Section [d). We model the LLM as a policy 7y in RL parameterized by
6. At deployment, an LLM rarely operates by a single call to 7y; instead a test-time scaling (TTS)
algorithm ¢ orchestrates up to K policy calls and extracts a final answer § € ). Two canonical
examples bracket the design space: Best-of-N (BoN) (Chow et al.| [2025)) draws NN candidates in
parallel from 7y (- | ) and selects § via an external scorer; every call uses the same original prompt.
Sequential Revision (SR) (Madaan et al.l 2023) generates an initial response y; ~ my(- | =) from
prompt z, and for t = 2,..., K produces a revision y; ~ mg(- | ,y:—1, ft—1) conditioned on the
previous attempt y;_1 and a feedback signal f;_; (e.g., compiler error messages in code generation),
halting at the first correct response. Detailed pseudocode is in Protocol 1| of Appendix

General formulation: the TTS-induced decision process. Pairing any TTS algorithm ¢ with
mp induces a decision process with prompt-state space S and response space ). At each step ¢, the
policy emits a response y; ~ 7o(- | s¢), and ¢ constructs the next prompt via a transition kernel
Py(si41 | $1:4, y1:¢)- The initial state is s; = x. Note that the policy itself remains Markov in the
current state (at every step, mg conditions only on the local prompt s;); the history dependence is in
the kernel, because ¢ may branch from any earlier response. We focus on the family &% of TTS
algorithms that issue at least one revision call on a prior attempt; this includes Sequential Revision
and adaptive tree search such as AB-MCTS (Inoue et al.,|2025). For such algorithms a revision-step
prompt has the form s;1 = (z,v,,, fi,), @t € {1,...,t}, where the prior step i, is chosen by ¢:
for SR, i; = t (always the most recent response), so s;41 depends only on (s¢, y;) and the induced
process is a standard MDP; for tree-search algorithms such as AB-MCTS, ¢; may be any earlier
response that ¢’s search policy decides to branch from, and the kernel is genuinely history-dependent.
The procedure runs until a random stopping time 7 := K A min{¢ : r*(z,y;) = 1} and outputs
4y = y,; that is, the procedure either early-stops once a verified-correct response is produced, or
exhausts the budget K. Running 7y inside ¢ yields the TTS-induced objective

J6(0) = Eanx, (1.7 yar)~(man) [ (@5 47)]

to be contrasted with the standard single-shot objective

JOneShot(e) = Ezw)(, y~o () [T* (.’E, y)] )

which is what RLHF (Ouyang et al.| 2022)), RLVR, and GRPO (DeepSeek-Al et al.||2025) optimize.
Optimizing Jy rather than Jopeshot 18 @ meta-RL problem (Figure : the policy must adapt across
the distribution of multi-step contexts that ¢ generates, not just answer the original question. Our
goal is to improve Jy for every TTS algorithm ¢ € $.

This raises an important question: does there exist a training target Jy, . whose optimization
provably improves Jy for every ¢ € & ? If so, we can train against one algorithm and have the
gains transfer to every other deployment-time choice in ®%, side-stepping the cost of running tree
search or external verifiers during training. The answer is affirmative. The key fact is that every
algorithm in @ at some point invokes 7y to revise a previous attempt, so a training target whose
own revision-input distribution covers the deployment one improves every member of &z when its
revision-value goes up.

Theorem 3.1 (Sequential-revision recovery transfers to revision-using TTS). Let my be a baseline
policy and 71 an updated policy. For ¢ € O, policy m, and revision-call input z, let

Val(2) 1= Pya(oy (7 (@,9) = 1), p2(2) 1= B | D7y Uz = 2}

denote the one-step recovery probability and the expected visit count to z. Assume:
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(a) Standard RL: single call (b) Meta-RL inside ¢: K calls

(g B g ) G W H 0 I g W g G

______

N 4
one prompt, one response, one reward Sel
------- H ¢ e I

¢ uses the full history (s1.¢, y1:¢); same g at every call.

Figure 1: (a) Standard RL: policy mg maps problem x to response y with reward r*(z,y). (b) A
TTS algorithm ¢ invokes the same 7y over up to K steps, each prompt s; built from the prior history
(dashed arrows), and extracts a final response § = y, at stopping time 7 < K'; myp must therefore
behave well across the whole context distribution induced by ¢, not just on z.

(C1) Coverage by SR at 7q: there exists Cyy > 1 such that p2, (z) > Cd) pLER(2) for every z.
(C2) Monotone recovery improvement: Vz, (z) > Vy, (2) for every z € supp(p%, ).

Then, we have the following guarantee:

PSR

1
J¢(7T1) _‘]¢(7T0) > @[J¢SR(7T1) _‘]¢SR(7T0)} - Hpil _pﬂ'OH1 C Hp pTrSRH1

The take-away is clear: improving the SR test-time objective Jy, also improves Jy for every
revision-using ¢ € ®x, so we focus on SR as the training target. See Appendix [C.2]for the proof.

Our training target J,.,. The theorem licenses any ¢rain € @ whose visit measure dominates
the deployment-time ¢’s. We pick ¢sg and optimize

Josn (6) := Eonx, Y1:7~ (7o, PSR) [7“* (z, y‘r)}

for two reasons. First, ¢gr has the broadest revision-input distribution in . At every step, the
next prompt is conditioned on a freshly drawn y,_;, so successive revision inputs z; are spread
out. Tree-search and selection algorithms instead branch repeatedly from a small pool of cached
responses, concentrating their visits on a narrow subset. (C1) therefore holds at the smallest Cy
over deployment-time ¢. Second, ¢gr is itself a strong TTS algorithm. Figure [2] shows that on
TravelPlanner (Xie et al., [2024)), ¢sgr matches or surpasses Mind Evolution (Lee et al.,|2025b) and
AB-MCTS (Inoue et al.,[2025) (left), with the Markov-revision form 7y (- | &, Yprev, f) On the best
cost-accuracy frontier (right), while being the simplest to implement.

Optimizing Jy . is not optimizing perormance o Diferent et Time Agortms on TavePan e s o

single-shot pass@1. A natural next ., ] -
question is whether standard single-shot ¢ i \/ =\

RLVR optimization already addresses I

Jgsr - It does not: two policies can be
indistinguishable under Joneshot ON €v- o

ery problem in X yet differ substantially
under Jyggp, .

racy (%)

Accur

Accuracy (%)

Average Cost ($)

52

50

T 2 3 All Previous Response
Context Window Size

Figure 2: DeepSeek-V3 on TravelPlanner. Left: sequential
Theorem 3.2 (Objective mismatch). revision vs. Mind Evolution / MCTS / AB-MCTS. Right:
For any revision length K > 2, there cost-accuracy as the revision context window covers the k
exist policies 7,72, A(K) > 0, and most recent responses, k € {1, 2,3}, or the full history.

a problem distribution X such that

JOneShot (71—1) = JOneShot (7T2), while J¢>SR (77—2) - Jd)SR (771) > A(K)

The implication is direct: Joneshot and Jgg, are different objectives, and policies with identical
single-shot performance can have substantially different sequential-revision performance. Our
problem reduces to a single concrete question: how do we post-train g so that Jy, goes up? The
next section presents our algorithm.
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4 REVES: From Path-Level Credit to Recovery-Level Supervision

Section[3|established that improving J, is our focus. This section turns that target into an algorithm.
We start by writing J., exactly as a sum of per-state one-step recovery probabilities along visited
trajectories; this hazard decomposition makes the natural training signal explicit and reads off the
algorithm directly from the figure.

Lemma 4.1. Let ( = (z1,Y1,-..,2r,Yr) ~ (79, osr) be a stopped SR trajectory under my: at
each step t the model samples y, ~ my(- | z¢) and stops at the first verified correct response or
at budget K, with zz = (x,y1—1, ft—1) the revision state before generating y;. Let Vi (z) :=
Py/wm(_‘zt)(r*(m, y') = 1) denote the one-step recovery probability at z;, where y' is a fresh sample
(not the trajectory’s own y;), and let pg(z) = Ea:~X,<~(7re7¢SR)[ZtT:1 1{z = z}} denote the
expected number of times state z is visited along a SR rollout. Then

> Valz)

t=1

= 00(2) By ([ (2,9)] M

K
Josn (0) = Z]EL([l{T >t} Vﬂ(zt)] = Eoni, ¢ (o, dsr)

t=1

See Appendix [C.3|for the proof. Equation (I)) reads the algorithm off Figure [3|(b). The horizontal
SR trajectory provides the outer samples z ~ py, and at each visited state z = (x, y;—1, fi—1) the
branches drawn from 7y (- | z) are online rollouts that estimate and optimize the per-state factor
Vi(2) = Eyrong (1) 7 (2, y)]. Since Jyg, is a nonnegative-weighted sum of these factors, raising
V. at any visited z directly raises Jy, , without horizon credit assignment.

Comparison with multi-turn RL. Multi-turn RL provides an unbiased policy-gradient estimator
for the trajectory-level objective. However, its per-turn learning signal is highly indirect. Consider
a wrong—wrong—correct rollout: the gradients for all three turns are weighted by the same positive
terminal advantage, including the two turns that produced incorrect intermediate responses. This is
valid for optimizing terminal success of the whole trajectory, but it yields a high-variance and coarse
signal for improving the local revision behavior at each intermediate state.

Our method instead reuses such incorrect intermediate responses as revision states. Given a state
z = (%, Yprev, fprev), we draw fresh samples from (- | z) and estimate the local one-step recovery
probability Vi (z) = Pry (|2 [r*(z,y) = 1]. Thus, the intermediate wrong response is not treated
as an action to imitate; it is treated as a state from which the model should learn to recover. This
converts a successful long-horizon trajectory into several short-horizon revision problems, providing
a sharper training signal for local recovery while relying on the current policy to discover useful
intermediate states.

From recovery target to algorithm. An ideal on-policy implementation of Lemma [4.1] draws
z ~ pg by running SR and runs single-turn RL at each z. Three design choices turn this into the
algorithm we use.

(1) Verification prompts alongside revision data. At test time the verifier is typically unavailable. We
therefore include both revision prompts and verification prompts (asking the policy to judge whether
an intermediate response is correct) in the augmented data, so the trained policy can self-stop at
deployment. The split of gains across the two prompt types is in Table 4]

(2) Offtine generation. An on-policy estimator of VJy., would need fresh SR rollouts every gradient
step, which is intrinsically serial and prohibitively slow. We instead generate visited states once per
epoch in Stage I, reuse them through Stage II, and refresh at the next epoch.

(3) Successful-trajectory filtering. For a far-from-optimal base policy, online samples at states from
failed rollouts rarely produce a verifier-accepted recovery and waste tokens. We restrict Stage 1
to states on trajectories that succeed within budget K, where at least one recovery target exists by
construction; the filter loosens as 7y improves.

Two-stage realization. Stage I (Data augmentation). For each input z, run SR under the current
mg: y1 ~ we(- | «) and yp ~ wy(- | =, ys—1,Feedback(y;—1)) for t = 2,..., K, terminating at
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Figure 3: Mapping Eq. (I) onto the figure. (a) Stage I samples SR rollouts under the current 7y
and keeps those that succeed within budget K. (b) The horizontal hatched chain is a retained
sequential-revision trajectory; it determines the visit-count weight pg(2) at each intermediate state
z = (x,yt—1, fr—1)- The branches at each visited z are fresh samples from 7y (- | 2); their verifier
outcomes provide the per-state estimate of V(2) = Ey/ oy [ (2, 9')].

i)
Questionz | ©—,” Responseyy T > Responsey, [ u-

\

. . ) [— Stage II:
Sequential "' Question &1 == > Response ys | = > Response yo = >u-x Verification ..
Revision | X ’ RL Training
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| RL D | |Questionz, = > Response y1| = > Response — B N
| Prompt Set 1 x — L SE——
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i for \\ Construct — D — ‘
Policy Update for Verification & P |
Next Epoch Revision Data RL T RL Training |
Prompt Set i . I
—

New Policy 7’

' Stage I: Data Augmentation

Figure 4: Overview of the proposed RL-based data augmentation framework. In Stage I, the current
policy performs sequential revision; only trajectories that succeed within budget K are retained, and
their intermediate states yield revision and verification prompts that are merged with the original RL
prompt set. In Stage II, the policy is updated by single-turn RL on the augmented set, and the new
policy regenerates the augmentation in the next epoch.

the first correct response or after K attempts. Discard trajectories that fail or are already correct
at y;. From each retained trajectory (x,y1,...,ye) with r*(x,y,) = 1, build (i) revision data
{Revision Prompt(z,y;)}¢_,, where each prompt asks the model to revise the previous response,
and (ii) verification data {Verification Prompt(z,y;)}‘_,, where each prompt asks the model
to judge whether y; is correct. Templates are in Appendix [A] Stage II (Single-turn RL). Train 79 on
the union of the original RL prompts and the prompts produced in Stage 1. The updated policy serves
as the rollout policy for the next epoch’s Stage 1. Figure @] shows the loop.

Efficiency. Our algorithm is also more efficient than standard multi-turn training. First, augmented
samples are generated in an off-policy manner. With a well-designed infrastructure, data augmentation
can run in parallel with RL training, so the model continues training on the original RL prompts while
new augmented data are generated asynchronously, avoiding any interruption to the main training
loop. Second, training itself is single-turn. Each gradient step processes one (prompt, response) pair
as in ordinary RLVR, with no per-step sequential rollout in the inner loop, which is the dominant cost
of multi-turn RL with budget K. Appendix [F2]reports the wall-clock comparison.

Test-time stopping rule. At test time the oracle stopping time 7 is almost always unavailable, so
we adopt a surrogate stopping time 7 that replaces 7* with a domain-specific signal.

For mathematical reasoning tasks, we leverage the Tail Confidence metric of [Fu et al.|(2025)) as
the surrogate signal. At each revision step ¢, the token-level confidence at position ¢ of y; is
Ci=-1 Zle log P;(j), where P;(j) is the probability of the j-th most likely token (a larger C;
indicates a more concentrated, more confident distribution). The response-level score ¢; averages C;

over the tail positions i € Tiy; of y;. The stopping time is 7 := K A min{t >3: ct/Z;=1 cj > c}
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for a predefined threshold c. If 7 = K (budget exhausted without trigger), we output § = y;« with
t* = arg maxi<;< i ¢, breaking ties uniformly at random when several responses share the same
confidence. Selecting the most confident response across all K revisions instead of just yx improves
robustness under small budgets by mitigating noise in confidence estimates at the stopping step.

For coding tasks, we use publicly available test cases as a surrogate reward 7 : X x ) — {0, 1}, with
7(z,y) = 1(y passes all public test cases). The stopping time is 7 := K Amin{t : 7(z,y;) = 1},
and we output § = yx when 7 = K.

5 Experimental Results

Models and data. We train Qwen2.5-7B, Qwen2.5-3B (Yang et al., 2024}, Qwen3-4B(non-
thinking) (Yang et al.l 2025) and DeepSeek-R1-Distill-Qwen-7B (DeepSeek-Al et al.| 2025) directly
with RL. Training data is sampled from Skywork/Skywork-0R1-RL-Data (7298 math + 1015 cod-
ing = 8313 examples). We evaluate on MATH500 and AIME 24/25 for math; LiveCodeBench
(Jain et al.} 2024)) and CodeContest (Li et al., 2022} for coding; and n_queens / mini_sudoku from
ReasoningGym (Stojanovski et al.|[2025)) for out-of-distribution puzzles.

Baselines and implementation. We compare against RL (single-response RL, no revision), Multi-
Turn (multi-turn rollouts without explicit self-verification), and PAG (Jiang et al.,|2025) (multi-turn
with self-verification via a designed reward). Full details in Appendix [E]

5.1 Main Results

Consistent improvements on coding tasks. Table[I]demonstrates the benefits of RL-Augmentation
on coding benchmarks. Under test-time surrogate stopping criteria, where publicly available test cases
are used to determine when to stop and execution results are provided as feedback for subsequent
revisions (see Appendix [A|for an example), RL-Augmentation consistently improves performance
across different test-time budgets, demonstrating robustness beyond symbolic rewards. Additional
results on DeepSeek-R1-Distill-7B (DeepSeek-Al et al.| [2025) are provided in Appendix [G]

Table 1: Sequential-revision test-time scaling performance on coding benchmarks (LiveCodeBench,
CodeContest). The best result in each column is shown in bold, and the second-best is underlined.
TestCases- B is sequential-revision (SR) test-time scaling with budget B, using execution-based test
cases as the verifier and feeding the resulting feedback into the next revision step. Best results in each
column are in bold; second-best are underlined.

Model LiveCodeBench (08/01/24-01/01/25) LiveCodeBench (01/01/25-05/01/25) CodeContest
OneShot TestCases-32 TestCases-4 OneShot TestCases-32 OneShot  TestCases-32 TestCases-4

Qwen-2.5-7B 4.78 6.13 6.13 6.04 18.86 0.41 5.73 5.86
Qwen-2.5-7B-RL 18.02 23.04 20.83 19.96 24.18 7.07 11.09 7.47
Qwen-2.5-7B-Multi-turn 19.36 25.49 21.33 20.70 27.47 6.87 14.34 8.08
Qwen-2.5-7B-PAG 19.49 25.73 23.16 19.78 26.37 6.46 14.95 9.09
Qwen-2.5-7B-RL-Aug 18.87 29.54 23.77 20.51 30.03 7.07 16.57 11.72
Qwen-2.5-3B 5.88 15.81 7.23 7.87 18.31 1.62 6.26 243
Qwen-2.5-3B-RL 9.19 12.01 11.52 14.11 17.76 3.03 4.24 3.64
Qwen-2.5-3B-Multi-turn 9.93 15.69 12.13 13.19 19.23 3.23 7.88 4.44
Qwen-2.5-3B-PAG 8.09 14.71 11.15 13.37 18.50 3.64 5.66 4.85
Qwen-2.5-3B-RL-Aug 9.56 17.65 11.03 14.29 21.61 2.22 8.48 5.45
Qwen3-4B (non-thinking) 17.60 22.10 20.20 20.90 22.00 8.30 12.80 7.70
Qwen3-4B-RL 22.40 30.90 29.00 26.90 29.70 21.80 28.20 26.30
Qwen3-4B-Multi-turn 20.20 30.10 28.30 24.70 31.90 11.50 39.10 28.80
Qwen3-4B-PAG 22.40 27.90 24.30 23.10 28.60 10.90 32.10 28.20
Qwen3-4B-RL-Aug 23.90 32.40 30.90 25.80 33.50 14.10 37.20 32.70

Improved sequential revision capability for mathematical reasoning. Table [2|shows that RL-
Augmentation substantially improves sequential revision performance across all evaluated math
benchmarks. Under oracle stopping (the Oracle-32 and Oracle-4 columns, where the rollout halts
as soon as a generated answer matches the ground truth, isolating the model’s ability to revise
an incorrect solution into a correct one), our method achieves consistently large gains. These
improvements persist under the SelfConf-4 column, the practical test-time stopping rule based on the
model’s own confidence, indicating that the learned capability transfers beyond the oracle setting.
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Performance on n_queens and mini_sudoku
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Figure 5: REVES performs well beyond standard reasoning benchmarks. Left: circle packing
benchmark (sum of radii at n = 26, 1); REVES on Qwen3-4B matches the best previously reported
number despite using a smaller base model and less rollouts. Right: out-of-distribution puzzle
benchmarks (n_queens and mini_sudoku) under verifier-based stopping.

Matching state-of-the-art on circle packing. We further evaluate REVES on the circle packing
benchmark, where the goal is to pack n unit-area circles into a unit square to maximize the sum of
their radii. We directly optimize Eq. () on this task. With a Qwen3-4B, our trained policy matches
the previously reported best results from much larger evolutionary search systems built on Gemini-2.0
Pro/Flash and Qwen3-8B (Figure[5)). Full implementation details are in Appendix

Table 2: Sequential-revision test-time scaling performance on math benchmarks (AIME24/25,
MATHS500). SelfConf-B and Oracle-B are sequential-revision (SR) test-time scaling with bud-
get B, using the model’s own confidence as a surrogate stopping rule and the ground-truth answer as
the oracle stopping rule, respectively. T denotes evaluation using the authors’ original codebase and
protocol. Best and second-best results are shown in bold and underline.

Model AIME 24 AIME 25 MATH 500
OneShot Oracle-32 Oracle-4 SelfConf-4 OneShot Oracle-32 Oracle-4 SelfConf-4 OneShot Oracle-32 Oracle-4 SelfConf-4

Qwen-2.5-7B 2.03 13.96 4.79 2.34 0.26 6.25 1.25 0.57 23.83 50.05 28.98 26.10
Qwen-2.5-7B-RL 17.86 33.49 21.41 18.65 10.35 22.86 13.44 12.45 76.13 85.90 79.43 78.60
Qwen-2.5-7B-Multi-turn ~ 14.58 30.26 20.00 13.80" 7.19 25.31 11.77 9.841 75.93 87.13 80.13 77.951
Qwen-2.5-7B-PAG 1531 31.09 1958  12.97 7.45 2682  12.81 9.43f 76.13  86.68  80.75  77.20
Qwen-2.5-7B-RL-Aug 14.90 45.73 25.94 19.58 9.27 40.52 22.34 15.10 76.75 94.68 85.60 76.20
Qwen-2.5-3B 1.15 12.92 3.44 1.93 0.47 7.92 1.30 0.57 30.53 66.98 39.33 38.40
Qwen-2.5-3B-RL 6.41 16.93 8.13 7.40 1.82 9.01 2.40 64.93 80.53 69.57 65.63
Qwen-2.5-3B-Multi-turn ~ 7.60 20.52 11.98 7.97 2.60 12.71 5. 2.297 65.28 81.23 72.65 67.00"
Qwen-2.5-3B-PAG 6.30 14.79 7.92 5.311 3.44 11.41 4.69 411t 64.00 78.75 69.90 65.63"
Qwen-2.5-3B-RL-Aug 6.20 33.70 14.74 8.23 2.76 24.36 7.19 4.17 64.47 89.90 7778 66.03

Generalization to out-of-distribution puzzle tasks. ~As illustrated in Figure[5] we evaluate puzzle
tasks using checkpoints trained only on math and code data, without any puzzle-specific training.
Despite this distribution shift, RL-Augmentation substantially improves performance on out-of-
distribution puzzle benchmarks, indicating strong cross-task generalization.

Jgsr ~trained policies also improve other TTS algorithms. Table |§| shows that models trained
with RL-Augmentation consistently improve the performance of a wide range of test-time algorithms
that rely on sequential revision, including Best-of-N, MCTS (Inoue et al., [2025), AB-MCTS variants
(Inoue et al.,|2025)) and Mind Evolution (Lee et al.| 2025b)), This suggests that sequential revision
capability serves as a fundamental backbone that raises the performance ceiling of diverse test-time
inference strategies.

Table 3: Comparison of model performance on different test-time strategies. Best results in each
column are in bold; second-best are underlined.

Model OneShot SeqRev BoN MCTS Mind Evolution AB-MCTS-A (Beta) AB-MCTS-A (Gaussian) AB-MCTS-M
Qwen-2.5-7B-RL 18.02 23.04 27.82 22.67 25.74 25.98 27.33 26.23
Qwen-2.5-7B-Multi-turn 19.36 25.49 28.68 26.10 26.96 28.55 29.04 27.82
Qwen-2.5-7B-PAG 19.49 25.73 30.39  26.35 27.70 29.66 28.06 28.68
Qwen-2.5-7B-RL-Augmentation 18.87 29.54 29.29 28.92 29.04 31.00 30.02 30.39
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Table 4: Effect of revision and verification prompts on AIME25. Left: OneShot, Oracle-4, and
SelfConf-4 accuracy across the four configurations: RL (no augmentation), VerificationOnly (ver-
ification prompts only), RevisionOnly (revision prompts only), and RL-Augmentation (both, our
method). RL-Augmentation dominates under Oracle-4 and SelfConf-4. Right: TailConfidence
distributions for RevisionOnly and RL-Aug; RL-Augmentation produces sharper, better-separated
correct/incorrect distributions, indicating improved confidence calibration.

wen-2.5-78-RL-ReflectionOnly Qwen-2.5-78-RL-Aug

Model OneShot  Oracle-4  SelfConf-4 R E
Qwen-2.5-7B-RL 1035 1344 1245 i i
Qwen-2.5-7B-VerificationOnly 6.25 10.26 7.08 £ = I
Qwen-2.5-7B-RevisionOnly 7.86 16.46 8.33 ”
Qwen-2.5-7B-RL-Augmentation 9.48 21.16 15.83 1

ol il

] 1
Confidence Confidence

AUROC: 0.8313 AUROC: 0.8641

0.950
0.925{—
0.900

&
°
&

- Oracl 2-Sel Data Aug (E
=4 - SelfCont N=8 - Orace Data Aug (E
2-Oracle N=8 - Sel Data Aug (Or

Data Aug (Only o

5
&

Average Accuracy
8

Average Accuracy

>

2

3

°
&

Tos87s
]

o
&

°
o
g
Accuracy

5 0.850

3

S

<0825
0.800

s B
o o
[N
s R

0.775

1 2 Te E)

4 8 4 8 4 8 4 8
Budget Budget Budget Budget

Figure 6: Ablations on data augmentation. From left to right: (a) effect of augmentation budget K
(the maximum trajectory length allowed during augmentation) on AIME24; (b) continual versus
one-shot augmentation on AIME24; (c) effect of augmentation frequency on MATHS00; (d) effect of
allowed revision length on MATH500. The MATHS500 panels mirror the AIME24 trends, showing
that the design choices generalize across datasets.

5.2 Ablation Study

The role of revision and verification prompts. As shown in Table 4] we investigate the roles
of revision and verification prompts in sequential revision training. Qwen-2.5-7B-RevisionOnly
augments RL-generated data using only revision prompts, while Qwen-2.5-7B-VerificationOnly
augments data using only verification prompts. Qwen-2.5-7B-RL-Augmentation combines both
prompts during data augmentation. Results under Oracle-4 indicate that revision prompts primarily
improve sequential revision capability, whereas verification prompts do not directly enhance revision
but instead train the model to assess solution validity.

To isolate the effect of verification prompts, we evaluate confidence calibration using Area Under
the Receiver Operating Characteristic curve (AUROC) on AIME25. For each problem, we sample
multiple model responses, label them as correct or incorrect based on the final answer, and compute
the probability that a randomly sampled correct response receives a higher TailConfidence score
than a randomly sampled incorrect one. The final AUROC is obtained by averaging over problems
with sufficient correct samples. Under this evaluation, Qwen-2.5-7B-RL-Augmentation achieves a
higher AUROC (74.1%) than RevisionOnly (72.1%), demonstrating that verification prompts improve
confidence calibration. Thus, combining revision and verification prompts yields consistent gains by
jointly enhancing revision capability and confidence estimation.

Necessity of continual data augmentation. As shown in Figure[6(b), augmenting data only at
the initial epoch leads to substantially worse performance than continuous augmentation. This is
because once the model stops making earlier mistakes, stale augmented data no longer provides
informative learning signals, whereas regenerating data each epoch keeps the supervision aligned
with the model’s current failure modes.

Effect of augmentation budget. We study the effect of the augmentation budget on training
performance. As shown in Figure [6[a), increasing the augmentation budget consistently improves
performance, indicating that our method exhibits strong scaling behavior with respect to the augmen-
tation budget. At the same time, allowing a larger augmentation length N naturally incurs higher
computational cost, reflecting a trade-off between performance and compute in data augmentation.
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A

Sequential Revision Protocol

In this section, we elaborate on the test-time protocol described in Protocol[T]and illustrate its practical
usage with several concrete examples, including a mathematical reasoning task in Appendix [A.T]and
a coding task in Appendix [A2]

Protocol 1 Sequential Revision Protocol

—_
W N

_ =
Tl B A AT R >

Input: revision budget K, question x, model 7
Sample initial response y1 ~ (- | x)
for i = 2to K do
Generate revised response y; ~ (- | z,y;—1, Feedback(y;_1))
if 7*(x,y;) = 1 then
# Early stopping

Sety =y,
break for loop
end if
end for
if No early stopping then
U=yK
. end if

A.1 Example Math Task

In mathematical tasks, the feedback consists solely of the sentence “The response is incorrect.”

(marked in red in the figure), without offering further diagnostic information.

Solve the following math problem. Show brief reasoning and provide the final

answer.
Problem: A 90° rotation around —4 — 57 in the clockwise direction is applied to 3
(as a complex number). What is the resulting complex number?

LLM Output (Turn 1)

To solve this problem, we need to perform a 90° clockwise rotation around the
complex number —4 — 5i.

First, it’s useful to understand that a 90° clockwise rotation of a complex number z
around another complex number a is equivalent to the following transformation:

Z=a+(a—2)-i

However, since we are rotating around —4 — 54, let’s denote this center of rotation
as a = —4 — 5i. Our complex number z = 3 needs to be rotated.
1. Find the difference between z and a:

z—a=3—(—4—5i)=3+4+5i="7+5

2. Perform the 90° clockwise rotation by multiplying this difference by 7 and adding
it back to a:
Z=a+(z—a)-i=(—4—5i)+ (7T+5i)-i
Next, simplify the expression:
(7 +5i) -0 = Ti + 5>

Since i2 = —1:
Ti+5(-1)=Ti—5

Therefore, the final answer is ,

- J
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Input (Turn 2)

Problem: A 90° rotation around —4 — 5¢ in the clockwise direction is applied to 3
(as a complex number). What is the resulting complex number?

Previous Attempt: To solve this problem, we need to perform a 90° clockwise
rotation around the complex number —4 — 53.

First, it’s useful to understand that a 90° clockwise rotation of a complex number z
around another complex number a is equivalent to the following transformation:

Y=a+(a—2z)-i

However, since we are rotating around —4 — 5¢, let’s denote this center of rotation
as a = —4 — 5i. Our complex number z = 3 needs to be rotated.
1. Find the difference between z and a:

z—a=3—(-4-5)=3+4+5i=T7+5

43 2. Perform the 90° clockwise rotation by multiplying this difference by 7 and adding
it back to a:
Y =a+(z—a) i=(—4—5i)+ (7T+5i)-i
Next, simplify the expression:
(7 +5i) -0 = Ti + 5>
Since 12 = —1:
Ti+5(-1)=Ti—5

So, the resulting complex number after the rotation is —9 + 2i.

Therefore, the final answer is .

Verifiable Feedback: The response is incorrect.

Now produce a corrected solution. Keep reasoning concise.

g J
LLM Output (Turn 2)
To correctly rotate a complex number 3 around —4 — 57 by 90° clockwise, we need
to use the appropriate transformation for rotations in the complex plane.
Given a complex number z = 3, and the center of rotation a = —4 — 57, a 90°
clockwise rotation of z around a can be represented as:
Z=a+(a—2z)-(—1%)
Let’s go through the steps in detail:
1. Calculate a — z:
a—z=(—4-5)—-3=-—4-5i—3=-7T—"5
2. Multiply by —i:
454 (a—2)-(=i) = (=7 = 5) - (i) = (=7)(—4) + (=5i)(—i) = Ti + 5i*

Since i2 = —1:
Ti+5(-1)=Ti—5
3. Add this result back to a:
2 =a+ (7i—5) = (-4 — 5i) + (=5 + 7i)
2 =—4-5i—5+T7i
Combine the real and imaginary parts:
2= (-4-5)+(-bi+7i)=-9+2

Thus, after performing the 90° clockwise rotation, the resulting complex number is

[o+al

. J
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Input (Turn 3)

Problem: A 90° rotation around —4 — 5¢ in the clockwise direction is applied to 3
(as a complex number). What is the resulting complex number?
Previous Attempt: To correctly rotate a complex number 3 around —4 — 5¢ by
90° clockwise, we need to use the appropriate transformation for rotations in the
complex plane.
Given a complex number z = 3, and the center of rotation a = —4 — 57, a 90°
clockwise rotation of z around a can be represented as:

Z=a+(a—2z)-(—19)
Let’s go through the steps in detail:
1. Calculate @ — z:

a—z=(—4-5i)—3=—-4—-5i—3=-T-"5¢
2. Multiply by —i:
(a—2)-(=i) = (=7 =51) - (=i) = (=7)(=1) + (=5i)(—i) = 7i + 5i>
Since i2 = —1:
Ti+5(-1)=Ti—5
3. Add this result back to a:
2 =a+ (7i—5) = (=4 — 5i) + (=5 + i)

2 =—4-5i—5+T7i

Combine the real and imaginary parts:

2 = (=4 —5) + (=5i + 7i) = =9+ 2i

Thus, after performing the 90° clockwise rotation, the resulting complex number is
o+ 2i]
Verifiable Feedback: The response is incorrect.

Now produce a corrected solution. Keep reasoning concise.
. J

LLM Output (Turn 3)

To find the result after a 90° clockwise rotation around —4 — 5%, we can use the
following transformation steps. We start by considering a complex number z = 3
and the center of rotation a = —4 — 5i:

1. Move 2z to the origin relative to a:

z—a=3—(—4—5i)=3+4+5i="7+5i

2. Rotate by 90° clockwise: A 90° clockwise rotation of a complex number w is
equivalent to multiplying w by —:. So, we need to multiply 7 + 5 by —i:

(7 +5i) x (—i) = 7 x (—i) + 5i x (—i) = —7i — 5*
Since i2 = —1:
—7i—5(-1)=-Ti+5=5-"Ti
3. Translate back by adding a: Adding a to the resultant, we get:

Z=(—Ti)+(-4—5i))=5—-4—Ti—5i=1—12i

Thus, the resulting complex number after the 90° clockwise rotation is .
g J

A.2 Example Coding Task

At test time for coding tasks, we follow an iterative execution-based evaluation protocol. The model
first generates a candidate program, which is then executed against the publicly available test cases
provided by the problem. If the program fails any test, the resulting error messages or failing test
feedback are collected and appended to the context for the next generation step, allowing the model
to revise its solution based on execution feedback. Note that passing the public test cases does not
guarantee correctness: a solution is considered correct only if it passes all test cases, including both
public and private ones.
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466

Input (Turn 1)

You are an expert Python programmer. You will be given a problem specification
and must produce a correct Python program that passes the tests.

Question: You are given a permutation P = (Py, P,, ..., Py) of (1,2,...,N).
You want to satisfy P; = i forall¢ = 1,2,..., N by performing the following
operation zero or more times:

* Choose an integer k such that 1 < k£ < N. If k£ > 2, sort the 1-st through
(k — 1)-th terms of P in ascending order. Then, if k¥ < N — 1, sort the
(k + 1)-th through N-th terms of P in ascending order.

It can be proved that under the constraints of this problem, it is possible to satisfy
P; =iforalli =1,2,..., N with a finite number of operations for any P. Find
the minimum number of operations required. You have 7" test cases to solve.

Input ...

Output
Print 7" lines. The ¢-th line should contain the answer for the i-th test case.

Constraints . ..
Sample Input 1
* 3
¢ 5

Sample Output 1
L

Format: Read inputs from stdin and write the answer to stdout. Enclose your final
code in the following box.

[# YOUR CODE HERE ]

Answer: Provide only the final Python code.
(& J

LLM Output (Turn 1)

To solve this problem, we aim to determine the minimum number of opera-
tions required to transform a given permutation P into the identity permutation
(1,2,...,N). The key insight is that each operation can be viewed as a global
reordering step that partially resolves disorder in the permutation. Intuitively, such
operations progressively eliminate inconsistencies between positions and values.

def min_operations(N, P):
count = 0
for i in range(N):
if P[i] !'=1i + 1:
count += 1
return count

for _ in range(T):
N = int(input())
P = list(map(int, input().split()))
print (min_operations (N, P))

16



467

468

Input (Turn 2)

You are an expert Python programmer. Given a problem specification, produce a
correct Python program that passes all tests.

Question: Given a permutation P = (Py,..., Py) of (1,...,N), the goal is to
transform P into the identity permutation ...

Input / Output. ...

Previous Codes

code_vl

# Your task is to find the minimum number of operations required
to sort the permutation P.

def min_operations(N, P):
operations = 0
for i in range(N):
while P[i] != 1 + 1:

N = case[0]
P = case[1:]
print (min_operations(N, P))

n

Issues with code_v1

For the input
3
5
21354
3
123
7
3217564
the expected output is
1
0
2

but code_v1 results in a runtime error. The failure is primarily due to incorrect
handling of index-based updates and repeated linear searches (P.index), which

lead to inconsistent state updates and excessive runtime overhead.
(& J

LLM Output (Turn 2)

To solve this problem, we aim to determine the minimum number of opera-
tions required to transform a given permutation P into the identity permutation
(1,2,...,N). The key insight is that each operation can be viewed as a global
reordering step that partially resolves disorder in the permutation. Intuitively, such
operations progressively eliminate inconsistencies between positions and values.

def min_operations(N, P):
count = 0
for i in range(N):
if P[i] != i + 1:
count += 1
return count

for _ in range(T):
N = int(input())
P = list(map(int, input().split()))
print (min_operations(N, P))
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B Limitation and Future Direction

Limitation. REVES requires a ground-truth verifier during training. Math, coding, puzzle, and
circle-packing benchmarks all admit deterministic verifiers, so REVES applies directly. For tasks
without such verifiers (free-form QA, creative writing, RLHF-style preference learning), REVES
does not directly extend; the verification prompts trained alongside revision data can be repurposed
for self-verification at test time, but their reliability depends on the policy’s own calibration.

Future direction. The verifier requirement points to a natural class of problems where REVES is
especially well suited: scientific tasks whose objectives admit a clear, automated reward. Examples
include solving partial differential equations (PDEs), where residual norms or analytic checks serve
as verifiers; symbolic regression, where fit and complexity supply a numeric score; theorem proving,
where a proof checker provides binary feedback; and discovery-style optimization tasks like circle
packing (Appendix [H), where the verifier is the geometric solver itself. In all of these settings, the
cost of producing the verifier signal is offset by an essentially unlimited supply of training problems
and a precise notion of correctness, both of which line up well with REVES’s reliance on per-state
one-step recovery as the gradient signal. Scaling REVES to such scientific-discovery domains is a
natural next step.

C Proofs

C.1 Proof of Theorem

Theorem C.1 (Objective mismatch). For any revision length K > 2, there exist policies my, wo and
a problem distribution X such that

Joneshot (1) = JoneShot (72), Jpsr (T2) = Jps (m1) > A(K),
where A(K) > 0.

Proof. Construction. Take X supported on a single problem = with N > 2 candidate answers

{y(l), ey y(N )} and ground-truth y* drawn uniformly from this set; feedback is binary correctness.
Define two history-independent policies, each sampling from a fixed distribution at every step:
m(- ) = 6y,  m(]-) = Uniform{y™,... .y},

with 75 s draws independent across steps.

One-shot. Since y* is uniform,

1

JOneShot(Trl) - P(y*:y(l)) - %a JOneShot('/TQ) - Z N T %7

i=1

2|~

MY JOneShot (71—1) - JOneShot (7'(-2 ) .

Sequential revision (budget K). m; outputs y(!) at every step and therefore succeeds iff y* = y(1),
giving Jyep (m1) = 1/N. For o, the K i.i.d. uniform draws are independent of y*, so the probability
that none equals y* is (1 — 1/N)¥, giving Jy.p, (m2) =1 — (1 — 1/N)X.

Gap. For K > 2, monotonicity of K + (1—1/N)¥ on K > 1 gives (1—-1/N)¥ < (1-1/N)? =
1 —2/N +1/N?, hence

K _
A(K) = Jogp(m2) = Jogu(m) = 1-(1-%)" -5 = 55t > 0. o

C.2 Proof of Theorem [3.1]

The argument uses the recovery decomposition Jy(7) = > _ p2(z) Vi (z), which holds for any
first-success transition strategy ¢ paired with any policy 7. The proof of Lemma4.1] (Appendix
establishes this for ¢ = ¢gg; the same three steps — (i) writing the success event at step ¢ as
{r > t, y+ € G}, (ii) Fubini against Ef:l 1{7 >t} = 7, (iii) commuting the visit-count sum with
the outer expectation — depend only on the first-success stopping rule and the Markov property of 7,
so they generalize verbatim from p@s® to p? for any ¢ € ®x that early-stops.
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Proof of Theorem[3.1] By the recovery decomposition applied to 71 and m,
Jo(m1) = Jo(mo) Zﬂm Ve, (2) = > 02, (2)V,

Add and subtract }_ p% (2) Vz, (z) and group:
Jy(m1) — Jy(m0) me Vo (2)) + Y (05, (2) = 92, (2) Veu (2) . (@)

() (1)
Bounding (1). Since V,, (2) € [0, 1],

() = =D 1% () =, ()| = =log, = rh .- 3
Bounding (x). We claim the pointwise inequality
1
05, (2) (Vi (2) = Vi (2)) > c e (2) (Viry (2) = Vi (2))  for every z. O)

Case 1: z € supp(p%, ). By (C2), Vi, (2) — Viy(2) = 0. By (C), p%,(2) = C; ' pgsn(2) > 0.
Multiplying both sides of (C1) by the nonnegative quantity Vy, (2) — V., (z) preserves the inequality
and gives (@).

Case 2: z & supp(p?,). Then p2 (z) = 0, and (C1) forces 0 > C,' p257(z). Combined with
pLR(z) > 0, this gives p%s®(z) = 0, so both sides of (@) vanish.

Summing @) over z,

> g L) () = Ve f2). ®

Converting (3) to Jy, (71) — Jsr (m0). Apply the recovery decomposition to ¢ = ¢gg at w1 and
o, then add and subtract ) p25% (2) V,Tl (z)

Josn (1) = Jpsr (70) ZP¢SR - Z P (2) = PSR (2)) Vi (2).
Rearranging and usmg Vm( ) [0,1],
Zp¢SR ) — Vo (Z)) > [J¢SR,(7r1) J¢SR (7T0 ] - Hp¢8R - pﬂ"SR H1 Q)

Combine. Chaining (6) into (5) and adding (3),

1
Jy(m1) — Jp(m0) > @[J¢sn(ﬂl)—J¢SR(ﬂo)} — o2, = 02.ll, — !|P¢SR peR|,. O

Connection to our method. The third term C;l [ p2s® — p2sk ||y in the bound is the price for
placing the on-policy SR test-time objective Jyg, (1) = Y, p25%(2) Vi (2) on the right-hand side: as

the policy improves, SR’s own visit measure p£s® also shifts, and that shift contaminates Jpg, (1) —
Jpsr (m0). The off-policy fixed-reference quantity

Jd)sn Z p¢SR

absorbs this shift by holding the visit measure at the baseline; JZSSR(m) — Jg}SR(ﬂb) =
>, P25 () (Vi — Vi, ) exactly, and (B terminates the proof in one step:

1
)~ ) > ) )] - I,

This off-policy form is exactly the training signal REVES optimizes (Sectiond): Stage I freezes the
rollout distribution at the current 7y, generating SR trajectories whose visited states constitute samples
from pﬁgR; Stage II then trains V;; on those fixed states via single-turn RL. Each epoch’s rollout
refresh resets the baseline so the ¢ shift on p?s® stays small. The two forms are mathematically
equivalent; the off-policy form makes the algorithmic interpretation transparent.
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533 Interpretation. The bound is conditional, not unconditional. It bites when (i) SR’s revision-input
53¢ distribution covers ¢’s (small Cy in (C1)), (ii) the policy update raises one-step recovery on those
535 states ((C2)), and (iii) the visit measures p¢ and pd’sR are stable under the update (small ¢; shifts).
536 The empirical confirmation that Jyg -trained policies improve other revision-using TTS algorithms
537 (tree search, BoN-with-revision, evolutionary refinement) is in Table

533  C.3 Proof of Lemma [4.1]

539 Proof. We prove the three identities in (1)) in order.

s40  First identity. SR stops at the first success, so r*(z,y,) = 1 <= It < K : r*(z,y:) = 1, and the
541 success event at step ¢ equals {7 > ¢, y, € G}, where G, = {y : 7*(z,y) = 1}. By the tower
s42 property and the fact that 7y is Markov in z,

P(r >ty € Go) =E[1{r > t} P(ys € G, | 21)] = E[1{r > t} Vi (24)].
543  Summing over t < K,

K
Josr (0) =Pt < K :r*(a,y) = 1) = Y _E[1{r >t} Va(2)].

t=1

544 Second identity. Using Zf{: 1 1{7 >t} = 7 and Fubini,

T

S E(r > Vo] — 5] Y Vi)

t=1

545 Third identity. Substituting the definition Vi (2) = Ey/r,(.|2)[7*(z, )] and exchanging the visit-
s46 count sum with the outer expectation gives

B[S Vel = SO Val) B D 1z = 2t = D7 p0l2) Va(2) = 3 p0(2) By 121 (1)),
t=1 z t=1 z z -

s7 D Training Prompt Template

s48 In this section, we present the training prompt templates used for data augmentation. An important
s49  distinction from the test-time setting is that we do not append execution error information to the
ss0 context during training. Instead, as illustrated in Figure[I0]and Figure[TT] the training prompts rely
551 on structured supervision rather than explicit error feedback.

ss2. E  Implementation Details

553 In this section, we provide details of the training and evaluation implementations used in our
ss54 experiments. All experiments are conducted on machines equipped with 8 x NVIDIA H200 GPUs.

555 RL Baseline. Our RL baseline is implemented using the official Skywork-0R1 codebase. We
ss6  directly adopt their provided training scripts and configurations, which optimize a single-shot response
s57  using reinforcement learning. No revision or multi-turn generation is involved during training for this
558 baseline.

559 Multi-Turn and PAG Baselines. The Multi-Turn and PAG baselines are implemented based on
s60 the Policy-As-GenVerifier codebase. To ensure comparability with our setting, we make two
s61 modifications to the original implementation. First, we increase the maximum response length to
s62 8092 tokens to match our training setup. Second, we adapt the reward computation function so that it
563 correctly evaluates responses under our datasets, while keeping the reward definition itself identical to
se4 that used in our methods. Apart from these changes, the original training pipelines and optimization
565 settings are preserved.
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Prompt Template for Revision in Math Tasks

Problem
A frequency distribution of the scores for Mr. Sampson’s algebra class is shown. What percent
of the class received a score in the 60% — 69% range?

Test Scores | Frequencies
90% — 100% Jinl
80% — 89% TIIT 1101
70% — 79% I I
60% — 69% HII I
Below 60% I

Previous Answer

To solve this problem, we first count the number of students in each score range. The total
number of students is computed as 4 + 8 + 6 + 5 + 2 = 25. The number of students scoring
in the 60% — 69% range is 5. ...

Verifiable Feedback:
The previous answer is incorrect.

Instruction:

Now produce a corrected solution. Identify and fix potential mistakes in the previous attempt.
Keep the reasoning concise and provide a corrected final answer. Do not assume access to the
correct answer.

N J
Figure 7: Prompt template for the revision stage with binary correctness feedback. Concrete problem
content and partial incorrect answers are shown for illustration, with remaining content omitted for
brevity.

Prompt Template for Verification in Math Tasks

Problem
A frequency distribution of the scores for Mr. Sampson’s algebra class is shown. What percent
of the class received a score in the 60% — 69% range?

| Test Scores | Frequencies |
90% — 100% M1
80% — 89% [T1T 11T
70% — 79% I I
60% — 69% I I
Below 60% I

Proposed Answer

To solve this problem, we first identify the number of students in each score range from the
frequency distribution. The total number of students is computed as 4 + 8 + 6 + 5 + 2 = 25.
Among them, 5 students fall into ...

Instruction:
Judge whether the proposed answer is correct. Respond concisely and end the final line with

VERDICT: [True|or VERDICT: |False].
- J

Figure 8: Prompt template used for the verification stage. The verifier observes the problem and a
proposed solution and outputs a binary correctness judgment.

RL-Augmentation (Ours). Our method builds on top of the same training framework as the
baselines. The key difference lies in the data augmentation procedure. Before training, we first
perform an offline augmentation pass to initialize the augmented dataset. During training, at the
beginning of each epoch, we further augment the dataset by generating new revision trajectories
using the current policy, and the newly generated samples are added to the training data. When
generating augmented data, we allow a maximum revision budget of N = 8. The training prompts
used for augmentation follow the templates described in Appendix [D} The model is then trained on
the mixture of original and augmented data using the same RL objective as the baseline.

Evaluation Protocol. Unless otherwise specified, all experiments are evaluated using our unified
evaluation framework, which will be publicly released upon paper acceptance. Given an input
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problem, the model follows the corresponding test-time protocol (e.g., sequential revision when
applicable) to generate a final response. The generated output is serialized into a JSON file and
evaluated by an external, task-specific verifier. This pipeline is applied uniformly across all tasks and
methods to ensure fair comparison: generation and evaluation are fully decoupled, and correctness is
determined solely by the external verifier rather than any internal model signals. During evaluation,
the maximum response length is set to 16,384 tokens for coding tasks and AIME24/25, and 8,096
tokens for MATHS00. The decoding temperature is fixed to 0.6 for coding tasks and 1.0 for all other
tasks, and the confidence threshold in the SelfConf setting is set to ¢ = 0.5.

For math tasks, when evaluating the Multi-Turn and PAG baselines, we follow the original evaluation
implementation provided in the Policy-As-GenVerifier repository to remain faithful to their
protocol. Under this evaluation pipeline, we use the same maximum response length settings for 7B
models as described above. For 3B models with revision budget X' = 4, where the effective sequence
length exceeds the model context limit, we reduce the maximum response length to 4,096 tokens.
All math evaluations are conducted using math_eval, ensuring that results are directly comparable
across evaluation settings.

F Method Details: Multi-Turn Comparison, Efficiency, and Test-Time
Sensitivity

F.1 Comparison with Naive Multi-Turn RL

A natural alternative to our offline scheme is online sequential revision with standard multi-turn credit
assignment. Two such schemes appear in the recent literature. The first, trajectory-level broadcast,
samples G trajectories of M turns per prompt, scores each trajectory by its final reward, computes
a trajectory-level advantage, and broadcasts that single advantage uniformly to every turn in the
trajectory. The second, pooled per-response, pools all G x M responses across the G trajectories,
treats each response as an independent sample, and computes advantages within the pool.

Neither scheme suits our setting. Sequential revision is structurally different from a vanilla multi-turn
task: each turn is a fresh attempt at the same problem z, not a step in a longer-horizon decision
process with intermediate sub-rewards. Trajectory-level broadcast assigns identical credit to every
turn and therefore ignores that some intermediate responses are much closer to correctness than others.
Pooled per-response also fails to capture this structure: the wrong intermediate responses are treated
identically, even though the near-miss failures are exactly the ones we most want the policy to learn
from. Our offline selection-then-replay scheme bypasses both pathologies. We identify near-miss
failures explicitly through the success-trajectory filter and replay them as single-turn revision prompts,
where standard single-turn credit assignment applies cleanly.

F.2 Wall-Clock Efficiency

Beyond avoiding credit-assignment pitfalls, our offline scheme is substantially faster than online
multi-turn training. Multi-turn RL pays a length-M serial sequential-revision cost per prompt at
every gradient step, multiplied by the G rollouts needed to estimate the advantage. Our method pays
the length- K serial cost only once per prompt at the offline stage, and during the online RL stage
performs only single-turn sampling on the extracted prompts, which can be parallelized across N
Best-of- NV samples. Single-turn parallel sampling is much cheaper per gradient step than M -turn
serial generation across G rollouts, since serial generation does not benefit from the parallelism that
modern inference engines provide for single-turn sampling.

Empirically, on 8 x NVIDIA H200 GPUs, three full iterations of our method completed in roughly 30
hours, while the equivalent online multi-turn baseline required over 48 hours on identical hardware
(Table[5). With a more carefully optimized infrastructure, Stage I data generation and Stage II RL
training could run concurrently (Stage II first trains on the original RL data while Stage I generates
augmented data asynchronously), yielding further gains.

F.3 Sensitivity to the Confidence Threshold

We study the sensitivity of our test-time stopping rule to the confidence threshold c used in the
TailConfidence stopping criterion (Section ). Table[6|reports accuracy and the average number

22



627
628
629

630

631

633
634
635

636
637
638

639

640
641
642
643
644
645
646

Table 5: Per-iteration wall-clock breakdown of our method on 8 x NVIDIA H200 GPUs.
Iteration  Data Generation (Stage I) RL Training (Stage II) Total

Iter 1 3h 4m 7h 15m 10h 19m
Iter 2 2h 41m 7h 26m 10h 7m
Iter 3 3h 13m 6h 23m 9h 36m
Total 8h 58m 21h 4m 30h 2m

of revision rounds used at budget K = 16 across three math benchmarks. Higher thresholds enforce
stricter stopping (more rounds before accepting a response), and accuracy increases monotonically
with the threshold over the range we tested. The number of rounds also grows with the threshold,
reflecting the cost-quality trade-off.

Table 6: Sensitivity of test-time accuracy to the TailConfidence threshold ¢ on Qwen-2.5-7B-
RL-Augmentation at budget K = 16. “Rounds” is the average number of revision rounds before

stopping.

AIME2S AIME24 MATHS00
Threshold ¢
Acc. (%) Rounds Acc.(%) Rounds Acc.(%) Rounds
04 16.56 10.22 21.15 9.04 77.80 3.99
0.5 16.88 11.91 21.56 10.06 79.17 4.46
0.6 17.50 13.31 22.08 12.19 79.10 5.64
0.7 18.23 15.45 23.65 14.97 81.58 8.76

G Additional Experiments and Ablations

We additionally evaluate our method using a strong reasoning-oriented base model, DeepSeek-R1-
Distill-7B (DeepSeek-Al et al., 2025)), and compare against both the original base model and an RL
baseline. Due to the substantially longer responses produced by this model (approximately 9k tokens
on average, compared to ~ 2k tokens for Qwen-7B), multi-turn training becomes significantly more
expensive, which limits the scale of these experiments.

As shown in Table[/] our RL-Augmented model consistently improves test-case-based performance
over both the base model and the RL baseline. We expect larger gains with increased data scale and
longer training.

H Circle Packing Implementation Details

This section gives the implementation details behind the circle packing results in Figure[5] Circle
packing maximizes the sum of radii of n non-overlapping circles inscribed in the unit square, with
verifier feedback given by a non-overlap and inscription check together with the realized objective
value. We instantiate REVES on this benchmark by directly optimizing Jgg, in the recovery form of
Lemma[4.T} each visited state z; corresponds to a partially-improved candidate configuration, the
policy proposes a refined configuration y; ~ 7g(- | 2¢), and the verifier returns r*(z, y;) = 1 iff y;
improves on the running best while remaining feasible.

Table 7: Performance on LiveCodeBench under different evaluation periods.
LiveCodeBench (01/01/25-05/01/25) LiveCodeBench (08/01/24-01/01/25)

Method

OneShot TestCases-32 OneShot TestCases-32
Base (Distill-7B) 34.25 44.51 38.24 52.21
Base + RL 36.63 43.96 38.79 53.19
Base + RL-Aug 35.53 46.33 40.63 54.04
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Reward shaping. The raw score of a candidate is the sum of radii itself (a continuous quantity),
which clusters in a narrow band near the optimum (=~ 2.63 for the n = 26 instance we evaluate)
and differs across candidates only at the third or fourth decimal. Used directly, this signal is too
compressed to drive learning. We therefore shape it in two steps. First, define the raw score s(y) as

(sum of radii of y), y is feasible,
s(y) = ] (sum of radii) — (constraint-violation amount), y is infeasible and (sum of radii) < 2.64,
-1, vy is infeasible and (sum of radii) > 2.64,

i.e., minor violations are absorbed as a soft penalty, while implausibly high sums coupled with
infeasibility are flagged as cheating and assigned s = —1. Second, we amplify by squaring the offset
from 2.5: R(s) := (s — 2.5)2. Since feasible raw scores live above 2.5, this magnifies small absolute
differences, e.g., a As = 10~ gain near s = 2.6 produces a AR ~ 2 - 10~*, which is no longer
dwarfed by gradient noise. The reward used for a revision y from parent state x is the resulting

improvement,
Uly | z) == R(s(y)) — R(s(z)),

so the policy is rewarded for any move that improves on the parent and penalized for any move that
worsens it.

Stage I: search rollouts and prompt-set construction. We run 4 sequential-revision rollouts under
the current my with budget K = 100, where each step proposes a refinement of the previous candidate
configuration and the verifier returns the shaped reward U (y | ) defined above. From the visited
intermediate states across these rollouts, we filter to retain those whose subsequent revisions produce
verified improvements, and assemble the resulting revision prompts into the augmented prompt set.

Stage II: RL training. We train Qwen3-4B with GRPO (DeepSeek-Al et al.|[2025) on the prompt
set from Stage 1. Each gradient step samples 8 prompts; for each prompt we draw 64 rollouts to form
the group used for the GRPO advantage estimate.

A representative solution. Figure 0] visualizes one of the configurations REVES discovers, and
Listing [T| reproduces the Python program emitted by the policy that generates it: an initial grid
placement followed by an SLSQP refinement against the non-overlap and inscription constraints.

Listing 1: Python program output by the REVES-trained Qwen3-4B policy that produces the
configuration in Figure E}

import numpy as np
from scipy.optimize import minimize

def run_packing():

num_circles = 26

r_initial = 0.08

x_positions = np.linspace(r_initial, 1 - r_initial, 6)

y_positions = np.linspace(r_initial, 1 - r_initial, 5)

positions = [(x, y) for x in x_positions for y in y_positions
1[:25]

positions.append ((0.3, 0.3))

positions = np.unique(positions, axis=0)

if len(positions) < 26:
positions = np.append(positions, [(0.5, 0.5)] * (26 - len(
positions)), axis=0)

radii = np.full(num_circles, r_initial)

variables = np.zeros(num_circles * 3)
for i in range(num_circles):
variables[2 * i] = positions[i][0]
variables[2 * i + 1] = positions[i][1]
for i in range(num_circles):
variables [2 * num_circles + i] = radiilil
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Figure 9: A circle packing configuration found by REVES on the n = 26 instance, achieving
sum-of-radii = 2.635983.

696 def objective(vars):

697 return -np.sum(vars[num_circles * 2:])

698

699 constraints = []

700 for i in range(num_circles):

701 def conl(vars, i=i):

702 centers = vars[:num_circles * 2].reshape(num_circles, 2)
703 r = vars[2 * num_circles + i]

704 return centers[i, 0] - r

705 constraints.append ({’type’: ’ineq’, ’fun’: conl})

706

707 def con2(vars, i=i):

708 centers = vars[:num_circles * 2].reshape(num_circles, 2)
709 r = vars[2 * num_circles + il

710 return 1 - centers[i, 0] - r

71 constraints.append ({’type’: ’ineq’, ’fun’: con2})

712

713 def con3(vars, i=i):

714 centers = vars[:num_circles * 2].reshape(num_circles, 2)
715 r = vars[2 * num_circles + il

716 return centers[i, 1] - r

717 constraints.append ({’type’: ’ineq’, ’fun’: con3})

718

719 def con4(vars, i=i):

720 centers = vars[:num_circles * 2].reshape(num_circles, 2)
721 r = vars[2 * num_circles + il

722 return 1 - centers[i, 1] - r

723 constraints.append ({’type’: ’ineq’, ’fun’: con4d})

724

725 for i in range(num_circles):

726 def conb(vars, i=i):

727 return vars[2 * num_circles + il
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728 constraints.append ({ : R : conb})
729

730 for i in range(num_circles):
731 for j in range(i + 1, num_circles):
732 def con6(vars, i=i, j=j):
733 centers = vars[:num_circles * 2].reshape(num_circles,
734 2)
735 r_i = vars[2 * num_circles + il
736 r_j = vars[2 * num_circles + j]
737 dx = centers[i, 0] - centers[j, O]
738 dy = centers[i, 1] - centers[j, 1]
739 return dx**2 + dy**2 - (r_i + r_j)**2
740 constraints.append ({ : , : con6})
741
742 result = minimize (
743 objective,
744 variables,
745 constraints=constraints,
746 method= ,
747 options={ : 2000000, : 1le-10, : False}
748 )
749
750 centers = result.x[:num_circles * 2].reshape(num_circles, 2)
751 radii = result.x[num_circles * 2:]
752 return centers, radii, float(np.sum(radii))
Problem

You will be given a problem specification and are asked to generate a correct Python program
that satisfies the requirements and passes all tests. The task involves extracting two integers and
an operator (“gains” or “loses”) from a natural language string and returning the result of the
corresponding calculation. ...

Previous Answer

To address the issue in the provided code, there are a few key points ...

class Solution:
def calculate(self, string: str) -> int:
words = string.split()

joined_string = "".join(words)
result = eval(joined_string)
return result

Verifiable Feedback:
The previous answer is incorrect.

Instruction:
Please repair the code accordingly. Enclose your fixed implementation within the specified Python
code delimiters. Do not assume access to the correct implementation.

J

Figure 10: Prompt template for the code revision stage with binary correctness feedback. Partial
incorrect code is shown for illustration, with remaining content omitted for brevity.
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Prompt Template for Code Verification

Problem

You will be given a problem specification and are asked to generate a correct Python program
that satisfies the requirements and passes all tests. The task involves extracting two integers and
an operator (“gains” or “loses”) from a natural language string and returning the result of the
corresponding calculation. ...

Candidate Answer:
To address the issue in the provided code, there are a few key points ...

class Solution:
def calculate(self, string: str) -> int:
words = string.split()

joined_string = "".join(words)
result = eval(joined_string)
return result

Instruction:

Please verify whether the candidate answer is correct. At the end, output the final line exactly as:
VERDICT: \boxed{True/False}

- J

Figure 11: Prompt template for the code verification stage. The verifier evaluates a candidate solution
and outputs a binary correctness verdict.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes], ,or [N/A].

* [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to , it is perfectly acceptable to answer provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering

or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims made in the abstract and introduction reflect the paper’s
contributions and scope.

Guidelines:
e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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801 Justification: See Appendix [B]for discussion on limitations.

802 Guidelines:

803 * The answer [N/A] means that the paper has no limitation while the answer means
804 that the paper has limitations, but those are not discussed in the paper.

805 * The authors are encouraged to create a separate “Limitations” section in their paper.
806 * The paper should point out any strong assumptions and how robust the results are to
807 violations of these assumptions (e.g., independence assumptions, noiseless settings,
808 model well-specification, asymptotic approximations only holding locally). The authors
809 should reflect on how these assumptions might be violated in practice and what the
810 implications would be.

811 * The authors should reflect on the scope of the claims made, e.g., if the approach was
812 only tested on a few datasets or with a few runs. In general, empirical results often
813 depend on implicit assumptions, which should be articulated.

814 * The authors should reflect on the factors that influence the performance of the approach.
815 For example, a facial recognition algorithm may perform poorly when image resolution
816 is low or images are taken in low lighting. Or a speech-to-text system might not be
817 used reliably to provide closed captions for online lectures because it fails to handle
818 technical jargon.

819 * The authors should discuss the computational efficiency of the proposed algorithms
820 and how they scale with dataset size.

821 * If applicable, the authors should discuss possible limitations of their approach to
822 address problems of privacy and fairness.

823 * While the authors might fear that complete honesty about limitations might be used by
824 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
825 limitations that aren’t acknowledged in the paper. The authors should use their best
826 judgment and recognize that individual actions in favor of transparency play an impor-
827 tant role in developing norms that preserve the integrity of the community. Reviewers
828 will be specifically instructed to not penalize honesty concerning limitations.

829 3. Theory assumptions and proofs

830 Question: For each theoretical result, does the paper provide the full set of assumptions and
831 a complete (and correct) proof?

832 Answer: [Yes]

833 Justification: See Appendix [C|for the full set of assumptions and proofs.

834 Guidelines:

835 * The answer [N/A] means that the paper does not include theoretical results.

836 * All the theorems, formulas, and proofs in the paper should be numbered and cross-
837 referenced.

838 * All assumptions should be clearly stated or referenced in the statement of any theorems.
839 * The proofs can either appear in the main paper or the supplemental material, but if
840 they appear in the supplemental material, the authors are encouraged to provide a short
841 proof sketch to provide intuition.

842 ¢ Inversely, any informal proof provided in the core of the paper should be complemented
843 by formal proofs provided in appendix or supplemental material.

844 * Theorems and Lemmas that the proof relies upon should be properly referenced.

845 4. Experimental result reproducibility

846 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
847 perimental results of the paper to the extent that it affects the main claims and/or conclusions
848 of the paper (regardless of whether the code and data are provided or not)?

849 Answer: [Yes]

850 Justification: See Appendix [E|for the implementation details.

851 Guidelines:

852 » The answer [N/A] means that the paper does not include experiments.
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If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: I include the code in the supplemental material, data is publicly available.

Guidelines:

The answer [N/A]| means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: See Appendix [E|and supplemental material for the implementation details.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We run the experiments multiple times and report the mean.
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Appendix [E|for the implementation details.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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0.

10.

11.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: The research in the manuscript is compliant with the NeurIPS Code of Ethics.
Guidelines:
e The answer [N/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.
o If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Appendix [B]discusses this verifier requirement and natural future directions
toward scientific-discovery applications.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: We don’t release any data or models that have a high risk for misuse.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.
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14.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We credit the creators of the assets used in the paper.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A]
Justification: This paper does not release new assets.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: This paper does not involve crowdsourcing nor research with human subjects.
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Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Justification: The core method development in this research does not involve LLMs.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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