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Abstract

In-Context Reinforcement Learning (ICRL) en-
ables Large Language Models (LLMs) to learn
online from external rewards directly within
the context window. However, a central chal-
lenge in ICRL is reward estimation, as models
typically lack access to ground-truths during
inference. To address this limitation, we pro-
pose Test-Time Rethinking for In-Context
Reinforcement Learning (TR-ICRL), a novel
ICRL prompting framework that leverages Test-
Time Scaling to generate reward-like feedback
during inference. TR-ICRL operates by first
retrieving the most relevant instances from an
unlabeled evaluation set for a given query. Dur-
ing each ICRL iteration, LLM generates a set
of candidate answers for every retrieved in-
stance. Next, a pseudo-label is derived from
this set through majority voting. This label then
serves as a proxy to give reward-like guidance
and generate formative feedback, guiding LLM
learn in-context and online, instead of super-
vised data. In the end, this self-improvement
context is integrated with the original query
to form a comprehensive prompt, with the
answer determining through a final round of
majority voting. TR-ICRL is evaluated on
mainstream reasoning and knowledge-intensive
tasks, where it demonstrates significant per-
formance gains. Remarkably, TR-ICRL im-
proves Qwen2.5-7B by 21.23% on average on
MedQA and even 137.59% on AIME2024. Ex-
tensive ablation studies and analyses further
validate the effectiveness and robustness of
our approach. Our code is available at https:
//github.com/pangpang-xuan/TR_ICRL.

1 Introduction

Large Language Models (LLMs) (Yan et al., 2025;
Guo et al., 2025; Jaech et al., 2024) have demon-
strated remarkable advancements across a wide

* Equal contribution.
† Work done during an internship at Meituan.
‡ Corresponding author.

range of domains. Recently, OpenAI’s o1 (Jaech
et al., 2024) and Deepseek-R1 (Guo et al., 2025)
have shown that Test-Time Scaling (TTS) (Zhang
et al., 2025b; Balachandran et al., 2025) can signif-
icantly enhance the reasoning capabilities of LLMs
by leveraging additional computational resources
during inference.

Following the breakthrough of in-context super-
vised learning (Brown et al., 2020), there is grow-
ing interest in formalizing In-Context Reinforce-
ment Learning (ICRL) (Moeini et al., 2025; Monea
et al., 2024; Ye et al., 2026). While early theo-
retical instantiations were predominantly confined
to simulated environments such as multi-armed
bandits (Krishnamurthy et al., 2024), ICRL has
rapidly evolved into a versatile paradigm for sophis-
ticated reasoning. Recent empirical evidence (Song
et al., 2025) demonstrates that in-context reinforce-
ment learners exhibit a powerful emergent capabil-
ity to autonomously refine their strategies across
diverse, high-stakes domains. These applications
now range from orchestrating complex scientific
experiments and open-ended creative writing to
solving olympiadlevel mathematics. By bypassing
the need for explicit gradient updates (Brown et al.,
2020), ICRL enables LLMs to adapt to the nuances
of these knowledge-intensive tasks in real-time,
purely through contextual interaction.

Despite these advancements, this raises a funda-
mental question: how can Test-Time Scaling be
optimally interleaved with in-context reinforce-
ment learning to facilitate autonomous strategy
refinement? A primary bottleneck in deploying
ICRL within open-ended environments is its tra-
ditional dependence labeled data. In the absence
of external supervision, a fundamental challenge
arises: how to derive robust reward signals dur-
ing test time to facilitate self-improvement without
access to ground-truth labels.

To mitigate these challenges, we introduce Test-
Time Rethinking for In-Context Reinforcement
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Figure 1: TR-ICRL combines both Test-Time Scaling (TTS) and In-Context Reinforcement Learning (ICRL).

Learning (TR-ICRL), a novel ICRL prompting
framework that leverages Test-Time Scaling to gen-
erate reward-like feedbacks, thereby bolstering the
performance of In-Context Reinforcement Learn-
ing during inference, as illustrated in Figure 1.

TR-ICRL begins by retrieving the N most sim-
ilar instances from the unlabeled evaluation set
for a given input query. For each retrieved in-
stance, the model executes K parallel rollouts. A
pseudo-reward signal is then constructed via ma-
jority voting, which is further transformed into nat-
ural language feedback to guide rethinking stage.
In this stage, the LLM processes a reward mes-
sage to generate formative feedback, specifically
identifying and rectifying latent reasoning fallacies.
Once these N iterations are complete, the model
synthesizes the full contextual history integrating
retrieved predictions and their corrective feedback
to address the original query. Through iterative
ICRL updates, the model progressively builds a
self-improvement context that integrates retrieved
experiences, pseudo-reward signals, and corrective
feedback. Finally, an aggregation phase compiles
all candidate answers, using majority voting to de-
termine the final output.

In our experiments, we evaluate TR-ICRL across
a diverse suite of models, including two instruction-
tuned models and two Large Reasoning Models
(LRMs). We evaluate TR-ICRL on 5 reason-
ing benchmarks and 2 knowledge-intensive bench-
marks to assess the its versatility. Notably, inte-

grating TR-ICRL with Qwen2.5-7B yields a sub-
stantial average improvement of 58.92% (increas-
ing from 34.80 to 55.30) on AMC, alongside a
remarkable 137.59% gain (from 7.9 to 18.7) on
the more challenging AIME2024. For knowledge-
intensive tasks, Llama3.1-8B exhibits a marked im-
provement of 21.22% on MedQA and a significant
36.68% increase on MedXpertQA. Our prelimi-
nary findings demonstrate that TR-ICRL is highly
effective across diverse model scales and task do-
mains. Furthermore, we conducted ablation studies
to evaluate the retrieval quality and the ranking
of the selected questions. Notably, the framework
exhibits robust scalability, suggesting a high per-
formance ceiling as model capacity increases. In
conclusion, our contributions can be summarized
as follows:

• We introduce Test-Time Rethinking for
In-Context Reinforcement Learning (TR-
ICRL), a novel ICRL prompting framework
designed for both intensive reasoning and
knowledge-intensive tasks.

• We evaluate TR-ICRL on multiple LLMs
across five mathematical reasoning and two
knowledge-intensive benchmarks, demonstrat-
ing consistent and significant improvements
over the base models.

• Extensive experiemntal results demonstrate
that TR-ICRL enables efficient and stable
ICRL in a fully unsupervised manner, effec-
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tively eliminating the requirement for ground-
truth labels during inference.

2 Related Work

2.1 In-Context Reinforcement Learning

Reinforcement Learning (Zhang et al., 2025a) has
emerged as a primary catalyst for augmenting the
reasoning capabilities of LLMs. Building upon
this foundation, In-Context Reinforcement Learn-
ing (Moeini et al., 2025) has been formalized to
describe models that adapt their behavior dynam-
ically without the need for gradient updates. A
central tenet of ICRL involves conditioning a pol-
icy πθ on both the current state st and a dynamic
context Ct, where actions are sampled according
to πθ(at | st, Ct) (Duan et al., 2016). While Ct

can be instantiated through various mechanisms,
a prevalent convention defines it via the histori-
cal trajectory τt. The efficacy of ICRL rests on
the hypothesis that the forward pass of a static
neural network θ implicitly executes an RL pro-
cedure, enabling the policy to generalize to out-
of-distribution Markov Decision Processes at test-
time (Laskin et al., 2022). This phenomenon of-
ten termed in-context improvement—posits that
LLM performance scales monotonically with con-
text length, provided Ct remains semantically rele-
vant to the underlying task.

2.2 Test-Time Scaling

Test-Time Scaling (Zhang et al., 2025b; Balachan-
dran et al., 2025) enhances the reasoning capa-
bilities of LLMs during inference by leveraging
additional computational resources without alter-
ing model weights. A foundational technique is
CoT (Wei et al., 2022), which encourages mod-
els to “think step by step” (Lightman et al., 2023),
significantly improving performance on complex
tasks. More structured approaches include Best-
of-N (BoN) sampling (Brown et al., 2024), beam
search (Snell et al., 2024), and Monte Carlo Tree
Search (Zhang et al., 2024). These methods gen-
erate multiple candidate solutions, often applying
majority voting (Stiennon et al., 2020), PRM (Yuan
et al., 2024) as verifier, or LLM-as-a-judge (Zheng
et al., 2023) for greater accuracy.

3 TR-ICRL

We introduce our prompting framework, illus-
trated in Algorithm 1, which formulates test-time

reasoning as an iterative ICRL process over re-
trieved contextual instances. Specifically, the
framework operates in three parts: (1) Context Con-
struction: Given a target question, we retrieve the
most semantically similar questions from the un-
labeled evaluation set, which serve as contextual
instances for ICRL (Section 3.1). (2) Test-Time
In-Context Rethinking: For each retrieved instance,
the model generates an initial reasoning trajectory.
A pseudo-reward signal is constructed via major-
ity voting over multiple rollouts. Conditioned on
this signal, the model produces the natural lan-
guage feedback that is used to iteratively refine its
in-context reasoning state, effectively updating its
self-improvement context (Section 3.2). (3) Final
Prediction: The reasoning outputs induced from all
retrieved contexts are combined, and the final pre-
diction is selected via majority voting (Section 3.3).

3.1 Context Construction
Unlike traditional reinforcement learning, which
improves a policy through parameter updates, TR-
ICRL operates entirely in the in-context space with-
out modifying model weights. This enables test-
time reasoning through iterative refinement of con-
textual states rather than optimization in parameter
space, making it a novel ICRL prompting frame-
work. Under this paradigm, unlabeled instances
retrieved from the evaluation set serve as contex-
tual reasoning experiences that form the basis for
in-context learning dynamics. These experiences
enable the model to simulate policy improvement
through pseudo-rewarded feedback signals, with-
out requiring ground-truth supervision or explicit
gradient-based learning.

To ensure high task-relevance, we employ an
embedding model to vectorize the input queries.
We then compute the cosine similarity between the
target question and the unlabeled set to retrieve
the most semantically similar instances. These
retrieved cases serve as the initial prompts for the
Test-Time In-Context Rethinking process.

3.2 Test-Time In-Context Rethinking
Inspired by self-consistency with CoT (Wang et al.,
2022), which shows that correct answers tend to
form dense and consistent clusters among multiple
model outputs, we generate multiple predictions
for the retrieved questions and then apply majority
voting to get the pseudo-labels. These labels serve
as a ground-truth proxy during the rethinking stage
and generates reward messages based on its cor-
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Algorithm 1 Test-Time Rethinking for In-Context Reinforcement Learning (TR-ICRL)
Input: Query xtest, unlabeled evaluation set D, LLM πθ , Step N , Rollout number K, RetrievalR.
Output: Final prediction y∗.
1: Q = {q1, q2, . . . , qN} ← R(xtest,D)
2: Initialize K message buffersM(0) = {m(0)

1 , . . . ,m
(0)
K } with system prompt.

3: for i = 1 to N do
4: {a(1)

i , . . . , a
(K)
i } ← πθ(m

(i−1)
k ⊕ qi) for k = 1 . . .K

5: ŷi ← Vote({Extract(a(k)
i )}Kk=1)

6: {r(1)i , . . . , r
(K)
i } ← Reward(Extract(a(k)

i ), ŷi) for k = 1 . . .K // Reward calculations.
7: {f (1)

i , . . . , f
(K)
i } ← πθ(m

(i−1)
k ⊕ qi ⊕ a

(k)
i ⊕ r

(k)
i ) for k = 1 . . .K // Generate feedbacks.

8: m
(i)
k ← m

(i−1)
k ⊕ (qi, a

(k)
i , r

(k)
i , f

(k)
i ) for k = 1 . . .K // Update in-context memory.

9: end for
10: Construct final prompts: P ← {m(N)

k ∪ {xtest}}Kk=1

11: {â(1)
∗ , . . . , â

(K)
∗ } ← Parallel(πθ(p) for p ∈ P)

12: y∗ ← Vote({Extract(â(k)
∗ )}Kk=1)

13: return y∗

rectness. By incorporating these rewards back into
the context, the LLM learns from its prior outputs.
This allows the model to systematically identify
reasoning flaws and develop a more comprehensive
understanding of the problem at inference time. We
provide a detailed description of the overall process
below.

Rollout Given the retrieved questions from the
context construction stage, LLM generates the mul-
tiple predictions, in the format of zero-shot CoT
reasoning (Kojima et al., 2022).

For each retrieved question x̂i, the LLM input
αi is formatted as:

αi = Q: x̂i. A: [Z], (1)

where i represents the i-th step, and [Z] represents
zero shot trigger (Guo et al., 2025). More details
about the triggers used for different benchmarks
are described in Appendix A. Subsequently, based
on the input αi, LLM is instructed to generate the
prediction for the retrieved question, obtaining the
yi. Furthermore, recognizing that some LLMs may
not fully comply with the instructions when answer-
ing a query (e.g., by refusing to answer), TR-ICRL
incorporates an additional filtering step to exclude
abnormal responses that deviate from the given
instructions.

Rethinking The rethinking stage in TR-ICRL
consists of two distinct processes: reward and
feedback. During the reward process, we use ma-
jority voting to get a pseudo-label y∗, i.e.,

y∗ = argmax
c∈C

i∑

i=1

1{yi = c}. (2)

Majority voting serves as a pseudo-reward con-
struction mechanism that supports iterative contex-
tual refinement in TR-ICRL. Then the prediction yi
is evaluated against the corresponding the pseudo-
label y∗, which can be given as:

Ri =




Rcorrect, if y∗ = yi,

Rwrong, otherwise.
(3)

Specifically, we assign a binary reward based on
correctness (e.g., ’Well done! Your answer is cor-
rect.’)."

While existing studies (Dai et al., 2022) es-
tablishes a theoretical duality between in-context
learning and fine-tuning, a critical functional dis-
crepancy remains: fine-tuning explicitly computes
gradients based on the divergence between predic-
tions and ground-truth labels.

To bridge this gap, we introduce a feedback
process wherein the LLM generates a corrective
response fi, conditioned on a reward message.
This process is designed to emulate the weight-
adjustment logic of a gradient update; specifically,
it lets the model rethink its prior output through the
reward message. For correct predictions, this feed-
back reinforces the established logical trajectory.
Conversely, for incorrect instances, it facilitates
error diagnosis and rectifies flawed intermediate
reasoning steps.

3.3 Final Prediction
The original question is appended to the context
messages, and the combined messages are pre-
sented to the model. The model generates the final
responses from the enriched context messages, en-
abling reasoning guided by the prediction to simi-
lar questions and the associated reward messages.
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Each generated response can be given as:

Ai = LLM(Di, x). (4)

In this context, Di refers to the context messages
in i-th time sample.

Finally, the model generates N corresponding
responses to the original question. Each gener-
ated response is considered a candidate answer,
A = {A1, A2, . . . , AN}. The final answer A∗ is
determined by majority voting, selecting the candi-
date that appears most frequently.

4 Experiments

4.1 Experimental Setup

Models To evaluate the generality of TR-ICRL
across different backbones, we conduct experi-
ments using Qwen2.5-7B-Instruct (Yang et al.,
2024) and Llama3.1-8B-Instruct (Grattafiori et al.,
2024) as instruct-tuned models. For large reason-
ing models, we employ Qwen3-8B (Yang et al.,
2025) and DeepSeek-R1-0528-Qwen3-8B (Guo
et al., 2025).

Benchmarks To evaluate the applicability of TR-
ICRL across reasoning and knowledge-intensive
tasks of varying difficulty, we assess its perfor-
mance on three widely used reasoning benchmarks:
MATH500 (Hendrycks et al., 2021), AMC (Li et al.,
2024), and GSM8K (Cobbe et al., 2021), as well
as on two more challenging reasoning benchmarks,
AIME20241 and AIME20252. To assess perfor-
mance on knowledge-intensive tasks, we evaluate
TR-ICRL using MedQA (Jin et al., 2021), a stan-
dard medical benchmark. Furthermore, we extend
our evaluation to MedXpertQA3, a challenging
medical knowledge benchmark.

Implementation Details We employ vLLM
(Kwon et al., 2023) for online inference, deploying
the model on 2×NVIDIA A100 (80GB) GPUs. For
context retrieval, we utilize Qwen3-8B-Embedding
(Zhang et al., 2025c) to generate vector represen-
tations. During inference, we sample responses
using a temperature of 0.6 and top_p = 0.8, with
the maximum number of generated tokens to 8192.
For each retrieval question, we sample 8 times to

1https://huggingface.co/datasets/
HuggingFaceH4/aime_2024

2https://huggingface.co/datasets/opencompass/
AIME2025

3https://huggingface.co/datasets/TsinghuaC3I/
MedXpertQA/tree/main/Text

get pseudo-label via majority voting. In the major-
ity voting, we select the answer that appears most
frequently as the final prediction. If there are multi-
ple options with the same frequency, we randomly
select one as the final answer. We use accuracy as
the evaluation metric.

4.2 Main Results

TR-ICRL performs well on most tasks and mod-
els TR-ICRL achieves robust and significant im-
provements across various benchmarks. The exper-
imental results, detailed from step 1 through step
10 in Figure 2, demonstrate the scalability and con-
sistency of our approach. on common reasoning
benchmarks, Qwen2.5-7B with TR-ICRL improves
performance by 16.72% on MATH500 and 58.91%
(from 34.80 to 55.30) on AMC, demonstrating con-
sistent gains on standard mathematical reasoning
tasks. More notably, on the more challenging rea-
soning benchmarks, TR-ICRL leads to dramatic rel-
ative improvements ranging from 137.59% (from
7.90 to 18.77) on AIME2024 and 109.84% (from
6.88 to 14.43) on AIME2025 for Qwen2.5-7B.
These results indicate that TR-ICRL is particularly
effective at enhancing complex, multi-step reason-
ing capabilities where base models struggle most.

Beyond reasoning tasks, TR-ICRL also exhibits
strong generalization to knowledge-intensive tasks.
On the MedQA, LLaMA3.1-8B equipped with TR-
ICRL outperform their respective backbones by
26.43%. On more challenging medical benchmark
MedXpertQA, Llama3.1-8B with TR-ICRL sur-
passes the backbone by 36.68% (from 13.20 to
18.04). These results underscore the broad ap-
plicability and robustness of TR-ICRL, demon-
strating its effectiveness across both reasoning and
knowledge-intensive tasks.

However, we observe a performance degrada-
tion during the latter stages of TR-ICRL. In the
iterative rethinking process, the context serves as a
dynamic buffer that accumulates task instructions,
multiple rollouts, reward signals, and feedback. As
this sequence length expands, the model becomes
increasingly susceptible to informational interfer-
ence. Specifically, the model struggles to maintain
contextual focus when reconciling contradictory or
noisy data pairs within a long-form sequence. This
distraction from accumulating history can dilute
the signal of the most recent rewards, leading to a
breakdown in the model’s ability to internalize the
optimal reasoning path.
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Figure 2: We evaluate TR-ICRL across a range of 1 to 10 ICRL steps within both reasoning and knowledge-
intensive tasks. Performance at step 0 serves as the experimental baseline.
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Figure 3: The evolution of LRM performance.

TR-ICRL Performs well on LRMs LRMs are
increasingly becoming central to contemporary re-
search and applications. We thus conducted experi-
ments to evaluate the effectiveness of TR-ICRL on
LRMs. Our results demonstrate that LRMs achieve
significant improvements by integrating their in-
herent reasoning capabilities with TR-ICRL. As
illustrated in Figure 3, DeepSeek-R1-0528-Qwen3-
8B exhibits a remarkable 49.79% (from 62.82 to
94.09) improvement on the AMC benchmark. Fur-
thermore, this approach extends effectively to the
medical domain; on the MedQA benchmark, the
same model yields a significant 15.28% increase
in accuracy, underscoring the robustness of the
proposed method across diverse reasoning tasks.
On Qwen3-8B, contextual interference is markedly
more severe; specifically, performance at steps 6
and 10 on the AMC falls below the baseline.

4.3 Ablation study

To evaluate the specific impact of the retrieved ques-
tion distribution, we conduct ablation studies using
three alternative selection strategies: (1) Random:
We select questions by randomly sampling from
the unlabeled evaluation set, rather than relying
on contextual similarity. (2) Min-Similarity: We
intentionally retrieve questions with the lowest sim-

ilarity scores to test the boundaries of relevance.
(3) Cross-Domain: We select questions from un-
related fields to assess the robustness of TR-ICRL
when retrieved examples originate from a differ-
ent distribution. For instance, we utilize MedQA
(medical domain) as the retrieval source for mathe-
matical problems and MATH500 (math domain) as
the source for medical queries. The results are sum-
marized in Figure 4, with the detailed descriptions
are provided in Appendix B.

Min-similarity and random configurations con-
sistently underperformed. This performance drop
underscores the critical role of context relevance
in ICRL. Cross-domain configuration highlights
a clear limitation in TR-ICRL regarding out-of-
distribution generalization; specifically, the guid-
ance provided by cross-domain cases is demonstra-
bly less effective than that derived from in-domain.

5 Analysis

5.1 Contextual coherence in TR-ICRL

To evaluate the impact of contextual relevance on
model performance, we conducted a series of exper-
iments varying the presentation order of retrieved
content. We compared three distinct configura-
tions—increasing similarity, decreasing similarity,
and randomized ordering, as illustrated in Figure 5.

Across all three datasets, the increasing con-
figuration consistently outperformed both the de-
creasing and random strategies. On Math500, the
increasing strategy maintained a significant mar-
gin, achieving a peak accuracy of 71.4% at step 9.
This suggests that the model’s reasoning efficacy
is enhanced when highly relevant information is
presented in closer proximity to the query prompt.
Conversely, the decreasing strategy exhibited lower
accuracy, most notably on the AMC dataset where
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Figure 5: Performance impact of contextual sequence ordering across diverse benchmarks.

performance reached a nadir of approximately 0.46
at step 5. The performance fluctuations observed
in the decreasing configuration across datasets in-
dicate that distancing highly relevant context from
the final instruction introduces noise and degrades
reasoning quality. These findings demonstrate that
for TR-ICRL, prioritizing the proximity of relevant
information to the final reasoning step is a critical
design choice for maximizing performance.

5.2 Why TR-ICRL work in challenging
benchmarks?

We observed a remarkable phenomenon: on chal-
lenging benchmarks such as AIME 2024, the base
model initially achieves a score of only 7.9. How-
ever, without any additional fine-tuning, it reaches
significantly higher performance through TR-ICRL.
We attribute this leap to a reward mechanism based
on majority voting, a phenomenon we define as the
’Lucky reward’.

The key insight is that accurately estimating
whether a prediction is correct is easier than ac-
curately recovering the ground-truth label. In TR-
ICRL, the model first produces an estimated answer
y∗ through majority voting and compares it with
its predicted answer y to generate a reward. Im-
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Figure 6: Comparison of label accuracy and reward
accuracy on AIME2024 and AIME2025. Even with low
label accuracy, reward accuracy remains high due to
“lucky reward”.

portantly, the correctness of this reward does not
require y∗ to exactly match the ground-truth answer
y⋆.

For example, considering an incorrect model
prediction y ̸= y⋆, the correct reward should be
negative. To produce this correct negative reward,
it is sufficient that y ̸= y∗, regardless of whether
y∗ = y⋆. Therefore, even an incorrect voting re-
sult can still induce a correct reward as long as it
disagrees with the incorrect model prediction. In
contrast, exact label estimation requires the much
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stronger condition y∗ = y⋆.

This creates an inherent asymmetry between la-
bel accuracy and reward accuracy. For an incor-
rect prediction y ̸= y⋆, there is only one outcome
corresponding to the true answer, whereas a large
set of alternative voting results can all correctly
indicate that the prediction is wrong:

y∗ = y⋆︸ ︷︷ ︸
correct label

⊂ {y∗ | y∗ ̸= y}︸ ︷︷ ︸
correct negative reward

. (5)

Hence, for an incorrect prediction, the event of
obtaining a correct negative reward strictly contains
the event of correctly estimating the ground-truth
label. Reward estimation therefore has a substan-
tially larger correctness region than exact answer
estimation.

More formally, given an incorrect model predic-
tion y ̸= y⋆, the probability of receiving a correct
negative reward is:

P (r = −1 | y ̸= y⋆) = P (y∗ ̸= y | y ̸= y⋆)

= 1− P (y∗ = y | y ̸= y⋆).
(6)

By contrast, the accuracy of majority voting
in recovering the exact ground-truth answer is
P (y∗ = y⋆). These two quantities need not be
close. Even when P (y∗ = y⋆) is very small, the
probability P (y∗ ̸= y | y ̸= y⋆) can remain high,
provided that the voting result is not strongly biased
toward reproducing the model’s original prediction.
In other words, the voting mechanism does not nec-
essarily need to identify what the correct answer is;
it only needs sufficient diversity or disagreement to
recognize that the current prediction is unlikely to
be correct.

Therefore, we find that the majority voting re-
wards in TR-ICRL remain remarkably accurate
even as model capability decreases. As shown in
Figure 6, on AIME2024, for instance, while major-
ity voting achieves a raw accuracy of only 16.56%,
the resulting reward accuracy reaches 71.71%. A
similar trend appears in AIME2025, where a low
accuracy of 20.00% still yields a reward accuracy
of 73.33%.

’Lucky reward’ ensures that most outputs re-
ceive correct reinforcement despite inaccurate label
estimation. While poorer model performance leads
to more frequent mistakes, it also raises the like-
lihood that an estimated label will accurately flag
those mistakes as incorrect. This phenomenon en-
sures a consistently high reward accuracy, creating
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Figure 7: Results of spurious rewards on Qwen2.5-7B.

a reliable signal that supports effective learning
during the test time.

5.3 Do reward messages help?

Inspired by (Shao et al., 2025), we wanted to ex-
plore the effectiveness of reward messages in ICRL.
We also conducted a spurious reward experiment
on Qwen2.5-7B.

As shown in Figure 7, we observe a consistent
performance gap between TR-ICRL and the spuri-
ous rewards setting across all configurations. Un-
der the real reward setting, the model maintains a
relatively high accuracy, fluctuating between 0.70
and 0.715. Conversely, the spurious reward consis-
tently results in lower accuracy, generally staying
below 0.69. Notably, at step 9, the spurious re-
ward performance briefly converges with the real
reward, before sharply declining again at step 10.
The performance gap is even more pronounced in
the knowledge-intensive tasks.

These results highlight the critical role of reward
message correctness. When rewards aligned with
the majority consensus, the model is encouraged to
consolidate reliable reasoning trajectories. In con-
trast, spurious reward introduces systematic incon-
sistencies between correct answers and feedback
signals, thereby distorting the learning signal and
limiting performance improvements.

Interestingly, the spurious reward setting still out-
performs the vanilla baseline. We attribute this phe-
nomenon to several factors. Integrating the feed-
back into the context messages facilitates a more ef-
fective dual descent gradient. This approach estab-
lishes a more precise dual formulation that bridges
In-Context Learning and fine-tuning. For relatively
simple questions, the model often derives the cor-
rect answer based on prior knowledge or common-
sense reasoning. Even when prompted to revise
its reasoning, the model tends to converge to the
same conclusion, meaning that spurious rewards
have minimal impact on the final prediction.

In contrast, for sufficiently difficult questions
where the model consistently fails to produce cor-
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Table 1: Comparison of TR-ICRL with BoN, Self-
Refine and Reflexion.

Setting Acc.(MATH) Acc.(AMC)

TR-ICRL (Step 1) 71.00 53.01
BoN (N=16) 69.60 43.37
MCTS 65.00 36.14
Self-Refine (Iteration=8) 61.20 42.17
Reflexion 66.60 55.42

rect answers, spurious rewards actually tell them
that they answered incorrectly and help the model
reconsider its reasoning trajectory.

5.4 Comparisons with other methods

To evaluate its efficiency, we compare the perfor-
mance of TR-ICRL (Step 1) against several estab-
lished baselines, such as Best-of-N (Brown et al.,
2024), Self-Refine (Madaan et al., 2023) and Re-
flexion (Shinn et al., 2023), under a fixed token
budget, as well as MCTS under a maximum token
constraint, as shown in Table 1 and more detailed
comparisons are shown in appendix D.

TR-ICRL consistently achieves superior perfor-
mance across the majority of evaluated bench-
marks, notably outperforming the BoN baseline.
These results suggest that TR-ICRL provides a
more robust prompting for complex reasoning tra-
jectories. Unlike BoN, which depends on diversi-
fied sampling, TR-ICRL implements a structured
reinforcement loop.

Furthermore, TR-ICRL is conceptually related to
self-refinement methods, including Self-Refine and
Reflexion. The self-refinement methods primar-
ily revise a model’s reasoning trajectory through
internally generated critiques, but TR-ICRL first re-
trieves task-relevant unlabeled instances and trans-
forms them into contextual reasoning experiences
through iterative prediction, pseudo-reward con-
struction and feedback. The retrieved instances
serve not as external knowledge for directly an-
swering the target question, but as an in-context ex-
perience that enables the model to learn from mul-
tiple historical reasoning trajectories. This ICRL
prompting helps reduce the limitations of relying
only on internal verbal critiques, especially in com-
plex mathematical reasoning tasks. Overall, these
results suggest that TR-ICRL yield substantial ac-
curacy gains while maintaining computational effi-
ciency.

6 Conclusion

In this paper, we propose Test-Time Rethinking
for In-Context Reinforcement Learning (TR-
ICRL), a novel ICRL prompting framework on test
time without access to ground-truth labels. A cen-
tral innovation of TR-ICRL is its rethinking stage,
which is driven by two integrated processes: reward
estimation and feedback generation. In the reward
process, we leverage majority voting to derive a
reliable reward. Then, the model refines its reason-
ing by incorporating reward messages, achieving
autonomous optimization without requiring exter-
nal intervention. Our experiments demonstrate the
strong potential of TR-ICRL, achieving consistent
improvements across a variety of models and tasks.
As a result, TR-ICRL presents itself as a promising
method for ICRL prompting.

Limitations

One limitation of TR-ICRL is its dependence on
the quality and domain alignment of retrieved in-
stances. When retrieval quality deteriorates or
when retrieved examples originate from substan-
tially different domains, the resulting pseudo-labels
and feedback signals may become noisy or mislead-
ing, which can in turn weaken the effectiveness of
iterative refinement. As a result, performance may
degrade under cross-domain retrieval settings or in
scenarios where suitable in-domain examples are
unavailable. Despite its effectiveness, TR-ICRL’s
reliance on a simple majority vote in reward esti-
mation may be overly reductive. Moreover, this
reward estimation generates a purely binary reward
signal, it lacks the nuance required for complex rea-
soning tasks. To enhance decision making robust-
ness, it is essential to differentiate between various
inference paths. Incorporating uncertainty metrics,
such as Perplexity (PPL) or Entropy would allow
the framework to quantify the confidence of each
trajectory. Furthermore, replacing binary signals
with a rubric-based reward system would enable
more granular scoring.
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A TR-ICRL Implementation Details

A.1 Question prompt template
In MedQA, we use zero-shot CoT template adapted
from Deepseek-R1:

Q: {question}\nA: Please reason
step by step, and put your final
answer (selected from options A to
D) within \boxed{}.

In MedXpertQA, because the range of answer is
different, this is another template:

Q: {question}\nA: Please provide a
step-by-step explanation, followed
by your final answer (selected from
options A to J) within \boxed{}.

In reasoning benchmark, we will use the follow-
ing template to guide the responses:

Q: {question}\nA: Please reason
step by step, and put your final
answer within \boxed{}.

A.2 Reward template
After the model generates a prediction for a re-
trieval question, it is verified against the corre-
sponding the pseudo-label. If the prediction is
correct, a positively reward label is appended to
the context, affirming the validity of the reasoning
process. In cases of incorrect predictions, instead
of explicitly pointing out the error, a supportive
and constructive reward label is introduced. This
approach encourages further reflection and explo-
ration without directly identifying the mistake.
When the prediction is correct:

User: Well done! Your answer is
correct.

When the prediction is wrong:

User: Unfortunately, your answer is
wrong! Review your previous answer.
Find the reason for the mistake.

B A Detail ablation study

In ablation analysis, we selected MATH500, AMC
and AIME2024 as the reasoning benchmarks, and

MedQA as the knowledge-intensive benchmark.
The ablation study reveals a significant perfor-

mance gap when the quality of the retrieved con-
text is compromised. Both the random and min-
similarity configurations consistently underperform
relative to the standard TR-ICRL framework across
all benchmarks. For a model to effectively utilize
in-context reinforcement, the retrieved questions
must be mathematically or logically relevant to
the target problem to provide meaningful guidance
during the iterative thinking process. While ran-
dom sampling bypasses similarity entirely, min-
similarity intentionally selects the least relevant
cases; both strategies fail to match the performance
gains achieved when contexts are selected based
on high similarity scores.

The cross-domain strategy consistently yields
the lowest performance across nearly all bench-
marks, often trailing significantly behind the stan-
dard TR-ICRL. This performance gap is particu-
larly pronounced in the AIME2024 and MedQA
tasks, where accuracy drops sharply when the
model is provided with out-of-distribution con-
texts. These results highlight a clear limitation
in OOD generalization; the reasoning patterns in-
herent in one domain (e.g., medical knowledge) do
not effectively translate to provide helpful guidance
for another (e.g., competitive mathematics). The
data demonstrates that guidance derived from cross-
domain cases is demonstrably less effective than in-
domain examples, underscoring that the benefits of
TR-ICRL are highly dependent on domain-aligned
context.

C TR-ICRL Is comparable to or
Outperforms Large Parameter LLMs

To ensure a fair and rigorous comparison between
the performance of smaller models (7B) empow-
ered by TR-ICRL and larger baseline models
(72B), we conducted a controlled-variable anal-
ysis focusing on total computational overhead
(FLOPs) (Chen et al., 2023).

For a single forward pass, the total FLOPs can be
approximated as C ≈ 2 ·P ·Ntokens, where P is the
parameter count and Ntokens is the sequence length.
We define the Relative Compute Cost (RCC) as:

RCC = P × Avg. Tokens per Response (7)

By fixing the computational budget, we demon-
strate that TR-ICRL enhanced small models not
only outperform larger models but do so with high
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Model Params Avg. Tokens (k) Relative Cost (units) Accuracy (%)

(B) MATH AMC MATH AMC MATH AMC

Qwen2.5-72B 72 0.62 0.92 89.28 132.48 62.10 41.11
TR-ICRL (step 1) 7 0.48 0.81 80.64 136.08 71.00 53.01

Table 2: Resource vs. Performance Comparison on MATH and AMC Benchmarks. We report the total computational
overhead using RCC. For the Qwen2.5-72B baseline, cost is calculated based on Best-of-2 majority voting. In
contrast, TR-ICRL (Step 1) achieves superior accuracy using a single iterative step within Qwen2.5-7B.

resource efficiency. As illustrated in Table 2, empir-
ical results reveal that TR-ICRL yields substantial
absolute accuracy gains of 14.3% on MATH and
28.9% on AMC over the much larger 72B baseline.
These findings validate that our iterative framework
effectively bridges the performance gap between
model scales, enabling a 7B-parameter model to
surpass a 72B-parameter model through ICRL.

D Comparison with Related Test-Time
Methods

D.1 Test-Time Scaling Methods

We compared TR-ICRL with some common test-
time scaling methods, as shown in Table 3. Over-
all, TR-ICRL consistently achieves the best per-
formance across all evaluated tasks, substantially
outperforming both the base model and existing
TTS baselines such as BoN and MCTS. These im-
provements suggest that TR-ICRL more effectively
guides the model toward high-quality reasoning
trajectories, rather than relying solely on increased
deeper search. In particular, while BoN benefits
from diversified sampling, its gains on AMC re-
main limited, and MCTS exhibits weaker overall
performance under the same computational budget.
By contrast, TR-ICRL leverages informative con-
texts that predictions and reward messages, which
th model internalizes through In-Context Learning,
resulting in more reliable inference trajectories. In
summary, TR-ICRL’s ability to substantially en-
hance accuracy while maintaining high efficiency
highlights its practical value and strong potential
for reasoning tasks.

D.2 Test-Time training methods

In contrast to prior approaches that rely on ex-
plicit model training (Hsu et al., 2025; Wen et al.,
2025; Liu et al., 2025), TR-ICRL operates entirely
at inference time and does not require parameter
updates, resulting in substantially lower computa-
tional cost, as shown in Table 4.

The central novelty of TR-ICRL lies in its

Method MATH500 AMC MedQA

Baseline 60.50 34.80 57.00

BoN 69.60 43.37 64.02

MCTS 65.00 36.14 62.13

TR-ICRL 71.00 53.01 70.15

Table 3: Comparison of TR-ICRL with related test-time
scaling methods on Qwen2.5-7B.

reward-conditioned in-context update mechanism.
Rather than merely selecting among sampled can-
didates, the framework iteratively revises and im-
proves generated reasoning based on evaluated out-
comes. Experimental comparisons further show
that TR-ICRL achieves competitive or superior
performance relative to training-based approaches
while requiring substantially fewer computational
resources.

E The importance of majority voting

We conducted a comparative experiment, replacing
majority voting with random voting as the pseudo-
label, as shown in Table 5.

We found that removing the majority vote re-
duced the model’s performance, but it was still
better than the baseline. So we emphasize that
majority voting in our method is not used as an iso-
lated decoding trick, but as a pseudo-label construc-
tion mechanism within a broader iterative feedback
loop. In TR-ICRL, voting does not directly pro-
duce the final answer; instead, it generates a reward
proxy that conditions the subsequent rethinking
and context-updating process. This distinguishes
our approach from standard majority voting or self-
consistency methods, where voting is the terminal
decision rule.

Second, the performance gains cannot be at-
tributed to majority voting alone, since the core
mechanisms of TR-ICRL: (i) reward-conditioned
reasoning updates, (ii) iterative in-context memory
refinement, and (iii) feedback-driven correction of
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Method Acc. (%) Training time Inference time Price/h Resource Cost ($)

1.5B Models (MATH500)
DeepSeek-R1-Distill-Qwen-1.5B (w TR-ICRL) 73.49 0h 0.7h $1.49 2× A100 2.086
ParaThinker-1.5B (Wen et al., 2025) 73.10 1.8h 0.3h $1.49 8× A100 25.032

7B Models (GPQA)
Qwen2.5-7B (w TR-ICRL) 42.42 0h 1h $1.49 2× A100 2.98
Qwen2.5-7B (TTRL*) 33.6 - - - - -

8B Models (AIME2024)
LLaMA3.1-8B (w TR-ICRL) 15.21 0h 1.2h $1.49 2× A100 3.576
LLaMA3.1-8B (ETTRL) (Liu et al., 2025) 16.90 11.25h 0.5h $1.49 8× A100 140.06

32B Models (MATH500)
Qwen2.5-32B (w TR-ICRL) 86.40 0h 1.1h $1.49 2× A100 3.278
Qwen2.5-32B (Group Think) (Hsu et al., 2025) 87.00 3.5h 0.4h $2.12 8× B200 66.144

Table 4: Comparison of TR-ICRL with related training methods. *: We were unable to find training script for GPQA
in TTRL, and therefore are temporarily unable to report the training time and required computational resources.
The results are from the original report.

Models MATH500 AMC MedQA

Qwen2.5-7B 60.50 34.80 57.00
Qwen2.5-7B (w TR-ICRL) 71.00 53.01 70.15
Qwen2.5-7B (w TR-ICRL random voting) 69.40 50.60 67.48

Table 5: Ablation study on the effect of majority voting
in TR-ICRL.

intermediate trajectories. These components are
essential in transforming static ensemble aggrega-
tion into a dynamic inference-time optimization
process.

F Additional Experiments Details

F.1 Baseline Models

For all baseline models, we use zero-shot to infer-
ence. For Large reasoning Models, we follow the
corresponding recommended prompting guidelines
to remove the system prompt.
The zero-shot template is :

Q: {question}\nA: Put your final
answer within\boxed{}.

F.2 Data Statistics

The detailed benchmark statistics are shown in Ta-
ble 6.

F.3 Evaluation Metrics

We employ accuracy as our evaluation metric. To
ensure statistical robustness on the AIME 2024 and
AIME 2025 datasets, we report the mean accuracy
across 16 independent trials. Performance on all
remaining datasets is reported based on a single
experimental trial.

Dataset Train Num Test Num Options Num

MATH500 0 500 N/A

AMC 0 83 N/A

GSM8K 7473 1319 N/A

AIME2024 0 30 N/A

AIME2025 0 30 N/A

MedQA 10178 1273 4

MedXpertQA 5 2450 10

Table 6: The Statistics of benchmarks.

F.4 Answer cleaning

As we guide the model in generating answers, we
use the \boxed{} format to standardize the final
answer output. However, due to differences across
models, we apply various regular expressions to
extract the final answer accurately, as displayed in
Listing 1 below.

F.5 Majority voting

For each reasoning step, we extract the final answer
from all K rollouts. We use a majority voting strat-
egy to select the consensus answer. To ensure ro-
bustness in cases of parity, ties are resolved via ran-
dom selection among the most frequent candidates.
This ensures that the reward signal is grounded
in the most probable collective hypothesis of the
model, as displayed in Listing 2 below.

F.6 Details in baseline Methods

Best-of-N is implemented using OpenR (Wang
et al., 2024a). For reasoning tasks, we em-
ploy Math-Shepherd-Mistral-7B-PRM (Wang et al.,
2024b) as the process reward model (PRM).
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Listing 1: Implementation of the boxed answer extraction function.

def extract_boxed_answer_r1(text):
if text is None or len(text) == 0:

return None
if len(text) == 1:

return text
match = re.search(r’\\boxed{((?:[^{}]|\{[^{}]*\})*)}’, text)
if match:

inner_text = match.group(1)
if len(inner_text) == 0:

return None
elif len(inner_text) != 1:

text_match = re.search(r’\\text\{([A-Za-z])\}’, inner_text)
if text_match:

return text_match.group(1)
else:

return inner_text
else:

return inner_text
else:

match = re.search(r’\\boxed{(.*)}’, text)
if match:

inner_text = match.group(1)
if inner_text.startswith(’(’) and inner_text.endswith(’)’):

inner_text = inner_text[1:-1]
return inner_text

answer_match = re.search(
r’(?:Final\s+)?Answer\s*:\s*\(?([A-Z])\)?’, text, re.IGNORECASE)

if answer_match:
return answer_match.group(1)

return None

For Best-of-N, we set the temperature to 0.6,
generate 16 candidate sequences with a maximum
of 4096 new tokens, and select the final prediction
via majority voting.

For Reflexion, we evaluate the model’s output
by performing multiple sampling and applying a
majority voting mechanism.
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Listing 2: Implementation of majority voting.

def vote(choices) -> str:
if not choices:

return None
frequency = Counter(choices)
max_count = max(frequency.values())
candidates = [key for key, value in frequency.items() if value == max_count]
result = random.choice(candidates)
return result
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