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Abstract

Large Language Models (LLMs) often fail to
utilize their latent reasoning capabilities due
to a distributional mismatch between ambigu-
ous human inquiries and the structured logic
required for machine activation. Existing align-
ment methods either incur prohibitive O(N)
costs by fine-tuning each model individually
or rely on static prompts that fail to resolve
query-level structural complexity. In this paper,
we propose ReQueR (Reinforcement Query
Refinement), a modular framework that treats
reasoning elicitation as an inference-time align-
ment task. We train a specialized Refiner
policy via Reinforcement Learning to rewrite
raw queries into explicit logical decomposi-
tions, treating frozen LLMs as the environ-
ment. Rooted in the classical Zone of Prox-
imal Development from educational psychol-
ogy, we introduce the Adaptive Solver Hier-
archy, a curriculum mechanism that stabilizes
training by dynamically aligning environmen-
tal difficulty with the Refiner’s evolving com-
petence. ReQueR yields consistent absolute
gains of 1.7%–7.2% across diverse architec-
tures and benchmarks, outperforming strong
baselines by 2.1% on average. Crucially, it pro-
vides a promising paradigm for one-to-many
inference-time reasoning elicitation, enabling
a single Refiner trained on a small set of mod-
els to effectively unlock reasoning in diverse
unseen models. Code is available at https:
//github.com/newera-xiao/ReQueR.

1 Introduction

Large Language Models (LLMs) possess signifi-
cant reasoning potential (Shao et al., 2024), yet a
gap remains between their intrinsic knowledge and
actual performance. Their reasoning capabilities
are often not fully activated and are highly sensitive
to input phrasing, where small perturbations can
lead to failure (Zhao et al., 2021; Mirzadeh et al.,
2024; Cai et al., 2025; An et al., 2025). We argue

Figure 1: Eliciting latent reasoning via inference-time
query refinement. A Solver struggles with the ambigu-
ity of a raw human query (top). ReQueR functions as
an optimization frontend, reformulating the input into a
structured, explicit format (bottom). By resolving ambi-
guity and employing strategies like variable-mapping,
the Refiner aligns the query with the Solver’s reason-
ing patterns, effectively unlocking its latent capabilities
without requiring parameter updates.

that this bottleneck stems from a distributional mis-
match: while human inquiries are often ambiguous
and noisy, LLM reasoning engines require explicit
and structured logic to function optimally (Deng
et al., 2023). Therefore, the key to unlocking la-
tent reasoning lies in bridging this alignment gap
between human intent and machine activation.

Bridging this gap, however, is far from trivial.
First, parameter-update methods, such as Super-
vised Fine-Tuning (SFT) (Hu et al., 2022; Xiao
et al., 2026b; Chang et al., 2026; Dong et al., 2025)
and Reinforcement Learning from Verifiable Re-
wards (RLVR) (Guo et al., 2025), attempt to align
models by modifying internal weights. While ef-
fective, these approaches are impractical for agent
systems where models are frequently swapped or
upgraded. Aligning N models necessitates N in-
dependent training runs, leading to a O(N) com-
plexity. Furthermore, they are inapplicable to pro-
prietary black-box models where gradient access
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is restricted. Alternatively, while prompt engineer-
ing offers a lightweight substitute, most existing
strategies act as static wrappers that merely append
shallow instructions to the input (Wei et al., 2022).
They often fail to perform the deep rewriting re-
quired to simplify complex query structures. More-
over, automated prompt optimization tends to be
overfitted to specific models or datasets, severely
limiting their generalization to unseen environ-
ments (Yang et al., 2023). Consequently, existing
paradigms fail to provide a universal solution at
inference time, as the optimal reasoning trigger
remains highly task-dependent and varies signifi-
cantly across divergent model architectures.

To address these gaps, we introduce ReQueR
(Reinforcement Query Refinement), an inference-
time frontend that reformulates human queries to
activate the reasoning capabilities of downstream
LLMs. Instead of per-model fine-tuning or task-
level prompt optimization, we use reinforcement
learning to train a Refiner LLM as a unified meta-
policy. As illustrated in Figure 1, ReQueR per-
forms query-level reformulation, translating am-
biguous human intent into structured machine logic.
During training, the Refiner is optimized through
reward signals from frozen Solver LLMs respond-
ing to the reformulated queries. This approach
shifts the alignment burden from the O(N) cost
of independent model-tuning to a scalable O(1)
inference-time paradigm, while offering a granu-
larity that static prompt optimization lacks. Once
trained, a single Refiner can unlock the reasoning
potential of diverse, unseen models without any
additional parameter updates. Unlike dataset-level
prompt optimization, ReQueR reformulates each
query individually, ensuring that the reasoning trig-
ger is tailored to the specific logic of every sample.

However, training this Refiner policy presents
significant challenges. The main problem is reward
sparsity (Yu et al., 2025; Ding et al., 2026; Li et al.,
2025a; Yu et al., 2026; Li et al., 2026) caused by
the use of static training environments. Solvers
that are either too weak or overly capable fail to
provide informative feedback, often driving the Re-
finer to exploit model-specific biases rather than
learning general reasoning logic. Another prob-
lem is reward hacking, where the Refiner learns to
cheat by directly leaking the answer into the refined
query (Gao et al., 2023). While this results in high
training scores, it leads to catastrophic failure when
the Refiner is applied to new, unseen environments.

To address these challenges, we introduce two

mechanisms. First, the Adaptive Solver Hierar-
chy (ASH) mitigates reward sparsity and model-
specific overfitting. Grounded in the Zone of Prox-
imal Development (Vygotsky, 1978), ASH utilizes
a pool of Solvers of varied capabilities and per-
forms per-sample dynamic matching according to
Refiner’s current competence. By escalating Solver
difficulty upon consistent failure and de-escalating
when success becomes trivial, ASH ensures the
Refiner evolves within its optimal growth zone,
maintaining a dense reward signal (Bengio et al.,
2009; Xiao et al., 2026a; Li et al., 2025b) without
model-specific dependencies. Second, we imple-
ment a perplexity-based constraint to suppress re-
ward hacking. Unlike computationally expensive
and unstable generative LLM judges (Wang et al.,
2024a), our approach uses a single forward pass to
detect potential leakage, enabling quick monitoring
within the RL loop.

Our contributions can be summarized as follows:

• We propose ReQueR, a modular inference-
time Query Refinement framework. By learn-
ing a unified meta-policy for per-sample query
refinement, ReQueR unlock the reasoning po-
tential of diverse LLMs.

• We introduce the Adaptive Solver Hierar-
chy alongside an efficient leakage detection
constraint. ASH addresses reward sparsity
through per-sample dynamic Solver selec-
tion tailored to the Refiner’s refined queries,
while our perplexity-based constraint effec-
tively mitigates reward hacking.

• Extensive experiments across various LLMs
and reasoning tasks demonstrate that ReQueR
consistently improves reasoning performance,
and outperforms existing baselines. Notably,
we demonstrate one-to-many generalization,
where a single Refiner trained on small-scale
open-source models successfully unlocks the
latent reasoning potential of unseen models.

2 Related Work

Input Optimization for LLMs LLM perfor-
mance is highly sensitive to prompt quality, driv-
ing a shift from manual engineering to automated
optimization. Frameworks like TextGrad (Yuksek-
gonul et al., 2024) and OPRO (Yang et al., 2023)
utilize gradient-like feedback to refine prompts,
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Figure 2: ReQueR reinforcement learning pipeline. The Refiner generates multiple refined queries for a Solver
dynamically assigned by the ASH based on problem difficulty. After computing rewards from the Solver’s answers,
the framework optimizes the Refiner policy and updates Solver labels to ensure a stable learning curriculum.

while GEPA (Agrawal et al., 2025) employs ge-
netic evolution. However, these methods are often
task- and model-dependent, lacking the flexibility
for per-sample dynamic adaptation . Alternatively,
rewriting strategies such as RaR (Deng et al., 2023)
and RE2 (Xu et al., 2024) rely on static, heuristic-
based templates. ReQueR employs Reinforcement
Learning to learn a universal meta-policy that re-
constructs a problem’s logical skeleton. As an adap-
tive inference-time frontend, it enables O(1) rea-
soning elicitation, unlocking the latent potential of
unseen Solvers and tasks.

Reinforcement Learning for Reasoning Rein-
forcement Learning (RL) has emerged as a dom-
inant paradigm for enhancing the reasoning ca-
pabilities of LLMs (Gulcehre et al., 2023). Re-
inforcement Learning with Verifiable Rewards
(RLVR) (Guo et al., 2025) leverages objective
ground-truth feedback, such as mathematical cor-
rectness (Cobbe et al., 2021; Lin et al., 2026) or
code execution results (Le et al., 2022), to pro-
vide precise supervision. Group Relative Policy
Optimization (Shao et al., 2024; Yao et al., 2024)
further improved training efficiency through group-
relative advantage normalization, eliminating the
need for a separate value-function critic. A broader
discussion of recent RL-for-reasoning advances is
provided in Appendix B. Unlike these methods
that enhance Solvers directly, ReQueR optimizes
a Refiner meta-policy for one-to-many reasoning
elicitation, unlocking the latent potential of diverse
frozen Solvers at inference time.

3 The ReQueR Framework

3.1 Problem Formulation

We reformulate the reasoning elicitation task as an
inference-time alignment problem. Unlike SFT or

RL that modifies the internal parameters of a model
to match human preferences, ReQueR aligns the
input distribution to match the intrinsic reasoning
triggers of frozen large language models.

The Refiner and the Solver Set Let D =
{(x, y∗)} be a dataset of reasoning problems where
x represents the raw human inquiry and y∗ is the
ground-truth answer. We define the Refiner as a
policy πθ(x

′|x), parameterized by θ, which trans-
forms x into a structured, refined query x′. The en-
vironment consists of a heterogeneous set of frozen
Solvers S = {Mk}Kk=1, ranked by their intrinsic
reasoning capabilities. Each Solver Mk ∈ S is
treated as a black box that, given an input q, gener-
ates a reasoning trajectory τ and a predicted answer
ŷ = Extract(Mk(q)).

The O(1) Alignment Objective The core am-
bition of ReQueR is to learn a universal meta-
policy that generalizes across various Solvers with-
out requiring individual parameter updates. To
formalize this “one-to-many” alignment, we define
the Cross-Model Generalization performance for a
given problem (x, y∗) as:

G(θ;x, y∗) = EM∈S [R(y∗,M(πθ(x)))]. (1)

The global objective is then formulated as:

max
θ

E(x,y∗)∼D [G(θ;x, y∗)] , (2)

where R is the composite reward function (Sec-
tion 3.3), and the expectation over S is managed
by the Adaptive Solver Hierarchy (Section 3.2).

Decoupling and Scalability ReQueR shifts the
alignment burden from parameters to input opti-
mization, replacing O(N) model-specific tuning
with a scalable O(1) paradigm. By optimizing
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across a Solver manifold, the Refiner internalizes
universal reasoning triggers that transcend indi-
vidual architectures. Once trained, πθ can be de-
ployed to unlock latent potential in unseen Solvers
(Munseen) at inference time with zero additional
training cost (Theoretical analysis in Appendix F).

Comparison with Prompt Optimization Re-
QueR transcends Automatic Prompt Optimization
(APO) in two critical dimensions. First, while APO
searches for a static, task-level wrapper string, Re-
QueR learns a generative meta-policy that produces
a unique, tailored refinement for every instance.
Second, by optimizing against a Solver manifold
rather than a single model, ReQueR internalizes
model-agnostic reasoning triggers. Detailed com-
parisons are provided in Appendix A

3.2 Environmental Dynamics via ASH

To optimize the objective defined in Equation (1),
the Refiner must interact with the Solver distribu-
tion S. However, training against a fixed Solver
often leads to reward sparsity. A weak Solver may
fail consistently regardless of query quality, while
a dominant Solver might succeed even with subop-
timal queries. To maintain a high-quality feedback
loop, we propose the Adaptive Solver Hierarchy
(ASH), a curriculum mechanism that dynamically
manages environmental complexity.

Dynamic Difficulty Adjustment We rank the
Solvers in S by capability, S = {M1, . . . ,MK}.
Each sample xi ∈ D is associated with a local diffi-
culty index ki ∈ {1, . . . ,K}. During training, the
Refiner generates a group of G queries {x′i,j}Gj=1.
Let Si =

∑G
j=1 I[ŷi,j = y∗i ] denote the success

count within the group. To maintain an informative
reward signal, ki is updated for the next iteration:

k
(t+1)
i =





min(K, k
(t)
i + 1) if Si = 0,

max(1, k
(t)
i − 1) if Si = G,

k
(t)
i otherwise.

(3)

ASH as Feedback Calibration This mechanism
is conceptually grounded in the Zone of Proxi-
mal Development (ZPD), which posits that optimal
learning occurs when the environment’s difficulty
is precisely calibrated to the agent’s current com-
petence. ASH operationalizes this by addressing
two extremes of gradient degradation (Zhang et al.,
2026). First, when Si = 0, the environment is

Algorithm 1 ReQueR RL Training Procedure

Require: D, πθ, πref, {Mk}K1 ,Mj

Ensure: Optimized Policy πθ∗

1: Init: θ ← θSFT, ki ← ⌈K/2⌉ ∀xi ∈ D
2: for epoch e = 1, . . . , E do
3: Sample mini-batch B ⊆ D
4: for each (xi, y

∗
i ) ∈ B do

5: // 1. Group Sampling & Evaluation
6: {x′i,j}Gj=1 ∼ πθ(·|xi)
7: ŷi,j ← Extract(Mki(x

′
i,j)), ∀j

8: Ri,j ← I[ŷi,j = y∗i ]− λRleak(x
′
i,j , xi)

9: // 2. ASH Update via Equation (3)
10: Let Si =

∑
j I[ŷi,j = y∗i ]

11: ∆ki ← I[Si = 0]− I[Si = G]
12: ki ← clamp(ki +∆ki, 1,K)
13: // 3. Group Advantage Normalization
14: Ai,j ← (Ri,j − R̄i)/(σ(Ri) + ϵ)
15: end for
16: // 4. Gradient Update via Equation (9)
17: θ ← θ + η∇θJ (θ;B)
18: end for

effectively “deaf” to the Refiner’s structural im-
provements, leading to a total absence of positive
reinforcement. In this scenario, ASH escalates
to a more capable Solver to detect whether the
refined query contains valid reasoning cues that
only a stronger model can decode. Conversely,
when Si = G, the task is trivialized by an overly
powerful Solver that bypasses the need for high-
quality input. Here, ASH then de-escalates to im-
pose “structural pressure”, forcing the Refiner to
generate more explicit and robust logic. By dynam-
ically maintaining the Refiner within its ZPD, ASH
prevents the policy from overfitting to a specific
model’s idiosyncratic tolerance and facilitates the
discovery of universal reasoning triggers across the
entire Solver manifold.

3.3 Reward Design

To ensure the Refiner learns to elicit reasoning
rather than simply injecting answers, we define
a composite reward R = Racc − λ · Rleak, which
balances task performance with the integrity of the
reasoning process.

Task Success (Racc) The primary objective is
the correctness of the Solver’s predicted answer ŷ
compared to the ground truth y∗:

Racc = I[ŷ = y∗]. (4)
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Leak Penalty (Rleak) Information leakage oc-
curs when the Refiner provides trivial shortcuts
that bypass logical complexity. To detect such
exploitation of non-reasoning shortcuts, we uti-
lize a judge model Mj to measure the condi-
tional perplexity PPL(y∗|q) of the answer sequence
y∗ = (t1, . . . , tL):

PPL(y∗|q) = exp

(
− 1

L
logPMj (y

∗|q)
)
. (5)

We quantify leakage severity via the Perplexity
Drop Ratio. To suppress reward hacking, we ap-
ply an indicator-based penalty Rleak that triggers
when the relative shift in the answer’s predictabil-
ity before and after refinement exceeds a tolerance
threshold τleak:

Rleak = I
[

PPL(y∗|x)
PPL(y∗|x′) + ϵ

> τleak

]
. (6)

This constraint acts as a semantic guardrail, com-
pelling the Refiner to prioritize structural disam-
biguation over leaking surface-level cues, thereby
ensuring the elicitation of genuine latent reasoning.

3.4 Training Pipeline
The training of ReQueR proceeds in two distinct
stages: a supervised warm-up to establish a base-
line alignment capability, followed by reinforce-
ment learning to refine the meta-policy (Figure 2).

Phase 1: Cold-Start Bootstrapping To stabilize
subsequent reinforcement learning, we initialize
the Refiner πθ via Supervised Fine-Tuning on a
curated dataset DSFT containing 6,144 high-quality
(x, x′) pairs. These samples are synthesized by
DeepSeek-R1 (Guo et al., 2025) and further refined
through rigorous manual curation to ensure logical
precision. The primary objective of this phase is to
align the Refiner with the required output format
and establish preliminary query-refining capabili-
ties. The policy is warmed up by minimizing the
standard negative log-likelihood:

LSFT(θ) = −E(x,x′)∼DSFT [log πθ(x
′|x)]. (7)

Phase 2: Online Optimization Building upon
the initialized policy, we employ Group Relative
Policy Optimization (Guo et al., 2025) to evolve the
Refiner. The advantage Aj for each refinement is
computed via group normalization of the rewards:

Aj =
R(j) −mean({R(i)}Gi=1)

std({R(i)}Gi=1) + ϵ
. (8)

The Refiner is then optimized by maximizing a
clipped surrogate objective with a KL penalty. The
global objective is formulated as:

J (θ) = Ex∼D

[
1

G

G∑

j=1

min
(
rjAj , clip(rj ,

1− ϵ, 1 + ϵ)Aj

)
− βDKL(πθ∥πref)

]
,

(9)

where rj = πθ(x
′
j |x)/πθold(x

′
j |x) is the probability

ratio, and the clip function restricts rj to the inter-
val [1−ϵ, 1+ϵ]. This process enables the Refiner to
explore universal reasoning triggers. The complete
procedure is summarized in Algorithm 1.

4 Experiments

4.1 Experimental Setup
Datasets and Benchmarks Training data is
sourced from GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021), and OpenHermes-
2.5 (Teknium, 2023). We derive 6,144 high-quality
samples for cold-start SFT. For the RL phase,
the training set consists of 2,048 samples (1,024
each from GSM8K and MATH). To evaluate Re-
QueR’s generalization, we employ diverse reason-
ing benchmarks: (i) Mathematical Reasoning:
GSM-Symbolic (Mirzadeh et al., 2024), GSM-
Plus (Li et al., 2024b), MATH-500 (Lightman et al.,
2023), OlympiadBench (He et al., 2024), Omni-
MATH (Gao et al., 2024), and AMC23; (ii) Gen-
eral Reasoning: MMLU-Pro (Wang et al., 2024b)
and GPQA-Diamond (Rein et al., 2024).

Refiner and Solver Configurations The Refiner
πθ is based on Qwen3-4B. Training is restricted
to Strain = {Qwen3-0.6B, 1.7B, 4B} (Yang
et al., 2025) in non-thinking mode, while eval-
uation encompasses a broader Seval to verify
O(1) transferability. This set features unseen
dense architectures (Qwen3-8B, Llama-3.2-3B-
Instruct, Llama-3.1-8B/70B-Instruct, Qwen2.5-
72B-Instruct) (Yang et al., 2025) and Mixture-of-
Experts paradigms (Mixtral-8x7B-Instruct (Jiang
et al., 2024), DeepSeek-MoE-16b-chat (Dai et al.,
2024)), testing the meta-policy’s robustness across
divergent model scales and structural designs.

Baseline Methods We benchmark ReQueR
against five representative paradigms: (1) CoT:
Standard CoT prompting; (2) Re2 (Xu et al., 2024):
Heuristic input re-reading for enhanced encoding;
(3) RaR (Deng et al., 2023): Human-defined query
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Table 1: Performance comparison on extended reasoning benchmarks. ReQueR (Qwen3-4B) is trained on
a fixed ASH (Qwen3-0.6B/1.7B/4B) and directly applied as a plug-and-play Refiner to all other models. This
evaluates the Refiner’s ability to elicit reasoning from unseen architectures. Bold indicates best performance; green
values denote gains over zero-shot CoT.

Model Method AMC23 Olym.
Bench

Omni-
MATH

GSM-
Plus

GSM-
Symb.

MATH-
500

GPQA-
Diam. Avg.

Llama Models

Llama-3.2-3B-Instruct CoT 19.69 12.76 11.04 55.43 60.64 46.60 26.77 33.28
ReQueR 22.19 19.88 13.48 65.76 69.38 50.20 30.30 38.74 (+5.47)

Llama-3.1-8B-Instruct CoT 25.94 16.02 11.63 66.86 74.44 45.80 27.78 38.35
ReQueR 30.94 21.81 14.02 71.76 75.82 54.00 31.31 42.81 (+4.46)

Llama-3.1-70B-Instruct CoT 50.31 31.31 17.93 80.81 85.76 64.60 47.73 54.06
ReQueR 53.75 36.05 20.30 83.38 87.98 72.00 48.36 57.40 (+3.34)

Qwen Models

Qwen3-0.6B CoT 18.44 19.14 13.14 44.48 50.80 48.80 27.53 31.76
ReQueR 23.75 21.66 15.18 61.57 66.14 54.40 30.30 39.00 (+7.24)

Qwen3-1.7B CoT 41.25 37.83 20.84 69.38 74.62 64.20 31.31 48.49
ReQueR 43.13 39.02 22.11 76.71 78.64 77.60 32.83 52.86 (+4.37)

Qwen3-8B CoT 65.31 50.00 27.91 85.67 86.96 83.40 41.92 63.02
ReQueR 68.13 51.45 28.16 88.05 87.08 85.00 45.45 64.76 (+1.74)

Qwen2.5-72B-Instruct CoT 61.88 43.62 26.40 81.57 82.26 76.20 50.88 60.40
ReQueR 62.50 46.44 27.37 85.43 88.12 83.00 52.02 63.55 (+3.15)

Deepseek & Mixtral Models

DS-MoE-16B-Chat CoT 6.25 2.52 5.94 35.24 39.48 16.20 24.75 18.63
ReQueR 7.19 3.56 6.64 45.71 48.34 19.20 26.77 22.49 (+3.86)

Mixtral-8x7B-Instruct CoT 9.69 7.12 8.63 47.29 52.12 30.60 25.76 25.89
ReQueR 18.12 10.68 9.28 57.52 59.66 33.00 31.31 31.37 (+5.48)

rephrasing and expansion; (4) TextGrad (Yuksek-
gonul et al., 2024): Gradient-based prompt opti-
mization; (5) GEPA (Agrawal et al., 2025): Genetic
algorithm-based prompt evolution.

Implementation and Metrics The Refiner is op-
timized via the verl (Sheng et al., 2025) framework
(batch size 64, learning rate 1 × 10−6). Perfor-
mance is measured using the Avg@4 accuracy at
temperature 0.6. Detailed experimental configura-
tions and hyperparameter settings are provided in
Appendix C.

4.2 Main Results

Transferability across Models and Tasks Ta-
ble 1 demonstrates that by training on a limited
2,048-sample subset of GSM8K and MATH us-
ing the small-scale Strain, ReQueR achieves con-
sistent performance gains across all seven rea-
soning benchmarks. The Refiner exhibits robust
cross-model transferability, significantly elevating
smaller Solvers such as Qwen3-0.6B (+7.24%)
while successfully generalizing to large-scale and
heterogeneous architectures, including Llama-3.1-
70B-Instruct (+3.34%) and Qwen2.5-72B-Instruct

(+3.15%). Notably, the Refiner also improves
the MoE-based DeepSeek (+3.86%) and Mixtral
(+5.48%). These results suggest that πθ captures
universal, architectural-agnostic reasoning triggers.
Consequently, ReQueR establishes an efficient one-
to-many inference-time paradigm for unlocking the
latent potential of frozen LLMs without indepen-
dent model-tuning.

Comparison with Existing Baselines ReQueR
demonstrates superior task-level stability and con-
sistent cross-model activation compared to existing
paradigms. As shown in Table 2, it outperforms the
strongest baseline by an average of 2.10% across all
benchmarks, confirming that RL-driven refinement
handles diverse logical distributions more robustly
than static optimization. Furthermore, Table 3 val-
idates its steady activation efficacy across various
scales, surpassing the next best method by an aver-
age of 3.26% on MATH-500. This consistent gain
from 0.6B to 72B proves that the meta-policy effec-
tively elicits the latent potential of frozen Solvers
regardless of their size or architecture.
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Table 2: Performance of ReQueR on Qwen3-1.7B vs. baselines across tasks (best in bold, gains in green).

Method GSM-Symb. MATH-500 Omni-MATH Olym. Bench GPQA-Diam. MMLU-Pro Avg.

Zero-shot CoT 74.62 64.20 20.84 37.83 31.31 43.80 45.43

TextGrad 76.78 72.40 20.14 34.87 31.82 44.05 46.68
GEPA 76.95 73.60 20.62 35.12 32.05 45.32 47.28

Re2 76.78 71.40 21.03 38.13 31.31 44.01 47.11
RaR 65.64 72.80 20.37 38.58 31.82 42.98 45.37

ReQueR (Ours) 78.64 77.60 22.11 39.02 32.83 46.09 49.38 (+2.10)

Table 3: Performance of ReQueR on MATH-500 vs. baselines across model scales (best in bold, gains in green).

Method Llama-3.2-
3B-Instruct

Llama-3.1-
8B-Instruct

Llama-3.1-
70B-Instruct Qwen3-0.6B Qwen3-8B Qwen2.5-

72B-Instruct Avg.

Zero-shot CoT 46.60 45.80 64.60 48.80 83.40 76.20 60.90

TextGrad 43.00 48.20 68.00 46.80 83.00 82.20 61.87
GEPA 44.20 49.40 68.60 47.60 83.80 82.60 62.70

Re2 46.40 50.40 67.40 48.60 84.00 82.20 63.17
RaR 44.00 45.20 68.80 47.80 82.80 81.00 61.60

ReQueR (Ours) 50.20 54.00 72.00 54.40 85.00 83.00 66.43 (+3.26)

Figure 3: Evolution of Solver distribution during
training. ASH dynamically matches Solver difficulty
to the Refiner’s competence.

Figure 4: Progress of validation accuracy during
training. Both ASH and Leak Penalty are necessary for
maintaining stable training and robust generalization.

4.3 Further Analysis

Emergent Refinement Strategies RL training
yields high-value strategies that underpin Re-
QueR’s effectiveness. As shown in Table 5, we
summarize four representative archetypes that dis-
till human intuition into machine-executable logic:
(i) Symbolic Parameterization; (ii) Contextual De-
noising; (iii) Linguistic Disambiguation; and (iv)
Conceptual Reduction. These emergent patterns ex-
plain ReQueR’s success: they project raw queries
onto a logic-dense manifold specifically tailored to

Table 4: Average response length (Tokens / Sample) of
Raw queries vs. ReQueR-refined queries.

Model Task Raw ReQueR ∆ (%)

Mixtral-8x7B-
Instruct

GSM8K 678.0 560.8 17.3% ↓
MATH-500 1119.2 1033.1 7.7% ↓
AMC23 11911.5 10595.7 11.0% ↓

Qwen2.5-72B-
Instruct

GSM8K 886.3 796.8 10.1% ↓
MATH-500 1638.1 1559.0 4.8% ↓
AMC23 19639.6 18045.5 8.1% ↓

trigger the Solver’s latent reasoning. Full taxonomy
is provided in Appendix E.

Analysis of ASH Figure 3 reveals that ASH adap-
tively shifts the Solver distribution from diverse
models to weaker ones as Refiner competence im-
proves. This staged curriculum keeps the model
within the Zone of Proximal Development to main-
tain dense rewards. As shown in Figure 4, remov-
ing ASH degrades performance significantly, con-
firming that balancing task difficulty with current
competence is essential for stable optimization.

Analysis of Leak Penalty Figure 4 demonstrates
that omitting the leakage penalty leads to an early
performance surge followed by a late-stage decline.
This behavior signifies reward hacking where the
model exploits non-reasoning shortcuts. Our PPL-
based constraint suppresses verbatim answer leak-
age and forces the Refiner to elicit latent logic,
which ultimately yields superior generalization.

Analysis of Inference Overhead The computa-
tional overhead introduced by ReQueR depends
on the deployment scenario. For static datasets,
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Table 5: Case studies illustrating how ReQueR transforms raw queries into reasoning-facilitating structures.

Strategy 1: Symbolic Parameterization
Description: Transforms narrative word problems into formal symbolic models comprising variables and equations.

Raw Query Refined Query
Ex. Ten treeks weigh as much as three squigs and one goolee. Two treeks

and one goolee are equal in weight to one squig. The combined weight
of how many treeks equals the weight of one squig?

Let T be the weight of one treek, S be the weight of one squig, and
G be the weight of one goolee. We are given: 1. 10T = 3S + G, 2.
2T + G = S. We need to find the number n such that nT = S.
Determine n by solving the system of equations.

Strategy 2: Contextual De-noising
Description: Filters out factual but computationally irrelevant narrative noise from the problem description.

Raw Query Refined Query
Ex. Daniel works at an electronics store, and he claims that the popularity

of a television is inversely proportional to its cost. If 15 customers
buy a television that costs $1500, how many customers would buy a
television that costs $2500?

Given that the number of customers buying a television is inversely
proportional to its cost, and that 15 customers buy a television costing
$1500, how many customers would buy a television costing $2500?

Strategy 3: Linguistic Disambiguation
Description: Resolves semantic ambiguity by replacing vague natural language with formal operators or explicit sets.

Raw Query Refined Query
Ex. What is the

::::::::::::::::::::::::::::::
sum of all of the multiples of 3 between 100 and 200 ? Calculate the sum of the arithmetic series starting at 102, ending at

198, with a common difference of 3.

Strategy 4: Conceptual Reduction
Description: Decomposes high-level math concepts into primitive algebraic operations and decision constraints.

Raw Query Refined Query
Ex. How many

:::::::::::
vertical asymptotes does the graph of y = 2

x2+x−6

have?
Find the number of distinct real numbers x for which the denomina-
tor of the function y = 2

x2+x−6
is zero.

refinement costs are virtually negligible as queries
can be pre-processed in a single pass to serve mul-
tiple downstream Solvers. In real-time settings, al-
though the 4B Refiner adds a secondary generation
step, the overhead is limited to query reformulation,
which is significantly shorter than the subsequent
reasoning chains. Crucially, this latency is miti-
gated by improved Solver efficiency. As quantified
in Table 4, refined queries yield shorter responses
with length reductions between 4.8% and 17.3%.
This suggests that ReQueR, by clarifying input
logic, facilitates more efficient CoT trajectories
that partially offset the initial refinement cost.

4.4 Ablation Study

Ablation on SFT and RL Training Table 6 re-
veals the cumulative gains from our progressive
training pipeline. SFT establishes a foundational
alignment, providing a 5.14% increase for Qwen3-
0.6B on GSM-Plus, while subsequent RL further
boosts performance by 11.15%. This trajectory
confirms that RL is essential to fully activate the
reasoning triggers initialized during SFT.

Ablation on ASH and Leak Penalty Table 6
identifies ASH as the most vital component for
training stability. Its removal leads to a significant
5.85% drop for Llama-3.1-8B-Instruct on MATH-
500, illustrating its role in preserving the optimal
difficulty-competence balance. The leak penalty

Table 6: Comprehensive ablation study. Impact of
training stages (SFT, RL) and specific components
(ASH, Leak Penalty) across different base models.

Method MATH-500 GSM-Plus

Qwen3-0.6B 49.05 45.28
+ SFT 50.68 50.42
+ RL (Full ReQueR) 54.40 61.57

w/o ASH 52.12 54.85
w/o Leak Penalty 53.78 59.42

Llama-3.1-8B-Instruct 46.12 67.24
+ SFT 48.56 68.46
+ RL (Full ReQueR) 54.00 71.76

w/o ASH 48.15 68.32
w/o Leak Penalty 53.28 70.05

Qwen2.5-72B-Instruct 76.68 81.75
+ SFT 78.72 82.81
+ RL (Full ReQueR) 83.00 85.43

w/o ASH 78.40 82.95
w/o Leak Penalty 81.15 83.82

further ensures policy integrity by preventing re-
ward hacking, as evidenced by the 2.15% decrease
on GSM-Plus for Qwen3-0.6B upon its removal.

5 Conclusion

In this paper, we presented ReQueR, a unified
inference-time Refiner policy to activate the la-
tent reasoning capabilities of diverse, frozen LLMs.
By shifting the alignment burden from individual
model-tuning to a scalable O(1) paradigm, our
framework enables a single Refiner to elicit rea-
soning without Solver-parameter updates. Empiri-
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cal results across diverse architectures and scales
indicate the robust generalization of ReQueR, high-
lighting its potential as an efficient one-to-many
solution for frozen LLMs. Furthermore, this ap-
proach offers significant potential for agentic work-
flows, such as code agents, where dynamic query
refinement can effectively bridge the gap between
ambiguous human intent and coding LLMs. These
findings highlight ReQueR as a versatile and effi-
cient foundation for future research into adaptive,
inference-time reasoning elicitation.

Limitations

Despite its efficacy, ReQueR faces several con-
straints. The two-stage pipeline introduces ad-
ditional latency and the risk of cascading errors,
where hallucinations during refinement may mis-
lead the Solver. Theoretically, our framework is
adaptable to diverse task styles (including open-
ended generation and creative writing), with the
Refiner policy capable of learning specialized
strategies. However, formulating rewards for non-
verifiable tasks and effectively balancing reward
signals across heterogeneous domains remain open
challenges, currently confining our application to
reasoning tasks with verifiable ground truth. Fur-
thermore, while the ASH curriculum promotes
model-agnostic triggers, the Refiner remains in-
fluenced by the architectural biases of its training
pool. Finally, as an elicitor rather than a gener-
ator, ReQueR can only activate a Solver’s latent
potential and cannot unlock reasoning capabilities
fundamentally absent from its pretrained weights.
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A Paradigm Comparison: ReQueR vs.
Prompt Optimization

To further clarify the novelty of ReQueR, we for-
malize the paradigmatic divergence between our
proposed instance-level refinement and Automatic
Prompt Optimization (APO).

A.1 APO as a Static Task-level Wrapper

APO methods (e.g., OPRO, Textgrad, GEPA) treat
the prompt P as a discrete, static hyperparameter
tailored for a specific model Mi on a task distri-
bution Dk. This approach can be formulated as a
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point-wise search for a global string:

P̂APO = argmax
P

Ex∼Dk

[

R (Mi(P ⊕ x), y∗)
]
,

(10)

where⊕ denotes string concatenation. Here, P acts
as a fixed wrapper, a “one-size-fits-all” instruction
prefix. Because this wrapper is tightly coupled to
model Mi’s internal biases, it lacks the flexibility
to adapt to per-sample nuances, leading to an O(N)
migration complexity where N is the number of
target Solvers.

A.2 ReQueR as an Instance-level Meta-Policy

In contrast, ReQueR optimizes a generative pol-
icy πθ that produces a unique refinement x′ for
every unique input x. By optimizing against the
Solver manifold S via the ASH hierarchy, the Re-
finer learns a universal mapping:

θ∗ = argmax
θ

Ex∼DEs∼SEx′∼πθ(x′|x)
[

R
(
s(x′), y∗

) ]
.

(11)

Unlike APO, the optimization target here is a Meta-
refinement Policy. This shift yields several critical
advantages:

• Per-sample Elasticity: For every input x, the
Refiner generates a tailored x′ that rectifies the
specific logical vulnerabilities of that sample,
acting as a dynamic transformation rather than
a static bandage. Related per-sample strate-
gies have been explored in visual prompt tun-
ing (Xiao et al., 2025) and SFT data construc-
tion (Chen et al., 2024).

• Model-Agnostic Invariance: Since the pol-
icy is trained against the distribution S , it inter-
nalizes a meta-strategy for query clarification
that is effective across all LLM architectures,
enabling O(1) universal transfer.

• Inference-time Practicality and Robustness:
A significant limitation of APO is its depen-
dence on a priori knowledge of the model
and task category during inference. In real-
world scenarios, one cannot assume the spe-
cific Solver identity or that a query belongs to
a singular, predefined task distribution. APO’s
static wrappers often fail when encounter-
ing hybrid-style queries or out-of-distribution

(OOD) inputs. In contrast, ReQueR’s meta-
policy treats every input as a fresh structural
disambiguation task, ensuring high-fidelity
reasoning elicitation regardless of the under-
lying task category or Solver backend.

The core conceptual differences are summarized
in Table 7.

B Extended Related Work on RL for
Reasoning

Beyond the core RL-for-reasoning line discussed
in the main paper, recent advances have explored
several orthogonal directions. On reward and ad-
vantage design, a range of studies investigate dy-
namic sampling, credit assignment, step-level ad-
vantage estimation, and risk-aware objectives to
produce denser and more informative training sig-
nals (Rao et al., 2025; Fang et al., 2026b,a; Wu
et al., 2026; Ren et al., 2025). For exploration and
efficiency, works target token-level policy tailoring,
uncertainty-aware advantage shaping, diversity-
promoting exploration, inference-time temperature
control, balanced training pipelines, and planning-
guided RL (Liu et al., 2025; Xie et al., 2025;
Zhao et al., 2026b; Zhou et al., 2026; Zhao et al.,
2026a; Dou et al., 2025). Another line extends
RL-for-reasoning beyond pure text, covering multi-
modal perception-reasoning coevolution and neural
chain-of-thought search (Miao et al., 2026; Ling
et al., 2026). Finally, domain-specific applica-
tions demonstrate the broader impact of RL-based
reasoning in psychological, tabular, and medical
settings (Dai et al., 2025; Guo et al., 2026; Ye
et al., 2025; Wu et al., 2025; Zhu et al., 2026,
2025). These works collectively enrich the RL-
for-reasoning landscape and motivate ReQueR’s or-
thogonal focus on inference-time, model-agnostic
reasoning elicitation.

C Experimental Details and
Hyperparameters

C.1 Model Specifications and Sources

To ensure transparency and reproducibility, we pro-
vide the detailed configurations and official sources
of the models utilized in the ReQueR framework.
Table 8 summarizes the Refiner and the heteroge-
neous Solver pool, highlighting the diversity in
architecture and scale that underpins our one-to-
many generalization claims.
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Table 7: Conceptual Comparison: APO vs. ReQueR.

Dimension Automatic Prompt Optimization ReQueR (Meta-Policy)

Optimization Goal Best wrapper string for a whole task Meta-refinement policy for every input x
Granularity Global / Dataset-level Local / Instance-level
Mechanism Static Prefixing (P ⊕ x) Dynamic Transformation (f : x → x′)

Table 8: Summary of Model Architectures and Official Sources.

Role Model Official Source / Hugging Face Link

Refiner Qwen3-4B Qwen/Qwen3-4B

Solvers Qwen3-0.6B∗ Qwen/Qwen3-0.6B
Qwen3-1.7B∗ Qwen/Qwen3-1.7B
Qwen3-4B∗ Qwen/Qwen3-4B
Qwen3-8B∗ Qwen/Qwen3-8B
Qwen2.5-72B-Instruct Qwen/Qwen2.5-72B-Instruct

Llama-3.2-3B-Instruct meta-llama/Llama-3.2-3B-Instruct
Llama-3.1-8B-Instruct meta-llama/Llama-3.1-8B-Instruct
Llama-3.1-70B-Instruct meta-llama/Llama-3.1-70B-Instruct

DeepSeek-MoE-16B-Chat deepseek-ai/deepseek-moe-16b-chat
Mixtral-8x7B-Instruct mistralai/Mixtral-8x7B-v0.1

∗ Non-thinking mode (To evaluate the direct reasoning elicitation effect without internal CoT buffers.).

C.2 Dataset Specifications and Benchmarks

To evaluate the reasoning elicitation and general-
ization capabilities of ReQueR, we utilize a com-
prehensive set of datasets for both policy training
and multi-domain evaluation. Table 9 summarizes
the scope, specific tasks, and official sources for
each dataset used in our experiments.

C.3 Training Infrastructure

All experiments are conducted on a cluster of 8
NVIDIA H100 GPUs. To balance the computa-
tional load between policy evolution and environ-
ment feedback:

• Actor/Refiner: Hosted on GPUs 0–3 for ac-
tive policy gradient updates.

• Evaluator/Solvers/Leak Judge: Hosted on
GPUs 4–7 to perform parallel inference for
reward computation.

The training pipeline is implemented using Py-
Torch and the verl framework. We employ the
GRPO algorithm for policy updates and utilize
vLLM for accelerated offline reward inference.

C.4 Hyperparameter Settings

The detailed hyperparameters for the RL stage,
ASH mechanism, and Leak Penalty are summa-
rized in Table 10.

C.5 Prompt Templates

To ensure the reproducibility of our reasoning elic-
itation process, we detail the specific prompts used
for both the Refiner and the downstream Solvers.
Table 11 illustrates the Refiner’s meta-policy, while
Table 12 defines the standardized evaluation envi-
ronment for the Solvers.

D Additional Experimental Analysis

To further characterize the behavior of ReQueR, we
provide a set of supplementary analyses covering
weak-to-strong transfer, cross-family curriculum,
the role of supervised warm-up, the robustness of
the leakage penalty, and failure-mode diagnostics.

D.1 Weak-to-Strong Transfer Matrix

While the main results (Table 1) already implicitly
demonstrate weak-to-strong transfer—the training
pool caps at Qwen3-4B yet the Refiner consistently
improves Solvers up to Qwen2.5-72B—we provide
a controlled single-Solver analysis here. We train
three variants of the Refiner, each using exactly
one Solver during RL (Qwen3-0.6B, Qwen3-1.7B,
or Qwen3-4B), and evaluate every variant on three
unseen stronger Solvers across three benchmarks.

Several observations emerge. First, even the
Only-0.6B Refiner—trained exclusively against a
0.6B Solver—improves Qwen2.5-72B by roughly
+3.9% on average, spanning a 120× scale gap.
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Table 9: Summary of Datasets for Training and Evaluation.

Phase Dataset Samples / Scope Official Source / Hugging Face Link

Training OpenHermes-2.5 (Teknium, 2023) 6,144 (SFT) teknium/OpenHermes-2.5
GSM8K (Cobbe et al., 2021) 1,024 (RL) openai/gsm8k
MATH (Hendrycks et al., 2021) 1,024 (RL) hendrycks/competition_math

Evaluation MATH-500 (Lightman et al., 2023) 500 (Hard Math) HuggingFaceH4/MATH-500
(Mathematical) GSM-Symbolic (Mirzadeh et al., 2024) 5,000 apple/GSM-Symbolic

GSM-Plus (Li et al., 2024b) 2,400 qintongli/GSM-Plus
OlympiadBench (He et al., 2024) 674 Hothan/OlympiadBench
Omni-MATH (Gao et al., 2024) 4,428 KbsdJames/Omni-MATH
AMC2023 Competition Math math-ai/amc23

Evaluation MMLU-Pro (Wang et al., 2024b) 12,000 TIGER-Lab/MMLU-Pro
(General) GPQA Diamond (Rein et al., 2024) 198 Idavidrein/gpqa

Table 10: Hyperparameters for ReQueR Training.

Category Hyperparameter Value

RL (GRPO) Learning Rate 1× 10−6

Global Batch Size 64
PPO Mini-batch Size 32
Micro-batch Size per GPU 8
KL Coefficient (β) 0.05
Entropy Coefficient 0
Rollout Variants (G) 8
Total Training Epochs 6

ASH Mechanism Solver1 Qwen3-0.6B
Solver2 Qwen3-1.7B
Solver3 Qwen3-4B
Initial Solver Label nSolver//2

Leak Penalty Perplexity Threshold (τleak) 5.0
Penalty Coefficient (λ) 1.0
Score Deduction -1.0

This indicates that the refinement policy captures
universal reasoning triggers rather than model-
specific shortcuts. Second, every single-Solver
variant outperforms the CoT baseline on all unseen
Solvers, confirming that the refinement general-
izes upward regardless of training-Solver strength.
Third, the multi-Solver ASH curriculum consis-
tently achieves the best overall accuracy, validating
its role in discovering more robust, architecture-
agnostic triggers.

D.2 Cross-Family Adaptive Solver Hierarchy

Our main ASH uses Qwen3-0.6B/1.7B/4B to ob-
tain a strictly monotonic capability ordering, which
simplifies the curriculum update rule in Equation 3.
To verify that this design does not implicitly en-
code family-specific biases, we train a cross-family
variant (ASH-CF) that replaces Qwen3-0.6B with
Llama-3.2-3B-Instruct and keeps Qwen3-1.7B and
Qwen3-4B unchanged.

The two configurations perform comparably

(64.04 vs. 64.31 on average), with ASH-CF of-
fering marginal gains on cross-family Solvers such
as Llama-3.1-70B and Qwen2.5-72B. This sug-
gests that single-family ASH already captures
architecture-agnostic reasoning triggers, and cross-
family diversity primarily yields incremental ben-
efits rather than correcting a systematic bias. We
therefore keep the single-family design in the main
experiments for training simplicity.

D.3 Role of SFT: From-Scratch RL and Data
Composition

The cold-start SFT dataset is composed as fol-
lows: 4,096 samples from OpenHermes-2.5, 1,024
samples from GSM8K (train), and 1,024 samples
from MATH (train), yielding 6,144 samples in to-
tal. OpenHermes provides general-domain refine-
ment patterns to prevent the Refiner from over-
fitting to mathematical phrasing, while the math
subsets align the Refiner with the downstream RL
training distribution.

Importantly, SFT in ReQueR is not the
main source of reasoning capability; it mainly
serves as format alignment, teaching the
<think>...</think><rephrase>...</rephrase>
output structure. To verify this, we train a Refiner
using RL only, without any SFT initialization, and
evaluate it across six benchmarks (MATH-500,
GSM-Plus, GSM-Symbolic, OlympiadBench,
AMC23, GPQA-Diamond) and three unseen
stronger Solvers (Qwen3-8B, Llama-3.1-70B,
Qwen2.5-72B).

From-scratch RL already closes most of the
gap to full ReQueR, indicating that the reasoning-
eliciting behavior is primarily acquired during the
RL stage, and that ReQueR does not fundamentally
depend on high-quality distillation data such as that
generated by DeepSeek-R1.
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Table 11: Refiner Prompt Template (SFT and RL Phases).

System Prompt

# Role
You are an expert Reasoning Query Refiner. Your core task is not to answer questions directly, but to act as a “cognitive
frontend” between a human user and a downstream AI Solver. You must rewrite the user’s Raw Query into a Refined Query
that is semantically equivalent but formulated in a way that maximizes the Solver’s success rate.
# Objective
Translate natural language ambiguity into machine-solvable logic. Disambiguate intent, make implicit constraints explicit,
and structure the query to trigger the Solver’s latent reasoning capabilities.
# Input/Output Format
Input: User’s raw natural language query.
Output: First, analyze how to refine the problem step by step in <think> tags, then provide the refined query in <rephrase>
tags.
Format:
<think>(step by step thinking on how to rephrase questions)</think><rephrase>(rephrased version of
the problem)</rephrase>

User Prompt Template

Original Problem:
{original_question}

Rephrase Problem:

Table 12: Solver Prompt Template and Standardized Input Format.

System Prompt

You are a math assistant. Please solve the following problem step by step and put your final answer in \boxed{} format.

User Input

Question:
{problem}

Answer:

Table 13: Weak-to-strong transfer across single-Solver Refiners and ASH. Every variant, including one trained
solely on a 0.6B Solver, improves Solvers up to 120× larger.

Task Test Solver CoT Only-0.6B Only-1.7B Only-4B ASH

MATH-500
Qwen3-8B 83.40 83.85 83.65 83.25 85.00
Llama-3.1-70B 64.60 71.25 70.75 70.85 72.00
Qwen2.5-72B 76.20 79.85 78.40 80.10 83.00

GSM-Symb.
Qwen3-8B 86.96 87.18 87.38 87.64 87.08
Llama-3.1-70B 85.76 86.54 86.70 86.96 87.98
Qwen2.5-72B 82.26 87.72 87.98 87.38 88.12

Olym.Bench
Qwen3-8B 50.00 51.48 51.11 51.59 51.45
Llama-3.1-70B 31.31 35.76 35.50 35.13 36.05
Qwen2.5-72B 43.62 46.28 45.48 46.11 46.44

Avg. 67.12 69.99 69.66 69.89 70.79

D.4 Leakage Penalty: Threshold Selection
and Robustness

Principled threshold selection. We construct a
controlled leakage-detection benchmark by pairing
positive samples (legitimate refinements) with neg-
ative samples (refinements with injected answer
leakage) on MATH, and evaluate precision, recall,

and F1 across candidate thresholds.

We further validate this choice by training sep-
arate Refiners with τ ∈ {2.0, 3.0, 5.0, 7.0} and
evaluating across five benchmarks and five Solvers.

The results remain stable in the τ ∈ [2.0, 7.0]
range, confirming robustness to the specific thresh-
old and supporting the use of τ = 5.0 in the main
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Table 14: Cross-family ASH (ASH-CF) compared with the single-family ASH across three benchmarks and six
Solvers.

Task Method Qwen3-
0.6B

Qwen3-
1.7B

Qwen3-
8B

Llama-3.2-
3B-Inst.

Llama-3.1-
70B-Inst.

Qwen2.5-
72B-Inst. Avg.

GSM-Symb. ASH 66.14 78.64 87.08 69.38 87.98 88.12 79.56
ASH-CF 66.06 79.10 87.74 69.84 87.86 88.38 79.83

GSM-Plus ASH 61.57 76.71 88.05 65.76 83.38 85.43 76.82
ASH-CF 64.00 77.38 86.52 64.81 84.62 85.86 77.20

Olym.Bench ASH 21.66 39.02 51.45 19.88 36.05 46.44 35.75
ASH-CF 20.88 38.98 51.34 20.36 36.50 47.26 35.89

Avg. (ASH) 49.79 64.79 75.53 51.67 69.14 73.33 64.04
Avg. (ASH-CF) 50.31 65.15 75.20 51.67 69.66 73.83 64.31

Table 15: Effect of the SFT warm-up stage. From-
scratch RL alone already achieves substantial gains;
SFT accelerates convergence but is not essential.

Method Avg. Accuracy

CoT (baseline) 65.01
From-Scratch RL (no SFT) 67.72 (+2.71)
Full ReQueR (SFT + RL) 68.01 (+3.00)

experiments.

Detecting paraphrased leakage. A key advan-
tage of the perplexity-drop ratio over rule-based
string matching is the ability to detect semantically
paraphrased leakage. Consider the problem “Let
p(x) = x3 − 3x + 1. How many real roots does
p(p(x)) = 0 have?”, whose ground-truth answer is
7. For three paraphrased leakage variants, the ratio
is consistently well above τ = 5.0:

Naturally predictable answers. For well-posed
queries with inherently predictable answers, the
penalty does not produce false positives. For exam-
ple, with “What is 1 + 1?” rephrased as “Compute
the sum of 1 and 1.”, we obtain PPL(y∗|x) = 1.26
and PPL(y∗|x′) = 1.08, giving a ratio of 1.17 ≪
τ = 5.0. Because the penalty measures the relative
change in answer predictability rather than the ab-
solute level, already-unambiguous queries cannot
be incorrectly flagged as leakage.

D.5 Failure Mode Diagnosis

To understand when ReQueR fails, we manually
categorize all failure cases (reward = 0) on the
MATH-500 validation set.

The majority of failures (85.2%) are not caused
by refinement errors: the refined query is struc-
turally sound, but the problem’s difficulty exceeds
the Solver’s latent reasoning ability. This di-

rectly aligns with our Limitations section, which
states that ReQueR can only activate latent poten-
tial rather than create reasoning capabilities ab-
sent from the Solver. The remaining failures are
bounded and predictable: diagram-dependent prob-
lems whose reasoning hinges on visual elements,
and a small fraction of low-quality outputs.

D.6 Self-Improving Refiner via Emergent
Strategies

As an exploratory extension, we test whether the
emergent refinement strategies discovered by the
Refiner itself (Tables 5 and 21) can be fed back
into its own prompt to form a self-improving loop.
We inject the seven emergent strategies as explicit
heuristic guidance into the Refiner’s system prompt
and retrain; evaluation uses Qwen3-0.6B as the
Solver.

The Strategy Prompt improves performance
across all five benchmarks, suggesting that the Re-
finer’s discoveries can be recycled to bootstrap an
even stronger Refiner. We view this as a promis-
ing direction for future work on recursive self-
improvement of inference-time meta-policies.

E Qualitative Analysis: Refinement
Archetypes and Case Studies

E.1 Comprehensive Taxonomy of Refinement
Strategies

To investigate the operational mechanisms of the
Refiner’s meta-policy, we perform a qualitative de-
composition of the generated queries across diverse
reasoning tasks. Table 21 provides a comprehen-
sive taxonomy of seven emergent strategies that
facilitate the transition from raw human intuition to
machine-executable logic. These strategies, rang-
ing from Symbolic Parameterization to Chain-of-
Thought Structuring, do not merely rephrase the

38973



Table 16: Detection performance of the perplexity-drop ratio across thresholds. τ = 5.0 achieves the peak F1.

Metric 1.5 2.0 3.0 4.0 5.0 7.0 10.0

Precision 0.828 0.885 0.947 0.967 0.978 0.979 0.981
Recall 0.963 0.927 0.891 0.873 0.868 0.697 0.502
F1 0.890 0.906 0.918 0.918 0.920 0.814 0.664

Table 17: Downstream sensitivity to the leakage threshold τ . Performance is stable across τ ∈ [2.0, 7.0], with
τ = 5.0 giving the best average.

τ Qwen3-1.7B Qwen3-4B Qwen3-8B Llama-3.1-70B Qwen2.5-72B Avg.

2.0 60.65 68.91 70.61 64.99 70.86 67.20
3.0 60.03 68.82 69.32 64.51 70.82 66.70
5.0 60.96 68.83 71.41 65.55 71.00 67.55
7.0 61.20 68.35 70.15 65.54 69.77 67.00

Table 18: Paraphrased leakage is reliably detected through perplexity-drop, regardless of surface form.

Paraphrased Leakage PPL(y∗|x) PPL(y∗|x′) Ratio Detected

“The answer equals 23 − 1.” 35.81 2.05 17.5 ✓
“It can be shown that the answer is seven.” 35.81 1.10 32.6 ✓
“Since p has three real roots...giving 3 + 3 + 1 = 7 total.” 35.81 1.83 19.6 ✓

Table 19: Failure-mode breakdown on MATH-500. The dominant mode reflects inherent Solver capability limits
rather than Refiner errors.

Failure Category Proportion Description

Valid rephrase, Solver still fails 85.2% Refinement is structurally sound; problem exceeds the Solver’s
capability.

Diagram-dependent problems ([asy]) 10.9% Visual information encoded in Asymptote blocks challenges the
text-only Refiner.

Low-quality rephrase 3.9% Overly brief or verbose output, near-verbatim repetition, or for-
matting issues.

Table 20: Recursive refinement: using the Refiner’s own
emergent strategies as prompt guidance yields further
gains.

Benchmark Simple Prompt Strategy Prompt ∆

AMC23 23.75 25.62 +1.87
Olym.Bench 21.66 24.81 +3.15
GSM-Plus 61.57 64.76 +3.19
GSM-Symb. 66.14 66.54 +0.40
MATH-500 54.40 55.85 +1.45

input text but perform a Structural Transduction
of the problem space. By rectifying specific logi-
cal vulnerabilities and making implicit constraints
explicit, these archetypes ensure that the refined
query is projected onto a logic-dense manifold, ef-
fectively eliciting the latent reasoning capabilities
of downstream Solvers regardless of their architec-
ture or scale.

E.2 Generalization to Unseen Domains

The effectiveness of the Refiner meta-policy is
highly suggestive of its capacity to internalize a
domain-invariant reasoning syntax. Rather than
merely memorizing task-specific patterns, the Re-
finer appears to utilize mathematical datasets such
as GSM8K and MATH as a rigorous training
ground to master structural primitives that are foun-
dational to logical discourse. This cross-domain
adaptability is empirically illustrated in Table 22,
which details representative case studies curated
from the MMLU-Pro benchmark. These examples
demonstrate the Refiner’s ability to perform Struc-
tural Transduction across diverse fields including
law, biology, and computer science.

By decoupling the process of reasoning from
the repository of domain knowledge, the Refiner
functions as a versatile cognitive frontend that pri-
oritizes formal clarity over semantic surface. As ob-
served in the MMLU-Pro evaluations, the symbolic
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parameterization strategy originally developed for
mathematical word problems is functionally par-
allel to the process of isolating editorial discre-
tion in a legal dispute, as both operations require
the Refiner to strip away semantic noise to reveal
the underlying logical constraints. Consequently,
ReQueR establishes a standardized interface that
enables downstream Solvers to mitigate linguistic
ambiguity and more effectively activate their latent
logical capabilities across the entire MMLU-Pro
spectrum. This zero-shot generalization indicates
that the Refiner has moved beyond simple pattern
matching toward a deeper, model-agnostic under-
standing of problem decomposition.

F Theoretical Framework

The ReQueR framework establishes a formal
paradigm for reasoning elicitation by decoupling
the alignment process from the Solver’s internal
parametric space. We justify this approach through
the dual lenses of Amortized Complexity and
Information-Theoretic Feedback Calibration.

F.1 The O(1) Paradigm: Amortized
Alignment via Input-Side Mapping

Traditional alignment methodologies, such as Su-
pervised Fine-Tuning or Reinforcement Learning,
operate primarily within the Parametric Manifold
Θ. For a heterogeneous ensemble of N Solvers
S = {s1, . . . , sN}, where each si is parameterized
by θi ∈ Θi, the total parametric alignment cost
Cparam scales linearly with N :

Cparam =
N∑

i=1

∫ T

t=0
∥∇θiJ (θi,D)∥dt ∈ O(N),

(12)
where J is the alignment objective and T is the
optimization horizon.

Existing Automated Prompt Optimization tech-
niques mitigate this overhead by performing a
Point-Estimate Optimization over the discrete to-
ken space V∗. APO seeks a static wrapper string
p∗ for a specific task distribution Dk:

p∗APO = argmax
p∈V∗

Ex∼Dk
[R(s(p⊕ x))], (13)

where ⊕ denotes string concatenation. While
parameter-efficient, this “one-size-fits-all” wrapper
lacks per-sample granularity and is often tightly
coupled to the internal biases of a specific Solver,
limiting its zero-shot migration capability.

In contrast, ReQueR reformulates alignment as
an Amortized Mapping problem Φ : X → X ′,
where X ′ is a reasoning-dense manifold. Let
πθ(x

′|x) be the Refiner policy. We define the uni-
versal alignment objective as maximizing the ex-
pectation over both the task distribution D and the
Solver manifold S:

max
θ
J (θ) =Ex∼D

[ ∫

s∈S
Ex′∼πθ(x′|x)

[
R(s(x′))

]
dµ(s)

]
,

(14)

where µ(s) is a measure over the Solver space.
Since θ is optimized once and remains invariant
across all s ∈ S, the complexity relative to the
number of Solvers becomes CReQueR ∈ O(1). The
Refiner functions as an Invariant Canonical Pro-
jection (Jin et al., 2026; Ma et al., 2026), extract-
ing structural logical primitives that remain cross-
architecturally effective.

F.2 ASH: Optimization Stability via Gradient
Signal Recovery

The Adaptive Solver Hierarchy serves as a strategic
framework for Gradient Signal Recovery. Under
the GRPO framework, the policy gradient∇θJ (θ)
is driven by the group-relative advantage Ai:

∇θJ (θ) ≈
1

G

G∑

i=1

∇θ log πθ(x
′
i|x) ·

Ri − R̄

σR + ϵ
,

(15)
where R̄ = 1

G

∑
Ri and σR is the group standard

deviation.

Reward Entropy Collapse and SNR For a bi-
nary reward R ∈ {0, 1}, the informativeness of
the update depends on the Signal-to-Noise Ratio
(SNR) of the advantage signal:

SNR =
Var(E[R|πθ])

E[Var(R|πθ)] + σ2
noise

, (16)

When the Solver sk is poorly matched to the task
difficulty (e.g., an “Expert” where P → 1 or a
“Novice” where P → 0), the reward distribution
suffers from Entropy Collapse (Hao et al., 2025),
i.e., H(R) → 0. Consequently, σR → 0, leading
to a vanishing SNR and gradient stagnation.

Optimal Calibration via ZPD Constraints
ASH operationalizes the Zone of Proximal Devel-
opment by dynamically selecting a Solver sk∗ that
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acts as a Maximum Information Elicitor. We define
the optimal Solver index at time t as:

k∗(t) = argmin
k

∥∥∥Ex∼D

[P (y = y∗|x, sk, πθ)]− τ
∥∥∥
2
,

(17)

where τ ∈ (0, 1) is the target difficulty thresh-
old (typically τ ≈ 0.5 to maximize the variance
τ(1 − τ)). By maintaining the Refiner at its
ZPD edge, ASH ensures Continuous Gradient Pres-
sure, forcing the synthesis of “Hardened Triggers”
that possess high logical density and are cross-
architecturally effective.

G Promising Application Scenarios

Beyond the benchmarks presented in this study, the
O(1) alignment paradigm of ReQueR offers signif-
icant potential as a Cognitive Frontend that bridges
the gap between raw human intent and the spe-
cialized execution logic of heterogeneous Solvers.
By decoupling reasoning elicitation (Dong et al.,
2026) from knowledge retrieval, ReQueR enables a
scalable Edge-Cloud Collaborative Inference archi-
tecture where a centralized, high-capacity Refiner
empowers a diverse fleet of edge-deployed models
without individual fine-tuning.

Autonomous Code Agents as Requirement Ar-
chitects In the domain of complex software engi-
neering, ReQueR transcends simple query rephras-
ing by functioning as a Requirement Architect. By
identifying implicit logical constraints and struc-
tural dependencies within ambiguous user specifi-
cations, the Refiner projects raw natural language
into a “logic-dense” manifold. This process signifi-
cantly minimizes the search space for downstream
code-generation Solvers and mitigates the halluci-
nation of non-existent API parameters (Jiang et al.,
2026), allowing even small-scale code models to
execute high-level architectural designs with preci-
sion.

Agentic Workflow Orchestration For multi-
agent systems requiring sophisticated tool-use and
multi-step reasoning (Lin et al., 2025), ReQueR
serves as a universal task-decomposer. Instead of
the prohibitive cost of fine-tuning every special-
ized agent for instruction following, the Refiner
reformulates global objectives into a sequence of
atomic, model-invariant sub-tasks. This orchestra-
tion ensures that heterogeneous agents can execute
complex workflows with high fidelity, effectively

lowering the barrier for deploying advanced agentic
intelligence in resource-constrained or distributed
environments.

Privacy-Preserving Edge Reasoning ReQueR
further facilitates a hybrid inference paradigm
where data sovereignty and reasoning capacity are
simultaneously optimized. A cloud-based Refiner
can generate “reasoning-enhanced” meta-logical
templates that are strictly independent of sensitive
user content. These templates are subsequently
combined with private data locally to guide a Small
Language Model (SLM). Such a decoupling allows
edge devices to inherit the reasoning depth of giant
models (Li et al., 2024a) while ensuring that private
information never leaves the local environment,
defining a new frontier for secure, decentralized
AI.

H Use of Large Language Models

We utilized large language models in the following
aspects of this research:

• Data Synthesis: DeepSeek-R1 was used
to generate 6,144 high-quality instruction-
following samples for the cold-start Super-
vised Fine-Tuning phase of the Refiner model.

• Manuscript Preparation: Gemini was em-
ployed for grammar and spell checking to
improve the clarity and readability of the
manuscript.
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Table 21: Comprehensive taxonomy of emergent strategies for converting human intuition into machine-executable
logic.

Strategy 1: Symbolic Parameterization
Description: Transforms narrative word problems into formal symbolic models comprising variables and equations.

Raw Query Refined Query
Ex. Ten treeks weigh as much as three squigs and one goolee. Two treeks

and one goolee are equal in weight to one squig. The combined weight
of how many treeks equals the weight of one squig?

Let T be the weight of one treek, S be the weight of one squig, and
G be the weight of one goolee. We are given: 1. 10T = 3S + G, 2.
2T + G = S. We need to find the number n such that nT = S.
Determine n by solving the system of equations.

Strategy 2: Contextual De-noising
Description: Filters out factual but computationally irrelevant narrative noise from the problem description.

Raw Query Refined Query
Ex. Daniel works at an electronics store, and he claims that the popularity

of a television is inversely proportional to its cost. If 15 customers
buy a television that costs $1500, how many customers would buy a
television that costs $2500?

Given that the number of customers buying a television is inversely
proportional to its cost, and that 15 customers buy a television costing
$1500, how many customers would buy a television costing $2500?

Strategy 3: Linguistic Disambiguation
Description: Resolves semantic ambiguity by replacing vague natural language with formal operators or explicit sets.

Raw Query Refined Query
Ex. What is the

::::::::::::::::::::::::::::::
sum of all of the multiples of 3 between 100 and 200 ? Calculate the sum of the arithmetic series starting at 102, ending at

198, with a common difference of 3.

Strategy 4: Conceptual Reduction
Description: Decomposes high-level math concepts into primitive algebraic operations and decision constraints.

Raw Query Refined Query
Ex. How many

:::::::::::
vertical asymptotes does the graph of y = 2

x2+x−6

have?
Find the number of distinct real numbers x for which the denomina-
tor of the function y = 2

x2+x−6
is zero.

Strategy 5: Procedural Hint Injection
Description: Augments the query with necessary domain formulas or constants to minimize Solver-side retrieval failures.

Raw Query Refined Query
Ex. Evaluate i5 + i−25 + i45 Evaluate the expression i5 + i−25 + i45 by simplifying each term

using the cyclical pattern of the powers of the imaginary unit i, which
repeats every four exponents: i0 = 1, i1 = i, i2 = −1, i3 = −i.

Strategy 6: Explicit Grounding
Description: Elevates implicit mathematical axioms (e.g., non-zero denominators) to mandatory directives.

Raw Query Refined Query
Ex. For what value of x will 2x−1

2x+2 and x−3
x−1 be equal? Solve the equation 2x−1

2x+2 = x−3
x−1 for x, ensuring to exclude any

values that make the denominators zero. Find the value of x that
satisfies this equation.

Strategy 7: Chain-of-Thought Structuring
Description: Enforces a sequential reasoning path via step-by-step instructions, converting latent reasoning into explicit execution.

Raw Query Refined Query
Ex. Given the functions f(x) = x+5

3 and g(x) = 1

f−1(x)+1
, find the

value of g(3).

Given the function f(x) = x+5
3 , first determine its inverse function

f−1(x). Then, define a new function g(x) = 1

f−1(x)+1
. Finally,

compute the value of g(3).
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Table 22: Cross-Domain Generalization Case Studies in MMLU-Pro: ReQueR Transforming Human Queries into
Structured Logic.

Domain: Law (De-noising & Conceptual Reduction)
Mechanism: Filters personal anecdotes (editor’s daughter) and maps the dispute to the constitutional intersection of Commercial Speech vs. Private Editorial
Control.

Raw Query) Refined Query
Ex. (Narrative about a newspaper editor refusing a test-prep ad because his

daughter failed the course and now works at the mall)... In an action to
require the newspaper to publish, who will prevail?

Analyze whether a private newspaper can be compelled to publish
an advertisement under the First Amendment commercial speech
doctrine. Evaluate the private actor’s editorial discretion against the
owner’s claim for access, considering that no state action is involved.

Domain: Biology (Linguistic Disambiguation & CoT Structuring)
Mechanism: Converts a general “Explain” prompt into a rigorous experimental design task with a clear methodological sequence.

Raw Query Refined Query
Ex. Using conditioning, how can one determine the sensitivity of a dog’s

hearing to sounds of different frequencies?
Design an experimental procedure using classical conditioning to
measure hearing sensitivity. First, describe the pairing of specific
frequencies with a stimulus. Then, outline how to test sensitivity lim-
its by varying frequency while holding other environmental variables
constant.

Domain: Business (Symbolic Parameterization & CoT Structuring)
Mechanism: Automatically parameterizes supply and demand functions, converting a market narrative into a solvable system of equations.

Raw Query Refined Query
Ex. Distributors are willing to buy 60 − p barrels, while the Republic is

willing to supply p2/10. i) What is the equilibrium price? ii) How
many barrels will be sold?

Let D(p) = 60 − p and S(p) = p2/10. First, find the equi-
librium price p by setting the supply and demand functions equal
(S(p) = D(p)). Then, evaluate the equilibrium quantity by substi-
tuting p back into either function.

Domain: Engineering (Conceptual Reduction & Hint Injection)

Mechanism: Bridges the gap between a physical property description and a mathematical operator ( ZL−Z0
ZL+Z0

).

Raw Query Refined Query
Ex. Find the reflection coefficient for voltage waves at the load end of a 50

ohm transmission line terminated with a load impedance of 25 − j75
ohms.

Given characteristic impedance Z0 = 50Ω and load impedance
ZL = 25 − j75Ω, compute the reflection coefficient Γ using the
formula Γ = (ZL − Z0)/(ZL + Z0). Express the result in polar
form.

Domain: Computer Science (Explicit Grounding)
Mechanism: Identifies the specific logical failure mode (post-target iteration) to ground the debugging task in precise algorithmic behavior.

Raw Query Refined Query
Ex. Which of the following procedure calls can be used to demonstrate that

the procedure does NOT Work as intended? (Followed by pseudocode)
The procedure contains a logic flaw where foundIndex is reset to 0
if a non-target name is encountered after the match. Identify a test
case that specifically triggers this failure by placing the target name
in a non-terminal position in the list.

Domain: Economics (Boundary Limitation)
Mechanism: Explicitly incorporates the “ceteris paribus” condition (keeping other factors constant) to satisfy formal economic definitions and logical
boundaries.

Raw Query Refined Query
Ex. What is meant by the marginal product of a productive factor? Define the marginal product of a productive factor in economics, speci-

fying that it refers to the additional output produced by an additional
unit of that factor while keeping all other factors constant.

Domain: Physics (Hint Injection)
Mechanism: Proactively supplies missing physical constants (e.g., gravitational acceleration) when handling imperial units to eliminate Solver uncertainty.

Raw Query Refined Query
Ex. In what distance can a 3000-lb automobile be stopped from a speed of

30 mi/hr (44 ft/sec) if the coefficient of friction is 0.70?
Given a car with a weight of 3000 lb and an initial speed of 44 ft/s,
calculate the stopping distance. Assume standard gravitational accel-
eration of 32 ft/s2 to resolve unit-based ambiguity.
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