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Abstract

Despite significant advances in Large Reason-
ing Models (LRMs) driven by reinforcement
learning with verifiable rewards (RLVR), this
paradigm is fundamentally limited in special-
ized or novel domains where such supervision
is prohibitively expensive or unavailable, pos-
ing a key challenge for test-time adaptation.
While existing test-time methods offer a poten-
tial solution, they are constrained by learning
from static query sets, risking overfitting to
textual patterns. To address this gap, we intro-
duce Test-Time Variational Synthesis (TTVS),
a novel framework that enables LRMs to self-
evolve by dynamically augmenting the train-
ing stream from unlabeled test queries. TTVS
comprises two synergistic modules: (1) Online
Variational Synthesis, which transforms static
test queries into a dynamic stream of diverse,
semantically-equivalent variations, enforcing
the model to learn underlying problem logic
rather than superficial patterns; (2) Test-time
Hybrid Exploration, which balances accuracy-
driven exploitation with consistency-driven ex-
ploration across synthetic variants. Exten-
sive experiments show TTVS yields superior
performance across eight model architectures.
Notably, using only unlabeled test-time data,
TTVS not only surpasses other test-time adap-
tation methods but also outperforms state-of-
the-art supervised RL-based techniques trained
on vast, high-quality labeled data.

1 Introduction

Recent advances in Large Reasoning Models
(LRMs) have demonstrated remarkable capabilities,
achieving significant breakthroughs on complex
reasoning tasks such as mathematics (Yang et al.,
2024; Guo et al., 2025) and programming (Hui
etal., 2024; Khan et al., 2025). A primary driver be-
hind this progress is the paradigm of Reinforcement
Learning with Verifiable Rewards (RLVR), which
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has been proven by frontier models like OpenAl-
ol (Jaech et al., 2024) and DeepSeek-R1 (Guo
et al., 2025) to endow LLMs with advanced rea-
soning capabilities. A key factor in these develop-
ments is the availability of large-scale supervised
datasets (Bai et al., 2025a; Dubey et al., 2024),
which incorporate instructions and corresponding
ground-truth labels for reward computation.

However, in specialized domains such as clinical
diagnostics (Ullah et al., 2024; McDuff et al., 2025)
and aerospace engineering (Liu et al., 2025a; Con-
nolly, 2025), collecting high-quality data and veri-
fiable supervision remains a significant challenge.
Acquiring such human-annotated data is often pro-
hibitively expensive and difficult to scale (Villalo-
bos et al., 2024; Bai et al., 2024b). While a po-
tential alternative is to use external LLMs for cost-
effective data generation, this approach usually de-
pends on access to highly capable expert-level mod-
els, which are not always readily available (Yang
et al., 2023; Goldie et al.). As complex and unla-
beled problems continuously emerge, this reliance
on external supervision becomes a fundamental bot-
tleneck (Bai et al., 2024a), motivating a transition
to what Cheng et al. (2026) call the “era of expe-
rience”, where models are enabled to self-evolve
without direct human oversight.

Building upon this vision, it naturally moti-
vates a promising direction in which LRMs au-
tonomously improve via RL on unlabeled data.
In this paper, we focus on a particularly potent
mode of such self-evolution: adaptation to test-
time data (Shu et al., 2022; Snell et al., 2024; Zhang
et al., 2025b). While recent methods have success-
fully enabled test-time RL by generating rewards
through majority voting (Zuo et al., 2025), they
are fundamentally constrained by learning from a
fixed, predefined set of test queries. Namely, this
approach still operates on a static test set, which
may lead to overfitting on superficial textual pat-
terns rather than the underlying problem logic. This
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raises a pivotal question: if reward signal can be
generated on-the-fly, can the training data itself be
dynamically augmented to enhance performance?

To answer this question, we propose Test-Time
Variational Synthesis (TTVS), a novel framework
that boosts self-exploring RL by actively trans-
forming static test queries into a dynamic training
stream. Specifically, TTVS is composed of two
synergistic modules: (1) The Online Variational
Synthesis module leverages the model’s own con-
sensus to generate semantically-equivalent but dif-
ferently phrased queries, applying an online filter to
ensure quality and diversity. This process enforces
the model to learn the underlying problem logic
rather than superficial patterns. (2) The Test-time
Hybrid Exploration module utilizes a dual-mode
update strategy, Intra-Group Exploration (IGE) for
accuracy-driven exploitation and Cross-Group Ex-
ploration (CGE) for consistency-driven exploration,
to enable robust and generalizable learning within
this augmented data space. Moreover, TTVS is
agnostic to policy optimization algorithms and can
be flexibly incorporated into other methods, such
as GRPO (Shao et al., 2024), OPO (Hao et al.,
2025), and DAPO (Yu et al., 2025). Extensive ex-
periments across various benchmarks and model
families (Qwen3, Qwen2.5, LLaMA) demonstrate
that TTVS achieves superior performance in math-
ematical reasoning using solely unlabeled test-time
data. Remarkably, TTVS not only surpasses other
test-time counterparts but also outperforms state-
of-the-art RL-based post-training methods, where
the latter depend on large-scale, annotated datasets.

2 Related Works

Reinforcement Learning (RL) (Sutton et al.,
1998) is a pivotal technique for advancing the
reasoning capabilities of Large Language Models
(LLMs). Early research focused on Reinforcement
Learning from Human Feedback (RLHF) (Chris-
tiano et al., 2017; Ouyang et al., 2022), which
aligns LLMs with human values by training a re-
ward model based on human preference data. De-
spite its efficacy, RLHF is often resource-intensive,
necessitating extensive human annotation (Gao
etal., 2023; Bai et al., 2025b). Recently, Reinforce-
ment Learning with Verifiable Rewards (RLVR)
(Schulman et al., 2017; Liu et al., 2025b; Li et al.,
2025; Wu et al., 2025) has emerged as a more scal-
able alternative for domains with objective correct-
ness criteria (e.g., mathematics reasoning) using

rule-based reward functions instead of humans. De-
spite the progress shown by state-of-the-art RL al-
gorithms (e.g., GRPO (Shao et al., 2024), DAPO
(Yu et al., 2025)), a fundamental challenge persists:
these models are trained via supervision, but their
inference during test-time necessitates CoT reason-
ing for novel and unseen problems.

Test-time Scaling (TTS) (Zhang et al., 2025b)
aims to improve model performance by leverag-
ing additional computational resources at inference
time. It is primarily divided into two paradigms: /)
Test-Time Inference (TTI) (Wang et al., 2022; Yuan
et al., 2024) enhances output quality by generating
multiple solution candidates and selecting the best
one via a scoring function or iterative refinement. /)
Test-Time Training (TTT) (Osowiechi et al., 2024;
Zhang et al., 2025¢) adapts a pre-trained model
to distribution shifts at inference time, commonly
employing self-supervised objectives such as en-
tropy minimization and pseudo-labeling. However,
prior work has primarily focused on video gener-
ation (Dalal et al., 2025) and understanding (Liu
et al., 2024). Existing TTS work on the integra-
tion of LLMs and reinforcement learning remains
limited (Fang et al., 2025), and prevailing methods
rely on offline training with fixed test sets, which
prevents the model from achieving continual self-
improvement that adapts to its current capabilities.
Self-improvement Reinforcement Learning aims
to overcome the cost and label requirements of tra-
ditional Reinforcement Learning (RL) (Tian et al.,
2024). Current approaches largely fall into two cat-
egories: 1) Synthetic data generation (Goldie et al.,
2025; Kim et al., 2025) utilizes powerful expert
models (e.g., DeepSeek R1 and GPT-4) to gener-
ate synthetic data. While effective, this approach
incurs substantial computational costs and relies
on external models. 2) Self-rewarding metric (Hao
et al., 2026; Zhang et al., 2025a; Lin et al., 2025;
Zhang et al., 2026) uses predefined rules to gen-
erate preference pairs for RL training or adopts a
majority-vote-based self-rewarding/certainty mech-
anism in an unsupervised RL setting. However,
a critical flaw of the self-rewarding strategy is its
reliance on the fixed dataset.

3 Preliminaries

3.1 Reinforcement Learning for LL.Ms

We frame the task of improving LLM reasoning
as a reinforcement learning problem. An LLM
is treated as a policy 7y, parameterized by 0,
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which generates a sequence of tokens (a solution)
o = (t1,ta,...,tr) in response to an input query
q. The goal of RL is to optimize the parameters 6
to maximize the expected reward for the generated
solutions:

moaXEqN'DﬂNﬂ'a('M) [R(Oa q)]a (1)

where D is the data distribution and R(o, q) is a
reward function that evaluates the quality of the
solution o for the query gq.

3.2 Group Relative Policy Optimization

In this work, we adopt Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024), an efficient
RL algorithm well-suited for LLM training as it for-
goes an explicit critic model. For a given query ¢,
GRPO samples a group of G outputs {01, ...,0q}
from the current policy 7. The policy is then up-
dated by maximizing the following objective:

1 G
= £i<9>] C)

where L£;(6) is the per-sample objective, often
a clipped surrogate objective similar to PPO,
weighted by the advantage A;:

L:(0) = min (p;(0),clip(p:(0),1 —¢,1+€))A;). (3)

Jarro(0) = E

Here, i(6) = m(0ilq),/7a,(0ilg) is the proba-
bility ratio. A key feature of GRPO is that it esti-
mates the advantage A; directly from the group’s
rewards {ry,...,rg} by treating the mean reward
as a baseline, which is both computationally effi-
cient and effective:

T — mean({rj}le)

A = , 4
Sd({r7}%,) + 0 @

where ¢ is a small constant for numerical stability.

3.3 Reward Signal via Majority Voting

In the test-time setting, ground-truth labels are un-
available, making reward computation a central
challenge. Following TTRL (Zuo et al., 2025), we
generate a reward signal by estimating a pseudo-
label via majority voting. Given a query g, we first
sample N candidate solutions {01, ...,on} from
the policy. We then extract a final answer a; =
ExtractAnswer(o;) from each solution. The most
frequently occurring answer (Majority Vote(-)) is
designated as the pseudo-label y*:

N
y* = argmaxZ]I(ai =a), 5)

¢ =1

where I(+) is the indicator function. The reward
r; for each solution o; is then determined by its
agreement with this pseudo-label:

(1, ifa=yr
ri = R(o;,y") = { v (6)

0, otherwise.

This mechanism provides a robust, self-
generated reward signal that enables RL training in
the absence of explicit supervision.

4 Methodology

In this work, we propose TTVS, a novel test-time
RL framework that actively augments the train-
ing data and employs a dual-update mechanism to
balance accuracy and generalization. Our method
enables the model not only to adapt to the test data
but also to learn the invariant underlying logic of
the problems. The overall pipeline is depicted in
Figure 1 and consists of two primary stages: (1) On-
line Variational Synthesis and (2) Test-time Hybrid
Exploration.

4.1 Online Variational Synthesis

The first stage of our framework focuses on gener-
ating a rich and diversified set of training instances
from the original, static test query. This is achieved
through a three-step process: pseudo-label gener-
ation, variational data augmentation, and online
filtering.

We first generate a pseudo-label for each orig-
inal query ¢ from the test set. Given a query
q, we sample N candidate solutions (rollouts)
{01,02,...,0n} from the current policy my. An
answer a; is extracted from each rollout, and a con-
sensus answer y, is determined via majority voting.
This consensus answer serves as the pseudo-label
for the query q.

{or,...,on} ~ mo(lq), ©)

e = Majority Vote((a;) Y., ), ®)

where pseudo-label y; is the cornerstone for both
reward calculation and the subsequent data synthe-
sis process.

At the heart of our method lies the concept of
online variational synthesis. Instead of solely rely-
ing on the original query ¢, we prompt the policy
model 7y to generate k new queries that are seman-
tically consistent with ¢ and share the same answer
Yy but differ in their surface-level expression. We
design a specific prompt P that instructs the model
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Figure 1: The schematic illustration of the Test-time Variational Synthesis (TTVS). In Stage 1: Online Variational
Synthesis. Pseudo labels are generated from test data to synthesize diversified samples, which are then online
filtered for quality and diversity. In Stage 2: Test-time Hybrid Exploration. A policy model is optimized on this
augmented data through a hybrid intra- and cross-group exploration strategy, culminating in diversified rewards that

guide the model’s optimization.

to paraphrase the original problem. The generation
process is as follows:
©))

{qa7QQ7 cee 7qz} ~ W@("P7Q7 y;)

This synthesis process transforms a single data
point into a cluster of semantically equivalent prob-
lems {q, ¢}, ..., q,}. Training on this augmented
data encourages the model to develop a more ro-
bust and abstract understanding of the reasoning
task, moving beyond mere pattern matching of the
input text.

To ensure the quality of the augmented data, we
introduce a crucial online filtering stage. Not all
synthesized queries are retained. A query cluster
originating from ¢ is only generated and used for
training if it satisfies two conditions. First, the
initial group accuracy for the original query ¢, de-
noted acc(q), must lie within a predefined difficulty
range [Tiow, 7i high]I

N
1
acc(q) = N E I(a; = y;) € [Tiow, Thign]- (10)
i=1

This condition ensures that the model focuses
on problems that are neither trivial nor intractable.

Second, each synthesized query qé» must not exceed
a maximum token length L,y:

Length(q}) < Lmax, (11)
only the data satisfying these criteria proceed to the
policy update stage, thus curating a training batch
of suitable difficulty and quality. We provide more
details for online filtering in Appendix A.1

4.2 Test-time Hybrid Exploration

Having generated a high-quality batch of original
and variational queries Dyqch, the second stage per-
forms policy updates using our proposed hybrid ex-
ploration mechanism. Two complementary update
modes, Intra-Group Exploration and Cross-Group
Exploration, are designed to execute independently
within each training step. The rationale behind
this dual-mode approach is to synergistically im-
prove both the model’s accuracy on specific prob-
lem instances and its consistency across semantic
variations.

The first mode, Intra-Group Exploration (IGE),
focuses on maximizing performance on each indi-
vidual problem by operating within the confines
of a single query’s generated outputs. For every
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query ¢ € Dyycn (Where g can be an original query
q or a variational query q}), we perform a full, in-
dependent GRPO update. The process begins by
performing a complete rollout to generate N so-
lutions, from which a pseudo-label y7 is obtained
via intra-group majority voting. Subsequently, the
advantage for each rollout is calculated based on
this intra-group reward signal R(o;,y;), and the
policy parameters 6 are updated by optimizing the
GRPO objective for that specific query q.

This mode represents an accuracy-driven ex-
ploitation of the data, as it treats each query as
a distinct optimization target to be mastered. It
pushes the model to find the correct solution for
that specific phrasing. The total update from this
mode can be seen as the sum of independent policy
gradients for all queries in the batch.

The second mode, Cross-Group Exploration
(CGE), is designed to explicitly enforce con-
sistency by operating across the semantically-
equivalent problem cluster {q, ¢}, ..., q;}. Instead
of performing separate rollouts for each query, we
create a mixed pool of rollouts by sampling a frac-
tion of solutions from each query in the cluster:

k
Omix - U {Sampleﬁ\gl(k+1) (Oi ~ W@(’Q;))} )
7=0

12)
where ¢, denotes the original query ¢. Critically,
a single cross-group majority vote is performed
over this entire mixed set Op;x to derive a joint
pseudo-label y . . This joint label represents the
model’s most robust consensus across all varia-
tional expressions of the problem. The advan-
tage for every rollout 0; € Opix is then calculated
with respect to this single, consistency-enforcing
label . . The subsequent GRPO update, there-
fore, optimizes the policy based on a unified, cross-
group reward signal, compelling it to become self-
consistent across the entire semantic cluster. This
mode provides a form of consistency-driven explo-
ration, as it regularizes the policy and ensures its
reasoning process is invariant to superficial changes
in the problem statement.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate model performance on a
wide range of mathematical reasoning benchmarks.
These include MATH-500 (Hendrycks et al., 2021),
a curated collection of 500 competition-level prob-

lems from the MATH dataset; AIME-2024 (Li
et al., 2024), comprising challenging problems
from the 2024 American Invitational Mathemat-
ics Examination; AMC-2023 (Li et al., 2024), a
dataset sourced from the American Mathematics
Competitions that contains 83 samples comprising
a series of progressively challenging mathematical
tests designed for middle and high school students;
and GPQA (Rein et al., 2024), a high-quality and
exceptionally challenging subset of the Graduate-
Level Google-Proof Question Answering bench-
mark that curated from domains such as physics,
chemistry, and biology.

Models. To assess the generalizability of our
proposed method, we conducted extensive experi-
ments across three distinct model families, encom-
passing a wide range of parameter scales. Specifi-
cally, the models we experiment with are as follows.
1) Qwen3 Family (Yang et al., 2025): Qwen3-1.7B-
Instruct, Qwen3-4B, and Qwen3-8B. 2)0Owen2.5
Family (Yang et al., 2024): Qwen2.5-Instruct-1.5B,
Qwen2.5-Instruct-3B, and Qwen2.5-Instruct-7B. 3)
LLaMA Family (Dubey et al., 2024): LLaMA-3.2-
3B-Instruct and LLaMA3.1-8B.

Baselines. We compare our method with the fol-
lowing methods: 1) RL Post-Trained Models: they
are leading models with architectures similar to our
own, which have undergone extensive reinforce-
ment learning on large-scale labeled data, includ-
ing DeepSeek-R1-Distill (1.5B & 7B) (Guo et al.,
2025), SimpleRL-Zero-7B (Zeng et al., 2025), and
OpenReasoner-Zero-7B (Hu et al., 2025). It is
worth noting that our TTVS operates under a test-
time adaptation paradigm using only unlabeled
data, which represents a fundamental difference
from these methods. 2) TTRL (Zuo et al., 2025):
similar to our TTVS, this method also utilizes test-
time reinforcement learning; however, it only esti-
mates rewards through majority voting on original
unlabeled data during training.

Implementation Details. For the implementa-
tion of TTVS, we employ GRPO as the optimiza-
tion strategy across all benchmarks. The policy
model is optimized using the AdamW optimizer
with a cosine learning rate schedule, peaking at
5 x 10~7. During the rollout phase, 32 responses
are sampled (temperature = 0.6) for the voting-
based label estimation. By default, we set L4,
is 1024, 7w is 0.125 and Tyien equals 0.875. To
ensure a fair comparison with the TTRL, the maxi-
mum generation length is constrained to 3072 to-
kens. For evaluation metrics, we evaluate model
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Methods MATHS00 AIME2024 AMC2023 GPQA Average
RL Post-trained Models w / Labeled Data

DeepSeek-R1-Distill-1.5B (800K) 52.2 2.5 21.7 14.6 22.8
DeepSeck-R1-Distill-7B (800K) ~ 60.1 100 262 257 305
OpenReasoner-Zero-7B (129K) 792 133 470 284 40
SimpleRL-Zero-7B (8.9K) 782 207 602 276 482

QOwen3 Family
Qwen3-1.7B-Instruct DA 33 89 3122
W/ TTRL 73‘4(+14 0) 15 2(+11 9) 54.2(+25 3) 222(+91) 41.3(+15'1)
w/ TTVS (Olll'S) '2(+20.8) +J(4-20.0) 61.4(+32 5) 6.3 (416.7) 47.5(+21'3)
Qwen3-4B 40 .. 100 ... 265 ] 263 3T
w/ TTRL 85.0(+21 0) 26.7(+16 7) 61.4(+34 9) 43~0(+16 7) 54.0(+22 3)
w/ TTVS (Olll'S) 9003(+26 3) 36.7(+26 7) 71.1(+44 6) 48.9 (421.7) 61.5(+29 8)
Qwen3-88B 822 .. 269 ... 378 480 BT L
w/ TTRL 89.2(170) 46.7(1108 6861108 53.0(150) 6541107
w/ TTVS (Ours) 92.6(+10 4) 50.0(+23_1) .3(_‘_14'5) 56.1 (+8.1) .8(+14_1)

QOwen2.5 Family
Qwen2.>-Instruct-158 M4 ] 00 ... 1 167 .88
w/ TTRL 6220178 33433 3250184 253(sse 308171
w/ TTVS (Olll'S) 65.8(+11 4) 3.3(+3_3) 36.1(+12 0) 28.3 (411.6) 33.4(+9 6)
Qwen2.5Instruct-3B 642 ] 33 325 . 293 .33
w/ TTRL 120170y 67(13a) 3980173 333(1a0)  37.8(154)
w/ TTVS (Ours) 75.0(+10 8) .7(+3.4) .2(+9‘7) 36.4 (+7.1) 40.1(+7 8)
Qwen2.5>-Instruct7B 04 102 40 304 L3S
w/ TTRL 776(+7 2) 133(+31) 44.6(+3 6) 48.5(4_12'1) 460(+() 5)
w/ TTVS (Olll'S) 79.4(+9 0) 16'7(+6.5) 47'2(+6 2) 51.5 (4+15.1) 48.7(+9 2)

LLaMA Family
LLaMA-3.2-3B-Instruct 08 08 ..l 125 ... 173 ...
W/ TTRL 51.0(+10 2) 3.3<+2 5) 25.3(4,10'2) 161(+3 6) 23-9(+6,6)
w/ TTVS (0urs) .1(_;,_13‘3) 6'9(+6 1) ‘9(+12.8) 17.7 (+5.2) .7(+9_4)
LLaMA3.1-8B . 86 .. 46 . 233 308 .28
w/ TTRL 637151y 1000154 32300 341455 3500182
w/ TTVS (Olll'S) 64'9(+16.3) 10.0(+5 4) 33.5(+10 2) 37.3 (+6.5) 36.4(+9 6)

Table 1: Performance comparison of TTVS with state-of-the-art methods on various model architectures. For RL
Post-trained Models w / Labeled Data (-), () indicates the amount of labeled data used during post-training.

performance using pass@1 Score. For each prob-
lem, we generate 16 candidate responses using tem-
perature sampling (temperature = 0.6, top-p = 0.95)
and assess the correctness of the top-ranked solu-
tion. Moreover, we set the warmup steps as 40
for IGE and 60 for CGE on aross four reasoning
benchmarks. The number of training episodes was
configured to 10, 10, 20, and 40 for MATHS500,
GPQA, AMC2023 and AIME2024, scaled accord-
ing to their size. All experiments were conducted
using 8 NVIDIA GeForce H800 80GB GPUs.

5.2 Main Results

To illustrate the efficacy of our proposed method,
we report the performance comparison of TTVS
against several state-of-the-art (SOTA) methods.
Our evaluation spans 8 models across 3 distinct

model families, with detailed results presented in
Table 1. 1) Comparison with RL Post-trained
Models with Labeled Data, TTVS outperforms
these methods on most settings. When applied
to Qwen2.5-Instruct-7B, TTVS exhibits a clear
performance advantage over leading 7B mod-
els DeepSeek-R1-Distill-7B, OpenReasoner-Zero-
7B, particularly on MATH500 and GPQA bench-
mark. Furthermore, the efficiency of TTVS is
underscored by the results that even our smaller
Qwen?2.5-Instruct-1.5B model outperforms the
larger, post-trained DeepSeek-R1-Distill-7B (e.g.,
33.4% vs. 30.5% average score). This indicates
that TTVS can unlock latent reasoning abilities
more effectively using test-time self-improvement.
2) Compared to the SOTA test-time RL method
(TTRL), our TTVS demonstrates improved perfor-
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Methods MATHS00 AMC2023 GPQA

Qwen3-4B 64.0 26.5 26.3
—CGE 864 626 439
—IGE 88.4 69.8 46.6

—TTVS 903 11 480

Methods MATHS00 AIME2024 AMC2023
Qwen3-4B 64.0 10.0 26.5
—TTVS (w/ OPO) 89.6 333 69.8
—TTVS (w/ DAPO) 88.8 36.7 71.6
—TTVS (w/ GRPO) 90.3 36.7 71.1

Table 2: Performance analysis of different components
in TTVS.

0.4

Figure 2: Entropy Curve of TTVS components on
AMC2023 using Qwen3-4B.

mance across various benchmarks and model types.
Notably, on Qwen3-4B, TTVS yields absolute
gains of 5.3% (MATH500), 10.0% (AIME2024),
9.7% (AMC2023), and 5.9% (GPQA). These re-
sults demonstrate the effectiveness of TTVS and
highlight the potential of self-improvements to fa-
cilitate greater exploration using online variational
synthesis.

5.3 Ablation Studies

5.3.1 Effectiveness of Components

To validate the contributions of the individual com-
ponents within our TTVS, we conduct ablation
studies on Qwen3-4B. As shown in Table 2, we
systematically evaluate the performance of sev-
eral variants across the MATH500, AMC2023, and
GPQA benchmarks. The naive Qwen3-4B is es-
tablished as the baseline, and we directly perform
the inference on various reasoning tasks and have
poor performance. We then evaluate two key com-
ponents of our framework in isolation. First, the
Consistency-Guided Exploitation (CGE) module
yields substantial performance gains over the base-
line (e.g., 86.4% v.s. 64.0% on MATHS500). Sec-
ond, the Intra-group Exploitation (IGE) module
achieves even greater improvements, with scores
of 88.4%, 69.8%, and 46.6%. It obtains further per-
formance improvements and exhibits persistently
high entropy throughout training in Figure 2. Fi-
nally, the full TTVS framework integrates both

Table 3: Performance comparison of different RL algo-
rithms for TTVS using Qwen3-4B.

CGE and IGE, leveraging their complementary
strengths to balance generalization and accuracy.
This synergistic combination achieves more steady
exploration and the optimal performance across all
benchmarks, reaching 90.3% on MATHS00, 71.1%
on AMC2023, and 48.0% on GPQA, thereby con-
firming the efficacy of our synergistic exploration.

5.3.2 Impacts of Different RL Algorithms

To assess the versatility of our TTVS, we evaluated
its performance when integrated with three distinct
reinforcement learning algorithms: GRPO (Shao
et al., 2024), OPO (Hao et al., 2025), and DAPO
(Yu et al., 2025). GRPO normalizes rewards within
a group of sampled responses to calculate a relative
advantage. OPO employs a length-weighted aver-
age as an optimal reward baseline to stabilize train-
ing. DAPO incorporates a suite of techniques, such
as clip-higher and a token-mean objective, to en-
hance stability in large-scale training. As shown in
Table 3, TTVS consistently delivers substantial per-
formance improvements over the Qwen3-4B (base-
line), regardless of the specific RL optimizer used.
Furthermore, the performance of the three RL algo-
rithms was closely aligned, with only minor differ-
ences observed. GRPO achieved the highest score
on MATHS500 (90.3%), while DAPO and GRPO
performed identically on AIME2024 (36.7%). This
consistent high performance validates the robust-
ness of TTVS and confirms its compatibility with
a range of policy optimization strategies.

5.3.3 Computational Cost Analysis

Finally, we conducted a detailed quantitative anal-
ysis of the resources used during both test-time
training and the inference phase. 1) During Test-
Time Training, as shown in Figure 4, the GPU
memory consumption of TTVS is nearly identical
to the TTRL baseline phase with the same number
of rollouts (32). Even when compared to a TTRL
baseline with double the rollouts (64), our TTVS
requires substantially less GPU memory while still
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Figure 4: Computational cost during test-time training
on Qwen3-4B

Methods GPU Memory (GB) Token Length Throughput (Token/s)

TTRL
TTVS

Table 4: Computational cost at inference phase based
on Qwen3-4B using 32 rollouts

achieving superior accuracy. This confirms that
our method achieves its significant performance im-
provements without incurring substantial additional
computational overhead during test-time training.
2) At the inference phase, the model produced by
TTVS is also more efficient. As shown in Table
4, TTVS generates more concise answers (shorter
token length), leading to a slightly lower memory
footprint. Overall, these results demonstrate that
TTVS offers a superior trade-off between perfor-
mance and computational cost. Its advantages are
derived from the quality of its dynamic data syn-
thesis, not from a greater quantity of computation.
We provide more clarification on TTVS’s computa-
tional trade-off in Appendix A.4.

5.3.4 Impacts of Question Difficulty Levels

To validate the impacts of question difficulty levels
for TTVS, we conducted a fine-grained analysis
using the MATH-500 dataset. The dataset was

partitioned into five subsets corresponding to its
annotated difficulty levels (L1 to L5). We then eval-
uated the performance of the baseline (Qwen3-4B),
TTRL, and our TTVS framework on each subset.
As illustrated in Figure 3, it shows crucial trend: the
performance gap between TTVS and TTRL widens
as the complexity of the problems increases. On
Level 1 problems, TTVS holds a slight edge over
TTRL (95.3% vs. 93.0%). This advantage becomes
far more substantial on Level 5 problems, where
TTVS achieves an accuracy of 69.5%—with 8.7%
and 30.0% performance improvements over TTRL
the baseline, respectively. These results demon-
strate the superior robustness of TTVS, suggesting
that its variational synthesis mechanism effectively
compensates for these knowledge gaps, enabling
the model to learn and reason more effectively on
challenging tasks. We provide more experimental
results in Appendix.

6 Conclusion

In this paper, we introduced Test-Time Variational
Synthesis (TTVS), a novel framework designed to
enhance the self-exploration capabilities of Large
Reasoning Models (LRMs) through dynamic data
augmentation. TTVS facilitates the online genera-
tion of semantically consistent synthetic variations
of test queries, thereby enriching the data without
the need for additional human annotations. This
augmented dataset then enables a hybrid explo-
ration strategy for optimizing the policy model dur-
ing test-time. Comprehensive experiments demon-
strate that TTVS achieves superior performance
compared to existing test-time adaptation meth-
ods and state-of-the-art RL post-training strategies
across a diverse range of mathematical reasoning
benchmarks and model architectures, establishing
a new performance benchmark for test-time rein-
forcement learning.
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Limitations

While the proposed TTVS method demonstrates
strong performance across a range of reasoning
benchmarks and model architectures, the present
study is subject to several limitations that open
avenues for future investigation. First, due to com-
putational constraints, our primary experiments
cannot be conducted on some larger-scale LLMs,
such as Qwen2.5-32B-Instruct, Qwen3-32B. Val-
idating the scalability and effectiveness of TTVS
on such models is an important direction for fu-
ture work. Second, the scope of this study is con-
fined to language-only models. Consequently, the
efficacy of our approach in multimodal architec-
tures remains unexplored. Investigating whether
our method can be adapted to achieve competi-
tive performance on test-time vision-language tasks
constitutes a promising area for further research.
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Filtering thresholds

Qwen3-4B  Qwen2.5-Instruct-3B

Tiow = 0.0 Thign = 0.875 86.4 72.0
Tiow = 0125 Thign = 0.875 90.3 75.0
Tiow = 025 Thign = 0.875 86.2 724
Tiow = 0125 Thign = 0.625 88.4 73.8
Tiow = 0125 Thign = 1.0 88.7 73.2

Table 5: Ablation study for filtering thresholds

Methods Qwen3-4B Qwen2.5-Instruct-3B
512 86.1 72.2
1024 90.3 75.0
2048 90.7 74.9

Table 6: Ablation study for Maximum Token Length.

A Appendix

A.1 More Details of the Online Filtering
Mechanism

This mechanism is a crucial two-step process de-
signed to curate a training batch of suitable diffi-
culty and quality without verifiable labels. Step 1:
Difficulty Scaffolding (on Original Query ¢): To
assess difficulty, we first generate a pseudo-label
y* for the original query ¢ via majority voting. We
then calculate the initial group accuracy, acc(q),
as the fraction of candidate answers matching this
pseudo-label (Equation 10). This acc(q) metric
serves as a proxy for the problem’s difficulty for
the current model. We only proceed with synthe-
sis if this accuracy falls within a predefined range
[Tiow, Thign], ensuring the model focuses on prob-
lems that are neither trivial nor intractable. Step
2: Quality Control (on Synthesized Query ¢'):
To prevent the introduction of malformed or un-
solvable problems, we apply a simple but effective
heuristic: each newly synthesized query ¢’ must
not exceed a maximum token length L,,,,,.. This fil-
ters out incomplete or overly complex generations.
The effectiveness of our entire filtering mechanism
is verified by a series of ablation studies in terms
of filtering thresholds 7jy, Thigh, and Lipqz.

A.2 Ablation Study for Hyperparameters

We first investigate the sensitivity to filtering thresh-
olds Ty, and Tp;9, on MATHS500 dataset. Table
5 shows that our chosen thresholds (774, = 0.125,
Thigh = 0.875) achieve optimal performance. We
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Figure 5: Hyperparameter analysis of the warmup steps
for intra-group exploration (E;,,) On various reason-
ing datasets..
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Figure 6: Hyperparameter analysis of the warmup steps
cross-group exploration (E.,,ss) On various reasoning
datasets.

have also conducted an additional ablation study
on L, to further validate our quality control step.
The results in Table 6 show that L,,,, = 1024
provides the best balance, effectively filtering out
malformed queries without being overly restric-
tive. The stable performance around this value fur-
ther demonstrates the robustness of our filtering ap-
proach. Furthermore, our TTVS incorporates other
critical hyperparameters: the number of warm-up
steps for intra-group exploration (Fjy¢,) and for
cross-group exploration (F.,.ss). The former de-
termines the transition point from exploration to
accuracy-driven exploitation, while the latter con-
trols the onset of consistency-driven exploration.
To identify the optimal values for these parameters,
we conducted a series of sensitivity analyses. First,
we evaluated the impact of Fj,;., on model per-
formance across a range of values: 0, 20, 40, 60,
80, 100. As illustrated in Figures 5a and 5b, perfor-
mance generally peaked when Ej;,+-, was set to 40
across most reasoning tasks, including AMC2023,
GPQA, and AIME2024. Subsequently, we inves-
tigated the effect of E..,ss in a similar manner.
The results, shown in Figures 6a and 6b, indi-
cate that the TTVS framework achieved optimal or
near-optimal performance on all benchmarks when
FEross Was set to 60. Consequently, we adopted
default values of 40 and 60 for F;,4rq and E.,.ss N
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Methods MATH500 AMC2023 GPQA
Qwen3-4B 640 .. 265 . 26.3
TTRL (32 Rollouts) 85.0 61.4 43.0
TTRL (64 Rollouts) 86.9 65.5 45.0
TTVS (32 Rollouts) 90.3 71.1 48.0

Table 7: Performance comparison with increased roll-
outs for TTRL

Methods Qwen3-4B Qwen2.5-Instruct-3B
TTVS (16 Rollouts) 88.0 73.8
TTVS (32 Rollouts) 90.3 75.0
TTVS (64 Rollouts) 92.9 76.2

Table 8: Ablation study for the number of rollouts for
TTVS.

all experiments unless otherwise specified. We also
analyzed the sensitivity to our difficulty filtering
thresholds.

A.3 Ablation Study for Rollouts

We first conducted an ablation study where we dou-
bled the computational budget for TTRL by increas-
ing its rollouts to 64. As shown in Table 7, sim-
ply increasing computation for TTRL yields only
marginal performance gains (2%-4%), demonstrat-
ing diminishing returns on a static dataset. More
importantly, our more compute-efficient TTVS
(with 32 rollouts) still significantly outperforms
the more expensive TTRL (with 64 rollouts). Fur-
thermore, we investigated the impact of varying the
number of rollouts for TTVS. As shown in Table
8, TTVS effectively improves performance with
more variants. This indicates that our chosen value
offers a strong balance between performance and
efficiency, and the method is not overly sensitive to
this parameter.

A.4 Clarification for Trade-off Structure

To analyze computational cost, we provide a de-
tailed methodology clarification demonstrating that
TTVS’s performance gains stem from its novel
mechanism, not from a higher computational bud-
get. TTVS was designed for efficiency and does
not use k times more rollouts in parallel. For each
optimization step of the policy model, the number
of rollouts used is identical to the baseline TTRL
(i.e., 32 rollouts). TTVS sequentially utilizes roll-
outs from different data sources (original, synthetic,
mixed) to improve the quality and diversity of the
training signal, rather than increasing the quantity
of parallel computation.

Methods LLaMA-3.2-3B-Instruct Qwen3-4B
Init 44.1 53.2
TTRL 46.6 62.8
TTVS 49.0 65.9

Table 9: Results on DeepMath-103K subset.

Methods LLaMA-3.2-3B-Instruct Qwen3-4B
Init 49.8 56.6
TTRL 51.3 58.1
TTVS 52.1 59.1

Table 10: Results on MedMCQA.

A.5 Evaluation on More Unseen Dataset

To address the potential for data contamination, we
conducted performance analysis in Table 9 on a sub-
set of the recently released DeepMath-103K dataset
(He et al., 2025), which is unseen by our models.
We created a representative subset by randomly
sampling 20 question-answer pairs from each dif-
ficulty level. TTVS consistently outperforms both
the initial model and the TTRL baseline, demon-
strating that its gains are genuine and not an artifact
of data leakage.

A.6 Evaluation on Domain-Specific Dataset

To investigate the practical value of TTVS in do-
mains with scarce annotated data, we evaluated
it on the well-known medical benchmark, MedM-
CQA (Pal et al., 2022). As shown in Table 10
TTVS again shows a clear and consistent advan-
tage over TTRL, confirming its effectiveness in
specialized domains.

A.7 Performance on Base Models without
Instruction-following Ability

To demonstrate that the benefits of TTVS are not
limited to instruction-following models, we con-
ducted an experiment on the Qwen2.5-Math-1.5B
(Base model). To ensure this condition is met
even for base models with initial limitations, we
introduced an effective expert-level model warmup
phase. For the first 100 training steps, we use a
small set of high-quality synthetic data generated
by an expert model (DeepSeek R1). It is designed
to efficiently bootstrap the base model’s specific
rewriting skills, enabling it to fully participate in
the main TTVS self-improvement loop. Our re-
sults in Table 11 demonstrate that with this minimal
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Methods MATHS00 AMC2023 GPQA
Qwen2.5-Math-1.5 27 286 249
TTRL 70.7 489 26.7
TTVS 76.0 50.4 28.6

Table 11: Performance Analysis on Base Model.

Methods LLaMA-3.2-3B-Instruct Qwen3-4B  Qwen2.5-Instruct-3B

Init 65.5 82.6 77.2
TTRL 71.9 87.5 78.9
TTVS 73.3 90.7 81.2

Table 12: Performance Analysis on OpenBookQA.

warmup, TTVS significantly outperforms TTRL on
the same base model. This confirms that the core
benefits of TTVS—harnessing dynamic data syn-
thesis for self-improvement—are not restricted to
models with strong pre-existing capabilities. Our
warmup strategy provides a simple yet powerful
mechanism to unlock the potential of TTVS on a
broader range of models, showcasing the versatility
of our framework.

A.8 Applicability to Open-Ended Tasks

To explore the boundaries of our method’s appli-
cability beyond purely mathematical reasoning,
we conducted an additional experiment on Open-
BookQA in Table 12. This benchmark assesses
a model’s ability to reason by combining given
facts with commonsense knowledge, representing
a step towards more open-ended reasoning. TTVS
maintains a consistent and significant performance
advantage over TTRL even in this commonsense
reasoning context, suggesting that the benefits of
our approach are not strictly limited to mathemati-
cal logic.

A.9 Discussion for ’Non-verifiable’” Scenarios

While the previous implementation of TTVS pri-
marily focuses on domains with objective, veri-
fiable rewards (e.g., mathematics), we acknowl-
edge the challenge of extending this framework
to open-ended tasks such as creative writing or
summarization. In these “non-verifiable” scenarios,
the absence of a rule-based or ground-truth reward
signal complicates both the pseudo-labeling and
the online filtering processes. To bridge this gap,
a promising direction involves transitioning from
rule-based verifiers to model-based supervision,
specifically through an LM-as-a-Judge paradigm.
In this setup, a frozen, superior model (e.g., GPT-

4o or a specialized Reward Model) could serve
as the “’verifiable signal” by evaluating the seman-
tic consistency of synthesized query variants and
the quality of reasoning rollouts. Specifically, the
”Judge” can verify whether a synthesized creative
prompt remains semantically equivalent to the orig-
inal and use consensus-based scoring or pairwise
comparisons to generate the necessary reward sig-
nals for self-exploration. Although this introduces
considerations regarding the judge’s bias and ad-
ditional API costs, it provides a viable pathway to
unlock the self-evolution capabilities of TTVS in
broader, more subjective linguistic domains.

A.10 Qualitative Synthesis Examples

To evaluate the robustness of our synthesis engine,
we analyze representative samples of generated
mathematical problems.

e Original: Let f(z) = | — p| + |z — 15| +
|z — p — 15|, where 0 < p < 15. Determine
the minimum value taken by f(z) for z in the
interval p < z < 15. (Ans: 15)

¢ Good Variant 1: What is the minimum value
of the function f(z) = |z — q| + |z — 15| +
|z —q — 15| for 0 < ¢ < 15? (Ans: 15)

* Good Variant 2: Let g(x) = |[x —m| + |z —
15| + |z — m — 15|, where 0 < m < 15.
Determine the minimum value taken by g(x)
for x in the interval m < z < 15. (Ans: 15)

e Failure Variant: Let f(z) = |z — 3| + |z —
7| + |x — 10|. Determine the value of x in the
interval [3, 7] that minimizes f(x). (Ans: 7)

The synthesized outputs demonstrate the model’s
proficiency in structural preservation and logical
migration. In the ”Good Variants,” the model suc-
cessfully executes variable renaming (e.g., p —
q, m) and maintains the delicate relationship be-
tween the parameters and the interval constraints.
Meanwhile, these failures are relatively rare and
they typically stem from minor numerical hallu-
cinations or logic inversions. This suggests that
the model is not merely performing surface-level
text substitution but is capturing the underlying
functional constraints required for the problem to
remain well-posed.

A.11 Performance Comparison (Avg@16 /
Maj@16)

To eliminate the variance inherent in stochastic
sampling, we employ ensemble metrics—Avg@16
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and Maj@16. The data reveals a consistent
and significant performance gain; TTVS does not
merely rely on “lucky” samples but fundamen-
tally shifts the distribution of reasoning trajecto-
ries toward higher correctness. Notably, TTVS
yields an additional +5.3% (MATHS500) and +9.4%
(AMC2023) over the strong Maj@16 baseline.
These results confirm that our strategy is not just
complementary to inference-time scaling but fun-
damentally superior in cultivating core reasoning
capabilities.

Metric Method MATHS500 AIME2024 AMC2023 GPQA
Avg@16 TTRL 85.0 26.7 61.4 43.0
Avg@16 TTVS (Ours) 90.3 36.7 71.1 48.9
Maj@16 TTRL 86.4 26.7 62.1 432
Maj@16 TTVS (Ours) 91.7 36.7 71.5 49.1

Table 13: Performance Comparison on Avg@ 16 and
Maj@ 16 metrics.
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