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Abstract

Test-time training (TTT) adapts large language
models (LLMs) during inference using only un-
labeled test inputs. Existing methods, however,
face two major bottlenecks on hard reasoning
tasks: (1) lack of learnable samples, as self-
generated pseudo-labels on difficult questions
are often noisy and yield unstable rewards; and
(2) inefficient exploration, as performance gains
depend on repeatedly sampling many rollouts
without explicit diagnosis of why previous at-
tempts fail. We propose TTSR (Test-Time
Self-Reflection), a self-evolving framework
based on a reflect-then-synthesize paradigm. A
single pretrained model alternates between a
Student role and a Teacher role: the Student
solves test questions and updates, while the
Teacher analyzes failed trajectories and syn-
thesizes targeted variant questions closer to
the Student’s capability frontier. TTSR fur-
ther maintains a cross-iteration weakness mem-
ory and compiles persistent weaknesses into a
lightweight strategy note prepended to subse-
quent Student inputs, so diagnostic knowledge
can guide exploration and gradually fade as
weaknesses are resolved. Experiments on chal-
lenging mathematical reasoning benchmarks
show consistent test-time improvements, strong
cross-backbone generalization, and transfer to
general-domain reasoning tasks.

1 Introduction

Test-time training (TTT) updates model parame-
ters at inference time using only unlabeled test
data (Akytirek et al., 2024; Sun et al., 2020), requir-
ing no ground-truth supervision. Recent formula-
tions cast TTT as test-time reinforcement learning,
where rewards are derived from the model’s own
sampled solutions via self-consistency or outcome
verification (Zuo et al., 2025; Yuksekgonul et al.,
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2026). In practice, however, these methods pro-
duce limited and unstable gains on hard reasoning
tasks (Huang et al., 2024; Akyiirek et al., 2024).
We focus on two key limitations.

Lack of learnable samples. Test questions in
hard reasoning benchmarks often sit near or beyond
what the model can reliably solve. Majority-voting
pseudo-labels then become noisy, and the result-
ing rewards too unreliable for stable parameter up-
dates (Akyiirek et al., 2024; Zuo et al., 2025). In
effect, only a narrow band of questions—neither
trivially easy nor hopelessly hard—yields useful
gradients, leaving the model with few effective
training samples at test time (Bae et al., 2026).

Inefficient exploration via repeated rollouts.
In part because of this scarcity, current TTT meth-
ods sample large numbers of reasoning trajecto-
ries, hoping that some will land on correct solu-
tions (Snell et al., 2024). This is expensive and
undirected: the model has no mechanism to diag-
nose why earlier attempts failed or to steer later
sampling toward its actual weaknesses.

Two observations point toward a different ap-
proach. First, diagnosing where a reasoning trace
went wrong is typically easier than producing a cor-
rect solution from scratch, since error localization
operates on a given trace rather than requiring one
to be constructed (Wang et al., 2022b; Lin et al.,
2024; Zheng et al., 2025). Second, curriculum
learning shows that training on calibrated interme-
diate problems improves accuracy on harder target
tasks (Bengio et al., 2009; Wang et al., 2022a). To-
gether, these observations motivate a reflect-then-
synthesize strategy: the model first diagnoses its
reasoning failures, then uses the diagnoses to syn-
thesize variant questions near the model’s capabil-
ity frontier as stepping stones.

We propose TTSR (Test-Time Self-Reflection),
a test-time self-evolving framework in which a sin-
gle pretrained model alternates between two roles:
a Student and a Teacher. The Student samples
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Figure 1: Comparison between standard Test-time training and TTSR. Standard test-time training produces noisy
reward signals when test questions are too hard for the model. In contrast, TTSR reflects on failed reasoning to
generate moderately difficult variants matched to the model’s capability, yielding clearer rewards and more stable

test-time updates.

reasoning trajectories for test questions and up-
dates its policy online via GRPO (Shao et al., 2024)
with self-supervised rewards. The Teacher analyzes
the Student’s failed trajectories, extracts structured
weakness descriptors through lightweight reflec-
tion, and synthesizes variant questions that target
these weaknesses. The variants sit closer to the
Student’s capability frontier and thus provide more
informative training signals than the original test
questions. Per-iteration reflections are ephemeral:
without persistent tracking, the same weaknesses
may surface repeatedly. TTSR therefore maintains
a cross-iteration weakness memory and compiles
the most persistent entries into a strategy note—
concise reasoning guidelines prepended to Student
inputs that directly steer subsequent exploration
toward unresolved weaknesses. The note fades
automatically as weaknesses are resolved through
continued adaptation.

We evaluate TTSR on eight mathematical and
general reasoning benchmarks across three model
backbones. TTSR consistently outperforms test-
time RL baselines, achieving up to +15.6 average
points over the base model, and transfers to general-
domain reasoning tasks without domain-specific
tuning. These results suggest that self-reflection
with cross-iteration knowledge accumulation pro-
vides a practical pathway for continual reasoning
improvement during inference.

Contributions. Our main contributions are:

* We identify the lack of learnable samples
and inefficient rollout-based exploration as
two key bottlenecks of test-time training, and

propose a reflect-then-synthesize strategy that
leverages failure diagnosis to construct tar-
geted curricula near the model’s capability
frontier.

* We introduce TTSR, a test-time self-evolving
framework in which a single model alternates
between Student and Teacher roles. TTSR fur-
ther incorporates a cross-iteration weakness
memory and a lightweight strategy note that
persistently carry forward diagnostic knowl-
edge across adaptation iterations.

* We demonstrate that TTSR consistently im-
proves performance on challenging mathemat-
ical and general reasoning benchmarks and
generalizes across model backbones.

2 Related Work

Self-Play and Curriculum Learning for LL.Ms
(mainly training-time). Self-play has become
a common recipe for autonomous improve-
ment in LLMs, from iterative self-training and
alignment-oriented loops to role-specialized or co-
evolutionary variants (Huang et al., 2023; Wang
etal., 2023; Chenetal., 2024; Lin et al., 2025; Chen
et al., 2025; Fang et al., 2025). Recent capability-
oriented systems further emphasize adversarial gen-
eration, dynamic self-challenging, and data-free
evolution (Liu et al., 2025; Xu et al., 2025; Wang
et al., 2025; Kuba et al., 2025; Zhou et al., 2025;
Wei et al., 2025; Huang et al., 2026; Zhao et al.,
2025; He et al., 2025). In parallel, curriculum
learning establishes that calibrated intermediate
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tasks can improve learning efficiency (Bengio et al.,
2009; Wang et al., 2022a). However, most of this
line is designed for training/post-training regimes
with larger budgets and does not explicitly target
per-instance failure diagnosis during inference.

Test-Time Training and Test-Time RL. Test-
time training (TTT) adapts model parameters at in-
ference time using unlabeled test inputs (Sun et al.,
2020; Akyiirek et al., 2024). TTRL-style meth-
ods cast this as test-time reinforcement learning
with self-generated rewards from voting or verifi-
cation (Zuo et al., 2025; Yuksekgonul et al., 2026).
TTCS introduces curriculum learning into test-time
training, but its synthesized questions are derived
from the original test questions rather than explicit
diagnoses of the model’s reasoning failures (Yang
et al., 2026). These methods show that online adap-
tation is feasible, but two challenges remain on
hard reasoning benchmarks: pseudo-label reliabil-
ity degrades when questions are far beyond current
capability, and large rollout budgets are often used
as a coarse exploration mechanism (Snell et al.,
2024; Bae et al., 2026).

Positioning of TTSR. TTSR is a failure-
conditioned curriculum adaptation mechanism for
test-time training. Its first contribution is that we
introduce self-generated curriculum construction
into the test-time stage, where adaptation must be
online and label-free, while difficult test inputs of-
ten lead to too few learnable samples and unsta-
ble updates in TTRL. Its second contribution is a
reflect-then-synthesize loop that converts failed rea-
soning traces into targeted variant questions near
the model’s current capability frontier, improving
synthesis and exploration efficiency.

3 TTSR: Test-Time Self-Reflection

We present TTSR, a test-time self-evolving frame-
work built on GRPO and TTT. A single pretrained
model 7y alternates between two roles at test time:
a Student that solves test questions and updates its
policy via self-supervised rewards, and a Teacher
that analyzes failed reasoning trajectories, extracts
structured weakness descriptors, and synthesizes
targeted variant questions. To accumulate diagnos-
tic knowledge across iterations, TTSR maintains
a weakness memory My and compiles persistent
entries into a strategy note h; that provides concise
reasoning guidelines prepended to Student inputs.
The overall pipeline is illustrated in Figure 2.

Student Role. Given a test question & € Xeg
and the current strategy note h; (Section 3.3),
the Student samples G reasoning trajectories
{y:}&, ~ my(- | hy, ), each consisting of a chain-
of-thought process and a final answer. We write
a(y;) for the final answer extracted from trajectory
y;. These trajectories serve both as inference out-
puts and as the basis for self-supervised learning
signals.

Teacher Role. The Teacher does not solve the
test question directly. Instead, it identifies failures
in the Student’s trajectories relative to a pseudo-
target obtained via majority voting, reflects on the
underlying reasoning weaknesses, and synthesizes
targeted easier variant questions designed to expose
and correct them.

3.1 Student: Solving Problems and Test-Time
Adaptation

Test-Time Training Set Construction. At test-
time iteration ¢, the Student updates its policy
mg, using a dynamically constructed training set.
Specifically, we define the training dataset at itera-
tion ¢ as
(t—1)
Dy = Xest U Xyar ) (1)

where X5 denotes the original test set, and Xv(ﬁr_ b
represents the set of variant questions synthesized
by the Teacher using the previous policy 7y, ,. The
Student samples training questions from D; and
performs test-time adaptation via reward-based op-
timization.

Majority Voting Reward. For each training
question x € Dy, the Student samples a group of
G reasoning trajectories using the current policy:

{yi}Zy ~ mo,( | he, @) (2)

Following the Test-Time Reinforcement Learn-
ing paradigm, we aggregate the sampled trajec-
tories via majority voting over their final answers
to obtain a consensus answer a(x), which serves
as a pseudo-correct reference. An outcome-level
pseudo-correctness reward is then assigned to each
trajectory according to whether its final answer
agrees with the consensus:

Rs(yi | ©) = Ta(y:) = a(x)] .- 3)

Based on these rewards, we define the empirical
pseudo-correctness score for question x as

G
1
s(z) = el § Rs(yi | z), 4)
=1
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Figure 2: Overview of the TTSR pipeline. At each iteration ¢, the Student samples multiple reasoning trajectories
and updates its policy via GRPO with majority-voting pseudo-labels. The Teacher analyzes failed traces to
extract structured weakness descriptors, which are accumulated in a cross-iteration weakness memory. Persistent
weaknesses are compiled into a strategy note that is prepended to Student inputs, providing immediate reasoning
guidance. The Teacher also synthesizes targeted variant questions conditioned on both current failures and the
accumulated memory, forming a closed-loop self-evolving cycle.

which measures the stability of the Student’s pre-
dictions under stochastic sampling at iteration ¢.
The Student is optimized using GRPO with these
pseudo-correctness rewards, enabling stable and
label-free test-time adaptation.

3.2 Teacher: Reflection-Guided Curriculum
Synthesis

Reflection on Reasoning Steps. At test-time it-
eration ¢, the Teacher performs reflection based on
the Student’s failed reasoning behaviors observed
in the previous iteration. Specifically, using the pol-
icy mp, ,, we collect a set of reasoning trajectories
whose pseudo-correctness rewards are zero. From
these trajectories, we randomly sample a subset of
failed instances for reflection.

Each sampled instance consists of a tuple
(z,y,a), where x denotes the question, y the Stu-
dent’s reasoning trajectory, and a the correspond-
ing pseudo-correct answer obtained via majority
voting over final answers. Conditioned on this set
of failed tuples, the Teacher with policy 7y, ana-
lyzes the reasoning steps in y and produces a reflec-
tion summary that characterizes both the incorrect
reasoning patterns and the missing or insufficient
steps leading to failure. This reflection focuses
on the process-level deficiencies of the Student’s
reasoning rather than the final answer correctness.
Each reflection output is a structured weakness de-
scriptor consisting of a natural-language weakness
summary, trigger conditions, and failure signatures.

These descriptors serve dual purposes: guiding
question synthesis within the current iteration and
updating the cross-iteration weakness memory M
(Section 3.3).

Reflection-Guided Question Synthesis. Given
the extracted weakness descriptors and the accumu-
lated weakness memory, the Teacher synthesizes
variant questions that form an adaptive curriculum
for the Student. Let F¢~1) = {(xy, ys, d’f)}‘lc]_—:'l
denote the set of failed instances from the previous
iteration. We construct a synthesis prompt p; from
both F¢=1) and the most persistent entries in M.,
then sample M variants:

xl) — {a:;};‘il ~ 7T9t<' ‘ py, FD, Mt) .

)
Each variant preserves the core reasoning structure
of the original question while modifying conditions
to expose the identified weaknesses. We use group
sampling to encourage diversity, so the curriculum
covers multiple manifestations of the same defi-
ciency.

Difficulty Reward. We evaluate the difficulty of
a variant question z’ using the Student’s pseudo-
correctness score at iteration ¢. Concretely, the Stu-
dent samples G trajectories under g, and computes
the empirical pseudo-correctness score s;(z') €
[0, 1] as defined in Section 3.1.

Following prior work showing that variance-
based rewards effectively induce -capability-
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centered curricula in self-play (Liu et al., 2025),
we adopt a normalized variance-based frontier re-
ward:

Ruaigi(z") = 4 s1(a”) (1 — s4(")). (6)

This reward lies in [0, 1] and is maximized at
s¢(2") = 0.5, i.e., when the Student operates near
its capability frontier. It therefore encourages the
Teacher to synthesize variant questions that are
neither trivial nor degenerate. Further theoretical
analysis is provided in Appendix C.3.

Similarity  Penalty. To reduce redun-
dancy among synthesized variants, we
penalize near-duplicate generations. Let
Z = {z,...,2;} U {z} be the set of variants
together with the original question. For each
variant 2, the penalty is
1
Psim(x;7$) = ‘2‘7_1
7
Z max (0, sim(z}, 2) — 7). @
z€Z\{z}}

where sim(-, ) € [0, 1] is a token-level sequence
similarity metric (Appendix C.2) and 7 controls the
overlap tolerance.

Teacher Reward. For each variant 1:;, the
Teacher’s overall reward combines difficulty and
diversity:

Ry(z}) = max(O, Rige(x}) — X Pyym (2, x)) .
®
Outputs that violate the predefined <question> for-
mat are discarded and receive zero reward.

3.3 Cross-Iteration Weakness Memory and
Strategy Note

Per-iteration reflections are ephemeral and do not
accumulate knowledge across iterations. To per-
sistently track reasoning deficiencies, TTSR main-
tains a weakness memory M, and compiles persis-
tent entries into a strategy note h;.

Weakness Memory. At each iteration ¢, the
Teacher’s reflection produces weakness descrip-
tors W) = {wgt), ... ,wg)} (Section 3.2). The
memory M, is updated via three operations:
Merge. If a new descriptor w’ € W) matches
an existing entry w € M;_1 (sim(w’,w) > 7,
using the same metric as in Section 3.2), we merge
w’ into w by incrementing its persistence counter

c(w) < c¢(w) + 1 and updating w.last_seen < t;
otherwise w’ is added as a new entry with c(w') =
1.

Resolve. Entries not observed for A consecutive
iterations (f — w.last_seen > A) are removed,
indicating the weakness has been addressed.

Evict. If | M;| > K after merging, entries with
the lowest persistence count are dropped.

The complete update is:

Mvt+1 = Resolve(l\/[erge(/\/lt, W(t)), A),

i ©)
Mt+1 = EVICt(MH_l, K)

Strategy Note. At the beginning of each iteration,
we select the top-/V entries from M; ranked by
persistence count and compile them into a strategy
note:

hy = Compile(M P, (10)

The note is prepended to all Student inputs during
both sampling and GRPO training. As the Stu-
dent improves, resolved weaknesses are removed
from M, and the corresponding guidelines auto-
matically drop from h;, so the note serves as a
transient scaffold that fades as the underlying capa-
bility catches up.

4 Experiment

4.1 Experimental Setting

Models and Baselines. We evaluate on three
base pretrained language models: Qwen3-4B-
Base, Qwen3-8B-Base (Yang et al., 2025),
and OctoThinker-8B-Hybrid-Base (Wang et al.,
2025). We compare against two test-time optimiza-
tion baselines: TTRL (Zuo et al., 2025), which
adapts the model on unlabeled test instances us-
ing self-generated reinforcement signals, and R-
Zero (Huang et al., 2026), which enables data-free
self-improvement through reinforcement learning.
The Base model performs direct inference without
parameter updates. We additionally report a Self-
Consistency (SC) (Wang et al., 2022b) baseline
that applies majority voting over G =16 sampled
trajectories without any parameter updates, to dis-
entangle the effect of inference-time scaling from
test-time training. All baselines are evaluated under
the same test-time setting for fair comparison.

Datasets and  Evaluation. We  evalu-
ate mathematical reasoning on AMC23,
MATH-500 (Hendrycks et al., 2021), Min-
erva (Lewkowycz et al., 2022), Olympiad-
Bench (He et al.,, 2024), AIME 2024, and
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AIME 2025 (Li et al., 2025), which cover a wide
range of difficulty levels and require multi-step
symbolic manipulation. ~We further evaluate
general reasoning on GPQA-Diamond (Rein
et al., 2023) and MMLU-Pro (Wang et al., 2024)
to assess reasoning ability beyond mathematics.
Each benchmark is adapted independently.

Training Configuration. The Teacher generates
M =2 variant questions per original test question
per iteration; the Student samples G = 16 reason-
ing trajectories per question. The policy is opti-
mized via GRPO with pseudo-correctness rewards.
All hyperparameters, including similarity penalty
(A=1.0, 7 =0.75), weakness memory (K = 10,
A =3, 7, = 0.6) and strategy note (/N = 3), are
fixed across all models and benchmarks; see Ap-
pendix B.2 for full details.

4.2 Main Results

Table 1 summarizes results across all benchmarks.

TTSR achieves consistent improvements
across models and domains. On Qwen3-4B-
Base, TTSR raises average accuracy by +11.7
points over the base model. On Qwen3-8B-Base,
the average improvement is +11.9 points, and
on OctoThinker-8B-Hybrid-Base, which under-
goes reasoning-oriented mid-training (Wang et al.,
2025), the gains reach +15.6 points. Beyond math-
ematics, TTSR also improves general reasoning:
gains on GPQA-Diamond and MMLU-Pro range
from 3 to 7 points over the strongest baseline, indi-
cating that the reflection-guided curriculum trans-
fers across domains.

TTSR outperforms existing test-time training
methods on average and on most benchmarks.
Compared to TTRL and R-Zero, TTSR delivers
clear average gains across model backbones, with
improvements on the majority of benchmarks. On
Qwen3-8B-Base, TTSR surpasses TTRL by +4.1
points on average; on OctoThinker-8B, the margin
widens to +7.0. This gap indicates that reflection-
guided variant synthesis provides more informative
training signal than direct adaptation on raw test
questions.

TTSR shows the largest improvements on
challenging benchmarks. The advantage is most
pronounced on AIME 2024 and AIME 2025, where
the original questions lie far beyond the model’s
reliable solving range. On Qwen3-4B-Base, TTSR
exceeds TTRL by +8.0 on AIME24 and +2.9
on AIME25. On Qwen3-8B-Base, TTSR reaches

30.8 on AIME24 (44.7 over TTRL) and 19.1 on
AIME25 (+3.4). When TTRL’s pseudo-labels be-
come unreliable on intractable problems, Teacher-
synthesized variants bridge the difficulty gap by
creating frontier-level stepping stones that progres-
sively approach the target difficulty.

We additionally compare against Self-
Consistency (SC), which applies majority voting
over G = 16 trajectories without parameter
updates; full results are reported in Table 12
(Appendix H). All test-time training methods
substantially outperform SC, confirming that
TTSR ’s gains stem from parameter adaptation
rather than inference-time scaling.

4.3 Analysis

We conduct targeted analyses to validate the key
design choices of TTSR.

Q1: Do synthesized variants concentrate near
the capability frontier? A key hypothesis is
that reflection-guided synthesis generates ques-
tions near the Student’s capability frontier, where
Rygite = 4s¢(1 — s¢) is high. On Qwen3-8B-Base,
we compare pseudo-correctness s;(x’) across three
sources: (i) original test questions, (ii) variants
without reflection (random structural variation),
and (iii) full TTSR variants. We report the fron-
tier ratio: the fraction with s; € [0.2,0.8], where
R 1s at least 64% of its maximum (Table 10, Ap-
pendix E). On MATHS500, the frontier ratio rises
from 16.2% (original) to 67.4% (TTSR), a 4.2x
increase. On AIME25, where original questions
have a frontier ratio of only 8.3%, TTSR variants
achieve 64.2%, demonstrating that reflection is es-
pecially valuable when the test set lies far from the
model’s capability boundary. Removing reflection
reduces the frontier ratio to 43.8% and 35.6%, in-
dicating that weakness-aware diagnosis provides
gains beyond what random structural variation can
achieve.

Q2: Is co-evolution necessary, or can a stronger
static teacher suffice? The ablation study (Ta-
ble 13, Appendix I) shows that removing Teacher
test-time updates (equivalent to using a frozen
Teacher at iteration 0) causes the largest overall
drop (up to —5.8 on AIME25 and Olympiad). This
confirms that Teacher—Student co-evolution is criti-
cal: a co-evolving same-size Teacher keeps the cur-
riculum aligned with the Student’s evolving capa-
bility frontier, whereas a frozen Teacher produces
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Method AMC23 MATHS500 Minerva Olympiad AIME24 AIME25 GPQA-D MMLU-Pro A
Owen3-4B-Base

Base Model  45.0 72.0 324 40.2 12.4 5.8 25.8 52.0 -
R-Zero 55.0 76.8 40.8 44.1 18.2 9.1 28.3 55.0 +5.2
TTRL 55.0 79.0 43.8 46.0 17.6 14.7 29.3 56.0 +7.0
TTSR (ours) 60.0 824 52.9 453 25.6 17.6 34.3 60.8 +11.7
Owen3-8B-Base

Base Model 52.5 77.8 39.7 41.2 15.9 9.8 333 58.6 -
R-Zero 57.5 82.0 47.8 48.7 22.6 13.4 36.9 61.5 +5.2
TTRL 62.5 84.2 50.4 50.7 26.1 15.7 38.4 62.8 +7.8
TTSR (ours) 67.5 87.4 54.8 55.2 30.8 19.1 4.4 66.7 +11.9
OctoThinker-8B-Hybrid-Base

Base Model 27.5 45.6 15.1 16.8 7.1 3.9 15.2 26.8 -
R-Zero 35.0 54.0 22.8 25.4 11.6 6.8 19.7 314 +6.1
TTRL 37.5 57.2 26.5 28.6 13.9 8.2 21.7 332 +8.6
TTSR (ours) 47.5 64.8 34.2 36.8 19.7 124 27.8 39.8 +15.6

Table 1: Comprehensive evaluation across mathematical and general reasoning benchmarks. AIME 2024/2025
report Mean @32 accuracy; all other benchmarks report Pass@1 (greedy decoding).

| == TTRL == TTSR (ours)

N
(&)

[}
[=}
1

-
o
1

AIME?24 Accuracy (%)

[iN
o
L

]

10 20 30 100

Test Data Proportion (%)

Figure 3: Data efficiency on AIME24 (Qwen3-4B-
Base). Accuracy under four test-data proportions.

increasingly mismatched variants as training pro-
gresses.

Q3: How does TTSR perform with limited
test data? To assess whether TTSR’s gains rely
on large test sets, we evaluate data efficiency on
AIME24 with Qwen3-4B-Base. TTSR consis-
tently outperforms TTRL at all data ratios: 10%
(12.3 vs 9.5, +2.8), 20% (14.6 vs 11.2, +3.4),
30% (15.3 vs 11.8, +3.5), and 100% (25.6 vs
17.6, +8.0). These results suggest that reflection-
guided variant synthesis amplifies the value of lim-
ited test data by constructing additional frontier-
difficulty training signals. It also weakens an
instance-memorization explanation: even with only
a small fraction of test instances, TTSR retains a
clear advantage.

Appendix J further analyzes the computational
cost of TTSR through a per-iteration breakdown
and an iso-compute comparison against an ex-
tended TTRL run. The matched-budget experiment

shows that TTRL largely saturates with additional
iterations, whereas TTSR retains a clear advantage.
This result supports that the gains arise from the
reflection-guided curriculum rather than additional
computation alone.

Q4: Do improvements transfer across domains?
We evaluate cross-benchmark transfer on Qwen3-
8B-Base. The OOD experiments (Figure 6) show
that TTSR transfers well across mathematical
benchmarks: training on Olympiad yields 25.4 on
AIME24, exceeding TTRL’s 22.1 (4-3.3), while the
Base model achieves only 15.9. Beyond mathemat-
ics, the training dynamics (Figure 4) reveal mean-
ingful cross-domain gains on GPQA-D (33.1 —
36.2, +3.1) and MMLU-Pro (58.6 —61.2, +2.6),
far exceeding TTRL (+1.5 and +1.2, respectively).
These cross-domain gains suggest that TTSR ac-
quires transferable reasoning strategies rather than
memorizing benchmark-specific patterns.

4.4 Training Dynamics

Figure 4 tracks accuracy across test-time itera-
tions on Qwen3-8B-Base. On both MATHS500
and AIME25, TTSR starts below TTRL at itera-
tion 2 but overtakes TTRL in later iterations. TTRL
shows larger intermediate fluctuations, including
a dip on MATHS500 at iteration 8 (83.8 — 82.6),
whereas TTSR exhibits steadier upward progress.
Even when trained exclusively on AIME25, TTSR
yields cross-domain gains on GPQA-D (+3.1) and
MMLU-Pro (+2.6), exceeding TTRL (+1.5 and
+1.2), demonstrating that the gains transfer beyond
the mathematical domain, and all baselines share
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Figure 4: Training dynamics of TTSR on Qwen3-8B-Base. Left two panels show in-domain accuracy on the
training benchmarks (MATHS500, AIME25); right two panels show cross-domain accuracy on held-out general
reasoning benchmarks (GPQA-D, MMLU-Pro) while training on AIME25. Dashed and dash-dotted horizontal lines
denote the Base Model and R-Zero baselines, respectively.

identical access to test data, so comparisons remain
fair. Additional training dynamics on AMC23 and
Olympiad are provided in Appendix G.

4.5 Ablation Study

Table 2 progressively enriches the variant-synthesis
pipeline on Qwen3-8B-Base to isolate the source
of TTSR’s gains. A full component-level ablation
is deferred to Table 13 (Appendix I).

Variant synthesis already helps. Adding
difficulty-controlled variant generation with a
same-size (8B) teacher and training via GRPO
(+ Synthesis) lifts accuracy by +2.6—4-6.4 points
over the base model, confirming that synthesized
curriculum data provides meaningful learning sig-
nals beyond the original test set.

Scaling the teacher has diminishing re-
turns. Replacing the 8B teacher with Qwen3-14B
(+ Strong Synthesizer) yields an additional +1.5—
+3.4 points. While the larger teacher generates
higher-quality variants, the gains plateau because,
without reflection and co-evolution, the curriculum
cannot adapt to the Student’s evolving weaknesses.

TTSR’s framework matters most. TTSR adds
reflection-guided synthesis, Teacher—Student co-
evolution, and auxiliary components on top of the
same-size 8B teacher, achieving a further +2.8—
+5.0 points over the 14B synthesizer. The total
improvement of TTSR over the base model (+9.1—
+14.0) is 1.6 x larger than the strong synthesizer’s
(+4.1-+9.8), demonstrating that TTSR’s adaptive
curriculum design matters more than raw teacher
capacity.

5 Conclusion

We identify two core bottlenecks of test-time train-
ing on hard reasoning tasks: noisy pseudo-labels on

Config. MS00 A25 Oly. GPQA-D
Base Model 778 9.8 41.2 33.3
+ Synthesis 822 12.8 47.6 359
+ Strong Synth. 84.6 15.0 51.0 374
+ TTSR (Ours) 874 19.1 552 424

Table 2: Additive analysis on Qwen3-8B-Base. Start-
ing from the base model, we progressively enrich the
variant-synthesis pipeline. “Strong Synthesizer” re-
places the same-size teacher. Full component-level ab-
lation is in Table 13 (Appendix I).

overly difficult questions (few learnable samples)
and inefficient rollout exploration without failure
diagnosis. To address both, we propose TTSR,
a reflect-then-synthesize framework in which one
model alternates between Student and Teacher
roles. The Teacher analyzes failed trajectories, ex-
tracts structured weaknesses, and synthesizes tar-
geted variants near the Student’s capability fron-
tier. A cross-iteration weakness memory compiles
persistent patterns into a strategy note that guides
subsequent reasoning.

Across eight mathematical and general reason-
ing benchmarks and three base models, TTSR im-
proves average accuracy by +11.7 to +15.6 points
over direct inference and consistently outperforms
prior test-time training baselines. Ablations show
that Teacher—Student co-evolution and reflection-
guided synthesis are the primary contributors, and
cross-domain results indicate that gains transfer be-
yond the training distribution. Training dynamics
and cross-domain evaluations further demonstrate
sustained improvement across iterations and trans-
fer to held-out reasoning domains.
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Limitations

In this work, we introduce TTSR, a test-time self-
evolving framework that improves large language
models on challenging reasoning tasks through
reflection-guided curriculum synthesis and cross-
iteration weakness accumulation. However, there
are still some limitations: (1) Our current evalua-
tion mainly focuses on mathematical and reasoning-
intensive benchmarks. Although these settings pro-
vide a controlled testbed for studying test-time self-
improvement, extending the evaluation to a broader
range of task families would further strengthen the
generality of the conclusions. (2) To ensure fair
comparison across methods, we adopt a largely
unified test-time adaptation setup in our experi-
ments. Exploring a wider design space of update
frequency, synthesis budget, and iteration sched-
ules may yield additional insights into the behavior
of TTSR under different resource conditions. (3)
While our experiments include several representa-
tive models, the current study is not intended to be
an exhaustive comparison across all model fami-
lies, parameter scales, and alignment settings. A
broader model coverage would provide a more com-
plete picture of how TTSR behaves under different
model configurations. In future work, we aim to
broaden the evaluation of TTSR beyond mathemat-
ical and reasoning-intensive benchmarks to more
diverse domains and task settings. We are also
interested in studying richer adaptation schedules
and broader model coverage, which may provide a
more comprehensive understanding of how TTSR
scales across different resource budgets and model
families.
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A Background: GRPO and TTT

This section briefly reviews the optimization and adaptation techniques underlying our framework,
including Group Relative Policy Optimization (GRPO) (Shao et al., 2024) for reward-based learning and
Test-Time Training (TTT) (Zuo et al., 2025) for label-free model adaptation at inference time.

Group Relative Policy Optimization (GRPO). Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) is a policy-gradient algorithm for large language models that removes the need for an
explicit value function. Instead of estimating advantages via a learned critic, GRPO derives relative
advantages by normalizing outcome-level rewards across a group of sampled responses, which enables
stable optimization under sparse or binary supervision.

We model the language model as a stochastic policy 7y that generates a response y = (y1, . . ., y|y|)
conditioned on an input question ¢. For each question g, a behavior policy 7y, samples a group of G
candidate responses {yZ}ZG:1 each receiving a sequence-level reward R; from a verifier.

To derive learning signals without a value function, GRPO normalizes rewards within the sampled
group and defines a relative advantage for each response:

- R; —mean(R)

Ai:m’ R:{R17...,RG}, (11)

where § is a small constant for numerical stability. The same advantage A; is shared across all token
positions within response ;.

GRPO updates the policy parameters by maximizing a PPO-style clipped surrogate objective with an
explicit KL regularization term:

JGRPO (9) = IEq~Dq» {yi}iG 1™ T061a

G lyi ~ (12)
Z Z(mm ria(6) Ay, clip(ris(6), 1= € 1+ €) &) = BDicw (o || 7a,,,)) |
=1 il =1
where
T‘t(@) _ Wg(yi,t ‘ q, yi,<t) A _ RZ B mean({Ri}iGzl)' (13)
" Weold(yi,t \ q, yi7<t), ' Std({Ri}z‘G:ﬁ +4

Here, € controls the clipping range, and [ balances the KL regularization term, which constrains policy
updates to remain close to the behavior policy and improves optimization stability.

Test-Time Training (TTT). Test-Time Training enables a pretrained policy to adapt its parameters
during inference using only unlabeled test inputs. Let Xy = {$(t)} denote the set of test queries.

Starting from an initial policy 7y ., TTT seeks adapted parameters by optimizing a self-supervised
objective:

old?

ot = arg max Eywm(,‘x(t)) [RTTT(%Q)]; (14)

where 3 denotes a pseudo-target constructed from the model’s own predictions, typically obtained via self-
consistency or consensus-based aggregation. The reward function Rrr measures agreement between a
candidate response and the pseudo-target, providing a learning signal for inference-time adaptation.
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B Experiment Details

B.1 Benchmarks

Mathematical Reasoning Benchmarks.

* AMC23 (Zeng et al., 2025): Competition-
style problems that require precise reasoning
and careful case analysis.

* MATH-500 (Hendrycks et al., 2021): A di-
verse set of mathematical topics (algebra, ge-
ometry, number theory, and combinatorics)
used to evaluate structured mathematical rea-
soning.

* Minerva (Lewkowycz et al., 2022) and
OlympiadBench (He et al., 2024): Chal-
lenging mathematical reasoning benchmarks
covering quantitative STEM problems and
olympiad-level competition problems, respec-
tively, both requiring multi-step derivations
and precise symbolic reasoning.

* AIME 2024 and AIME 2025 (Li et al., 2025):
Highly challenging settings where a single rea-
soning error can invalidate the entire solution.

General Reasoning Benchmarks.

* GPQA-Diamond: Expert-level scientific
question answering, requiring deep reasoning
over specialized knowledge.

* MMLU-Pro: Broad multi-domain reasoning
evaluation across a wide range of subjects.

Evaluation Metrics.

* Mean@32 (AIME 2024/2025): Accuracy un-
der multiple sampled reasoning trajectories.

¢ Greedy Decoding (Pass@1) (others): Greedy
decoding accuracy.

B.2 Training Setting

All models and benchmarks share the configuration
below unless otherwise noted. At each iteration,
the Student is updated on both the original test ques-
tions and the Teacher-synthesized variants from the
previous iteration.

Similarity Penalty Configuration. To discour-
age redundant or near-duplicate question genera-
tion during reflection-guided synthesis, we incorpo-
rate a similarity-based penalty into the Teacher’s re-
ward. Pairwise similarities are computed between

synthesized variant questions and the original test
question, as well as among the synthesized ques-
tions within the same batch. The similarity thresh-
old is fixed to 7 = (.75, and the penalty coefficient
is set to A = 1.0 in all experiments. These values
are kept constant across models and benchmarks.

C Method Details
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Algorithm Batch Size Student Rollout G Teacher Variants M/ Iterations 7' KL Coef Learning Rate Max Len

GRPO 16 16 2 10 0.001 3e—T7 4096

Table 3: Important Training Parameters for Test-Time Adaptation.
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Algorithm 1 TTSR: Test-Time Self-Evolving via Reflection
Require: Test set i, initial shared policy g, , iterations 7', Student rollout count GG, Teacher rollout batch size M, memory
budget K, stale threshold A, strategy-note size N
1: Initialize weakness memory Mg < (), variant set Xv(a?) < (), cached rollout buffer ’ngr) —0
2: fort =1toT do
Compile strategy note h; < Compile(M°PY)

4 Construct mixed training set Dy — Xiest U Xv(gfﬁl)
5:  Initialize failed-instance buffer 7 «
6: for all x € D; do
7.
8
9

W

ifz e Xv(atfl) and cached rollout exists in Rsﬁf Y then
Load cached trajectories {y; } 1, consensus answer &(z), and rewards { Rs (y; | z)}$,

else
10: Sample Student trajectories {y;}&, ~ 7o, , (- | he, @)
11: Compute consensus answer a(z) = Maj({a(y;)}%1) and rewards Rs(y; | ) = I[a(y;) = a(z)]
12: end if
13: Estimate pseudo-correctness score s;(z) « & Z?:1 Rs(yi | x)
14: Add failed tuples (x, yi, a(z)) with Rs(y; | #) = 0to F®
15:  end for

16:  Apply Student-role GRPO to the shared policy using Rs, obtaining the intermediate policy Tys

17:  With the same shared policy Tys, reflect on a sampled subset of F () to extract weakness descriptors w®
18:  Update memory:

My Evict(Resolve(Merge(sz Lw® ), A) , K)

19: Build synthesis prompt from sampled failures and persistent entries in M
20: Initialize next-round rollout cache R{Y) «+
21:  Sample one Teacher rollout batch BS") = {z/ 3L, ~ Tos (- | FO M)

22:  Batch-pre-evaluate B with Student rollouts () bittiy ~ Tos (- | he, 25)

23:  Batch-compute a(z}), Rs(yj,; | #}), and s¢(z;) for all z; € Bp
24:  Compute batch rewards R = {max(0, 4s:(2) (1 = se(2})) — APaim (2, ) HLy
25:  Apply Teacher-role GRPO to the same shared policy on Bgf ) using R, obtaining 7y,

26: Cache the batch evaluation results in Rﬁﬁr) for reuse in iteration ¢t + 1
27 Set X« BY
28: end for

29: return Final adapted policy 7, weakness memory M, rollout cache RﬁZP, and strategy note compiled from M

C.1 Algorithmic Summary

Algorithm 1 summarizes the full TTSR procedure, including Student adaptation, Teacher reflection-guided
synthesis, cross-iteration memory updates, and a rollout-reuse acceleration strategy that pre-evaluates
synthesized variants and reuses these rollouts in the next iteration.

C.2 Similarity Metric Definition

To quantify the similarity between two questions in the similarity penalty, we adopt a sequence-based

similarity measure that captures contiguous overlapping spans between two token sequences. This metric
is designed to penalize near-duplicate generations while remaining robust to minor surface variations.

Sequence Representation. Given two questions represented as token sequences S and So, we define
their total length as

T = [Si] 452l (15)

where | - | denotes the number of tokens in the sequence.
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Matching Blocks. We identify a set of non-overlapping matching blocks between S and S;. Each
matching block is defined as a contiguous subsequence that appears in both sequences. The matching
process first finds the longest contiguous matching subsequence and then recursively searches for additional
matches in the remaining left and right segments. Let the resulting set of matching blocks be represented
as

B ={(4n)},

where (i, j, n) denotes a matching block of length n starting at position ¢ in S; and position j in Sy. The
total number of matched tokens is then defined as

C = Z n. (16)

Similarity Ratio. Using the above definitions, we compute the normalized similarity ratio between S

and Sy as
2C

T
which takes values in the range [0, 1]. A higher similarity ratio indicates greater overlap between the
two sequences, while a lower value reflects more substantial differences in surface form. This similarity
measure is used to compute the pairwise similarity scores required by the similarity penalty described in
the main text (Section 3.2). By focusing on contiguous matching spans rather than isolated token overlap,
the metric effectively discourages trivial paraphrasing while allowing moderate overlap that preserves
shared reasoning structure.

Sim(Sl,Sg) = (17)

C.3 Theoretical Analysis of the Difficulty Reward

For a synthesized variant 2/, the Student samples G trajectories
{vi}iy ~ o, (- | b, ),
constructs the majority-vote pseudo-answer
a(2") = Maj({a(yi)}1),

and assigns

Recall that

G
sy = & Rslyi | ), Ran(e!) = dsa)(1 — (&)
=1

We emphasize that s;(z’) measures agreement with the self-generated pseudo-answer. We analyze
Ry as the amount of relative supervision available under this pseudo-labeling rule.

Finite-sample interpretation. For a fixed 2/, let
R; := Rs(yi | '), s 1= ().

Because R; € {0, 1},

G
S (R s =s(1-5). (18)
i=1
Hence, -
Raig(2') = 4 Var(R). (19)

This identity is deterministic and does not require the sample-dependent rewards { R; } to be independent.
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An equivalent pairwise interpretation follows immediately. Let

G
k:ZRZ’ =Gs
i=1

be the number of trajectories agreeing with a(z"). The number of positive—negative trajectory pairs is
k(G — k), and therefore
4k(G — k)
G2

Thus, Rqif is a normalized measure of the within-group relative supervision. It is zero when all trajectories
receive the same pseudo-reward and is maximized at s;(z") = 1/2, where positive—negative comparisons
are most abundant.

This interpretation is directly aligned with GRPO, whose update is driven by reward differences within
a rollout group. In particular, the average magnitude of the unnormalized centered reward satisfies

Raia(a') = : (20)

G

1 1

el E |IR; —s| =2s(1—s) = iRdiﬁ‘(I‘/). (21)
i=1

Therefore, larger Rqig corresponds to stronger available group-relative reward contrast.

Stability of the majority-vote pseudo-answer. For a fixed 2/, let
pri(a’) =Pr(aly) = aj | he,a’),  y~mo, (- | he, ).
Assume a unique population modal answer, with p; 1 (2') > pro(2') > -+ > p; g (2'). Define
a;(z') = a1, pi (@) = pei(a’), Ay(z") = prai(2') — pro(a’).
Proposition 1 (Majority-vote stability). For G independently sampled Student trajectories,

N2
GA;(:'«“)) . 22)

Pr(a(z') # a;(2')) < (K — 1) exp(—
Proof. For any competing answer a;, j > 2, define
2" = la(ys) = ar) — Ta(y) = a;).

Then Z) € [~1,1] and
E[Z9] = pia(2) - prj(a') > Ag(a’).

If a; receives at least as many votes as a1, then é > Zi(j ) < 0. Hoeffding’s inequality gives

. . GA N2
Pr(p; > p1) < exp(—;(x)> :

Taking a union bound over all competing answers 7 = 2,..., K yields
GA 2
Pr(ale’) £ ai(e") < (K - Dewp( -2

which proves Eq. (22).
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Finite-sample approximation of the frontier score. On the event a(z') = a}(2’), s¢(z) is simply
the empirical frequency of the population modal answer. Combining Proposition 1 with Hoeffding’s
inequality therefore gives, for any € > 0,

Pr(|si(z') — pi(a')] > €) < (K — 1)e”GA@)7/2 4 926, (23)
Define the population counterpart
Rgig(a”) = 4p (2') (1 = pj (2")). (24)
Since f(u) = 4u(1 — w) is 4-Lipschitz on [0, 1], Eq. (23) immediately implies
Pr(|Rair(z') — Riig(z')] > 4e) < (K — 1)e~CA@)*/2 | 9=26G€, (25)

The two terms have complementary meanings. The first controls whether finite-sample voting identifies
the Student’s dominant answer, while the second controls estimation error once that answer is identified.
Thus, increasing GG improves both pseudo-target stability and frontier-score estimation.

Implication for curriculum synthesis. Rg;q(2') measures the relative learning signal induced by the
current self-generated supervision. At the realized-group level, Rq;g is exactly the normalized binary
reward variance and is proportional to the number of positive—negative trajectory pairs. At the population
level, when the modal margin A (z') is sufficiently large, majority voting provides a stable pseudo-target
and the empirical score approaches R}, (') as G increases.

We therefore interpret regions of high Rqig as a self-supervised learning frontier: the Student exhibits
substantial within-group reward contrast, providing informative relative supervision for GRPO. Reflection-
guided synthesis aims to construct variants near this frontier.

C.4 Prompt Templates
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[ROLE: TEACHER]

Your task is to extract a generalizable reasoning weakness from an original question and a failed
or unstable reasoning trace produced by a student model.

You must strictly base your analysis on the given inputs. Do not introduce external knowledge,
do not assume access to the correct answer, and do not judge final correctness.
[ORIGINAL_QUESTION]

{text}

[FAILED_REASONING_TRACE]
{text}

[ANALYSIS GUIDELINES]

(1) Error Localization: Identify the first point where the reasoning becomes unreliable,
incomplete, or invalid.

(2) Weakness Abstraction: Summarize the underlying reasoning weakness in one abstract sentence,
without referring to specific values or variables.

(3) Trigger Conditions: Describe what problem structures or conditions are likely to trigger
this weakness.

(4) Failure Signature: Describe typical reasoning patterns or behaviors when this weakness
appears.

[OUTPUT REQUIREMENTS]

Output must be valid JSON and contain the following fields:

{
"reasoning_weakness": " "
"trigger_conditions”: ["..."],
"failure_signature”: ["..."],
"localization_summary”: "..."

}

[EXAMPLE]

[ORIGINAL_QUESTION]

Let x and y be real numbers such that x + y = 10 and x*2 + y*2 = 58. Find the maximum possible
value of x.

[FAILED_REASONING_TRACE]

From x + y = 10, y = 10 - x. Substituting gives x*2 + (10 - x)*2 = 58. Solving yields x = 3 or
x = 7. The reasoning directly selects 7 as the maximum.

[OUTPUT]
{
"reasoning_weakness”: "When multiple valid solutions exist, the reasoning directly selects
the numerically larger solution without semantic justification.”,
"trigger_conditions”: ["Multiple algebraic solutions”, "Extremal objectives"],
"failure_signature”: ["Selecting the largest root immediately”, "Equating magnitude with
optimality"],
"localization_summary”: "The reasoning deviates when it selects the larger algebraic solution
solely based on its value.”
}

Table 4: Teacher prompt template used for reasoning weakness extraction in TTSR.
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[ROLE: TEACHER]

Your task is to generate one new training question based on the original question, a failed
reasoning trace, and an extracted reasoning weakness.

The goal is not to make the question arbitrarily harder, but to produce a question that is
targeted, learnable, and close to the student’s capability frontier.

You must ensure that:

(1) The new question preserves the core reasoning structure of the original question.
(2) The new question is more likely to trigger the given reasoning weakness.

(3) The new question is self-contained, solvable, and unambiguous.

(4) The new question is not a superficial paraphrase or simple numerical substitution.

[INPUT]
[ORIGINAL_QUESTION]
{text}

[FAILED_REASONING_TRACE]
{text}

[WEAKNESS_JSON]
{reasoning_weakness, trigger_conditions, failure_signature}

[STEP-BY-STEP INSTRUCTIONS]

Step 1: Anchor Structure.

Summarize the core reasoning structure of the original question, including key concepts, variable
relationships, constraints, and the main reasoning steps required for a correct solution.

Use structural language rather than restating the original question.

Step 2: Error-Hitting Strategy.

Explicitly state how the new question will be designed to more reliably trigger the given
reasoning weakness, while remaining solvable and fair.

Explain what aspects will be modified, what shortcuts are targeted, and how superficial
paraphrasing is avoided.

Step 3: Generate One New Question.

Generate a single, fully self-contained question that requires multi-step reasoning and is likely
to trigger the weakness under common shortcuts.

Avoid changing only numbers, swapping story contexts, or adding irrelevant complexity.

Step 4: Hit Rationale.

Briefly explain why the generated question is likely to expose the reasoning weakness and how
a correct solution would avoid the shortcut.

Step 5: Self-Test Filter.

Verify whether the question is likely to trigger the weakness, remains learnable, and is not a
surface-level paraphrase.

If any check fails, regenerate the question.

Table 5: Teacher prompt template used for reflection-guided question synthesis in TTSR.

1775



[OUTPUT REQUIREMENTS]

The output must be valid JSON. Do not include markdown or additional explanations.

All fields must be present and filled according to the schema below.

{

3

"anchor_structure”: [
"...core structural element 1...",
"...core structural element 2..."
i
"error_hitting_strategy"”: {
"what_to_avoid”: ["...simple variants that would not trigger the weakness..."],
"what_to_add”: ["...structural modifications to increase weakness exposure..."],
"shortcut_to_block”: ["...erroneous shortcut to be induced or blocked..."],
"fairness_check”: "...how solvability and unambiguity are ensured..."
Yo
"generated_question”: "...fully self-contained question text...",
"hit_rationale”: [
"...why the question is likely to trigger the weakness...”,
"...what a correct reasoning process would need to check...”
P
"self_test": {
"likely_to_trigger_weakness"”: "YES/NO + brief reason”,
"learnable_frontier”: "YES/NO + brief reason”,
"not_surface_paraphrase”: "YES/NO + brief reason”
}

Table 6: Teacher prompt template used for reflection-guided question synthesis in TTSR (continued).
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D Case Study

To qualitatively illustrate how the TTSR pipeline
operates, we present two representative case studies
from Qwen3-8B-Base trained on MATHS500.

Full pipeline trace (Table 7). Table 7 traces a
single training instance through the complete TTSR
pipeline. The Student encounters a quartic equation
and solves it via the standard substitution ¢t = 22,
but recovers only the positive roots—a failure pat-
tern commonly observed in early iterations. The
Teacher analyzes the failed trace and extracts a
structured weakness descriptor pinpointing the in-
complete back-substitution. Based on this weak-
ness, the Teacher synthesizes a variant question
that algebraically reduces to the same equation but
asks for the sum of all solutions, making the back-
substitution error directly observable in the final
answer.

Strategy note effectiveness (Table 8). Table 8
demonstrates how the accumulated weakness mem-
ory translates into actionable reasoning guidance.
After the back-substitution weakness is recorded
and persists across multiple iterations, it is com-
piled into a strategy note prepended to the Stu-
dent’s prompt. When the Student encounters a new
even-power equation at a later iteration, the strat-
egy note explicitly reminds it to check for negative
branches—resulting in a correct solution that the
earlier Student would have missed. This before-
and-after comparison highlights how TTSR’s mem-
ory mechanism enables fargeted, persistent rea-
soning improvement, rather than relying solely on
gradient updates.

Variant evolution across iterations (Table 9).
Table 9 tracks how the Teacher’s synthesized vari-
ant questions evolve over training iterations for two
representative MATHS500 problems. In early iter-
ations (Iter 2), variants are surface-level modifica-
tions: changing coefficients or base/modulus while
preserving the same solution technique. As the
weakness memory accumulates, the Teacher pro-
duces increasingly targeted variants: at Iter 5, vari-
ants amplify the identified weakness (e.g., requiring
Newton’s identity chains instead of single-step Vi-
eta’s); at Iter 8, variants transfer the weakness to
a different mathematical domain (e.g., reciprocal-
squared roots, or modular arithmetic with com-
posite moduli); by Iter 10, variants integrate mul-
tiple weaknesses into a single problem requir-
ing simultaneous application of several reasoning

techniques. This progression demonstrates that
TTSR’s reflection-guided synthesis produces a nat-
ural curriculum—{from surface variation to deep
structural targeting—without any explicit difficulty
scheduling.

E Variant Quality Analysis

E.1 Frontier Score Distribution

Table 10 reports the pseudo-correctness score dis-
tribution of three question sources on Qwen3-8B-
Base (AIME25): original test questions, variants
synthesized without reflection (random structural
variation), and TTSR variants with full reflection-
guided synthesis.

TTSR variants exhibit a substantially higher
frontier ratio (64.2%) than both original questions
(8.3%) and reflection-free variants (35.6%), con-
firming that weakness-aware diagnosis effectively
concentrates synthesized questions near the Stu-
dent’s capability boundary.

E.2 Variant Structural Quality (GPT-5.2
Evaluation)

Beyond frontier alignment, a key design goal is that
TTSR variants target the specific weakness identi-
fied by the Teacher’s reflection, rather than being
superficial modifications (e.g., changing numbers
or swapping variable names). To evaluate this, we
use GPT-5.2 (2025-12-11) as an external judge on
n = 100 MATHS500 and n = 50 AIME25 variant
instances. Each instance is scored along two binary
dimensions:

* Weakness Targeting (WT): Does the variant
specifically test the reasoning weakness iden-
tified in the Teacher’s reflection descriptor?

* Structural Novelty (SN): Does the variant in-
volve meaningful structural changes (e.g., do-
main transfer, constraint modification, multi-
step integration) beyond simple number sub-
stitution or surface paraphrasing?

Table 11 shows that without reflection, the ma-
jority of variants (59% on MATHS500, 78% on
AIME25) are trivial modifications, such as chang-
ing coefficients, swapping story contexts, or adding
irrelevant complexity. TTSR’s reflection-guided
synthesis raises the structural novelty rate to 78%
and 46%, while targeting the identified weakness
in 83% and 48% of cases. The joint rate (WTASN)
is 71% on MATHS500 but only 38% on AIME25,
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[Original Question] (Source: MATHS500, Iteration 3)
Find the number of distinct real solutions to the equation z* — 1322 4 36 = 0.

[Student’s Failed Reasoning Trace]
Let ¢t =27. Then ¢ — 13t 436 = 0.
Using the quadratic formula: t =
Sot=9 or t=4.

Fromt=9: x=3. Fromt=4: x=2.

Therefore, there are 2 distinct real solutions. (x Correct answer: 4)

13+v169—144 __ 1345
2 - 2 -

[Teacher’s Extracted Weakness]
{
"reasoning_weakness"”: "After solving via even-power substitution,
only the principal (positive) root is recovered, omitting the negative branch.”,
"trigger_conditions”: ["Even-power variable substitution (¢t =z", n even)”,

"Requests for the count or aggregate of all real solutions”],
"failure_signature”: ["Only non-negative roots reported”,

"Solution count is exactly half the true count”],
"localization_summary”: "Deviation occurs at back-substitution:

t =9 yields x = 3 only, instead of z = +3."

3

[Teacher’s Synthesized Variant Question]

Let S be the set of all real numbers z satisfying (> — 4)(2z® — 9) = 0. Compute the sum of the elements of .S.

Hit rationale: Expanding yields 2* — 1322 4 36 = 0—the same substitution equation. However, asking for the sum (rather
than the count) makes the error observable: the incorrect answer is 2 + 3 = 5, while the correct answer accounting for £

branches is (—3) + (—=2) +2+3 =0.

Table 7: Case study: full TTSR pipeline on a representative example. We trace one training instance through the
complete pipeline—from the original question through the Student’s failed reasoning, the Teacher’s weakness ex-
traction, and the synthesized variant question. Color coding: original question , failed trace , Teacher reflection ,

variant question .

showing that fewer than half of the AIME25 vari-
ants satisfy both criteria. The substantially lower
AIME?2S scores are consistent with the reflection
quality evaluation in Appendix K: competition-
level problems produce longer reasoning chains
where weakness localization is harder.

E.3 Pseudo-Label Accuracy (GPT-5.2
Verification)

We track the majority-vote accuracy of the Stu-
dent’s training batch across iterations on AIME25
(Qwen3-8B-Base). For original test questions, cor-
rectness is determined by the ground-truth answer;
for synthesized variants (which have no canoni-
cal answer), we use GPT-5.2 as an oracle judge.
Figure 5 reports the results.

Both methods start near 13% at iteration 2, re-
flecting the extreme difficulty of AIME2S5 (base
accuracy 9.8%). TTRL, which trains only on the
original questions, improves slowly and with fluctu-
ation, reaching 17.2% at convergence. TTSR intro-
duces easier, targeted variant questions that provide
more learnable samples and simultaneously raise

the overall majority-vote accuracy to 25.4% (+8.2
over TTRL). The gap widens primarily in later
iterations as training progresses and the Teacher
synthesizes increasingly well-calibrated variants.

F Out-of-Distribution Performance

To assess the transferability of test-time training
across different mathematical benchmarks, we train
on each of the six source benchmarks indepen-
dently and evaluate on all six benchmarks. Figure 6
reports the results on Qwen3-8B-Base.

Cross-benchmark transfer. TTSR outperforms
TTRL in the majority of OOD evaluations, with
gains typically ranging from 1-3 points. For in-
stance, when trained on Olympiad and evaluated on
AIME24, TTSR reaches 25.4 compared to TTRL’s
22.1 (+3.3), whereas the Base model achieves only
15.9. Notably, a small number of OOD transfer
pairs exhibit comparable or slightly reversed re-
sults (e.g., AIME25—MATHS500: TTRL 80.2 vs.
TTSR 79.8), which is expected given the stochastic
nature of cross-benchmark generalization and the
relatively small OOD gaps.
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[New Question] (Encountered at Iteration 7)
Find the sum of all real values of z satisfying 2° = 64.

[Student Reasoning — Without Strategy Note] (Iteration 3 behavior)
2% = 64. Taking the sixth root of both sides: z =645 =2,

The sum of all real values is 2. (x Correct answer: 0)

[Compiled Strategy Note] (From weakness memory at Iteration 7)

[REASONING STRATEGY NOTES]

Based on recurring reasoning patterns, keep the following in mind:

1. When solving equations via substitution ¢ = 2" with n even, always
recover both =+ ¥/t during back-substitution. Verify that
the solution count matches the degree of the original equation.

2. When computing aggregates (sum, product) over all solutions,

enumerate every branch before combining.

[Student Reasoning — With Strategy Note] (Iteration 7 behavior)
2% = 64. Since the exponent 6 is even, = can be positive or negative.

|z|® =64 = |z| =2, so =2 or x = —2.
Verification: 26 =64 v; (—2)°=64 /.

The sum of all real values is 2+ (—2) = @. (v Correct)

Table 8: Case study: strategy note effectiveness on a subsequent problem. After the weakness from Table 7 is
accumulated in the weakness memory, the compiled strategy note guides the Student to avoid the same error on a
new problem. Color coding: reasoning without note , strategy note , reasoning with note .

Role of source difficulty. Training on harder
benchmarks (AIME24, AIME25, Olympiad) gener-
ally produces stronger OOD transfer than train-
ing on easier ones (AMC23, MATHS500). For
example, models trained on AIME24 achieve
higher OOD scores on Olympiad (48.8 vs. 44.8
from AMC23 training), suggesting that harder
source problems induce more generalizable rea-
soning refinements. TTSR amplifies this effect
through reflection-guided synthesis: by targeting
the model’s specific weaknesses, the generated vari-
ant questions capture transferable reasoning pat-
terns rather than benchmark-specific shortcuts.

G Additional Training Dynamics

To complement the MATH500-based training dy-
namics presented in Figure 4 (main text), we report
additional training dynamics when TTSR is applied
with AMC23 and Olympiad as primary training
benchmarks.

AMC23 (top row). On the in-domain AMC23
benchmark, TTSR matches TTRL at iteration 2,
overtakes it by iteration 4, and reaches 67.5 at con-
vergence, a +5.0 margin over TTRL (62.5). A mid-
training dip at iteration 6 mirrors the pattern ob-
served on MATHS500 in the main text. Cross-math
transfer to AIME25 is moderate (17.3), reflecting
the distributional gap between competition-format
AMC problems and the AIME format.

Olympiad (bottom row). Training on Olympiad
produces a qualitatively different trajectory: TTSR
jumps ahead by iteration 4 (51.3 vs. 47.3) and, af-
ter a brief dip at iteration 6, resumes climbing to
reach 55.2 (4+4.5 over TTRL at 50.7) at conver-
gence. TTRL exhibits a mid-training dip at itera-
tion 8 (49.9 — 48.7) before recovering, whereas
TTSR’s gap over TTRL widens steadily from iter-
ation 6 onward. Cross-math transfer to AIME25
reaches 17.1, and both rows confirm that cross-
domain gains on GPQA-D and MMLU-Pro remain
positive but modest.

H Self-Consistency Comparison

To disentangle the effect of inference-time scaling
from test-time training, we compare against a Self-
Consistency (SC) (Wang et al., 2022b) baseline
that applies majority voting over G =16 sampled
reasoning trajectories per question without any pa-
rameter updates. Table 12 reports results for all
three base models across eight benchmarks.
Self-Consistency provides moderate gains over
greedy decoding (Base Model) by leveraging sam-
pling diversity: +4.2 on Qwen3-4B, +3.3 on
Qwen3-8B, and +2.1 on OctoThinker-8B. How-
ever, all test-time training methods substantially
outperform SC. Even R-Zero, the weakest TTT
baseline, surpasses SC on average, and TTSR’s
margin over SC is 7.5, +8.6, and +13.5 for the
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Iteration

Case 1: Symmetric Root Functions

Case 2: Modular Exponentiation

Test Question

Let r1, r2, 73 be the roots of > — 7Tz + 6 = 0.
Find 7% + r3 + 2.

Find the remainder when 2'°° is divided by 7.

ExtractedWeakness “Applies single-step Vieta’s formula correctly but fails to chain “lIdentifies cyclic patterns in modular arithmetic but fails to decom-
identities for higher-order or non-standard symmetric functions of pose nested exponents or composite moduli requiring multi-level
roots.” analysis.”

Iter 2 Find 7% +r2+r2 for the roots of > —3z% + 2 — 5 = Find the remainder when 32°° is divided by 13.

0. [Surface: different base/modulus, same cycle technique]
[Surface: changed coefficients, same one-step Vieta]

Iter 5 For the roots 7; of 2° — 4z 4+ 5 — 2 = 0, compute What is the units digit of 77 ?

715 + I; + r;’ [Weakness amplification: nested exponent requires two-level cycle
[Weakness amplification: cubic power sum requires Newton’s iden- decomposition]
tity chain, not one-step Vieta]

Iter 8 If the roots of 2 — 622 4+ 11z — 6 = 0 are r;, find Find the last two digits of 32025
o L L [Domain transfer: mod 100 requires Euler’s theorem or CRT de-
712 I? T% composition]

[Domain transfer: reciprocal-squared form shifts from polynomial
to rational algebra]
53
. . 92 . ..
Iter 10 The roots of 2° — 2> — 4z + 3 = O are a, b, c. Determine the remainder when 22" is divided

2

Findzbic.

cyc
[Multi-weakness: fractional symmetric function combines identity

chaining with constraint b4+c¢ = S1 — a]

by 1000.

[Multi-weakness: tower exponent + 3-prime modulus combines
nested cycle with CRT]

Table 9: Evolution of reflection-guided variant questions across training iterations. Two representative cases
from MATHS00 are shown. Unlike generic question synthesis, each variant is guided by the Teacher’s extracted
weakness, resulting in progressively more targeted and structurally diverse problems. Blue: surface variation; Red:
weakness amplification; Green: domain transfer; Purple: multi-weakness integration.

Question Source Means; Std Frontier %
Original questions 0.12 0.21 8.3
w/o Reflection variants 0.31 0.26 35.6
TTSR variants 0.47 0.19 64.2

Table 10: Variant quality on Qwen3-8B-Base (AIME25). Frontier ratio: fraction of questions with s; € [0.2,0.8].

three models respectively. These results confirm
that TTSR’s improvements stem from genuine pa-
rameter adaptation guided by reflection and variant
synthesis, rather than from the additional inference-
time computation inherent in sampling multiple
trajectories.

I Full Component-Level Ablation

Table 13 complements the additive analysis in Ta-
ble 2 (main text) by removing each component
individually from the full TTSR system on Qwen3-
8B-Base.

Averaging absolute drops across benchmarks,
the individual components rank as: Teacher co-
evolution (—5.2) > reflection-guided synthesis
(—4.2) > difficulty reward (—3.0) > similarity
penalty (—2.1) > strategy note (—1.4). The two
largest contributors, co-evolution and reflection,
jointly define TTSR’s core curriculum mechanism,

while the remaining components provide comple-
mentary but individually smaller gains.

Compound ablation: Reflection + Strategy Note
Only. Table 14 evaluates a reduced configuration
that retains only the reflection mechanism and strat-
egy note.

Reflection and strategy note alone recover a ma-
jority of TTSR’s total gain on easier benchmarks
(e.g., 69% on MATH500, 63% on Olympiad) but a
smaller fraction on harder ones (43% on AIME25),
suggesting that the omitted auxiliary components
become increasingly important as task difficulty
rises. The remaining +3.0 to 45.3 point gap con-
firms that the omitted auxiliary components sub-
stantially amplify the curriculum’s effectiveness.

J Computational Cost Analysis

We analyze the per-iteration computational over-
head of TTSR relative to TTRL on Qwen3-4B-
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Method Benchmark WT (%) SN (%) WTASN (%)
w/o Reflection MATHS500 — 41.0 —

w/o Reflection AIME25 — 22.0 —
TTSR MATHS500 83.0 78.0 71.0
TTSR AIME25 48.0 46.0 38.0

Table 11: GPT-5.2 (2025-12-11) structural evaluation of synthesized variants on Qwen3-8B-Base. WT: weakness
targeting rate; SN: structural novelty rate; WTASN: both criteria satisfied jointly.

AIME?25 Training: Pseudo-Label Accuracy
(verified by GPT1-5.2)

N
oo
1

=— TTRL (original only)

N N N
N ~ ()]
1 1

Pseudo-Label Accuracy (%)
N
(=)

| =#e= TTSR (original + variants)

+8.2

18 A
16
14 4
12 4
10 T T T T T
2 4 6 8 10
Iteration

Figure 5: Majority-vote accuracy during AIME?2S training (Qwen3-8B-Base). Original questions are verified by
ground truth; variant questions are verified by GPT-5.2 (2025-12-11).

Base under the same runtime setup as the main
experiments (M =2, G=16, T=10).

Per-iteration breakdown. Table 15 reports cost
using a unified normalization: one TTRL itera-
tion is set to 1.0x. The dominant overhead in
TTSR comes from (i) Student rollouts on synthe-
sized variants and (ii) larger GRPO updates over
the mixed batch. Teacher reflection/synthesis are
single-pass generations and contribute relatively lit-
tle overhead. Overall, one TTSR iteration is about
3.0x one TTRL iteration.

Iso-compute comparison. Since each TTSR iter-
ation costs ~3x that of TTRL, running TTSR for
T'=10 iterations consumes roughly the same bud-
get as TTRL for 30 iterations. Table 16 reports this
comparison on all eight benchmarks in the main
text (Qwen3-4B-Base).

Extending TTRL from 10 to 30 iterations yields
only +0.9 additional points (42.7 — 43.6), indi-
cating clear saturation. Under the same compute

budget, TTSR achieves 47.4 (+3.8 over extended
TTRL), confirming that the gains stem from the
reflection-guided curriculum rather than additional
compute. The training dynamics in Figure 4 cor-
roborate this: TTRL’s accuracy oscillates in later
iterations without sustained improvement, whereas
TTSR continues to make progress through targeted
variant synthesis.

K Reflection Quality Evaluation

To assess whether the Teacher’s reflections accu-
rately identify genuine reasoning weaknesses, we
conduct an automated evaluation using GPT-5.2 as
an external judge on Qwen3-4B-Base.

Setup. We randomly sample 100 reflection in-
stances from MATHS500 and 30 from AIME2S.
Each instance consists of the original question, the
Student’s failed reasoning trace, and the Teacher’s
extracted weakness descriptor (including weakness
summary, trigger conditions, and failure signature).
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Figure 6: Out-of-distribution performance comparison on Qwen3-8B-Base. Each subplot shows the accuracy
when the model is trained on a single source benchmark (title) and evaluated on all six mathematical reasoning
benchmarks. In-domain bars (where train=eval) are highlighted with black borders. TTSR generally outperforms

TTRL across most OOD evaluations.

GPT-5.2 evaluates each instance along three dimen-
sions:

* Weakness Accuracy: Does the extracted
weakness correctly identify the actual reason-
ing error in the Student’s trace?

* Actionability: Is the weakness descriptor spe-
cific enough to guide targeted question syn-
thesis?

* Variant Alignment: Does the subsequently
synthesized variant question actually target
the identified weakness?

Each dimension is scored as yes or no. We report
the fraction of positive judgments.

On MATHS500, the Teacher correctly identifies
the reasoning weakness in 82% of cases, and the
subsequent variant targets this weakness 79% of the
time. Scores are substantially lower on AIME25:
weakness accuracy falls to 36.7%, variant align-
ment falls to 33.3%, and actionability reaches
46.7%. This gap is expected given the higher diffi-
culty: competition-level problems involve longer
reasoning chains where pinpointing the first error
is harder. The actionability scores (88.0% and
46.7%) remain higher than accuracy on both bench-
marks, indicating that even when the weakness di-
agnosis is imprecise, the descriptor can still provide

structural information for variant synthesis. These
results support the ablation finding that reflection-
guided synthesis outperforms untargeted variant
generation.
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Figure 7: Training dynamics on additional mathematical benchmarks (Qwen3-8B-Base). Each row corresponds
to a separate experiment where TTSR is applied with the indicated primary training benchmark. Left two panels
show in-domain accuracy (primary benchmark and AIME25); right two panels show cross-domain accuracy on
held-out general reasoning benchmarks (GPQA-D, MMLU-Pro). Dashed and dash-dotted horizontal lines denote

the Base Model and R-Zero baselines, respectively.

Method AMC23 MATHS500 Minerva Olympiad AIME24 AIME25 GPQA-D MMLU-Pro A

QOwen3-4B-Base

Base Model 45.0 72.0 324 40.2 12.4 5.8 25.8 52.0 -

SC 52.5 77.0 379 432 16.8 8.8 28.3 54.5 +4.2
R-Zero 55.0 76.8 40.8 44.1 18.2 9.1 28.3 55.0 +5.2
TTRL 55.0 79.0 43.8 46.0 17.6 14.7 29.3 56.0 +7.0
TTSR (ours) 60.0 824 52.9 45.3 25.6 17.6 34.3 60.8 +11.7
QOwen3-8B-Base

Base Model 52.5 77.8 39.7 41.2 15.9 9.8 333 58.6 -

SC 57.5 81.8 44.1 43.8 19.9 12.3 34.8 60.6 +3.3
R-Zero 57.5 82.0 47.8 48.7 22.6 13.4 36.9 61.5 +5.2
TTRL 62.5 84.2 50.4 50.7 26.1 15.7 384 62.8 +7.8
TTSR (ours) 67.5 87.4 54.8 55.2 30.8 19.1 424 66.7 +11.9
OctoThinker-8B-Hybrid-Base

Base Model 27.5 45.6 15.1 16.8 7.1 39 15.2 26.8 -

SC 325 48.6 17.3 18.2 8.6 4.9 16.2 28.3 +2.1
R-Zero 35.0 54.0 22.8 25.4 11.6 6.8 19.7 314 +6.1
TTRL 37.5 57.2 26.5 28.6 13.9 8.2 21.7 332 +8.6
TTSR (ours) 47.5 64.8 34.2 36.8 19.7 124 27.8 39.8 +15.6

Table 12: Comparison with Self-Consistency (SC) baseline. SC applies majority voting over G = 16 sampled
trajectories without parameter updates.

Settings MATHS500 AIME25 Olympiad GPQA-D
TTSR (Full) 87.4 — 19.1 — 55.2 — 424 —

w/o Reflection-Guided Synthesis 85.0 /2.4 14249 499 |53 384.14.0
w/o Teacher Test-Time Update 82.8 4.6 13358 49458 37945
w/o Difficulty Reward 852122 154137 518134 39925
w/o Similarity Penalty 86.0,14 16427 528124 404120
w/o Strategy Note 864110 17219 536]1.6 414]1.0

Table 13: Full component-level ablation on Qwen3-8B-Base. Each row removes one component from the full TTSR
system. Red arrows indicate absolute drops from the full model.
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Configuration

MATHS00 AIME2S Olympiad GPQA-D

Base Model
Reflection + Strategy Note Only 84.4

77.8

TTSR (Full)

87.4

9.8
13.8
19.1

41.2
50.0
55.2

33.3
384
424

Table 14: Compound ablation on Qwen3-8B-Base: retaining only reflection-guided synthesis and strategy note
while removing difficulty reward, similarity penalty, and weakness memory.

Component TTRL TTSR (relative)
Base TTRL iteration 1.0x 1.0x

Extra Student rollouts on variants (M =2) — +1.0x
Extra GRPO on mixed batch ((1 + M)=3) — +0.9%
Teacher Reflection — +0.05x
Teacher Synthesis — +0.08 x
Memory & Note Update — negligible
Total per iteration 1.0x ~3.0%

Table 15: Per-iteration computational breakdown on Qwen3-4B-Base. Normalization: one TTRL iteration = 1.0x.

Method Iter. Rel. Cost \ AMC23 MATHS00 Minerva Olympiad AIME24 AIME25 GPQA-D MMLU-Pro \ Avg
Base Model — 1x 45.0 72.0 32.4 40.2 12.4 5.8 25.8 52.0 35.7
TTRL 10 10x 55.0 79.0 438 46.0 17.6 14.7 293 56.0 427
TTRL (extended) 30 30 57.5 81.0 44.1 46.4 17.8 14.8 29.8 574 43.6
TTSR 10 ~30x 60.0 82.4 529 45.3 25.6 17.6 34.3 60.8 47.4

Table 16: Iso-compute comparison on Qwen3-4B-Base across all eight benchmarks in the main text. TTRL
(extended) runs for 30 iterations to approximately match TTSR’s total compute.

Benchmark Accuracy Actionability Alignment
MATHS500 (n=100) 82.0% 88.0% 79.0%
AIME25 (n=30) 36.7% 46.7% 33.3%

Table 17: GPT-5.2 (2025-12-11) evaluation of Teacher reflection quality on Qwen3-4B-Base.
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