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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has emerged as an effective ap-
proach for enhancing the reasoning capabilities
of Large Language Models (LLMs). Despite
its efficacy, RLVR faces a meta-learning bot-
tleneck: it lacks mechanisms for error attri-
bution and experience internalization intrinsic
to the human learning cycle beyond practice
and verification, thereby limiting fine-grained
credit assignment and reusable knowledge for-
mation. We term such reusable knowledge rep-
resentations derived from past errors as meta-
experience. Based on this insight, we propose
Meta-Experience Learning (MEL), a novel
framework that incorporates self-distilled meta-
experience into the model’s parametric memory.
Building upon standard RLVR, we introduce an
additional design that leverages the LLM’s self-
verification capability to conduct contrastive
analysis on paired correct and incorrect trajec-
tories, identify the precise bifurcation points
where reasoning errors arise, and summarize
them into generalizable meta-experience. The
meta-experience is further internalized into
the LLM’s parametric memory by minimizing
the negative log-likelihood, which induces a
language-modeled learning signal that bridges
correct and incorrect reasoning trajectories and
facilitates effective knowledge reuse. Experi-
mental results demonstrate that MEL achieves
consistent improvements on benchmarks, yield-
ing 3.92%–4.73% Pass@1 gains across vary-
ing model sizes. The code is available at
https://github.com/Shellorley0513/MEL.

1 Introduction

Reinforcement Learning (RL) has emerged as a piv-
otal paradigm for enhancing the reasoning capabili-
ties of Large Language Models (LLMs) on complex
tasks, such as mathematics, programming, and logi-
cal reasoning (Shao et al., 2024; Wang et al., 2025b;

*Equal Contribution
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Chen et al., 2025; Zeng et al., 2025; Wang et al.,
2025a; Huang et al., 2026). By leveraging feedback
signals from interaction with the task environment,
RL enables LLMs to move beyond passive imita-
tion learning toward goal-directed reasoning and
action (Schulman et al., 2017; Ouyang et al., 2022;
Wulfmeier et al., 2024). Furthermore, by replac-
ing learned reward models with programmatically
verifiable signals, Reinforcement Learning with
Verifiable Rewards (RLVR) eliminates the need for
expensive human annotations and mitigates reward
hacking (Lambert et al., 2024), thereby enabling
models to explore problem-solving strategies more
effectively, contributing to its growing attention.

However, RLVR still faces a fundamental bot-
tleneck regarding the granularity and utilization of
learning signals. From a meta-learning perspec-
tive, the human learning cycle involves three crit-
ical components: practice and verification, error
attribution, and experience internalization. While
RLVR primarily drives policy updates through prac-
tice and verification, it overlooks the critical stages
of error attribution and experience internalization,
both of which are essential for fine-grained credit
assignment and the formation of reusable knowl-
edge (Wu et al., 2025; Zhang et al., 2025a). In
other words, RLVR is largely limited to assess-
ing the overall quality of entire trajectories, while
struggling to reason about fine-grained knowledge
at the level of intermediate steps (Xie et al., 2025).
Although RL approaches (Lightman et al., 2023;
Khalifa et al., 2025) employing Process Reward
Models (PRMs) to provide dense learning signals
attempt to mitigate this limitation, their reliance on
trained proxies makes them inherently susceptible
to reward hacking (Cheng et al., 2025; Guo et al.,
2025), and poses a fundamental tension with the
RLVR paradigm, which is centered on program-
matically verifiable rewards.

Recently, a growing number of studies have
explored integrating experience learning within
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Figure 1: Paradigm comparison between standard
RLVR and MEL, where MEL extends RLVR with an
explicit knowledge-level learning loop.

the RLVR framework to address the above chal-
lenge (Zhang et al., 2025c,d). However, these ap-
proaches primarily utilize retrieved experience as
external hints or training-time prefixes. While these
strategies effectively elicit better reasoning paths
during training, they introduce critical issues such
as off-policy optimization instability (Zhang et al.,
2025c) or severe distributional mismatch during in-
ference when such prefixes are unavailable (Zhang
et al., 2025d). Critically, despite their algorithmic
differences, these methods share a fundamental
limitation: they treat experience merely as external
context rather than internalizing it. Consequently,
the resulting learning signals remain predominantly
at the trajectory-level, yielding superficial correc-
tions rather than intrinsic cognitive enhancements.

Building on this insight, we introduce the
concept of meta-experience, elevating experi-
ence learning from trajectory-level instances to
knowledge-level representations. Through an in-
depth contrastive analysis of paired correct and
incorrect trajectories, we pinpoint the bifurca-
tion points underlying reasoning failures and ab-
stract them into reusable meta-experiences. Ac-
cordingly, we propose Meta-Experience Learning
(MEL), a framework explicitly designed to enable
knowledge-level internalization and reuse of meta-
experiences. During training phase, MEL leverages
meta-experiences to inject generalizable insights
via a self-distillation mechanism, and internalizes
them by minimizing the negative log-likelihood
in the model’s parametric memory. As shown
in Figure 1, MEL differs from standard RLVR,
which relies on coarse-grained outcome rewards

and treats correct and incorrect trajectories inde-
pendently, by explicitly connecting them via meta-
experiences. Hence, this mechanism can be viewed
as a language-modeled process-level supervision
signal, providing continuous and fine-grained guid-
ance for improving reasoning capability. To further
enhance stability and effectiveness during RLVR
training, we propose empirical validation via re-
play, which uses meta-experiences as auxiliary in-
context hints to assess their contribution to output
accuracy. Meta-experiences that pass validation
are integrated via negative log-likelihood minimiza-
tion, while those that fail validation are excluded.
In summary, our main contributions are as follows:

• We propose MEL, a novel framework that inte-
grates self-distilled meta-experience with rein-
forcement learning, addressing the limitations
of standard RLVR in error attribution and ex-
perience internalization by embedding these
meta-experiences directly into the parametric
memory of LLMs.

• Extensive experiments across three model
scales (4B, 8B, 14B) show that MEL con-
sistently improves Pass@1, Avg@8, and
Pass@8. Training dynamics analysis reveals
that MEL accelerates convergence and raises
performance upper bounds, with gains that
scale positively with model size. Ablation
studies confirm the necessity of both the ab-
straction and empirical validation stages.

• We demonstrate the broad applicability of
MEL across learning paradigms (e.g., RFT,
GRPO, REINFORCE++), training datasets,
model families, and task domains, establish-
ing it as a versatile and generalizable frame-
work for enhancing LLM reasoning.

2 Related Work

Reinforcement Learning with Verifiable Re-
wards. Reinforcement Learning with Verifiable
Rewards (RLVR) leverages rule-based validators
to provide deterministic feedback on models’ self-
generated solutions (Lambert et al., 2024). Exten-
sive research has systematically investigated RLVR,
exploring how this paradigm improves complex
reasoning (Jaech et al., 2024; Guo et al., 2025;
Liu et al., 2025; Zhang et al., 2025b). The pioneer-
ing framework Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) estimates advantages
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Figure 2: Meta-Experience Learning (MEL) constructs meta-experiences from contrastive pairs via abstraction and
validation, introducing an explicit knowledge-level learning loop over standard RLVR.

via group-wise relative comparisons, eliminating
the need for a separate value model. Building on
this base method, recent studies have introduced
a range of algorithmic variants to improve train-
ing stability and efficiency. For instance, REIN-
FORCE++ (Hu, 2025) enhances stability through
global advantage normalization; DAPO (Yu et al.,
2025) mitigates entropy collapse and improves re-
ward utilization via relaxed clipping and dynamic
sampling; and GSPO (Zheng et al., 2025) reduces
gradient estimation variance with sequence-level
clipping. Despite these algorithmic advancements,
a fundamental limitation persists: current RLVR
methods predominantly rely on outcome-level re-
wards. This failure to assign fine-grained credit to
specific knowledge points prevents the construction
of reusable knowledge formation, fundamentally
constraining the development of systematic and
generalizable reasoning capabilities.

Experience Learning. Recent studies have in-
creasingly recognized that leveraging various forms
of experience can substantially enhance LLM rea-
soning capabilities. One prominent line of re-
search lies in test-time scaling methods, which
store experience in external memory pools. For
example, SpeedupLLM (Pan and Zhao, 2025) ap-
pends memories of previously reasoning traces as
experience to accelerate inference, while Train-
ing Free GRPO (Cai et al., 2025) and Reason-
ingBank (Ouyang et al., 2025) distill accumu-
lated experience into structured memory entries
for retrieval-based augmentation. However, these
approaches rely on ever-growing external memory,
preventing the experience from being truly inter-
nalized and thus failing to substantively enhance

intrinsic reasoning capabilities. Complementarily,
another stream of research integrates experience
directly into RL training as guiding signals. Meth-
ods such as Scaf-GRPO (Zhang et al., 2025d) and
StepHint (Zhang et al., 2025c) employ external
models to generate experiential hints, which are
injected as prefixes or migration signals, to guide
the policy toward higher-quality trajectories. Simi-
larly, approaches like LUFFY (Yan et al., 2025) and
SRFT (Fu et al., 2025) incorporate expert solution
traces as additional experience. Despite improv-
ing exploration efficiency, these methods primarily
induce trajectory-level imitation. Consequently,
while models become proficient at mimicking spe-
cific solution patterns, they fail to internalize the
underlying logic required for knowledge.

3 Meta-Experience Learning

Human learning follows a recurrent cognitive cycle
consisting of practice and verification, error attribu-
tion, and experience internalization, which in turn
informs subsequent practice. Motivated by this
cognitive process, we define meta-experience for
LLMs as generalizable and reusable knowledge de-
rived from accumulated reasoning trials, capturing
both underlying knowledge concepts and common
failure modes. Building on this notion, we propose
Meta-Experience Learning (MEL), a framework
operating within the RLVR paradigm and designed
to internalize such self-distilled, knowledge-level
insights into the model’s parametric memory. As
illustrated in Figure 2, we first formalize the model
exploration stage in RLVR (§3.1), then present the
details of the Meta-Experience construction (§3.2).
Finally, we describe the internalization mechanism
(§3.3) for consolidating these insights into paramet-
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ric memory, followed by the joint training objective
for policy optimization (§3.4).

3.1 Explorative Rollout and Verifiable
Feedback

Mirroring the “practice and check" phase in hu-
man learning, the RLVR framework engages the
model in exploring potential solutions for reason-
ing tasks, while the environment serves as a de-
terministic verifier that provides verifiable feed-
back on the final answers. As mastering com-
plex logic typically requires traversing the solution
space through multiple attempts, we simulate this
stochastic exploration by adopting the group rollout
formulation from Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024).

Formally, given a query x sampled from the
dataset D, the policy model πθ performs stochastic
exploration over the solution space and generates
a group of G independent reasoning trajectories
Y = {y1, y2, . . . , yG}. A rule-based verifier then
evaluates each trajectory using a verification func-
tion V (·), which compares the extracted final an-
swer from yi against the ground-truth answer y∗

and assigns a binary outcome reward:

ri = I
[
V (yi, y

∗)
]
∈ {0, 1}. (1)

This process partitions the generated group Y
into two distinct subsets: the set of correct trajec-
tories Y+ = {yi | ri = 1} and the set of incorrect
trajectories Y− = {yi | ri = 0}.

Beyond providing the necessary variance for
standard RLVR policy updates, the coexistence of
Y+ and Y− for the same query serves as the criti-
cal foundation for our framework. Specifically, this
natural pairing of successes and failures enables
the extraction of knowledge-level insights through
a systematic contrastive analysis.

3.2 Meta-Experience Construction

Prior studies (Lightman et al., 2023; Xie et al.,
2025; Khalifa et al., 2025) have shown that effec-
tive learning does not arise from merely knowing
that a final answer is incorrect, but rather from iden-
tifying the specific bifurcation point where the rea-
soning deviates and understanding the root causes
of errors, a critical process known as error attribu-
tion. Building on this insight, we leverage pairs of
correct and incorrect trajectories to localize reason-
ing errors and distill such bifurcation points into
explicit meta-experiences.

Locating the Bifurcation Point. To extract
knowledge-level learning signals from the explo-
ration results, we focus on identifying the bifur-
cation points where the reasoning logic diverges
into an erroneous path, which serves as the fun-
damental source of cognitive insights. With the
exploration results partitioned into Y+ and Y−

by the verifier, we construct multiple contrastive
pairs Px = {(y+, y−) | y+ ∈ Y+, y− ∈ Y−}
for each query x, whose contrast naturally exposes
the specific errors in the reasoning process. Such
contrastive analysis requires the presence of both
positive and negative trajectories; accordingly, we
only consider gradient-informative samples with
non-empty Y+ and Y−.

For fine-grained comparison within each pair,
each trajectory y can be formatted as a reasoning
chain y = (s1, . . . , sL, a), where each st denotes
an atomic reasoning step and a indicates the final
answer. Since both trajectories originate from the
same context, they typically share a correct reason-
ing path until a critical divergence step s∗ occurs.

Given deterministic verification signals and full
access to the reasoning chains, identifying the bifur-
cation point can be viewed as a discriminative task
that is easier than reasoning from scratch (Saunders
et al., 2022; Swamy et al., 2025). Motivated by this
observation, we task the policy model with analyz-
ing each contrastive pair to identify the reasoning
bifurcation point s∗:

s∗ ∼ πθ

(
· | I, x, y+, y−), (2)

where I denotes a structured instruction guiding
introspective analysis.

Deep Diagnosis and Abstraction. Identifying
the bifurcation point s∗ localizes exactly where the
reasoning fails, serving as the anchor for subse-
quent learning. Grounded at this point, the pol-
icy model conducts a deep diagnostic analysis to
contrast the strategic choices underlying both the
successful and failed trajectories. Specifically, the
model examines the local reasoning context around
s∗ to pinpoint the root cause of failure, such as
violated assumptions, erroneous sub-goals, over-
looked constraints, or the misuse of specific princi-
ples. In parallel, it inspects the successful trajectory
to uncover the mechanisms that prevented these
pitfalls, including precise knowledge application,
explicit constraint verification, coherent knowledge
representations, or emergent self-correction behav-
iors. By synthesizing these perspectives, the model
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distills the structural divergence between the cor-
rect and incorrect logic, crystallizing it into explicit
knowledge. Formally, we model this diagnostic
process as generating a critique C that encapsulates
the error attribution, the comparative strategic gap,
and the corresponding corrective principle:

C ∼ πθ

(
· | I, x, y+, y−, s∗

)
. (3)

To ensure generalization, it is imperative for
the model to distill instance-specific critiques into
abstract heuristics capable of guiding future rea-
soning. This abstraction step systematically strips
away context-dependent variables, extracting the
core logic of successes and failures into general
rules. Structurally, such heuristics synthesize ab-
stract problem categorization with the correspond-
ing reasoning principles, encompassing the essen-
tial knowledge points, theoretical theorems, and
decision criteria. Crucially, they also highlight
common pitfalls and latent constraints to prevent
recurrent errors in similar tasks. We define the
extraction of this heuristic knowledge H as a gen-
eration process conditioned on the full critique:

H ∼ πθ

(
· | I, x, y+, y−, s∗, C

)
. (4)

Finally, we consolidate these components into
a raw Meta-Experience tuple M, which elevates
experience learning from trajectory-level instances
to unified knowledge-level representations.

M =
(
s∗, C,H

)
. (5)

This formulation enables meta-experiences to
be reused across tasks that share analogous rea-
soning structures, serving as a fine-grained learn-
ing signal. By applying the extraction process
across distinct contrastive pairs for a query x, we
construct a candidate pool of meta-experiences
DM = {(x, y+i , y−i ,Mi)}Ni=1, where N denotes
the total number of meta-experiences derived from
x, and (y+i , y

−
i ) represents the specific contrastive

pair used to derive Mi.

Empirical Validation via Replay. Closing the
cognitive loop requires re-instantiating theoreti-
cal insights derived from past failures in future
problem-solving to assess their validity. We rec-
ognize that the raw meta-experience M may still
suffer from intrinsic hallucinations or causal mis-
alignment. To mitigate this, we conduct empiri-
cal verification by incorporating M as short-term
working memory into the prompt, thereby guid-
ing the model to re-attempt the original query x.

This procedure tests whether the injected meta-
experience can effectively steer the model away
from the previously identified bifurcation point s∗

and toward a correct reasoning trajectory.
We retain a meta-experience only if the associ-

ated replay trajectory yval ∼ πθ(· | x,M) satisfies
the verifier by producing the correct answer:

DM∗ =
{
(x, y+, y−,M) ∈ DM | V (yval, y

∗) = 1
}
. (6)

Consequently, this empirical validation pre-
serves only high-quality meta-experiences for in-
tegration into parametric long-term memory, guar-
anteeing the reliability of the supervision signals
used in the subsequent optimization phase.

3.3 Internalization Mechanism
The verified meta-experiences DM∗ constitute a
high-quality reservoir of reasoning guidance. How-
ever, treating these insights as retrieval-augmented
memory imposes a substantial inference burden by
requiring elongated contexts for every query. To
overcome this, we transfer these insights into the
model’s parametric memory. Unlike the finite con-
text buffer, the model parameters offer a virtually
unlimited capacity for accumulating diverse meta-
experiences, allowing the policy to internalize vast
amounts of reasoning patterns without incurring
inference-time latency.

We establish this internalization process as a
self-distilled paradigm, where the model learns
from its own verified experiences. Specifically, we
employ fine-tuning based on the token-averaged
negative log-likelihood (NLL) objective to com-
pile the meta-experiences into the policy’s weights.
Formally, given the retrospective context Cretro =
[I, x, y+, y−], we first define the log-likelihood of
generating the meta-experience as:

L(M∗) =
1

|M∗|

|M∗|∑

t=1

log πθ(M∗
t | Cretro,M∗

<t). (7)

Accordingly, the overall internalization loss is
defined as:

LNLL(θ) = −E(x,y+,y−,M∗)∼DM∗
[
L(M∗)

]

= −Ex∼D, {yi}∼πθold[
E(y+,y−,M∗)∼T (x,{yi})

[
L(M∗)

]]
,

(8)

where T (·) represents the stochastic construction
process detailed in §3.2.

Based on this formulation, the internalization
process can be viewed as a specialized sampling
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form within the RLVR framework. By inverting the
loss, we define the Meta-Experience Return RMEL
as the expected log-likelihood over the stochasti-
cally constructed verification set:

RMEL = E(y+,y−,M∗)∼T (x,{yi}Gi=1)

[
L(M∗)

]
. (9)

3.4 Joint Training Objective
To simultaneously encourage exploration and con-
solidate the internalized meta-experiences, achiev-
ing dual optimization across trajectory-level behav-
iors and knowledge-level representations, we train
the policy πθ using a joint optimization objective.
This objective synergizes the RLVR signal from
diverse explorative rollouts with the supervised sig-
nal from high-quality meta-experiences:

J (θ) = JRLVR(θ) + λJMEL(θ), (10)

where JMEL(θ) = −LNLL(θ).
We set λ = 1.0 throughout training and inde-

pendently normalize the two objectives by their
respective token counts. Sensitivity results for
λ ∈ {0.5, 1.0, 1.5} are reported in Appendix C.3.

We adopt GRPO (Shao et al., 2024) as the RLVR
component and compute group-normalized advan-
tages by standardizing rewards within the group
and broadcasting to each token. Let yi,t denote the
t-th token in trajectory yi and yi,<t, the correspond-
ing prefix. The objective JRLVR is formulated as:

JRLVR(θ) =Ex∼D, {yi}Gi=1∼πθold
(·|x)

[ 1

G

G∑

i=1

1

|yi|

|yi|∑

t=1

min
(
ρi,t(θ)Âi,t,

clip
(
ρi,t(θ), 1− ϵ, 1 + ϵ

)
Âi,t

)]

=Ex∼D, {yi}Gi=1∼πθold
(·|x)

[
RRLVR

]
.

(11)

Crucially, as formulated in Eq. 8, the objective
JMEL operates over the exact same outer expecta-
tion. By sharing this unified sampling space, the
joint optimization inherently aggregates trajectory-
level and knowledge-level learning signals, effec-
tively optimizing a unified hybrid return. Substitut-
ing these definitions, the joint objective in Eq. 10
can be elegantly expanded and merged as:

J (θ) = Ex∼D, {yi}∼πθold

[
RRLVR + λRMEL

]
. (12)

For a fixed validated meta-experience sequence
M∗, directly differentiating Eq. 7 gives

∇θL(M∗) =
1

|M∗|

|M∗|∑

t=1

∇θ log πθ (M
∗
t | Cretro,M

∗
<t) .

(13)

This gradient has the same sample-wise alge-
braic form as a score-function policy-gradient up-
date with a unit advantage broadcast to all tokens.

Under this unified view, the meta-experiences
function as dense supervision over the reasoning
process. Unlike the sparse outcome rewards in
standard RLVR that only evaluate final correctness,
MEL ensures that the model not only pursues cor-
rect outcomes via broad exploration but is also
continuously shaped by its own successful cogni-
tive patterns, effectively bridging the gap between
trajectory-level search and token-level knowledge
encoding.

4 Experiments

Datasets. We train our model on the DAPO-
Math-17k dataset (Yu et al., 2025) and evaluate it
on five challenging mathematical reasoning bench-
marks: AIME24, AIME25, AMC23 (Li et al.,
2024), MATH500 (Hendrycks et al., 2021), and
OlympiadBench (He et al., 2024).

Experimental Setups. All reinforcement learn-
ing training is conducted using the VERL frame-
work (Sheng et al., 2024) on 8×H20 GPUs, with
Math-Verify providing rule-based outcome verifi-
cation. During training, we sample 8 responses per
prompt at a temperature of 1.0 with a batch size of
128. Optimization uses a learning rate of 1× 10−6

and a mini-batch size of 128. For evaluation, we
report Pass@1 at temperature 0, and Avg@8 and
Pass@8 at temperature 0.6.

Models and Baselines. To demonstrate the gen-
eral applicability of MEL, we conduct experi-
ments across a diverse range of model scales, in-
cluding Qwen3-4B-Base, Qwen3-8B-Base, and
Qwen3-14B-Base (Yang et al., 2025). We adopt
GRPO (Shao et al., 2024) as the base reinforcement
learning algorithm for MEL, and thus perform a di-
rect and controlled comparison between the vanilla
GRPO and our meta-experience learning approach.

4.1 Experimental Results
As shown in Table 1, MEL achieves consistent
and significant improvements over vanilla GRPO
and the basemodel across multiple benchmarks and
model scales. We report three complementary met-
rics: Pass@1 reflects one-shot reliability, Avg@8
measures the average performance over 8 samples,
and Pass@8 reports the best-of-8 success rate.

First, the gains in Pass@1 demonstrate that MEL
substantially enhances the model’s confidence in
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Table 1: Main Results Comparison. Comparison of Pass@1, Avg@8, and Pass@8 accuracy (%) across different
model scales. The best results within each model scale are marked in bold.

AIME 2024 AIME 2025 AMC 2023

Method Pass@1 Avg@8 Pass@8 Pass@1 Avg@8 Pass@8 Pass@1 Avg@8 Pass@8

Qwen3-4B-Base
Baseline 13.33 9.90 30.00 10.00 6.56 23.33 45.00 42.73 72.50
GRPO 13.33 18.33 30.00 6.67 17.50 30.00 57.50 58.13 85.00
MEL 20.00 20.83 33.00 16.67 18.33 33.00 60.00 60.31 87.50

Qwen3-8B-Base
Baseline 6.67 10.00 26.67 13.33 15.00 33.33 65.00 52.50 87.50
GRPO 16.67 24.58 43.33 20.00 20.83 36.67 67.50 69.06 87.50
MEL 30.00 25.42 60.00 23.33 23.33 36.67 70.00 70.31 90.00

Qwen3-14B-Base
Baseline 13.33 10.83 36.67 6.66 9.58 33.33 60.00 51.25 82.50
GRPO 30.00 35.41 56.67 33.33 24.17 43.33 75.00 75.94 95.00
MEL 33.33 35.83 60.00 36.67 30.00 46.67 82.50 82.81 95.00

MATH 500 OlympiadBench Average

Method Pass@1 Avg@8 Pass@8 Pass@1 Avg@8 Pass@8 Pass@1 Avg@8 Pass@8

Qwen3-4B-Base
Baseline 74.20 65.74 89.60 39.17 35.37 60.38 36.34 32.06 55.16
GRPO 81.80 82.20 93.00 48.51 48.46 67.21 41.56 44.92 61.04
MEL 82.20 82.30 93.80 48.51 49.48 69.73 45.48 46.25 63.41

Qwen3-8B-Base
Baseline 77.00 73.40 91.40 44.51 39.41 64.09 41.30 38.06 60.60
GRPO 84.40 86.28 95.40 53.56 54.60 73.74 48.43 51.07 67.33
MEL 86.60 86.70 96.20 54.01 55.60 73.00 52.79 52.27 71.17

Qwen3-14B-Base
Baseline 80.80 74.15 93.60 45.25 40.50 65.58 41.21 37.26 62.34
GRPO 85.00 88.35 96.40 58.16 58.46 74.78 56.30 56.47 73.24
MEL 90.80 90.80 97.20 61.87 60.90 75.82 61.03 60.07 74.94

following correct reasoning paths, achieving a con-
sistent improvement of 3.92–4.73% over the strong
GRPO baseline across all model scales. This indi-
cates that MEL effectively internalizes the explored
insights into parametric memory, generating high-
confidence solutions and markedly reducing the
need for extensive test-time sampling. This reliabil-
ity is further corroborated by the gains in Avg@8,
which confirm that internalized meta-experiences
function as intrinsic process-level guidance, contin-
uously steering the generation toward valid logic
and enhancing reasoning consistency. Finally, the
sustained gains in Pass@8 suggest that learning
from meta-experience does not harm exploration;
instead, it expands the reachable solution space and
raises the upper bound of best-of-k performance.

Additional controlled comparisons with Scaf-
GRPO and PRM-guided RL are provided in Ap-
pendix B. Beyond mathematical reasoning, mod-
els trained with MEL also exhibit strong out-
of-domain (OOD) generalization, improving on
knowledge-intensive and coding benchmarks (Ap-
pendix A.1).

4.2 Training Dynamics and Scalability

To understand the performance gains under MEL,
we monitored the training dynamics and validation
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Figure 3: Training curves comparing GRPO and MEL
across three model scales (4B, 8B, 14B).

performance in Figures 3 and 8–10.

Accelerated Convergence. Vanilla GRPO often
struggles to obtain positive reinforcement in the
early stages, particularly when initial performance
is low, due to the sparsity of outcome-based re-
wards. As illustrated in Figure 3, vanilla GRPO
exhibits a relatively slow ascent initially. In con-
trast, MEL demonstrates a sharp, rapid reward ac-
cumulation immediately from the onset of training.
This acceleration is attributed to the internalized
meta-experience return, RMEL. By functioning as
a dense process supervision signal, RMEL contin-
uously provides informative gradient signals for
every reasoning step, even when successful trajec-
tories yielding positive reinforcement are scarce.
Detailed FLOPs, wall-clock, GPU-hour, and iso-
time comparisons are provided in Appendix B.3.

Beyond sample efficiency, the average reward
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Figure 4: Ablation of MEL’s core stages (Abstraction
and Validation) on Qwen3-8B-Base.

of MEL maintains a persistent lead over vanilla
GRPO throughout training. Crucially, the down-
stream validation trajectories reveal that even as
performance growth begins to plateau in the later
stages, MEL maintains a distinct and sustained
advantage over the baseline, suggesting that inter-
nalized meta-experiences empower the model to
navigate more complex, long-horizon solutions that
remain inaccessible to the baseline. A qualitative
case study in Appendix D further illustrates how
internalized meta-experiences concretely reshape
the model’s reasoning behavior.

Positive Scaling with Model Size. A striking
pattern emerges from the training curves in Fig-
ure 3: the performance margin between MEL and
the baseline widens significantly as the model size
increases from 4B to 14B, exhibiting a distinct
positive scaling law that consistently extends to
downstream validation benchmarks. We attribute
this to the quality of self-generated supervision,
which is inherently bounded by the model’s in-
trinsic capability. As shown in Figure 6, the 14B
model achieves a significantly higher yield rate
of valid meta-experiences than its smaller coun-
terparts. While limited-capacity models introduce
noise due to imprecise error attribution, larger mod-
els benefit from stronger self-verification, enabling
the distillation of higher-quality heuristics that pro-
vide more accurate gradient signals and fully real-
ize the potential of our framework.

This observation raises the question of whether
using a stronger model to generate meta-
experiences for a weaker one further boosts perfor-
mance. We explore this cross-model transfer in Ap-
pendix C.2, where supplying 14B-generated meta-
experiences to the 8B model yields further gains,
confirming that the quality of meta-experiences is
the primary driver of this scaling behavior.
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Figure 5: Performance of Meta-Experience (ME) inte-
grated into RFT and REINFORCE++.

4.3 Ablation Study
To systematically evaluate the individual contribu-
tions of our framework’s core components, we con-
duct an ablation study on Qwen3-8B-Base, compar-
ing the full MEL against variants with the abstrac-
tion stage removed (w/o Abs.), validation removed
(w/o Val.), and both removed (w/o Abs. & Val.).
As shown in Figure 4, the full framework achieves
the best performance across all benchmarks.

Specifically, removing abstraction (w/o Abs.)
preserves training reward but clearly degrades
downstream performance, indicating that the model
overfits to instance-specific reward gains rather
than acquiring transferable reasoning capabilities.
Distilling concrete error patterns into higher-level
heuristic knowledge H is therefore crucial for trans-
lating training signals into generalizable reason-
ing strategies. Omitting validation (w/o Val.) im-
pairs performance even more severely, as unverified
meta-experiences introduce hallucinated outputs.
This underscores the indispensable role of empir-
ical validation: it ensures the causal validity of
the internalized knowledge, which is essential for
enabling the model to sustain deep and reliable rea-
soning trajectories. When both stages are removed,
the degradation compounds further, confirming the
joint necessity of both core components.

4.4 Generality Across Learning Paradigms
To demonstrate the versatility of meta-experience,
we integrated it into RFT and REINFORCE++
using the Qwen-8B-Base model as the backbone
and the same training set in our experiments. As
shown in Figure 5, while vanilla RFT often suffers
from rote memorization and tends to overfit to spe-
cific samples in this training set, the incorporation
of meta-experiences introduces robust reasoning
heuristics. This allows the model to internalize the
underlying logic rather than merely imitating spe-
cific answers, thereby effectively mitigating over-
fitting and enhancing generalization to unseen test
sets. Similarly, applying meta-experiences to RE-
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INFORCE++ significantly raises the performance
ceiling on benchmarks. This confirms that the ben-
efit of internalized meta-experiences is a universal
enhancement, not limited to the GRPO framework.

Beyond algorithmic generality, MEL consis-
tently outperforms vanilla RLVR across diverse
datasets, models, and domains (Appendix A).

5 Conclusion

In this paper, we introduce MEL to overcome
the meta-learning bottleneck in standard RLVR by
transforming instance-level failures into reusable
cognitive assets. Unlike traditional outcome-
reward methods, it performs granular error attri-
bution, distilling failure modes into natural lan-
guage heuristics formalized as Meta-Experiences.
By internalizing these experiences into parametric
memory, our approach bridges the gap between ver-
ifying a solution and understanding the underlying
reasoning logic, consistently boosting mathemati-
cal reasoning across diverse model scales.

Limitations

While MEL substantially enhances reasoning capa-
bilities across diverse model scales, two practical
limitations remain. (1) The meta-experience con-
struction pipeline introduces additional computa-
tional overhead during training compared to stan-
dard RLVR. However, this cost is strictly confined
to the training phase and imposes no burden on
inference efficiency. Furthermore, the accelerated
convergence exhibited by MEL partially offsets
this overhead by requiring fewer overall training
steps to reach comparable performance. (2) The
quality of generated meta-experiences is inherently
bounded by the base model’s intrinsic capability.
Weaker models may produce noisier heuristic sig-
nals, a phenomenon consistent with our observed
scaling trends. Nevertheless, as the community
continues to advance foundation model capabili-
ties, this concern is expected to diminish naturally.
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A Broader Applicability

A critical question for any learning framework is
whether its benefits are confined to a specific exper-
imental configuration or generalize across diverse
settings. To comprehensively evaluate the appli-
cability of MEL, we conduct experiments along
five orthogonal dimensions: cross-domain evalua-
tion, alternative training datasets, different model
families, initialization strength, and cross-domain
training.

A.1 Cross-Domain Generalization
A common concern with intensive specialization
on a single domain is catastrophic forgetting, where
targeted training degrades the model’s broader
capabilities. To investigate whether this issue
arises under MEL, we evaluate the math-trained
Qwen3-8B-Base model (trained on DAPO-Math-
17k) on knowledge-intensive benchmarks (MMLU,
GPQA-main) and coding benchmarks (MBPP, Hu-
manEval).

As shown in Table 2, MEL not only preserves
but also improves performance on these out-of-
distribution tasks compared to both the base model
and vanilla GRPO. Notably, while vanilla GRPO
causes a slight decline in MMLU, MEL achieves a
2.6-point improvement, suggesting that the meta-
experience internalization process does not merely
memorize domain-specific patterns but cultivates
transferable reasoning heuristics. The consistent
gains on GPQA-main further corroborate this find-
ing, as improvements on both knowledge-intensive
and reasoning-heavy benchmarks suggest that the
heuristics internalized by MEL capture transfer-
able reasoning patterns rather than domain-specific
shortcuts. Meanwhile, coding capabilities (MBPP,
HumanEval) remain fully intact, confirming that
MEL does not sacrifice breadth for depth.

Table 2: Cross-domain evaluation of math-trained mod-
els on out-of-distribution benchmarks. All models are
trained on DAPO-Math-17k.

Method MMLU GPQA MBPP HumanEval

Qwen3-8B-Base 76.7 37.1 70.0 80.0
GRPO 76.2 38.0 70.4 86.7
MEL 78.8 39.8 71.6 86.7

A.2 Alternative Training Dataset
To verify that the effectiveness of MEL is not con-
tingent on the specific characteristics of the DAPO-
Math-17k corpus, we train Qwen3-8B-Base on a

25k subset of the DeepScalaR dataset, which dif-
fers substantially in problem distribution and diffi-
culty composition.

As shown in Table 3, MEL consistently outper-
forms vanilla GRPO across all benchmarks, with
particularly pronounced gains on competition-level
tasks. The fact that these improvements persist
under a completely different data distribution in-
dicates that the meta-experience construction and
internalization pipeline is robust to the source of
training problems.

Table 3: Results when training on a 25k subset of the
DeepScalaR dataset. OlyBench is short for Olympiad-
Bench.

Method AIME24 AIME25 AMC23 MATH500 OlyBench

GRPO 23.3 16.7 62.5 85.2 51.2
MEL 30.0 20.0 62.5 86.0 54.9

A.3 Cross-Family Generalization
To demonstrate that MEL is not restricted to the
Qwen model family, we apply it to LLaMA-3.1-8B-
Instruct, which differs in tokenizer and pre-training
corpus, and LLaMA-3.1-8B-Instruct has relatively
weak mathematical reasoning capabilities as a start-
ing point.

As shown in Table 4, MEL consistently outper-
forms vanilla GRPO, doubling the AIME24 score
and largely improving OlympiadBench. Interest-
ingly, vanilla GRPO actually degrades Olympiad-
Bench performance relative to the baseline, while
MEL not only recovers but surpasses it. This sug-
gests that when model capability is limited, stan-
dard RLVR may lead to reward hacking or degen-
erate behaviors, whereas the meta-experience in-
ternalization provides a more structured learning
signal that prevents such degradation.

Table 4: Results on LLaMA-3.1-8B-Instruct. OlyBench
is short for OlympiadBench.

Method AIME24 AIME25 AMC23 MATH500 OlyBench

Baseline 6.7 0.0 22.5 51.4 19.7
GRPO 6.7 0.0 35.0 52.6 17.5
MEL 13.3 0.0 37.5 54.8 21.4

A.4 Generalization from a Stronger
Checkpoint

The preceding experiments primarily initialize
training from base models, whose relatively low
initial accuracy provides a sufficient number of roll-
out groups containing both successful and failed
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Figure 6: Dynamics of the retention ratio of MEL across different model scales.

trajectories. Since such mixed-outcome groups are
required for constructing contrastive pairs, an im-
portant question is whether MEL remains effective
when initialized from a stronger model.

To investigate this setting, we conduct additional
experiments using Qwen3-8B-Instruct, which ex-
hibits substantially stronger initial reasoning per-
formance than Qwen3-8B-Base. Both GRPO and
MEL are initialized from the same checkpoint and
trained following the main experimental configura-
tion.

Table 5: Results on Qwen3-8B-Instruct. OlyBench is
short for OlympiadBench.

Method AIME24 AIME25 AMC23 MATH500 OlyBench

Qwen3-8B-Instruct 63.33 50.00 90.00 95.40 73.59
GRPO 70.00 50.00 97.50 97.00 76.00
MEL 76.67 53.33 97.50 98.80 77.30

As shown in Table 5, MEL outperforms GRPO
on four benchmarks and matches it on AMC23. In
particular, MEL improves Pass@1 over GRPO by
6.67 points on AIME24, 3.33 points on AIME25,
1.80 points on MATH500, and 1.30 points on
OlympiadBench. These results demonstrate that
MEL remains effective beyond the low-accuracy
base-model setting, even when initialized from a
substantially stronger policy.

A.5 Cross-Domain Training

All preceding experiments train on mathematical
reasoning tasks. To prove that the meta-experience
learning paradigm itself is domain-agnostic, we
train Qwen3-8B-Base on a 20k subset of the
MMLU dataset, which spans 57 diverse subjects
including humanities, social sciences, and natural
sciences.

As shown in Table 6, MEL significantly sur-

passes the GRPO baseline by 5.1 points. The
magnitude of this improvement is notably larger
than the gains observed in mathematical bench-
marks, which we attribute to the nature of MMLU
tasks: many questions require recalling and apply-
ing domain-specific knowledge with precise rea-
soning, which aligns well with the meta-experience
framework’s strength in distilling and internaliz-
ing knowledge-level heuristics. This result demon-
strates that the MEL framework generalizes beyond
the mathematical domain and can be readily ap-
plied to a wide range of reasoning tasks to enhance
model capabilities.

Table 6: Results when training on a 20k subset of the
MMLU dataset.

Method MMLU Score

Qwen3-8B-Base 76.7
GRPO 81.9
MEL 87.0

B Controlled Comparisons

B.1 Comparison with External-Context
Guidance

A central distinction between MEL and existing
experience-guided methods is whether experience
is internalized into model parameters or provided
as external context. To directly evaluate this distinc-
tion, we compare MEL with Scaf-GRPO, a repre-
sentative method that introduces knowledge-based
experience as reasoning prefixes during reinforce-
ment learning.

To ensure a controlled comparison, both meth-
ods use the same Qwen3-8B-Base backbone, the
same 14K subset of DeepScaleR, and identical
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training and evaluation configurations. Therefore,
the primary difference is whether the experiential
knowledge is supplied as an external prefix or in-
ternalized through the gradient objective.

Table 7: Results on Qwen3-8B-Base between external-
context guidance and meta-experience internalization.

Method AIME24 AIME25 AMC23 MATH500 OlyBench

Scaf-GRPO 16.7 16.7 62.5 82.0 49.1
MEL 23.3 16.7 65.0 85.8 54.9

As shown in Table 7, MEL outperforms Scaf-
GRPO on four of the five benchmarks and matches
it on AIME25, yielding a 3.74-point improvement
in average Pass@1. These results indicate that,
under otherwise matched conditions, internalizing
meta-experiences into model parameters is more
effective than repeatedly supplying experiential
knowledge as external reasoning prefixes.

B.2 Comparison with PRM-Guided
Reinforcement Learning

We further compare MEL with a process-reward-
guided RL baseline. Specifically, we use Qwen2.5-
Math-PRM-72B as the process reward model and
retain the remaining Qwen3-8B-Base training and
evaluation configurations. This comparison eval-
uates the difference between learning from a
trained process-reward proxy and internalizing self-
generated meta-experiences validated by an out-
come verifier.

Table 8: Results on Qwen3-8B-Base between a PRM-
guided RL baseline and MEL.

Method AIME24 AIME25 AMC23 MATH500 OlyBench

Vanilla GRPO 16.7 20.0 67.5 84.4 53.6
PRM-RL 13.3 10.0 67.5 81.2 46.7
MEL 30.0 23.3 70.0 86.6 54.0

As reported in Table 8, the PRM-guided baseline
even underperforms vanilla GRPO on most bench-
marks. During training, we observe that the PRM-
guided policy tends to shorten its reasoning trajecto-
ries and terminate reasoning earlier, a behavior con-
sistent with exploiting the process-reward signal
rather than improving final-answer correctness. In
contrast, MEL retains verifiable outcome rewards
while introducing validated meta-experiences as
knowledge-level supervision, thereby avoiding this
failure mode.

B.3 Training Efficiency and
Computation-Matched Comparison

The construction and validation of meta-
experiences introduce additional training-time
computation. However, this overhead is condi-
tional: MEL activates the auxiliary pipeline only
for queries whose rollout groups contain both
successful and failed trajectories. Furthermore,
the bifurcation point, critique, and heuristic
are produced in a single structured generation,
followed by one validation replay.

We estimate actor-update FLOPs as 6NT , where
N is the number of parameters and T is the num-
ber of training tokens. We also report end-to-end
wall-clock time and GPU-hours on 8×H20 GPUs.
Although MEL incurs additional training cost, it

Table 9: Training-cost comparison. G/M denotes GR-
PO/MEL, and FLOPs are reported in EFLOPs.

Scale
FLOPs
G/M

Time (h)
G/M

GPU-hours
G/M

Iso-time Steps
G/M

Iso-time Reward
G/M

4B 6.1/6.5 16.69/22.52 133.5/180.1 135/100 0.38/0.39
8B 18.3/18.5 25.49/31.55 203.9/252.4 135/109 0.46/0.49
14B 34.4/34.5 38.41/43.48 307.2/347.8 135/119 0.52/0.60

achieves higher rewards at matched wall-clock bud-
gets across all model scales. The additional compu-
tation is training-only and introduces no inference
overhead.

C Meta-Experience Quality and
Scalability

C.1 Retention Ratio across Model Scales

Through empirical validation via replay, MEL
is able to collect high-quality meta-experiences.
To examine the utilization of collected meta-
experiences, Figure 6 reports the retention ra-
tio of meta-experiences after empirical validation
throughout training. We observe that the reten-
tion ratio consistently increases with model scale,
indicating that larger models are more effective
at abstracting high-quality knowledge into meta-
experiences, thereby achieving higher retention.

C.2 Cross-Model Meta-Experience Transfer

As discussed in §4.2, the quality of self-generated
meta-experiences is inherently limited by the
model’s own capability, creating a natural bottle-
neck for self-distillation. A key question is whether
this limitation can be alleviated by using a stronger
model to generate meta-experiences for a weaker
one, thereby separating the quality of reasoning
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Triangle ABC has AB = 4, BC = 5, and CA = 6. Points A', B', 
C' are such that B'C' is tangent to the circumcircle of 
triangle ABC at A, C'A' is tangent to the circumcircle at B, 
and A'B' is tangent to the circumcircle at C. 
Find the length B'C'.

Alright.
I have this geometry problem about a triangle and some 
tangents to its circumcircle. 
...
Step 1: Find the circumcircle of triangle ABC.
Semi-perimeter: 

s = (4 + 5 + 6) / 2 = 7.5
Area: 

K = sqrt(s(s - a)(s - b)(s - c)) 
= sqrt(7.5 × 3.5 × 2.5 × 1.5)

Let's compute step by step: 
...
In a triangle, the tangential triangle is the triangle formed 
by the points where the tangents to the circumcircle at 
the vertices intersect.
There's a formula that relates the side lengths of the tang
ential triangle to the sides and angles of the original 
triangle. The formula is:

a' = 2R sin(A / 2) 
b' = 2R sin(B / 2) 
c' = 2R sin(C / 2)

where a', b', c' are the sides of the tangential triangle. But 
in our case, the side B'C' corresponds to a', so:
...
Conclusion: The length B'C’ is \\boxed{2}

Question

GRPO

1. Failure Resolution Path & Error Pattern Recognition
Failure Point: The error occurs in the use of the circumcircle formula. The formula should be   BC = 2R sin ∠BAC, but the incorrect 
solution uses BC = 2R sin(∠BAC / 2).
Latent Cognitive Pattern: The error is due to a conceptual confusion in formula usage.
...
4. Subject Heuristics (Internalized Experience)
Angle Verification Rule: When using a formula of the form 2Rsin θ in a circumcircle, always ensure that θ is the full geometric angle 
spanning the chord or tangent segment, not a derived half-angle. 
Formula–Geometry Consistency Rule: Before applying trigonometric formulas for lengths on the circumcircle, confirm that the chosen 
angle corresponds exactly to the geometric length being calculated, in order to avoid errors caused by half-angle substitution.

Alright, I have this geometry problem about a triangle and some tangent lines.
...
This seems like a problem involving tangent lines and the properties of a triangle's circumcircle.
I think I can use some properties of tangents and maybe some trigonometry or coordinate geometry to solve it. First, I need to recall 
some properties:
1. Tangent to a Circle: A tangent to a circle is perpendicular to the radius at the point of tangency.
2. Circumcircle: The circle that passes through all three vertices of a triangle. Maybe I can find the radius of the circumcircle first, 
and then use the tangent properties to find B'C'.
Step 1: Find the Circumradius R of triangle ABC.
I remember there‘s a formula to find the circumradius of a triangle: R = abc / (4K), where a, b, c are the side lengths, and K is the area 
of the triangle. First, I need to find the area K of triangle ABC. I can use Heron's formula: K = sqrt(s(s - a)(s - b)(s - c)), where 
s = (a + b + c) / 2 is the semi-perimeter.
...
Based on the calculations and the relationships I've explored, I think the length B'C' is related to the circumradius and the angles of 
the triangle and can be calculated using the formula:

B'C' = 2R sin θ
where θ is the angle between the tangent lines. When using this formula, θ must be the full geometric angle that directly governs the 
opening of the segment, not a derived half-angle. In this case, θ is the angle at ∠A.
...
Final Answer: \\boxed{5}

Meta-Experience in Early Stage

MEL

Figure 7: Case study comparing GRPO and MEL, with visualization of meta-experience in early stage.

supervision from the student model’s intrinsic ca-
pacity.

To investigate this, we use the MEL-trained
Qwen3-14B model as a meta-experience genera-
tor to produce heuristic knowledge for training the
Qwen3-8B model, while keeping all other train-
ing configurations identical. The 14B generator
is expected to produce more precise error attribu-
tion and higher-quality heuristics due to its stronger
intrinsic reasoning ability.

Table 10: Cross-model meta-experience transfer. Us-
ing MEL (14B) to generate meta-experiences for
Qwen3-8B consistently outperforms self-generated
meta-experiences. OlyBench is short for Olympiad-
Bench.

ME Generator AIME24 AIME25 AMC23 MATH500 OlyBench

Self-generated 30.0 23.3 70.0 86.6 54.0
MEL (14B) 30.0 26.7 75.0 87.4 54.7

As shown in Table 10, cross-model transfer
yields consistent improvements across all bench-
marks. The most pronounced gains appear on the
challenging competition-level tasks: AIME25 im-
proves from 23.3 to 26.7 (+3.4), and AMC23 from
70.0 to 75.0 (+5.0). These are precisely the bench-
marks where the 8B model’s self-generated meta-
experiences are most likely to suffer from impre-
cise error attribution, confirming our hypothesis
that meta-experience quality is the key scaling bot-
tleneck.

Importantly, this result demonstrates that the
MEL framework is not restricted to self-distillation.
When a stronger teacher is available, it can serve

as a higher-quality meta-experience generator, fur-
ther amplifying the benefits of the framework. This
positions MEL as a flexible paradigm that scales
naturally with improvements in meta-experience
quality, whether through larger self-models or ex-
ternal teachers.

C.3 Objective Weight Sensitivity
We evaluate the sensitivity of MEL to the weight λ
of the MEL objective using Qwen3-8B-Base, while
keeping all other training settings unchanged.

Table 11: Pass@1 performance under different weights
of the MEL objective.

λ AIME24 AIME25 AMC23 MATH500 OlyBench Avg.

0 (Vanilla GRPO) 16.67 20.00 67.50 84.40 53.56 48.43
0.5 30.00 23.33 70.00 86.00 53.86 52.64
1.0 (Ours) 30.00 23.33 70.00 86.60 54.01 52.79
1.5 26.67 23.33 70.00 86.80 53.86 52.13

As shown in Table 11, the average performance
remains stable across all three settings. This indi-
cates that MEL is robust to moderate variations in λ
and does not depend on a narrowly tuned objective
weight.

D How Meta-Experience Shapes
Reasoning Patterns

To investigate how MEL shapes the model’s cogni-
tive processes beyond numerical metrics, we con-
duct a qualitative analysis comparing the reasoning
trajectories of MEL and the baseline GRPO model,
as visualized in Figure 7.

A distinct behavioral divergence is observed
from the onset of the solution. While the GRPO
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baseline tends to prioritize immediate execution
through direct numerical operations, MEL adopts
a structured preparatory strategy by explicitly out-
lining relevant theorems and formulas. Although
the direct approach may appear efficient for simple
queries, it increases the susceptibility to errors in
complex tasks due to the lack of a holistic view of
problem constraints.

Notably, MEL exhibits an emergent cognitive
behavior. When applying specific theorems, it
spontaneously activates internalized “bitter lessons”
as endogenous safeguards to regulate its actions.
These active signals effectively reduce reasoning
drift by encouraging earlier constraint checking and
consistent self-correction when the model enters
uncertain regions.

E Result of Performance Evolution

As illustrated in Figures 8, 9, and 10, we visual-
ize the performance evolution of models with dif-
ferent scales (Qwen3-4B-Base, Qwen3-8B-Base,
and Qwen3-14B-Base) across multiple benchmarks
throughout training. It can be observed that MEL
consistently outperforms standard GRPO in terms
of average performance on all benchmarks.
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Figure 8: Performance evolution of GRPO and MEL on Qwen3-4B-Base across training steps on multiple bench-
marks.
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Figure 9: Performance evolution of GRPO and MEL on Qwen3-8B-Base across training steps on multiple bench-
marks.
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Figure 10: Performance evolution of GRPO and MEL on Qwen3-14B-Base across training steps on multiple
benchmarks.
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F Prompt Template

Meta-Experience Prompt

You are a Meta-Cognitive Reasoning Analyst specializing in self-reflection, error root-cause analysis,
and the extraction of generalizable heuristics.
You are provided with multiple solution trajectories for the same problem. Note that the labels
Correct or Incorrect apply to the final answer, but the reasoning process itself may contain twists
and turns. Your task is to conduct a deep comparative autopsy of the thinking processes. You must
identify the structural differences in cognition that led to success or failure, and synthesize these
into abstract principles for future use.
Core Analysis Requirements:

1. Deep Dive into Correct Trajectories (Resilience & Robustness Analysis):

• Scenario A (Self-Correction): If you find the reasoning contains initial errors or uncertain-
ties, look for moments of self-correction. What triggered the realization? What structural
insight allowed the reasoning to pivot back to the right track?

• Scenario B (Flawless Execution): When every step of the reasoning is correct from the
start, identify the Foundational “Immunity”. What specific definition, clear knowledge
representation, or disciplined step-by-step verification prevented this Agent from falling
into the traps that the Incorrect Agent fell into?

• Goal: Extract the specific logic validation technique or robust mental representation that
saved the solution.

2. Deep Dive into Incorrect Trajectories (Vulnerability Analysis):

• You must identify not only where the math/logic went wrong, but also why the reasoning
drifted.

• Identify: The “Bifurcation Point” where a correct start turned into a hallucination or logic
gap.

• Analyze: The latent cognitive defect (e.g., concept conflation, rigid mindset, overlooking
edge cases, intuitive bias) that caused the error.

• Identify: What specific knowledge point or constraint was violated?

3. Comparative Synthesis:

• Contrast the Solutions and Decision Boundaries. Why did the successful trajectory avoid
the trap that the failed one fell into?

• What structural insight did the winner have that the loser missed? (e.g., The winner
treated the problem as a geometric issue, while the loser got stuck in algebra).

4. Strict Generalization Constraint:

• Forbidden: Do NOT mention the specific numbers, variables, or exact answer of the
current problem in your “Heuristics” or “Reflective Summary”.

• Required: Convert specific lessons into abstract heuristics (e.g., instead of “The in-
tegral of x2 is. . . ”, use “When integrating polynomial functions. . . ”). Formulate them
as conditionally triggered rules (“If. . . Then. . . ”, “When dealing with [Concept X]. . . I
should. . . ”).

Output Format (Strict Adherence Required)
1. Failure Resolution Path & Error Pattern Recognition (Mandatory for incorrect samples)

• Failure Point: Identify the exact step where logic diverged. Did it start correctly? Where did
the drift happen?
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• Latent Cognitive Pattern: Reveal the deep-seated reasoning defect. Was it a bias? A missing
prerequisite? A misunderstanding of the prompt’s intent? Do not list surface-level calculation
errors.

2. Analysis of Success Factors (Mandatory for correct samples)

• Reasoning Pivot (If applicable): If the path involved self-correction, describe the moment of
realization and the strategy used to fix it.

• Robustness Factor (If flawless): If the path was perfect, explain the fundamental concept or
structural approach that effectively “immunized” the reasoning against common errors.

• Reason for Effectiveness: Why did this perspective work? What fundamental logic did it
satisfy?

3. First-Person Reflective Summary (Mandatory)
Write a meta-cognitive reflection from the first-person perspective (“I”).

• Review: Briefly review the thinking process differences.

• Insight: Discuss the specific knowledge point or cognitive habit that was critical.

• Action: Explain how you will restructure your approach to avoid the identified “Internal
Reasoning Defects” in the future.

Focus on the “How” of thinking, not the “What” of the answer.
4. Subject Heuristics (Internalized Experience) (Mandatory)

• [Pattern Name]: If [abstract condition] occurs, then [abstract action]. . .

• [Pattern Name]: When dealing with [concept type], I must strictly verify [constraint]. . .

(Note: These must be applicable to *future* problems of a similar class, completely stripped of this
problem’s specifics.)
Here the question and the corresponding solutions. <question> {question} </question>

Solution 1:
<answer> {error_ans} </answer>
<judge> Incorrect </judge>

Solution 2:
<answer> {correct_ans} </answer>
<judge> Correct </judge>

Empirical Validation Prompt

Prior study has provided some internal reference information relevant to this question, including the
key approaches, steps, and reasoning needed for a correct solution; the typical reasoning biases,
logical flaws, or pitfalls that appear in incorrect solutions; and various heuristic insights on how to
complete this problem more effectively.

{experience}
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Now, please fully internalize this information as your own experience, then independently think
through the problem in detail and produce a complete answer.
Note:

• You must perform full, in-depth reasoning internally and arrive at the final answer while making
full use of the information above.

Answer the following question:
{question}
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