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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 fun-
damental 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 correct-
ing them. We propose a two-stage iterative framework that alternates between
online data/prompt augmentation and policy optimization. By converting the
intermediate steps (“near-miss” answers) in the successful recovery trajectories
into decoupled revision and verification prompts, our approach concentrates
training on both effective answer transformation and error identification. This
approach enables efficient off-policy data generation and reduces the computa-
tional overhead of long-horizon sampling compared to standard multi-turn RL.
On LiveCodeBench, using publicly available 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 while using the smallest base model (4B) and far fewer
rollouts than the much larger evolutionary search systems. Math results under
ground-truth verification further confirm improved correction ability. It also gen-
eralizes to out-of-distribution constraint-satisfaction puzzles such as n_queens
and mini_sudoku, where correctness is defined entirely by problem constraints.
Code is available at https://github.com/yx1iu@2/REVES.git.

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. SR is also a strong TTS algorithm in its
own right, matching or surpassing tree search and evolutionary refinement on planning
tasks (Figure 2). Theorem 3.1 shows that increasing the policy’s one-step revision value on
SR-induced inputs also raises ], for every revision-using TTS algorithm that covers SR’s
revision inputs, up to small drift terms.
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How, then, do we post-train an LLM to optimize the SR objective [y, ? 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 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 ], decomposes exactly into a weighted sum
of per-state one-step recovery probabilities along visited rollouts (Lemma 4.1), 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 (MATH500, 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 (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 im-
proving sequential revision also improves any revision-using TTS algorithm that covers
SR’s revision inputs (Theorem 3.1).

2. Methodological. We exactly decompose ]y, into per-state one-step recovery probabilities
(Lemma 4.1) and propose REVES, a two-stage framework that recasts intermediate near-
miss answers as decoupled revision and verification prompts trained with single-turn
RL, avoiding the path-dependent credit assignment of multi-turn RL.

3. Empirical. REVES delivers consistent test-time gains across math, coding, out-of-
distribution puzzles, and circle packing, and improves every revision-using TTS al-
gorithm 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 & Karkhanis,
2025; Tang et al., 2025) when deployment uses best-of-N, 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 ex-
plicitly 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., 2025b;a; 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., 2025) synthe-
sizes 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 methods 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 r* : X x Y — [0,1]
the ground-truth reward, where r*(x,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 r* is
unavailable at test time, a surrogate stopping rule replaces it (Section 4). We model the LLM
as a policy 7ty in RL parameterized by 6. At deployment, an LLM rarely operates by a single
call to 77p; instead a test-time scaling (TTS) algorithm ¢ orchestrates up to K policy calls and
extracts a final answer 7 € J. Two canonical examples bracket the design space: Best-of-N
(BoN) (Chow et al., 2025) draws N candidates in parallel from 77y (- | x) and selects 7 via an
external scorer; every call uses the same original prompt. Sequential Revision (SR) (Madaan
et al., 2023) generates an initial response y1 ~ 7y (- | x) from prompt x, and for t =2,...,K
produces a revision y; ~ 79 (- | x,Y¢—1, ft—1) conditioned on the previous attempt y;_1 and
a feedback signal f;_1 (e.g., compiler error messages in code generation), halting at the first
correct response. Detailed pseudocode is in Protocol 1 of Appendix A.

General formulation: the TTS-induced decision process. Pairing any TTS algorithm ¢
with 71y induces a decision process with prompt-state space S and response space V. At
each step t, the policy emits a response y; ~ my(- | s¢), and ¢ constructs the next prompt
via a transition kernel P¢(st+1 | s1.¢,¥1.+). The initial state is s; = x. Note that the policy
itself remains Markov in the current state (at every step, 71y 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 &z 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
siv1 = (%, i, fi,), it € {1,...,t}, where the prior step #; is chosen by ¢: for SR, i; = t (always
the most recent response), so s;1 depends only on (st,yt) and the induced process is a
standard MDP; for tree-search algorithms such as AB-MCTS, i; 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 Amin{t : r*(x,y;) = 1} and
outputs §j = y; that is, the procedure either early-stops once a verified-correct response is
produced, or exhausts the budget K. Running 7ty inside ¢ yields the TTS-induced objective

](P (9) = ]ExNXr (SI:T/]/I:T)N(TEOV(/’) [7’* (x’ ]/T)]/
to be contrasted with the standard single-shot objective
]OneShot(G) = ]ExwX,ywm;Hx) [r*(x, ]/H/

which is what RLHF (Ouyang et al., 2022), RLVR, and GRPO (DeepSeek-Al et al., 2025)
optimize. Optimizing J, rather than Joneshot is a meta-RL problem (Figure 1): the policy
must adapt across the distribution of multi-step contexts that ¢ generates, not just answer
the original question. Our goal is to improve ], for every TTS algorithm ¢ € Ox.

This raises an important question: does there exist a training target Jp . whose optimization
provably improves ] for every ¢ € Pr? If so, we can train against one algorithm and have



(a) Standard RL: single call (b) Meta-RL inside ¢: K calls
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Figure 1: (a) Standard RL: policy 71y maps problem x to response y with reward r*(x, y). (b)
A TTS algorithm ¢ invokes the same 7ty 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;
g must therefore behave well across the whole context distribution induced by ¢.

the gains transfer to every other deployment-time choice in P, 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 7ty to revise a previous attempt, so
raising the revision value on a training target’s inputs improves every member of @y that
covers those inputs.

Theorem 3.1 (Sequential-revision recovery transfers to revision-using TTS). Let 7t be a
baseline policy and 7v1 an updated policy. For ¢ € D, policy 7, and revision-call input z, let

Va(z) = Py (F(6y) = 1), ph(2) 1= By | Tiy 1zt =2}

denote the one-step recovery probability and the expected visit count to z. Assume:

(C1) Coverage of SR by ¢ at 71g: there exists Cy > 1 such that pﬁo (z) > pﬁ%R (z)/Cy for every z.
(C2) Monotone recovery improvement: Vi, (z) > Vi, (z) for every z € supp(p‘fro).

Then, we have the following guarantee:

1 1
Jo(m) = Jo(m0) 2 = U (m1) = o ()] = llofy =l = ol = 0%
See Appendix C.2 for the proof.

Our training target Jy... The theorem licenses any ¢in € P as a training target, with
the transfer guarantee holding for every deployment-time ¢ that covers it. We pick ¢sr and
optimize
LPSR (9) = ]EXNX,}/lzTN(TTg,(PSR) [T* (x/ yT)]

for two reasons. First, ¢qR is itself a strong TTS algorithm. Figure 2 shows that on Trav-
elPlanner (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 74 (- | X, Yprev, f)
on the best cost-accuracy frontier (right), while being the simplest to implement. Second,
optimizing ¢gr transfers to the rest of & : by Theorem 3.1, improving one-step recovery on
SR’s revision inputs raises ], for every revision-using ¢ that covers them.

Optimizing ], is not optimizing single-shot pass@1. A natural question is whether
standard single-shot RLVR training already addresses Jg. It does not: two policies can be
indistinguishable under Joneshot ON every problem in & yet differ substantially under Jp.

Theorem 3.2 (Objective mismatch). For any revision length K > 2, there exist policies 711, 713,
A(K) > 0, and a problem distribution X such that Joneshot(711) = JoneShot (72), while Jpg, (772) —

](PSR(nl) 2 A(K)

The implication is direct: Joneshot and Jg, are different objectives, and policies with identical
single-shot performance can have substantially different sequential-revision performance.
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Figure 2: DeepSeek-V3 on TravelPlanner. Left: sequential revision vs. Mind Evolution /
MCTS / AB-MCTS. Right: cost-accuracy as the revision context window covers the k most
recent responses, k € {1,2,3}, or the full history.

Our problem reduces to a single concrete question: how do we post-train 719 so that Jpg,
goes up? The next section presents our algorithm.

Takeaway: we adopt the sequential-revision objective ]y, as our training target.

Improving test-time performance is not the same as optimizing single-shot pass@1
(Theorem 3.2). Among test-time scaling algorithms, sequential revision is both empiri-
cally strong and the one whose gains transfer to every other revision-using algorithm
(Theorem 3.1), which makes it the right objective to optimize.

4 REVES: From Path-Level Credit to Recovery-Level Supervision

Section 3 established that improving ], is our focus. This section turns that target into
an algorithm. We start by writing ]y, 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,---,20,Yr) ~ (79, ¢sr) be a stopped SR trajectory under 7tq: at
each step t the model samples y; ~ 79(- | z¢) and stops at the first verified correct response or
at budget K, with zy = (x,y;_1, ft_1) the revision state before generating y;. Let Vy(z;) :=
]nywng(,m)(r*(x, y') = 1) denote the one-step recovery probability at z;, where y' is a fresh sample

(not the trajectory’s own y;), and let py(z) = ]EXNX,§~(719,¢5R)|:ZZ:1 1{z = z}} denote the
expected number of times state z is visited along a SR rollout. Then

K
Jose (0) = Y Eag[1{T > t} Va(21)] = B, cm(mopsn)
t=1

t_il V;-( (Zt)

= Zpg(z) IEy,NNG(,|Z)[r*(x,y')]. (1)

See Appendix C.3 for the proof. Equation (1) reads the algorithm off Figure 3 (b). The
horizontal SR trajectory provides the outer samples z ~ py, and at each visited state
z = (x,¥¢—1, f—1) the branches drawn from 7(- | z) are online rollouts that estimate
and optimize the per-state factor Vi (z) = E,/._,(.z)[r*(x,¥')]. Since Jyq, is a nonnegative-
weighted sum of these factors, raising V at any visited z directly raises Jpg,, 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



Multi-turn Rollout REVES (Our Method)
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Figure 3: Mapping Eq. (1) onto the figure. (a) Multi-turn RL training rollouts under the
current 71y. (b) The horizontal hatched chain is a retained sequential-revision trajectory; it
determines the visit-count weight py(z) at each intermediate state z = (x,y;_1, fi—1). The
branches at each visited z are fresh samples from 714 (- | z); their verifier outcomes provide
the per-state estimate of Vr(z) = Ey .|y [ (x,y')].

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 = (X, Yprev, fprev), we draw fresh samples from 77(- | z) and estimate the local one-
step recovery probability V,(z) = Pry n(|z) [r*(x,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 5.

(2) Offline generation. An on-policy estimator of V], 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 I to states on trajectories that succeed within budget K, where at least one recovery
target exists by construction; the filter loosens as 71y improves.

Two-stage realization. Stage I (Data augmentation). For each input x, run SR under
the current mg: y1 ~ mp(- | x) and y; ~ my(- | x,y;—1,Feedback(y;_1)) for t = 2,...,K,
terminating at the first correct response or after K attempts. Discard trajectories that fail
or are already correct at ;. From each retained trajectory (x,y1,...,y,) with 7 (x,y,) =1,

build (i) revision data {Revision Prompt(x,y;)}/_,, where each prompt asks the model to re-

vise the previous response, and (ii) verification data {Verification Prompt(x,y;) }le, where
each prompt asks the model to judge whether y; is correct. Templates are in Appendix A.
Stage II (Single-turn RL). Train 77y on the union of the original RL prompts and the prompts
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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.

produced in Stage 1. The updated policy serves as the rollout policy for the next epoch’s
Stage 1. Figure 4 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 infrastruc-
ture, 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, avoid-
ing 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 F.2 reports the wall-clock comparison.

Test-time stopping rule. At test time the oracle stopping time T is almost always un-
available, so we adopt a surrogate stopping time 7 that replaces r* 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 f, the token-level confidence at position i

of yris C; = —+ Z;-‘Zl 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 c; averages C; over the tail positions i € T, of y;. The stopping time is

T = KAmin{t > 3: Ct/Z;:1 ¢j > c} for a predefined threshold c. If ¥ = K (budget

exhausted without trigger), we output § = yp with t* = arg maxj<;< ct, 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#(x,y) = 1(y passes all public test cases). The stopping time is T := KA
min{t : 7(x,y;) = 1}, and we output § = yx when T = 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., 2025) and DeepSeek-R1-Distill-Qwen-7B (DeepSeek-Al et al., 2025)
directly with RL. Training data is sampled from Skywork/Skywork-OR1-RL-Data (7298 math
+ 1015 coding = 8313 examples). We evaluate on MATH500 and AIME 24/25 for math;
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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),
MultiTurn (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 1 demonstrates the benefits of REVES
on coding benchmarks. Under test-time surrogate stopping criteria, where publicly avail-
able 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), REVES 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 (Live-
CodeBench (LCB), CodeContest). The best result in each column is shown in bold, and the
second-best is underlined. TC-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.

Model LCB (Aug 24 —Jan 25) LCB (Jan 25 - May 25) CodeContest
OneShot TC-32 TC-4 OneShot TC-32 OneShot TC-32 TC-4
Qwen-2.5-7B 4.8 6.1 6.1 6.0 18.9 0.4 57 59
Qwen-2.5-7B-RL 18.0 23.0 208 20.0 242 7.1 1.1 75
Qwen-2.5-7B-Multi-turn 194 255 213 20.7 27.5 6.9 143 8.1
Qwen-2.5-7B-PAG 19.5 25.7 232 19.8 26.4 6.5 150 9.1
Qwen-2.5-7B-REVES 18.9 29.5 238 20.5 30.0 7.1 16.6 11.7
Qwen-2.5-3B 59 158 72 79 18.3 1.6 6.3 24
Qwen-2.5-3B-RL 9.2 120 115 14.1 17.8 3.0 4.2 3.6
Qwen-2.5-3B-Multi-turn 9.9 157 121 13.2 19.2 3.2 79 44
Qwen-2.5-3B-PAG 8.1 147 11.2 134 18.5 3.6 57 49
Qwen-2.5-3B-REVES 9.6 17.7 11.0 14.3 21.6 2.2 85 5.5
Qwen3-4B (base) 22.6 27.8 268 247 24.7 6.1 109 97
Qwen3-4B-RL 32.2 417 425 29.1 354 16.1 309 309
Qwen3-4B-Multi-turn 29.2 495 449 25.3 409 10.6 349 342
Qwen3-4B-PAG 29.8 43.6 404 26.7 371 13.6 324 258
Qwen3-4B-REVES 32.7 509 463 29.7 42.0 16.4 379 309

Improved sequential revision capability for mathematical reasoning. Table 3 shows that
REVES 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.

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. (1) 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 (Table 2). Full
implementation details are in Appendix H.



Table 2: Circle packing benchmark (sum of radii at #=26, 1). REVES on Qwen3-4B matches
the best previously reported result, reaching the optimal 2.635983 with the smallest base
model and fewer rollouts.

Method Model Sum of radii, n=26 (1)
AlphaEvolve (Novikov et al., 2025) Gemini-2.0 Pro + Flash 2.635862
AlphaEvolve V2 (Georgiev et al., 2025) Gemini-2.0 Pro + Flash 2.635983
ShinkaEvolve (Lange et al., 2025) Ensemble 2.635982
ThetaEvolve (Wang et al., 2025) R1-Qwen3-8B 2.635983
TTT-Discover (Yuksekgonul et al., 2026)  Qwen3-8B 2.635983
Ours (REVES) Qwen3-4B 2.635983

Performance on n_queens and mini_sudoku

80 .39
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60 mini_sudoku  29:7% 60.0% 59.0%
45.7% 42.5% 47.0%
35.0% 36.0%

Accuracy (%)
5

20
; 78R W™ - oure)
qwe® wen v Q\Ner\‘l 51 200 u
_RL-
wen-2 51° v
Q

Figure 5: Out-of-distribution puzzle benchmarks (n_queens and mini_sudoku) under
verifier-based stopping. REVES generalizes beyond standard reasoning benchmarks despite
using checkpoints trained only on math and code.

Table 3: Sequential-revision test-time scaling performance on math benchmarks
(AIME24 /25, MATH500). 1-shot is OneShot; O-B (Oracle) and SC-B (SelfConf) are
sequential-revision (SR) test-time scaling with budget B, using the ground-truth answer
as the oracle stopping rule and the model’s own confidence as a surrogate stopping rule,
respectively. T denotes evaluation using the authors’ original codebase and protocol.

Model AIME 24 AIME 25 MATH 500
1-shot O-32 O-4 SC-4 1-shot O-32 O-4 SC-4 1-shot O-32 O-4 SC-4
Qwen-2.5-7B 20 140 48 23 03 63 13 0.6 238 50.1 29.0 26.1
Qwen-2.5-7B-RL 179 335 214 187 104 229 134 125 761 859 79.4 786
Qwen-2.5-7B-Multi-turn  14.6 30.3 20.0 13.81 72 253 11.8 9.8 759 87.1 80.1 78.0
Qwen-2.5-7B-PAG 153 31.1 19.6 13.0f 75 26.8 128 94t 761 86.7 80.8 77.2%
Qwen-2.5-7B-REVES 149 457 259 19.6 9.3 405 223 151 76.8 947 85.6 762
Qwen-2.5-3B 12 129 34 19 05 79 13 06 305 670 39.3 384
Qwen-2.5-3B-RL 64 169 81 74 18 90 39 24 649 805 69.6 65.6
Qwen-2.5-3B-Multi-turn 7.6 205 12.0 80t 26 127 52 23" 653 812 72.7 67.0
Qwen-2.5-3B-PAG 63 148 79 531 34 114 47 41% 640 788 69.9 65.6
Qwen-2.5-3B-REVES 62 337 147 82 28 244 72 42 645 899 778 66.0

Generalization to out-of-distribution puzzle tasks. Asillustrated 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, REVES substantially improves performance
on out-of-distribution puzzle benchmarks, indicating strong cross-task generalization.

Jysx-trained policies also improve other TTS algorithms. Table 4 shows that models
trained with REVES consistently improve the performance of a wide range of test-time



algorithms that rely on sequential revision, including 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 4: Comparison of model performance on different test-time strategies. Best results in
each column are in bold; second-best are underlined. 1-shot is OneShot; MindEvo is Mind
Evolution; ABM-A(B), ABM-A(G), and ABM-M are the AB-MCTS-A (Beta), AB-MCTS-A
(Gaussian), and AB-MCTS-M variants.

Model 1-shot SeqRev BoN MCTS MindEvo ABM-A(B) ABM-A(G) ABM-M
Qwen-2.5-7B-RL 18.0 23.0 278 227 25.7 26.0 27.3 26.2
Qwen-2.5-7B-Multi-turn 194 255 287 26.1 27.0 28.6 29.0 27.8
Qwen-2.5-7B-PAG 195 257 304 264 27.7 29.7 28.1 28.7
Qwen-2.5-7B-REVES 189 295 293 289 29.0 31.0 30.0 30.4

Takeaway: REVES delivers consistent, transferable test-time gains.

REVES improves sequential revision on code and math, matches state-of-the-art on
frontier open problems (circle packing) with a far smaller model, and generalizes to
out-of-distribution puzzles despite training only on math and code. As predicted by
Theorem 3.1, the gains further transfer to other revision-using TTS algorithms.

5.2 Ablation Study

The role of revision and verification prompts. As shown in Table 5, 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-
REVES 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-REVES achieves a higher AUROC (74.1%) than RevisionOnly (72.1%), demon-
strating 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 (right), augmenting
data only at the initial epoch leads to substantially worse performance than continuous aug-
mentation. 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 (left), increasing the augmentation budget
consistently improves performance, indicating that our method exhibits strong scaling
behavior with respect to the augmentation budget. At the same time, allowing a larger
augmentation budget K naturally incurs higher computational cost, reflecting a trade-off
between performance and compute in data augmentation.
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Table 5: Effect of revision and verification prompts on AIME25. Left: 1-shot (OneShot), O-4
(Oracle-4), and SC-4 (SelfConf-4) accuracy across the four configurations: RL (no augmen-
tation), VerificationOnly (verification prompts only), RevisionOnly (revision prompts only),
and REVES (both, our method). Right: TailConfidence distributions for RevisionOnly and
REVES; REVES produces sharper, better-separated correct/incorrect distributions, indicat-
ing improved confidence calibration.
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Figure 6: Ablations on data augmentation (AIME24). Left: effect of augmentation budget
K (the maximum trajectory length allowed during augmentation); right: continual versus
one-shot augmentation.
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Figure 7: Ablations on data augmentation (MATHS500). Left: effect of augmentation fre-
quency (continual versus one-shot); right: effect of allowed revision budget K.

6 Conclusion

We show that standard single-shot RL objectives are misaligned with test-time sequen-
tial revision, and propose REVES, which pairs RL with continual, mistake-driven data
augmentation so the model learns both to revise incorrect solutions and to identify errors.
Augmentation must be continual, since static data becomes uninformative once mistakes
disappear. Across math, coding, and out-of-distribution tasks, REVES improves test-time
sequential-revision performance over the single-shot RL and multi-turn baselines under
fixed budgets, and, as predicted by our transfer analysis, these gains further carry over to
other revision-using test-time algorithms. On the circle packing benchmark, a Qwen3-4B
trained with REVES matches the previously reported state-of-the-art achieved by much
larger evolutionary search systems, using the smallest base model and far fewer rollouts. d
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A Sequential Revision Protocol

In this section, we elaborate on the test-time protocol described in Protocol 1 and illustrate
its practical usage with several concrete examples, including a mathematical reasoning task
in Appendix A.1 and a coding task in Appendix A.2.

Protocol 1 Sequential Revision Protocol

1: Input: revision budget K, question x, model 7

2: Sample initial response y; ~ 7t(- | x)

3: fori =2to Kdo

4:  Generate revised response y; ~ 7t(- | x,y;_1,Feedback(y;_1))
5:  if r*(x,y;) = 1then
6

7

8

# Early stopping
Set§ = y;
: break for loop
9: endif

10: end for

11: if No early stopping then

12: y =YK

13: end if

A1 Example Math Task

In mathematical tasks, the feedback consists solely of the sentence “The response is incor-
rect.” (marked in red in the figure), without offering further diagnostic information.

Input (Turn 1)

Solve the following math problem. Show brief reasoning and provide the final answer.
Problem: A 90° rotation around —4 — 5i 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 4 is equivalent to the following transformation:

Z=a+(a—z2)-i

However, since we are rotating around —4 — 5i, 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())=34+4+5i=7+5i
2. Perform the 90° clockwise rotation by multiplying this difference by i and adding it back to a:
Z=a+(z—a)i=(—4—5i)+(7+5i)-i

Next, simplify the expression:
(7 +5i) i = 7i + 5i

Since i2 = —1:
7i45(—1)=7i 5
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Therefore, the final answer is .

Input (Turn 2)

Problem: A 90° rotation around —4 — 5i 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 — 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—2z)i

However, since we are rotating around —4 — 5i, 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))=34+4+5i=7+5i
2. Perform the 90° clockwise rotation by multiplying this difference by i and adding it back to a:
Z=a+(z—a) i=(—4—"5i)+(7+5i)-i

Next, simplify the expression:
(74 5i) - i = 7i 4 5i

Since i2 = —1:
7i45(—1) = 7i -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.

LLM Output (Turn 2)

To correctly rotate a complex number 3 around —4 — 5i 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 — 5, a 90° clockwise rotation
of z around a can be represented as:

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

a—z=(—4-5i))—3=—-4-5/—3=-7-5i
2. Multiply by —i:
(a—2z)-(=i) = (=7 =5i) - (i) = (=7)(—i) + (=5i)(—i) = 7i + 5{
Since i> = —1:
7i4+5(-1)=7i-5
3. Add this result back to a:
Z =a+(7i—5) = (=4 —5i) + (=5 +7i)

2 =—-4-5i-5+7i

Combine the real and imaginary parts:
Z = (-4-5)+(=5i+7i) = —-9+2i

Thus, after performing the 90° clockwise rotation, the resulting complex number is .
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Input (Turn 3)

Problem: A 90° rotation around —4 — 5i 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 — 5i 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 4 = —4 — 5, a 90° clockwise rotation
of z around a can be represented as:

Z=a+(a—2z)(—i)

Let’s go through the steps in detail:
1. Calculate a — z:
a—z=(—4-5i))—-3=—-4-5/—3=-7-5i

2. Multiply by —i:
(a—2z)-(=i) = (=7 =5i) - (i) = (=7)(—i) + (=5i)(—i) = 7i + 5
Since i> = —1:
7i+5(-1)=7i-5
3. Add this result back to a:
Z =a+(7i—5) = (=4 —5i) + (=5 +7i)
Z=—4-5i—5+7i
Combine the real and imaginary parts:

Z = (—4-5)+(-5i+7i) = —9+2i

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

Verifiable Feedback: The response is incorrect.
Now produce a corrected solution. Keep reasoning concise.

LLM Output (Turn 3)

To find the result after a 90° clockwise rotation around —4 — 5i, 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 z to the origin relative to a:

z—a=3—(—4-5i))=34+4+5i=7+5i

2. Rotate by 90° clockwise: A 90° clockwise rotation of a complex number w is equivalent to
multiplying w by —i. So, we need to multiply 7 4 5i by —i:

(7 +5i) x (—i) =7 x (—i) +5i x (—i) = ~7i — 5

Since i2 = —1:
—-7i—5(-1)=-7i+5=5-7i

3. Translate back by adding a: Adding a to the resultant, we get:
2 =(5-7i)+(—4—5i))=5—-4—7i—5i=1-12i

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

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
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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.

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 = (P, P,, ..., Py) of (1,2,..., N). You want to satisfy
P;=iforalli=1,2,...,N by performing the following operation zero or more times:

e 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 4 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; = i for
alli =1,2,..., N with a finite number of operations for any P. Find the minimum number of
operations required. You have T test cases to solve.

Input ...

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

Constraints ...

Sample Input 1
e 3
e 5

Sample Output 1
e

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.

LLM Output (Turn 1)

To solve this problem, we aim to determine the minimum number of operations 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 = @
for i in range(N):
if P[i] '=1 + 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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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_v1

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

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

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

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.

LLM Output (Turn 2)

To solve this problem, we aim to determine the minimum number of operations 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.
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def min_operations(N, P):
count = @
for i in range(N):
if P[i] !'=1 + 1:
count += 1
return count

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

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

In this section we collect the proofs of the theoretical results stated in the main text. We first
prove the objective-mismatch result (Theorem 3.2), showing that optimizing single-shot
pass@1 does not optimize the sequential-revision objective J4,. We then prove the transfer
guarantee (Theorem 3.1), which establishes that improving SR recovery also improves
every revision-using TTS algorithm that covers SR’s revision inputs. Finally, we prove the
hazard decomposition (Lemma 4.1) that exposes the per-state one-step recovery structure
underlying REVES.

C.1 Proof of Theorem 3.2

Theorem C.1 (Objective mismatch). For any revision length K > 2, there exist policies 711, 72
and a problem distribution X such that

]OneShot(nl) = ]OneShot(nz)/ ]4751{(7_[2) - ]‘PSR(T[l) > A(K)/
where A(K) > 0.

Proof. Construction. Take X supported on a single problem x with N > 2 candidate
answers {yV),...,y(N)} and ground-truth y* drawn uniformly from this set; feedback is
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binary correctness. Define two history-independent policies, each sampling from a fixed
distribution at every step:

m(--) = d,m,  m(-|) = Uniform{y",...,yN},

with 715’s draws independent across steps.

One-shot. Since y* is uniform,

1=
Z=
2=
Il
2~

Joneshot(m1) = P(y* =yV) = L, JOneshot (772) =

SO JOneShot ( US| ) = JOneShot ( 7T2) .

Sequential revision (budget K). 7; outputs y(1) at every step and therefore succeeds iff
y* =y, giving Josr (11) = 1/N. For mp, the K i.i.d. uniform draws are independent of y*,
so the probability that none equals y* is (1 — 1/N)X, giving Jg, (72) =1— (1 —1/N)X.

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

A(K) = Jpop (m2) — Jgop (1) = 1_(1_ )K—l > NoL o> oo, O

N2

Z=
Z

C.2 Proof of Theorem 3.1

The argument uses the recovery decomposition J(77) = ¥, pn( ) Vz(z), which holds for
any first-success transition strategy ¢ paired with any policy 7. The proof of Lemma 4.1
(Appendix C.3) establishes this for ¢ = ¢gr; the same three steps — (i) writing the success

event at step t as {T > t, y; € Gy}, (ii) Fubini against Y ; 1{t > 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‘PSR to p‘ﬁ for any
¢ € Op that early-stops.
Proof of Theorem 3.1. By the recovery decomposition applied to 711 and g,
Jo(t1) — Jg(710) me ) Vi, (2 ZPno ) Vo (2
Add and subtract ), pﬁo (2) Vr, (z) and group:
Jo(m1) = Jo(70) = L (3) (Ve () = V() + L0 (2) = 0 (2) Vs (2) . @)

() (1)

Bounding (t). Since Vy, (z) € [0,1],
~ Lot @ = @] = =l =l ®

Bounding (x). We claim the pointwise inequality

0% (2) (Viy (2) — Vi (2)) > ;)pﬁ%R<z><an<z>—vno<z>> foreveryz.  (4)

Case 1: z € supp(p?}o). By (C2), Vi, (z) — Vg, (z) > 0. By (C1), p?}o (z) > ¢1p%R( ) > 0.
Multiplying both sides of (C1) by the nonnegative quantity Vi, (z) — Vi, (z) preserves the
inequality and gives (4).
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Case2: z ¢ supp(pﬁo) Then p‘fro( ) =0, and (C1) forces 0 > Cy ! pﬁ%R( ). Combined with
p%‘z( ) > 0, this gives p¢5R( ) = 0, so both sides of (4) vanish.

Summing (4) over z,
= C ZP¢SR V7T1 ) V7T0 (Z)) (5)

Converting (5) to [y, (711) — Jgez (770). Apply the recovery decomposition to ¢ = ¢sr at 711
and 71y, then add and subtract ), p(pSR( ) an (2):

Jose (711) — Jpe (700) ZP%R )V (2) = Vy(2)) + L (0% (2) — p%R(2)) Viy (2).

Rearranging and using Vy, (z) € [0,1],

Lo (@) (Ve (2) = V() 2 [Jose (1) = Jgse ()] = [l =051 (©)
Combine. Chaining (6) into (5) and adding (3),
Jo(1) = Jp(rm0) > (:'1¢[]47SR(7Tl)]¢SR(7TO)] = [lof% = Pl ll, - *HP(PSR oIy
Connection to our method. The third term C, ! ||p4)SR pﬁ%Rﬂl in the bound is the price

for placing the on-policy SR test-time ob]ectlve Joper (1) = X, o (2) Ve (2) on the right-

hand side: as the policy improves, SR’s own visit measure pﬁSR also shifts, and that shift
contaminates [y, (771) — Jpsz (770). The off-policy fixed-reference quantity

] ¢5R Z P (PSR

absorbs this shift by holding the visit measure at the baseline; ]g,%R(nl) — ]Z%R(no) =
Y. p‘PSR( ) (Vr, — Vg, ) exactly, and (5) terminates the proof in one step:

1
Jo(m1) = Jp(mo) > @[JQR<N1> — IR 10)] = [[0% = okl

This off-policy form is exactly the training signal REVES optimizes (Section 4): Stage I
freezes the rollout distribution at the current 7y, generating SR trajectories whose visited

states constitute samples from pﬁ%“ ; 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.

Interpretation. The bound is conditional, not unconditional. It bites when (i) ¢ covers SR’s
revision inputs (small Cy in (C1)), (ii) the policy update raises one-step recovery on those

states ((C2)), and (iii) the visit measures p? and p#sk are stable under the update (small ¢;
shifts). The empirical confirmation that ]y, -trained policies improve other revision-using
TTS algorithms (tree search, evolutionary refinement) is in Table 4.

C.3 Proof of Lemma 4.1

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

First identity. SR stops at the first success, so r*(x,y¢) =1 <= Jt < K:r*(x
the success event at step t equals {7 > ¢t, y; € Gy}, where Gy := {y : r*(x,y)
tower property and the fact that 77 is Markov in z;,

P(t >ty € Gy) = E[1{t > t} P(y; € Gx | z¢)| = E[1{T > t} Ve (21)].
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Summing over t < K,
K

Jper () =P(Ft < K:r*(x,y) =1) = Y E[1{T >t} Ve (z¢)].
t=1
Second identity. Using Y- | 1{t > t} = 7 and Fubini,
K T
Y E[1{t > t} Va(21)] = IE[ y v,r(zt)} .
t=1 t=1

Third identity. Substituting the definition V(z) = E,/.., (.2 [r*(x,¥’)] and exchanging the
visit-count sum with the outer expectation gives

| 21 Ve(zr)| = L Val2) E| 21 Yzt =2}] = Y po(2) Via(2) = L 00(2) By, (o7 (2]
= z t= 4 z 0

D Training Prompt Template

In this section, we present the training prompt templates used for data augmentation. An
important distinction from the test-time setting is that we do not append execution error
information to the context during training. Instead, as illustrated in Figure 12 and Figure 13,
the training prompts rely on structured supervision rather than explicit error feedback.

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% 111
80% — 89% ITIT TIIT
70% — 79% T II
60% — 69% I 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.

Figure 8: 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.

E Implementation Details

In this section, we provide details of the training and evaluation implementations used in
our experiments. All experiments are conducted on machines equipped with 8 x NVIDIA
H200 GPUs.
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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% 1111
80% — 89% ITIT ITII
70% — 79% I I
60% — 69% I I
Below 60% II

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: or VERDICT: [False |

Figure 9: Prompt template used for the verification stage. The verifier observes the problem
and a proposed solution and outputs a binary correctness judgment.

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

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

REVES (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 K = 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 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 MATHS500.
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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 K = 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

F1 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 x, 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.

E2 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-N 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 6). 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.

E3 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 4). Table 7 reports accuracy and the average
number of revision rounds used at budget K = 16 across three math benchmarks. Higher
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Table 6: 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

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

stopping.

AIME25 AIME24 MATHS500
Threshold c
Acc. (%) Rounds Acc.(%) Rounds Acc. (%) Rounds
0.4 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 origi-
nal 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 8, our REVES 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 Table 2.
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 Jsg, in the recovery form of Lemma 4.1: each visited state z; corresponds to a
partially-improved candidate configuration, the policy proposes a refined configuration

Table 8: 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 4451 38.24 52.21
Base + RL 36.63 43.96 38.79 53.19
Base + REVES 35.53 46.33 40.63 54.04
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ye ~ mg(- | z¢), and the verifier returns r*(x,y;) = 1 iff y; improves on the running best
while remaining feasible.

Reward shaping. The raw objective of a candidate y is its sum of radii g(y) := Y1, 7i(v)
(a continuous quantity), which clusters in a narrow band near the optimum (g ~ 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. Let v(y) > 0 denote the total constraint violation (circle overlap plus boundary
excess), so that y is feasible iff v(y) = 0. First, define the raw score s(y) as

8), o(y) =0,
s(y) = 4 8(y) —o(y), v(y) >0andg(y) < 2.64,
-1, v(y) > 0and g(y) > 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 = 1072 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,

U(y [ x) == R(s(y)) — R(s(x)),
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 7ty with budget K = 100, where each step proposes a refinement of the
previous candidate configuration and the verifier returns the shaped reward U(y | x)
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 I. 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 10 visualizes one of the configurations REVES discovers,
and Figure 11 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.

Circle-Packing Program

import numpy as np
from scipy.optimize import minimize

def run_packing():

num_circles = 26

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

r_initial = 0.08
8 x_positions = np.linspace(r_initial, 1 - r_initial, 6)
9 y_positions = np.linspace(r_initial, 1 - r_initial, 5)
10 positions = [(x, y) for x in x_positions for y in y_positions][:25]
11 positions.append((0.3, 0.3))
12
3

§ if len(positions) < 26:
14 positions = np.append(positions, [(0.5, ©.5)] * (26 - len(positions)), axis=0)

16 radii = np.full(num_circles, r_initial)

18 variables = np.zeros(num_circles * 3)
19 for i in range(num_circles):
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Figure 10: A circle packing configuration found by REVES on the n = 26 instance, achieving
sum-of-radii = 2.635983.

20 variables[2 * i] = positions[i][@]

21 variables[2 * i + 1] = positions[i][1]

22 for i in range(num_circles):

23 variables[2 * num_circles + i] = radii[i]

24

25 def objective(vars):

26 return -np.sum(vars[num_circles x 2:])

27

28 constraints = []

29 for i in range(num_circles):

30 def conl(vars, i=i):

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

33 return centers[i, 0] - r

34 constraints.append({ ' type': 'ineg', 'fun': conl})

35

36 def con2(vars, i=i):

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

39 return 1 - centers[i, @] - r

40 constraints.append({'type': 'ineq', 'fun': con2})

4

42 def con3(vars, i=i):

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

45 return centers[i, 1] - r

46 constraints.append({'type': 'ineg', 'fun': con3})

47

48 def con4(vars, i=i):

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

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

52 constraints.append({ ' type': 'ineq', 'fun': con4})

53

54 for i in range(num_circles):

55 def con5(vars, i=i):

56 return vars[2 * num_circles + i]
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57 constraints.append({ ' type': 'ineg', 'fun': con5})

58

59 for i in range(num_circles):

60 for j in range(i + 1, num_circles):

61 def con6(vars, i=i, j=j):

62 centers = vars[:num_circles * 2].reshape(num_circles, 2)
63 r_i = vars[2 * num_circles + i]

64 r_j = vars[2 * num_circles + j]

65 dx = centers[i, @] - centers[j, 0]

66 dy = centers[i, 1] - centers[j, 1]

67 return dx**x2 + dy*x2 - (r_i + r_j)**2

68 constraints.append({ type': 'ineg', 'fun': con6})

69

70 result = minimize(

71 objective,

72 variables,

73 constraints=constraints,

74 method="SLSOP",

75 options={ 'maxiter': 2000000, 'ftol': le-10, 'disp': False}
76 )

77

78 centers = result.x[:num_circles * 2].reshape(num_circles, 2)
79 radii = result.x[num_circles % 2:]

80 return centers, radii, float(np.sum(radii))

Figure 11: Python program output by the REVES-trained Qwen3-4B policy that produces
the configuration in Figure 10.

Prompt Template for Code Revision

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.

Figure 12: Prompt template for the code revision stage with binary correctness feedback.
Partial incorrect code is shown for illustration, with remaining content omitted for brevity.

Prompt Template for Code Verification

Problem
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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}

Figure 13: Prompt template for the code verification stage. The verifier evaluates a candidate
solution and outputs a binary correctness verdict.
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