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Abstract
Discovering improved policy optimization al-
gorithms for language models remains a costly
manual process requiring repeated mechanism-
level modification and validation. Unlike sim-
ple combinatorial code search, this problem re-
quires searching over algorithmic mechanisms
tightly coupled with training dynamics while
reusing empirical evidence across iterations.
We propose POISE, a closed-loop framework
for automated discovery of policy optimization
algorithms for language models. POISE main-
tains an archive that links each candidate design
with its implementation, evaluation evidence,
and analysis summary, enabling later iterations
to build on both successful and failed designs.
In mathematical reasoning experiments start-
ing from GRPO, POISE evaluates 64 candi-
date algorithms and discovers improved mecha-
nisms, including analytic-variance scaling and
validity masking. The best variant improves
weighted Overall from 47.8 to 52.5 (+4.6) and
increases AIME25 pass@32 from 26.7% to
43.3%, demonstrating the feasibility of auto-
mated policy optimization discovery while sup-
porting interpretable design principles.

1 Introduction

Reinforcement Learning (RL) has become an im-
portant post-training paradigm for Large Language
Models (LLMs) (Ouyang et al., 2022; Shao et al.,
2024). However, discovering improved policy
optimization algorithms for language models re-
mains a costly manual process. Designing an effec-
tive policy optimization algorithm involves more
than hyperparameter tuning: researchers repeat-
edly modify and validate core mechanisms, includ-
ing loss design, advantage estimation, and regu-
larization. Each new hypothesis requires time-
consuming training and standardized evaluation,
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Code and datasets are public at: https://github.com/
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demanding substantial computational resources.
LLMs have shown advanced reasoning and plan-
ning capabilities (Yang et al., 2025; Liu et al.,
2025a; Erdogan et al., 2025), and recent studies
have begun developing LLM-driven systems for
automated research (Lu et al., 2024; Schmidgall
et al., 2025; Schmidgall and Moor, 2025). This
raises a question: can LLMs discover new policy
optimization algorithms for language models?

Although automated research has made remark-
able progress in tasks such as machine-learning
research automation (Liu et al., 2025c), program
optimization (Fawzi and Paredes, 2023), and model
architecture discovery (Liu et al., 2025b), discov-
ering new policy optimization algorithms for lan-
guage models still presents unique challenges. Un-
like tasks framed as combinatorial searches over
discrete program components, discovering policy
optimization algorithms for language models re-
quires searching over mechanisms tightly coupled
with training dynamics. For example, small design
choices, such as introducing a clipping objective
as in PPO (Schulman et al., 2017), adding a KL
penalty, or modifying advantage normalization, can
substantially alter optimization behavior and train-
ing stability. Moreover, discovering a new algo-
rithm requires more than generating a candidate
design: it also requires identifying which mecha-
nisms contribute to performance gains, which fail
under empirical evaluation, and how accumulated
evidence should inform the next testable hypoth-
esis. This calls for a search process that converts
empirical feedback into reusable evidence and car-
ries that evidence across iterations.

To address this challenge, we propose POISE
(Policy Optimization through Iterative Search and
Evidence), a closed-loop framework for the auto-
mated discovery of policy optimization algorithms
for language models. POISE organizes discov-
ery as an iterative search process in which candi-
date designs are proposed, implemented, trained,
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evaluated, analyzed, and stored for later use. The
framework maintains an archive of evaluated can-
didates that links each design with its implementa-
tion, evaluation evidence, analysis summary, and
derivation history, allowing later proposals to build
on accumulated evidence instead of isolated trial-
and-error. In mathematical reasoning experiments
starting from a GRPO baseline (Shao et al., 2024),
POISE evaluates 64 algorithms and discovers im-
proved policy optimization mechanisms, includ-
ing analytic-variance scaling and validity masking.
The best variant improves weighted Overall from
47.8 to 52.5 (+4.6) and increases AIME25 pass@32
from 26.7% to 43.3%, while the resulting lineages
yield interpretable design principles.

Our main contributions are as follows:
• Closed-Loop Discovery Framework: We in-

troduce POISE for automated discovery of pol-
icy optimization algorithms for language mod-
els. An evidence-preserving archive connects
proposal generation, evaluation, result analysis,
and archive update, allowing later iterations to
reuse accumulated empirical evidence.

• Empirical Validation of Automated Algorithm
Discovery: Starting from GRPO, POISE evalu-
ates 64 candidate algorithms and discovers mech-
anisms that yield substantial gains on mathemati-
cal reasoning benchmarks. These results demon-
strate the feasibility of automated policy opti-
mization discovery for language models.

• Interpretable Design Principles: Beyond dis-
covering stronger algorithms, our analysis ex-
tracts design principles from the resulting lin-
eages, including signal decoupling, conditional
normalization, and correctness-first efficiency
shaping. These principles clarify how and when
such mechanisms help in sparse-reward language
model policy optimization.

2 Related Work

LLM-driven Scientific Discovery LLM-driven
scientific discovery leverages the knowledge, rea-
soning, and execution capabilities of Large Lan-
guage Models (LLMs) to automate parts of the
research process. This paradigm has evolved from
experimental automation (Boiko et al., 2023) to
algorithm design (Fawzi and Paredes, 2023; Shi
et al., 2025). More recently, “AI Scientist” agents
have emerged, aiming for end-to-end pipelines that
encompass literature review, coding, and experi-
mentation (Lu et al., 2024; Yamada et al., 2025;

Schmidgall et al., 2025; Gottweis et al., 2025;
Mitchener et al., 2025). Progress has also been
made in quality control for idea generation (Si
et al., 2025; Li et al., 2024; Keya et al., 2025).
LLMs have further demonstrated effective explo-
ration within well-defined search spaces, including
program optimization (Novikov et al., 2025), the-
orem proving (Trinh et al., 2024; Chervonyi et al.,
2025), architecture search (Liu et al., 2025b; Cheng
et al., 2025), automated machine learning engineer-
ing (Chan et al., 2025; Jiang et al., 2025; Liu et al.,
2025c), and automated AI research systems (Xu
et al., 2026). However, extending automated dis-
covery to RL algorithm design for language model
policy optimization is more challenging because
the search space is compositional, feedback is de-
layed and stochastic, and verification requires ex-
pensive distributed training runs. To address this
setting, POISE organizes automated algorithm dis-
covery as an iterative search process that proposes,
implements, evaluates, analyzes, and refines policy-
optimization algorithms using accumulated empiri-
cal evidence.

Policy Optimization for Large Language Models
Policy optimization for Large Language Models
aims to enhance reasoning capabilities by train-
ing LLMs with algorithms such as PPO (Schul-
man et al., 2017) and its computationally efficient
variant GRPO (Shao et al., 2024). Recent stud-
ies have improved these baselines by refining spe-
cific algorithmic components, such as decoupled
clipping in DAPO (Yu et al., 2025), soft adaptive
gating in SAPO (Gao et al., 2025), asymmetric
weighting in ASPO (Wang et al., 2025), and ge-
ometric mean aggregation in GMPO (Zhao et al.,
2025). While these studies demonstrate the value
of targeted component-level refinements, explor-
ing the broader design space of such mechanisms
still largely relies on manual iteration. Unlike
prior work, which manually refines individual com-
ponents, POISE automatically searches for and
composes policy-optimization mechanisms under
a fixed training and evaluation protocol.

3 Method

3.1 Problem Modeling
We formulate automated discovery of policy-
optimization algorithms for language models as
a search problem under a fixed training and evalua-
tion setting. Across candidates, we keep the base
model, training data, evaluation procedure, and
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Figure 1: Overview of POISE. Phase I selects parent nodes and generates candidate proposals; Phase II implements
selected proposals, trains models, and evaluates them under a fixed protocol; Phase III analyzes each candidate
outcome and updates the candidate archive.

main training configuration fixed, while modify-
ing mechanisms inside the training loop, such as
advantage estimation, reward or validity masking,
loss weighting, and stabilization terms.

Let Z denote the resulting search space. Each
candidate z ∈ Z specifies a complete policy-
optimization variant, including the modified mech-
anism and its mechanism-specific hyperparameters.
For any candidate z, the standardized training and
evaluation procedure returns a training trajectory τ
and evaluation scores y ∈ RK :

(τ,y) = O(z).

Here, τ records scalar training signals, such as re-
ward, KL, entropy, and response length, while y
contains the standardized metrics from the evalua-
tion suite.

The search aims to find candidates with high
overall evaluation scores:

z∗ = argmax
z∈Z

U
(︁
y(z)

)︁
, (1)

where U(·) aggregates the evaluation scores into
the overall score used for search and reporting. In
our experiments, U(·) is a fixed weighted average
of evaluation metrics.

3.2 Lineage Archive and Iterative Loop
Lineage Archive. POISE searches over Z by
growing a lineage archive of evaluated candidates,

as shown in Figure 1. At iteration t, the archive is
denoted by Mt = {e1, . . . , et}. Each archive node
ei corresponds to one evaluated candidate:

ei = (zi, ρi, τi,yi, ri, pi),

where zi is the candidate, ρi its executable imple-
mentation, τi the training trajectory, yi the evalu-
ation scores, ri the analysis summary, and pi the
parent pointer.

Iterative Loop. Each iteration extends the
archive through three phases. First, Phase I se-
lects a parent node from the current archive and
generates candidate policy-optimization proposals
using the selected parent, the current archive, and
literature priors. Second, Phase II implements
the selected proposal, runs training, and evalu-
ates the trained model under the fixed protocol.
Third, Phase III analyzes the candidate outcome
and adds the evaluated candidate as a new node to
the archive. This loop allows later iterations to use
both final evaluation scores and training behavior
from earlier candidates, rather than relying only on
isolated trial-and-error.

3.3 Phase I: Parent Selection and Proposal
Generation

This phase selects a parent node from the lineage
archive and generates the next candidate policy-
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optimization proposal.

Parent Selection. At each iteration, POISE se-
lects the parent node with the highest estimated po-
tential for producing stronger descendants, rather
than simply expanding the node with the high-
est current evaluation score. Each evaluated node
ei ∈ Mt receives a score:

s(ei) = wpareto qpareto(ei) + wperf qperf(ei)

+ wdiv qdiv(ei) + wgp αGP(ei).

The node with the highest score is selected as the
parent node:

ep = argmax
ei∈Mt

s(ei).

Here, qperf(ei) is the normalized version of the
overall score U(yi). The Pareto term qpareto(ei) fa-
vors nodes that remain competitive across multiple
evaluation metrics. The diversity term qdiv(ei) fa-
vors different structural mechanism patterns, such
as advantage estimation, masking, loss weighting,
or regularization. The GP term αGP(ei) estimates
the future potential of expanding ei.

After each archive update, the GP is refitted to
predict parent potential from node features. For
nodes with descendants, the target is the normal-
ized discounted top-K descendant gain:

g̃(ei) =
1

|TopK(ei)|
∑︂

c∈TopK(ei)

[︄
1

2
+

1

2
γ∆(c,ei)

· tanh
(︃
U(yc)− U(yi)

β

)︃]︄
,

where TopK(ei) contains the top-K evaluated de-
scendants of ei, ∆(c, ei) is the descendant depth
relative to ei, γ discounts deeper descendants, and
β controls the gain scale. For newer nodes without
enough descendant evidence, the target falls back
to the normalized current score. The GP contribu-
tion is computed with a UCB score:

αGP(ei) = µGP(ei) + λσGP(ei),

where µGP(ei) is the predicted parent potential
and σGP(ei) is predictive uncertainty. This score
balances exploiting nodes with high predicted po-
tential and exploring uncertain nodes that may still
lead to strong descendants.

Proposal Generation. Given the selected parent
node ep, the LLM generates N candidate policy-
optimization proposals using the parent, the current
archive, and literature priors L:

ep,Mt,L −→ {z(n)t+1}Nn=1.

The archive is provided through compact sum-
maries of evaluated candidates, including their pro-
posals, outcomes, and analysis summaries. Each
proposal describes a policy-optimization change
within the fixed search setting. The LLM ranks
proposals by clarity, feasibility, novelty relative to
archived candidates, and design plausibility. The
selected proposal zt+1 is passed to the implementa-
tion, training, and evaluation phase.

3.4 Phase II: Candidate Implementation,
Training, and Evaluation

After a proposal zt+1 is selected, POISE turns it
into an executable implementation ρt+1, trains the
candidate, and evaluates the trained model under
the fixed protocol.

Candidate Implementation. POISE imple-
ments the selected proposal in VERL by modi-
fying policy-optimization components such as ad-
vantage computation, loss weighting, masking, or
regularization. The selected proposal is translated
into the shared VERL implementation interface,
so implementation focuses on the proposed policy-
optimization mechanism while the surrounding ex-
perimental setting remains unchanged.

Training and Evaluation. After implementation,
POISE trains the candidate under the fixed proto-
col. If execution fails or training is clearly ab-
normal, the implementation is revised and rerun.
Training produces a trajectory τt+1 that records the
candidate’s behavior. The trained model is then
evaluated under the same protocol as other archive
nodes, producing scores yt+1:

zt+1
O−−→ (τt+1,yt+1).

Together, τt+1 and yt+1 are used to compare the
candidate with its parent and support the subse-
quent analysis.

3.5 Phase III: Result Analysis and Archive
Update

Result Analysis. After training and evaluation,
POISE compares the new candidate with its se-
lected parent. Given the candidate zt+1, its exe-
cutable implementation ρt+1, training trajectory
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τt+1, evaluation scores yt+1, the selected parent
node ep, and the current archive Mt, the LLM
produces a structured mechanism-level analysis
summary:

zt+1, ρt+1, τt+1,yt+1, ep,Mt −→ rt+1.

The summary records what changed relative to the
parent, which metrics improved or declined, how
the training behavior changed, and whether the
observed behavior is consistent with the intended
mechanism. This turns the candidate outcome into
structured evidence for later search.

Archive Update. After the analysis, POISE cre-
ates a new archive node for the evaluated candidate
and adds it to the lineage archive:

et+1 = (zt+1, ρt+1, τt+1,yt+1, rt+1, pt+1),

Mt+1 = Mt ∪ {et+1}.

Here, et+1 is the new archive node and pt+1 points
to the selected parent node ep. This update makes
the full candidate outcome available to later search
steps, rather than only the final evaluation scores. 1

4 Experiments

4.1 Experimental Setup
Training Setup. We implement candidate algo-
rithms in VERL (Sheng et al., 2024) and train them
on its distributed policy-optimization backend. The
main search starts from the GRPO baseline (Shao
et al., 2024), with Gemini-3-pro-preview (Google
DeepMind, 2025) serving as the reasoning engine
for the LLM-based stages. Following Zhao et al.
(2025), we use Qwen2.5-Math-1.5B (Yang et al.,
2024) as the policy model for rapid iteration. For
training data, we sample a 5000-example subset
from MATH Levels 3–5 (Hendrycks et al., 2021).
Hyperparameters remain fixed across iterations:
learning rate 10−6, global batch size 256, group
size G = 8, and 8 training epochs. Maximum
prompt and response lengths are set to 1024 and
3000, respectively. All runs use 8× 80GB A100
GPUs.

Evaluation Protocol. We evaluate on six
reasoning benchmarks: AIME24 (MAA,
2024), AIME25 (MAA, 2025), AMC (MAA,
2023), MATH-500 (Hendrycks et al., 2021),
Minerva (Lewkowycz et al., 2022), and

1Implementation details and parameter settings are pro-
vided in Section A.

OlympiadBench (He et al., 2024). Inference
uses vLLM (Kwon et al., 2023) with a maximum
generation length of 4096. For AIME24, AIME25,
and AMC, we report pass@32 under temperature
1.0. For the larger datasets MATH-500, Minerva,
and OlympiadBench, we report standard acc@1
using deterministic generation. To align with the
search objective, we compute a weighted Overall
that assigns larger weights to harder benchmarks:
0.2 for each AIME dataset and 0.15 for each
remaining dataset.

4.2 Results

Main Results. In the main search run, we eval-
uate 64 algorithms: GRPO and 63 generated vari-
ants. Table 1 reports representative generated vari-
ants together with three recent human-designed
baselines, DAPO (Yu et al., 2025), Dr.GRPO (Liu
et al., 2025d), and GMPO (Zhao et al., 2025), all
evaluated under the same protocol; full results are
provided in Section B.1.

The strongest discovered variant is VM-AV-
GRPO, which achieves an Overall of 52.5, out-
performing GRPO by +4.6. Among the human-
designed baselines, the strongest result is Dr.GRPO
with an Overall of 49.8; VM-AV-GRPO improves
over it by +2.7. Thus, the discovered variant out-
performs both the original GRPO baseline and com-
petitive manually designed GRPO-style algorithms
under the same protocol. Its largest gain appears
on AIME25, where performance rises from 26.7
to 43.3, while AIME24, AMC, and MATH also
improve over baseline. The search also uncovers
benchmark-specific variants: AV-GRPO attains the
best AIME24 result (56.7), MSA-GRPO matches
the best AIME25 score (43.3), and SVE-LNA-
GRPO achieves the highest AMC score (89.2).
These results show that the search improves over-
all performance while discovering variants with
benchmark-specific strengths.

Mechanism Families. Across the discovered lin-
eages, four recurrent mechanism families emerge.
Core Signal Modeling (e.g., AV-GRPO and VM-
AV-GRPO) changes how sparse successes are
scaled and compared. Signal Routing and Condi-
tional Normalization (e.g., PR-GRPO and CDA-
GRPO) separates solved, failed, and mixed regimes
and reduces interference among correctness, for-
mat, and efficiency signals. Failure-side Control
and Failure Reshaping (e.g., FA-GRPO and DFR-
GRPO) provides directional learning signals even
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Algorithm
AIME24
pass@32

AIME25
pass@32

AMC
pass@32

MATH
acc@1

Minerva
acc@1

Olympiad
acc@1 Overall

GRPO 50.0 26.7 84.3 72.4 24.6 35.4 47.8

Human-Designed Baselines
DAPO (Yu et al., 2025) 46.7 -3.3 30.0 +3.3 83.1 -1.2 71.8 -0.6 25.7 +1.1 34.1 -1.3 47.5 -0.3
Dr.GRPO (Liu et al., 2025d) 53.3 +3.3 36.7 +10.0 86.7 +2.4 68.4 -4.0 22.8 -1.8 33.9 -1.5 49.8 +2.0
GMPO (Zhao et al., 2025) 46.7 -3.3 30.0 +3.3 81.9 -2.4 70.8 -1.6 25.4 +0.8 34.8 -0.6 47.3 -0.5

Core Signal Modeling
VM-AV-GRPO 53.3 +3.3 43.3 +16.7 88.0 +3.6 73.6 +1.2 24.3 -0.4 35.3 -0.1 52.5 +4.6
AV-GRPO 56.7 +6.7 36.7 +10.0 81.9 -2.4 71.0 -1.4 26.8 +2.2 35.3 -0.1 50.9 +3.1

High-Performing Specializations
MSA-GRPO 50.0 +0.0 43.3 +16.7 84.3 +0.0 69.4 -3.0 24.3 -0.4 35.3 -0.1 50.7 +2.8
SVE-LNA-GRPO 50.0 +0.0 30.0 +3.3 89.2 +4.8 73.0 +0.6 23.2 -1.5 32.7 -2.7 48.7 +0.9

Failure-side and Routing Variants
FA-GRPO 53.3 +3.3 36.7 +10.0 83.1 -1.2 72.2 -0.2 22.4 -2.2 35.0 -0.4 49.9 +2.1
PR-GRPO 53.3 +3.3 36.7 +10.0 80.7 -3.6 71.2 -1.2 23.9 -0.7 33.2 -2.2 49.4 +1.5
CDA-GRPO 50.0 +0.0 30.0 +3.3 85.5 +1.2 72.6 +0.2 25.0 +0.4 36.9 +1.5 49.0 +1.2

Table 1: Reasoning evaluation results (percentage points). We report a compact set of strong and mechanism-
representative variants, along with human-designed baselines; full results are provided in the Appendix. Small
colored numbers denote ∆ vs. GRPO. Best results are in bold and second-best results are underlined.
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Figure 2: Training dynamics in the main experiment for GRPO and representative generated variants. The plots
compare entropy, reward, and response length over training.

when all samples in a group are wrong. Stabi-
lization and Constraint Control (e.g., RF-GRPO
and BN-GRPO) dampens update shocks and policy
drift. This last family mainly acts as a stabilizing
precursor rather than the strongest final design; Sec-
tions 5 and E further explain how all four families
interact across the lineage.

Figure 2 compares training dynamics of GRPO
and representative variants. Relative to the base-
line, stronger variants show more stable entropy
and reward trajectories, with different response-
length behavior. These patterns suggest that the
final-score gains are accompanied by distinct opti-
mization dynamics.

4.3 Controllability Under
Length-Compression Constraints

To test whether natural-language directives
can steer the search, we introduce a length-
compression constraint: candidate algorithms are
favored when they substantially reduce reasoning
output length while preserving overall accuracy.

Under this constraint, 6 of the 10 generated vari-
ants reduce mean response length. Mean length
is computed as the unweighted mean word count
over the six evaluation datasets; 4 of these variants
(DACE-GRPO, CAG-GRPO, DRE-GRPO, PAS-
GRPO) simultaneously achieve shorter responses
and higher Overall than GRPO. The strongest com-
pression results arise from correctness-first op-
timization combined with conditional efficiency

52503



400 800 1200 1600
Length

0.15

0.30

0.45

0.60
Ac
cu
ra
cy

AIME (pass@32)
DACE-GRPO

400 800 1200 1600
Length

0.08

0.16

0.24

0.32

0.40

Ac
cu
ra
cy

AIME25 (pass@32)
DACE-GRPO

250 500 750 1000 1250
Length

0.5

0.6

0.7

0.8

0.9

Ac
cu
ra
cy

AMC (pass@32)
DACE-GRPO

150 300 450 600
Length

0.66

0.68

0.70

0.72

0.74

Ac
cu
ra
cy

MATH (acc@1)

DACE-GRPO

200 300 400 500
Length

0.210

0.225

0.240

0.255
Ac
cu
ra
cy

Minerva (acc@1)

DACE-GRPO

400 600 800 1000
Length

0.300

0.315

0.330

0.345

Ac
cu
ra
cy

OlympiadBench (acc@1)

DACE-GRPO

GRPO

CAG-GRPO

CAS-GRPO

DACE-GRPO

DCBE-GRPO

DCE-GRPO

DQG-GRPO

DRE-GRPO

MCE-GRPO

PAS-GRPO

PR-GRPO

Figure 3: Accuracy-length trade-offs under the length-compression constraint.

shaping. DACE-GRPO gates the length-efficiency
term on correct samples by group pass rate, while
CAG-GRPO reformulates efficiency as a penalty-
only cost gated by success rate. Variants with
poorly calibrated efficiency constraints exhibit
weaker accuracy-length trade-offs, suggesting that
compression pressure is more effective when in-
troduced conditionally rather than indiscriminately.
Section F and Table 4 summarize the correspond-
ing dynamics and the full quantitative results for
all 11 nodes in the branch.

Figure 3 and Table 4 show that DACE-GRPO
provides the best balance, improving Overall from
47.8 to 51.7 (+3.9) while reducing mean output
length from 473.6 to 335.7 words (−29.1%); CAG-
GRPO achieves stable compression (length ratio
0.854) with positive Overall gain. DRE-GRPO
and PAS-GRPO show moderate gains but follow
the same direction of difficulty- and correctness-
conditioned efficiency shaping. At the dataset
level, MATH and AMC retain substantial com-
pression headroom without sacrificing accuracy:
for example, DACE-GRPO reaches 86.7 on AMC
pass@32 while reducing mean length by 28.1%.
OlympiadBench is more compression-sensitive,
where shorter variants generally incur mild accu-
racy drops, indicating a stronger dependence on
longer reasoning chains. Overall, these results in-
dicate that natural-language directives can mean-
ingfully steer the search in a constrained accuracy-
length trade-off space, and that correctness-first,

conditionally shaped efficiency signals provide a
viable route to effective compression.

5 Analysis

We begin by summarizing the full lineage by tree
depth and then examine representative mechanism
chains. Figure 4 shows that depth-wise averages
are not monotonic, since deeper generations still
include exploratory failures. Nevertheless, the fron-
tier moves beyond the root: the cumulative best
Overall increases from 47.8 for GRPO to 49.9 at
depth 1, 50.9 at depth 3, and 52.5 at depth 4. Later
depths still contain competitive descendants such
as MSA-GRPO and CDA-GRPO. This suggests
that the search remains productive even after the
best observed node has already appeared. A fuller
depth-wise view is provided in Figure 6.

The lineage also helps assess whether retain-
ing multiple parents is useful. Across 21 com-
parable parent-selection rounds, each selecting 3
nodes for parallel expansion, the parent yielding
the strongest descendant is not the highest-Overall
parent in 11 rounds. One representative round is
as follows (numbers in parentheses denote Overall
scores): ZA-GRPO (47.3), BN-GRPO (44.2), and
Anchor-GRPO (45.2) are retained together. In that
round, the strongest later descendant arises from
BN-GRPO via VM-AV-GRPO (52.5), above the
ZA-GRPO branch peak of 48.4. This supports re-
taining diverse parents rather than filtering only by
current Overall score. We provide a fuller round-
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level account and representative parent-descendant
gains in Section E.1.

5.1 Mechanistic Analysis: Core Signal
Modeling

A natural question is whether the search pro-
duces interpretable mechanism patterns rather than
merely tuning hyperparameters. The lineage from
GRPO to VM-AV-GRPO illustrates this in the Core
Signal Modeling family, supported by training
dynamics (Figure 2) and detailed lineage traces
in Sections C, D and E.2. Baseline GRPO un-
derperforms on sparse-reward benchmarks (e.g.,
AIME25): failure-dominated group statistics can
dilute the learning signal from rare successes, while
high-variance updates can hasten entropy collapse.

To address this bottleneck, the lineage introduces
Analytic-variance scaling (AV-GRPO). Instead of
relying on empirical batch variance, it anchors ad-
vantage normalization to the analytic variance of
the reward distribution so that rarer successes can
yield stronger positive updates. A subsequent re-
finement then exposes another failure mode: when
“format-correct but reasoning-wrong” samples en-
ter the statistics, they can receive positive advan-
tages. In response, the lineage introduces Valid-
ity Masking (VM-AV-GRPO), which restores a
strict gradient hierarchy (invalid ≪ valid-wrong <
valid-correct) by computing statistics exclusively
on the valid subset. Together, analytic-variance
scaling and validity masking are associated with a
substantial AIME25 improvement from GRPO to
VM-AV-GRPO, while Sections C and E.2 trace the
intermediate turning points and the corresponding

algorithm details behind this refinement.

5.2 Learning from Negative Evidence

Beyond discovering improved algorithms, the
search also uses negative evidence to understand
why some designs fail. This is evident in the lin-
eage targeting all-fail stagnation (GRPO → FA-
GRPO → DFR-GRPO), a representative instance
of Failure-side Control and Failure Reshaping;
Sections C and E.2 provide the extended trajectory
and algorithm-level formulations.

FA-GRPO first injects gradients into all-fail
groups through fixed scalar penalties. However,
analysis of training dynamics suggests that mix-
ing such fixed penalties with normalized advan-
tages causes a scale mismatch that destabilizes for-
matting. Furthermore, applying uniform negative
advantages acts as “directionless repulsion,” trig-
gering policy drift. DFR-GRPO then refines this
design by separating the signals. It decouples for-
mat and reasoning into independent streams and
replaces uniform repulsion with a zero-centered
signal derived from token entropy, so that more
informative failures are compared against less in-
formative ones rather than being pushed equally.
This design provides a more directional signal even
when all candidates are incorrect, alleviating direc-
tionless drift, albeit with trade-offs on the hardest
benchmarks. Together with the Signal Routing
and Conditional Normalization cases detailed in
Sections E.2 and E.3, this cross-generational refine-
ment highlights three recurring principles. Rare
successes should be amplified through calibrated
signal modeling, negative evidence should be used
to revise or avoid flawed hypotheses, and secondary
objectives should be introduced through signal de-
coupling under controlled conditions.

6 Conclusion

In this work, we show that the discovery of policy
optimization algorithms for language models can
be organized as a closed-loop search process of
candidate generation, implementation, verification,
training, evaluation, and result analysis, rather than
treated solely as manual trial and error. POISE dis-
covers stronger policy-optimization variants from
a GRPO baseline, identifies mechanisms such as
analytic-variance scaling and validity masking, and
further shows through the length-compression set-
ting that natural-language directives can steer the
search toward a specified region of the accuracy-
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length trade-off space. The resulting lineages re-
veal recurring principles such as signal decoupling,
conditional normalization, and correctness-first ef-
ficiency shaping, showing that automated search
can not only discover stronger variants but also
produce reusable evidence for understanding and
improving policy-optimization design.

Limitations

Our study demonstrates the promise of automated
mechanism discovery, but limitations remain. First,
the closed-loop search process is still computation-
ally intensive, since each candidate requires end-
to-end training and standardized evaluation; under
a fixed budget, this limits both the breadth of ex-
plored candidates and the number of controlled
follow-up trials. Second, the empirical evidence
is concentrated on mathematical reasoning bench-
marks and a limited range of model settings, so
the transferability of the discovered mechanisms
to broader regimes, such as open-domain dialogue,
code generation, and tool-use tasks, remains to
be established. Third, although lineage analy-
sis, training dynamics, and result analysis support
mechanism-level interpretations, these interpreta-
tions should be treated as evidence-grounded hy-
potheses rather than as controlled causal attribution
of each gain to a specific component. Future work
should focus on improving search efficiency, broad-
ening cross-task and cross-scale validation, and de-
veloping targeted ablations and causal evaluation
protocols.
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Automation Risks and Responsible Use. This
work studies automated algorithm discovery for

LLM-RL. Although our setting is focused on math-
ematical reasoning, automated search systems can,
in principle, generate unstable or misaligned opti-
mization strategies if applied without safeguards.
To reduce this risk, we use bounded verification
loops, standardized evaluation, and human over-
sight in the research pipeline, and we report lim-
itations regarding generalization and causal inter-
pretation. We do not claim that the discovered
mechanisms are universally safe or optimal outside
the evaluated scope.
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A Implementation and Reproducibility
Details

A.1 Search Space and Fixed Protocol

The implementation instantiates POISE as a fixed-
protocol search over policy-optimization variants
for LLM-RL. Each candidate z specifies a com-
plete policy-optimization variant under this proto-
col, including a natural-language proposal, a mech-
anism family, mechanism-specific hyperparame-
ters, expected effects, and an executable implemen-
tation ρ in VERL. The search is restricted to policy-
optimization mechanisms inside the training loop.
It does not modify the base model architecture,
training corpus, evaluation benchmarks, answer
parser, prompt format, rollout group size, decoding
temperature, or total training length.

The fixed and searchable parts of the system are
as follows. The base model and training data are
fixed to Qwen2.5-Math-1.5B and a 5000-example
subset from MATH Levels 3–5. The evaluation
protocol is fixed across AIME24, AIME25, AMC,
MATH-500, Minerva, and OlympiadBench, with
unchanged metric definitions. The rollout proto-
col uses group size G = 8, vLLM rollout, and
fixed decoding settings for each benchmark group.
The training budget is fixed, including learning
rate 10−6, global batch size 256, 8 epochs, and
fixed prompt and response lengths. The searchable
components are policy-optimization mechanisms,
including advantage estimation, reward or validity
masking, loss weighting, signal routing, regular-
ization, and stabilization terms. Candidate-specific
hyperparameters are specified together with the
proposed mechanism.

Within VERL, candidate implementations mod-
ify recipe-level policy-optimization components.
Editable components include reward preprocessing,
advantage computation, advantage postprocessing,
sample- or group-level weighting, auxiliary regu-
larization terms, and mechanism-specific training
signals. Model architecture, data loading, evalua-
tion scripts, reward-model training, and distributed
runtime infrastructure remain outside the search
space.

A.2 Stage Inputs and Outputs

Each stage in the search loop receives the infor-
mation needed for its role rather than an unfiltered
interaction history. For LLM-based stages, this
information is provided as agent context; for non-
LLM stages, it is used by the selector, executor, or

archive updater. The information flow is organized
as follows.

Parent selection.
Input: the current archive, evaluation metrics, tra-

jectory summaries, derived structural features,
and parent-child relations.

Output: a selected parent ep.

Evidence construction.
Input: the selected parent, parent analysis, archive

summaries, lineage evidence, and literature re-
trieval results.

Output: compact context for proposal generation.

Proposal generation.
Input: the selected parent, compact archive sum-

maries, regressive or failed-design cases, search
constraints, and literature priors.

Output: candidate policy-optimization proposals.

Proposal ranking.
Input: generated proposals, the search scope, and

novelty and feasibility criteria.

Output: the selected proposal zt+1.

Implementation planning.
Input: the selected proposal, VERL interface in-

formation, reference implementations, and the
allowed modification scope.

Output: an implementation plan specifying where
the mechanism enters the training computation.

Implementation.
Input: the selected proposal, the implementation

plan, a parent implementation or template, and
VERL interface information.

Output: an executable implementation ρt+1.

Verification and correction.
Input: the current implementation, proposal in-

tent, verification feedback, error traces, or
abnormal-run summaries.

Output: a verified implementation, a revised im-
plementation, or a failure record.

Training and evaluation.
Input: the executable implementation and the

fixed training and evaluation protocol.

Output: trajectory evidence τt+1 and evaluation
metrics yt+1.

52509



Result analysis.
Input: the proposal, implementation summary, tra-

jectory evidence, evaluation metrics, and par-
ent/reference comparisons.

Output: a structured analysis summary rt+1.

Archive update.
Input: the candidate, implementation, trajectory

evidence, metrics, analysis summary, and parent
relation.

Output: the updated lineage archive Mt+1.
The proposal stage asks the LLM to specify

the candidate name, parent algorithm, key mech-
anism, algorithmic change, mechanism-specific
hyperparameters, and expected effect. The pro-
posal checker filters candidates that fall outside the
fixed search scope, require changes to the training
or evaluation protocol, duplicate existing archive
nodes, or lack a testable mechanism.

A.3 Archive Records and Evidence Flow

The lineage archive stores the information needed
to reuse an evaluated candidate in later search steps.
For each evaluated candidate, the archive records
the proposal zi, the executable implementation ρi,
the trajectory evidence τi, the evaluation metrics
yi, the analysis summary ri, and the parent relation
when the candidate is derived from an earlier node.
These records correspond to the archive entry ei =
(zi, ρi, τi,yi, ri) in Section 3.

The archive supports two uses. First, it provides
evidence for parent selection, including evaluation
scores, trajectory summaries, structural features
derived from proposals and implementations, and
parent-child relations. Second, it provides compact
context for proposal generation and result analysis,
including successful candidates, regressive candi-
dates, and prior analysis summaries. Completed
candidates are retained even when their scores
regress, because they identify failure modes and
mechanisms that later proposals should avoid.

A.4 Parent Selection and GP Scoring

Parent selection combines current performance,
multi-metric competitiveness, structural diversity,
and a Gaussian-process estimate of parent potential.
The acquisition score is

s(d) = wparetoqpareto(d) + wperfqperf(d)

+ wdivqdiv(d) + wgpαGP(d).

The term qperf is computed from normalized
evaluation performance. The term qpareto is based
on Pareto-front membership computed over perfor-
mance, validity, learning-signal aliveness, stability,
efficiency, and diversity objectives. The term qdiv
is computed from structural mechanism indicators
inferred from the candidate name and implementa-
tion. The term αGP is a GP-UCB score.

In the main search, the base parent-selection
weights are wpareto = 0.2, wgp = 0.2, wdiv = 0.1,
and wperf = 0.5. The GP component uses a
small exploration weight to preserve uncertainty-
sensitive selection, a top-K descendant target with
K = 3, a depth discount γ = 0.7, and a gain
scale β = 0.02. We use an RBF-kernel Gaussian
process with observation-noise parameter 10−4, a
maximum descendant depth of 3, and three opti-
mizer restarts. These values are fixed for the main
search.

The selector uses a dynamic-weight schedule
around these base weights. In early rounds (≤ 5),
the diversity weight is increased and the perfor-
mance weight is reduced before normalization. In
late rounds (> 15), the diversity weight is reduced
and the performance weight is increased before
normalization. This schedule gives more weight to
exploration early and more weight to performance
later.

Node features. The GP input is a 20-dimensional
archived-node feature vector. The feature vector
includes performance features, stability features,
efficiency features, structural mechanism indica-
tors, and rollout-derived features. The performance
features include weighted performance, an overall
pass/accuracy proxy, and task coverage. The stabil-
ity features include entropy instability, policy-loss
convergence, and KL instability. The efficiency
features include convergence speed and sample ef-
ficiency. The structural features indicate whether
the candidate uses mechanisms such as KL con-
trol, groupwise processing, entropy regularization,
advantage normalization, reference update, PPO
clipping, value clipping, or custom-loss computa-
tion. The rollout-derived features include mixed-
rate, boxed-answer rate, refusal rate, and response-
length variation. Missing rollout-derived features
are set to zero.

GP target and fallback. When a node has evalu-
ated descendants within the configured depth, the
GP target is a normalized discounted top-K descen-
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dant gain:

g̃(d) =
1

|TopK(d)|
∑︂

c∈TopK(d)

[︄
1

2
+

1

2
γ∆(c,d)

· tanh
(︃
U(yc)− U(yd)

β

)︃]︄
,

where ∆(c, d) denotes the depth of descendant c
relative to node d. Descendants include children
and deeper descendants up to the maximum con-
figured depth. If a node does not yet have enough
descendant evidence, the selector uses the normal-
ized current overall score U(yd) as a fallback target.
The GP is refit after new evaluated nodes are added
to the archive. For already-observed nodes, the
selector supports leave-one-out GP scoring so that
predictive uncertainty remains meaningful instead
of collapsing at training points.

A.5 Proposal Generation and Selection

The proposal generator samples multiple candidate
proposals before selecting one for implementation.
The main multi-proposal setting uses N = 5 can-
didates per proposal step. The proposal stage uses
the selected parent, the parent lineage, compact
archive evidence, reference nodes, prior analysis
summaries, and literature priors.

Each proposal includes a candidate name, parent
algorithm, key innovation, motivation, algorithmic
change, pseudocode, mechanism-specific hyper-
parameters, and expected benefit. The proposal
is ranked by clarity, compatibility with the fixed
search scope, novelty relative to archived candi-
dates, design plausibility, and testability through
training and evaluation signals.

A.6 Implementation, Verification, and
Correction

The selected proposal is first converted into an im-
plementation plan. The planning stage inspects the
proposal, the parent implementation or template
when available, and the VERL interfaces that de-
fine the editable policy-optimization components.
It identifies which part of the training computation
should be modified and checks whether the pro-
posed mechanism can be expressed within the al-
lowed implementation boundary. Dedicated check-
ing agents examine plan completeness, consistency
between the plan and proposal, feasibility under
VERL, and whether additional clarification or revi-
sion is required before code generation.

The implementation agent then generates the
candidate implementation within a bounded
workspace. It can inspect VERL source
code, search existing implementations for simi-
lar patterns, read interface definitions, and write
candidate-specific implementation files. It is not
allowed to modify the base model, training data,
evaluation scripts, or distributed runtime infrastruc-
ture. After code generation, validation agents check
whether the implementation follows the proposal
and plan and whether the fixed protocol remains
unchanged.

A local execution harness performs syntax, im-
port, configuration, and lightweight execution
checks. When execution fails, the failure trace is
converted into a structured correction context. The
correction agent can inspect the current candidate
files, consult read-only framework references, ap-
ply bounded edits within the candidate workspace,
and rerun lightweight checks. The training-fix loop
uses a bounded correction budget; in our configura-
tion, the maximum number of correction attempts
is 30. The executor records error summaries, cor-
rection attempts, and correction outcomes. Candi-
dates that cannot be corrected to a trainable imple-
mentation are not counted as successful evaluated
candidates.

Training can also reveal semantic implementa-
tion problems that are not exposed by local checks.
For example, a metric may remain zero because a
mechanism is not wired into the training computa-
tion, or a training signal may be inconsistent with
the intended design. In such cases, the training-
results analysis stage can trigger a targeted correc-
tion when the issue is attributable to implementa-
tion rather than to the algorithmic idea itself.

A.7 Training and Evaluation Configuration
All candidates are trained and evaluated under
the same protocol. The base policy model is
Qwen2.5-Math-1.5B, and the initial baseline is
GRPO. The training data is a 5000-example sub-
set from MATH Levels 3–5. Training uses the
VERL policy-optimization backend with learning
rate 10−6, global batch size 256, rollout group size
G = 8, and 8 epochs. The maximum prompt length
is 1024, and the maximum training response length
is 3000. Each full training run uses 8× 80GB A100
GPUs.

The evaluation suite includes AIME24, AIME25,
AMC, MATH-500, Minerva, and OlympiadBench.
Evaluation uses vLLM with maximum generation

52511



length 4096. AIME and AMC are evaluated with
pass@32 under temperature 1.0. MATH-500, Min-
erva, and OlympiadBench use deterministic acc@1.
The overall score is a fixed weighted average:
AIME24 and AIME25 each receive weight 0.2, and
AMC, MATH-500, Minerva, and OlympiadBench
each receive weight 0.15.

A.8 Trajectory Evidence

Trajectory evidence τ is represented by sanitized
training and evaluation summaries rather than
raw unfiltered logs. The pipeline removes tim-
ing, memory, GPU, throughput, and other system-
housekeeping fields from the full training logs, and
then renders a compact text representation for the
analysis stage. For training trajectories, the sum-
mary is organized by sampled training steps. For
evaluation outputs, the summary lists task metrics
after filtering metadata.

The trajectory summary can include reward
mean and variability, policy loss, clip fraction,
KL, entropy, gradient norm, response length,
prompt/response clipping indicators, advantage
mean and variance, validity or boxed-answer prox-
ies, rollout-level indicators such as mixed rate and
refusal rate, and abnormal-run flags such as diver-
gence or NaN. The agent-facing representation is
textual and derived from these sanitized summaries.

A.9 Result Analysis

After a candidate is trained and evaluated, the anal-
ysis stage compares it with its parent and selected
reference nodes. The LLM receives the proposal,
an implementation summary, trajectory evidence,
evaluation metrics, and parent/reference compar-
isons. The resulting analysis summary records the
main differences from the parent, metric improve-
ments or regressions, changes in training behavior,
consistency with the intended mechanism, and im-
plications for later proposals.

This summary is stored in the archive and used as
evidence in later parent selection and proposal gen-
eration. When the available evidence is incomplete,
the analysis is required to state the missing infor-
mation rather than infer unsupported mechanisms.
The summary is treated as evidence-grounded inter-
pretation for later search, not as standalone causal
proof.

A.10 Computational Cost and Run
Accounting

The reported search evaluates 64 algorithms, in-
cluding the GRPO baseline and evolved variants.
Each full training run takes approximately 6 hours
on 8× A100 GPUs in our environment, correspond-
ing to about 48 GPU-hours. Successful candidates
also incur correction and rerun overhead; in our
run accounting, this averages about 0.8 failed or
corrected attempts per successful variant. Includ-
ing this overhead, the main search cost is approx-
imately 5,500 GPU-hours. Proposal generation,
analysis, and GP-based parent scoring account for
a small fraction of the full training cost.

B Additional Results and Lineage
Analysis

B.1 Full Main-Experiment Results and
Lineage

We provide the full evaluation results for all evalu-
ated variants in Table 2. To show how candidates
are derived across the main search run, we also vi-
sualize the complete lineage structure in Figure 5.

C Detailed Algorithm Descriptions
(Representative Subset)

Due to space constraints, we do not enumerate
all evaluated variants in this section. Instead, we
describe a representative subset that supports the
main interpretation, including improving cases, re-
gressive cases, and response-compression cases.
For each algorithm, we report its motivation,
method with key equations, and results. AIME24,
AIME25, and AMC use pass@32; MATH, Min-
erva, and OlympiadBench use acc@1; Overall fol-
lows the weighted score in the main text.

C.1 GRPO Baseline

GRPO

Motivation. Under sparse correctness rewards,
GRPO provides a stable relative learning signal
without introducing a value network.

Method. For each prompt, GRPO samples G
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Figure 5: Lineage of GRPO variants in the main run. Nodes denote evaluated algorithms, arrows denote
parent-child relations, and node color encodes the weighted Overall score, with lighter colors indicating lower
scores.
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Algorithm
AIME24
pass@32

AIME25
pass@32

AMC
pass@32

MATH
acc@1

Minerva
acc@1

Olympiad
acc@1 Overall

GRPO 50.0 26.7 84.3 72.4 24.6 35.4 47.8
VM-AV-GRPO 53.3 +3.3 43.3 +16.7 88.0 +3.6 73.6 +1.2 24.3 -0.4 35.3 -0.1 52.5 +4.6
AV-GRPO 56.7 +6.7 36.7 +10.0 81.9 -2.4 71.0 -1.4 26.8 +2.2 35.3 -0.1 50.9 +3.1
MSA-GRPO 50.0 +0.0 43.3 +16.7 84.3 +0.0 69.4 -3.0 24.3 -0.4 35.3 -0.1 50.7 +2.8
LNA-GRPO 56.7 +6.7 33.3 +6.7 84.3 +0.0 73.6 +1.2 24.3 -0.4 35.0 -0.4 50.6 +2.7
FA-GRPO 53.3 +3.3 36.7 +10.0 83.1 -1.2 72.2 -0.2 22.4 -2.2 35.0 -0.4 49.9 +2.1
LS-GRPO 46.7 -3.3 36.7 +10.0 86.7 +2.4 71.4 -1.0 24.6 +0.0 35.7 +0.3 49.4 +1.6
PR-GRPO 53.3 +3.3 36.7 +10.0 80.7 -3.6 71.2 -1.2 23.9 -0.7 33.2 -2.2 49.4 +1.5
GA2-GRPO 53.3 +3.3 33.3 +6.7 83.1 -1.2 70.6 -1.8 24.3 -0.4 34.7 -0.7 49.2 +1.4
CDA-GRPO 50.0 +0.0 30.0 +3.3 85.5 +1.2 72.6 +0.2 25.0 +0.4 36.9 +1.5 49.0 +1.2
DFR-GRPO 46.7 -3.3 33.3 +6.7 85.5 +1.2 73.4 +1.0 25.7 +1.1 35.1 -0.3 49.0 +1.1
HAV-GRPO 43.3 -6.7 36.7 +10.0 88.0 +3.6 72.6 +0.2 22.8 -1.8 35.3 -0.1 48.8 +0.9
TR-GRPO 50.0 +0.0 33.3 +6.7 83.1 -1.2 72.4 +0.0 25.4 +0.7 33.0 -2.4 48.8 +0.9
SVE-LNA-GRPO 50.0 +0.0 30.0 +3.3 89.2 +4.8 73.0 +0.6 23.2 -1.5 32.7 -2.7 48.7 +0.9
AET-GRPO 46.7 -3.3 36.7 +10.0 84.3 +0.0 71.2 -1.2 23.5 -1.1 32.7 -2.7 48.4 +0.6
SRA-GRPO 46.7 -3.3 33.3 +6.7 86.7 +2.4 72.0 -0.4 23.5 -1.1 33.8 -1.6 48.4 +0.6
ZER-GRPO 50.0 +0.0 33.3 +6.7 80.7 -3.6 72.2 -0.2 24.3 -0.4 34.4 -1.0 48.4 +0.6
OCE-GRPO 46.7 -3.3 33.3 +6.7 84.3 +0.0 71.0 -1.4 24.3 -0.4 36.1 +0.7 48.4 +0.5
DSS-GRPO 53.3 +3.3 26.7 +0.0 83.1 -1.2 72.4 +0.0 23.5 -1.1 35.4 +0.0 48.2 +0.3
SV-GRPO 46.7 -3.3 30.0 +3.3 86.7 +2.4 72.6 +0.2 26.1 +1.5 33.3 -2.1 48.2 +0.3
RF-GRPO 50.0 +0.0 33.3 +6.7 80.7 -3.6 71.2 -1.2 23.5 -1.1 33.9 -1.5 48.1 +0.2
SB-GRPO 50.0 +0.0 30.0 +3.3 88.0 +3.6 71.6 -0.8 21.7 -2.9 32.4 -3.0 48.1 +0.2
DA-GRPO 53.3 +3.3 30.0 +3.3 79.5 -4.8 71.4 -1.0 23.9 -0.7 33.8 -1.6 48.0 +0.1
BA-GRPO 46.7 -3.3 33.3 +6.7 83.1 -1.2 71.4 -1.0 24.3 -0.4 34.2 -1.2 48.0 +0.1
LR-GRPO 46.7 -3.3 36.7 +10.0 84.3 +0.0 70.2 -2.2 21.7 -2.9 32.0 -3.4 47.9 +0.1
CZA-GRPO 43.3 -6.7 36.7 +10.0 83.1 -1.2 74.6 +2.2 20.2 -4.4 34.1 -1.3 47.8 +0.0
BPA-GRPO 50.0 +0.0 33.3 +6.7 83.1 -1.2 71.0 -1.4 18.8 -5.9 34.2 -1.2 47.7 -0.1
ZA-GRPO 50.0 +0.0 26.7 +0.0 81.9 -2.4 73.0 +0.6 24.3 -0.4 34.2 -1.2 47.3 -0.5
CCA-GRPO 50.0 +0.0 26.7 +0.0 81.9 -2.4 71.8 -0.6 25.0 +0.4 34.7 -0.7 47.3 -0.5
V-HAV-GRPO 43.3 -6.7 33.3 +6.7 85.5 +1.2 68.2 -4.2 23.5 -1.1 35.4 +0.0 47.2 -0.6
DCA-GRPO 43.3 -6.7 36.7 +10.0 81.9 -2.4 69.4 -3.0 23.5 -1.1 33.0 -2.4 47.2 -0.7
DG-GRPO 43.3 -6.7 30.0 +3.3 86.7 +2.4 71.8 -0.6 23.2 -1.5 33.6 -1.8 47.0 -0.9
PHAV-GRPO 46.7 -3.3 26.7 +0.0 84.3 +0.0 72.4 +0.0 24.6 +0.0 33.9 -1.5 47.0 -0.9
GLA-GRPO 40.0 -10.0 33.3 +6.7 86.7 +2.4 71.8 -0.6 22.1 -2.6 34.7 -0.7 47.0 -0.9
LB-GRPO 53.3 +3.3 23.3 -3.3 83.1 -1.2 69.0 -3.4 23.2 -1.5 35.1 -0.3 46.9 -1.0
OB-GRPO 53.3 +3.3 26.7 +0.0 78.3 -6.0 69.4 -3.0 22.8 -1.8 35.0 -0.4 46.8 -1.0
BIAUX-GRPO 50.0 +0.0 30.0 +3.3 83.1 -1.2 69.2 -3.2 20.6 -4.0 32.3 -3.1 46.8 -1.1
LOO-GRPO 53.3 +3.3 16.7 -10.0 85.5 +1.2 72.8 +0.4 24.3 -0.4 35.4 +0.0 46.7 -1.1
LAV-GRPO 50.0 +0.0 33.3 +6.7 79.5 -4.8 67.6 -4.8 21.0 -3.7 31.0 -4.4 46.5 -1.3
DBL-GRPO 43.3 -6.7 33.3 +6.7 80.7 -3.6 71.0 -1.4 22.8 -1.8 33.3 -2.1 46.5 -1.3
APR-GRPO 43.3 -6.7 26.7 +0.0 83.1 -1.2 71.2 -1.2 26.1 +1.5 35.0 -0.4 46.3 -1.5
CFA-GRPO 33.3 -16.7 33.3 +6.7 85.5 +1.2 75.0 +2.6 24.3 -0.4 34.8 -0.6 46.3 -1.6
UVA-GRPO 46.7 -3.3 20.0 -6.7 86.7 +2.4 73.0 +0.6 23.2 -1.5 33.5 -1.9 45.8 -2.1
ULOO-F-GRPO 36.7 -13.3 40.0 +13.3 77.1 -7.2 70.4 -2.0 20.2 -4.4 34.1 -1.3 45.6 -2.2
DSV-GRPO 43.3 -6.7 30.0 +3.3 80.7 -3.6 69.2 -3.2 23.2 -1.5 31.6 -3.9 45.4 -2.5
AVG-GRPO 43.3 -6.7 30.0 +3.3 83.1 -1.2 68.8 -3.6 21.0 -3.7 31.3 -4.1 45.3 -2.6
MR-GRPO 46.7 -3.3 30.0 +3.3 79.5 -4.8 67.8 -4.6 21.3 -3.3 30.7 -4.7 45.2 -2.6
TV-GRPO 40.0 -10.0 33.3 +6.7 78.3 -6.0 71.0 -1.4 21.3 -3.3 32.7 -2.7 45.2 -2.7
ANCHOR-GRPO 43.3 -6.7 26.7 +0.0 79.5 -4.8 72.4 +0.0 23.2 -1.5 32.7 -2.7 45.2 -2.7
DSA-GRPO 46.7 -3.3 23.3 -3.3 75.9 -8.4 73.6 +1.2 23.2 -1.5 33.0 -2.4 44.9 -3.0
LOO-LB-GRPO 43.3 -6.7 26.7 +0.0 79.5 -4.8 70.4 -2.0 22.8 -1.8 32.9 -2.5 44.8 -3.0
RA-GRPO 40.0 -10.0 26.7 +0.0 84.3 +0.0 69.8 -2.6 21.0 -3.7 31.7 -3.7 44.4 -3.5
EAR-GRPO 36.7 -13.3 26.7 +0.0 80.7 -3.6 72.2 -0.2 22.8 -1.8 34.4 -1.0 44.2 -3.7
BN-GRPO 40.0 -10.0 26.7 +0.0 77.1 -7.2 72.4 +0.0 22.1 -2.6 33.9 -1.5 44.2 -3.7
AR-GRPO 40.0 -10.0 23.3 -3.3 80.7 -3.6 71.6 -0.8 23.2 -1.5 33.2 -2.2 44.0 -3.9
SD-GRPO 33.3 -16.7 26.7 +0.0 81.9 -2.4 71.2 -1.2 22.8 -1.8 31.9 -3.6 43.2 -4.7
RWE-GRPO 36.7 -13.3 20.0 -6.7 77.1 -7.2 72.8 +0.4 24.3 -0.4 35.3 -0.1 42.7 -5.1
BDS-GRPO 36.7 -13.3 23.3 -3.3 75.9 -8.4 71.4 -1.0 21.3 -3.3 32.7 -2.7 42.2 -5.6
ABDR-GRPO 33.3 -16.7 20.0 -6.7 78.3 -6.0 72.4 +0.0 22.4 -2.2 34.1 -1.3 41.7 -6.1
DAL-GRPO 16.7 -33.3 26.7 +0.0 55.4 -28.9 70.8 -1.6 22.1 -2.6 35.1 -0.3 36.2 -11.7
GAA-GRPO 20.0 -30.0 10.0 -16.7 63.9 -20.5 71.2 -1.2 27.6 +2.9 35.0 -0.4 35.6 -12.2
SA-GRPO 20.0 -30.0 13.3 -13.3 54.2 -30.1 73.2 +0.8 23.9 -0.7 33.9 -1.5 34.5 -13.4
HO-GRPO 26.7 -23.3 6.7 -20.0 63.9 -20.5 67.2 -5.2 17.3 -7.4 33.2 -2.2 33.9 -14.0
GCE-GRPO 0.0 -50.0 0.0 -26.7 1.2 -83.1 53.0 -19.4 15.1 -9.6 24.4 -11.0 14.1 -33.8

Table 2: Full held-out reasoning evaluation results for all evaluated variants (percentage points). GRPO (first row)
is the baseline. Small colored numbers denote ∆ vs. GRPO (green: improvement; red: regression). “Overall”
is the fixed weighted average used by the evolutionary selector (weights in Section 4.1). “Olympiad” denotes
OlympiadBench.
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responses and computes group-relative advantages:

µg =
1

G

G∑︂

j=1

rj ,

σg =

⌜⃓
⎷⃓ 1

G

G∑︂

j=1

(rj − µg)2 + ϵ,

Ai =
ri − µg

σg
.

The policy is then updated with a PPO-style objec-
tive and KL regularization against a fixed reference
policy.

Results. Overall 47.8, AIME24 50.0, AIME25
26.7, AMC 84.3, MATH 72.4, Minerva 24.6,
OlympiadBench 35.4.

C.2 Main Experiment: Representative
Improving Algorithms

This subset focuses on representative improving
and regressive cases needed for interpreting the
main search results. AV-GRPO and VM-AV-GRPO
belong to Core Signal Modeling; FA-GRPO and
DFR-GRPO belong to Failure-side Control and
Failure Reshaping; and BN-GRPO serves as a
representative Stabilization and Constraint Con-
trol case. MSA-GRPO is included as an additional
high-performing variant. The Signal Routing and
Conditional Normalization family is analyzed in
more detail in Section E.

AV-GRPO
Motivation. The preceding analysis suggests that
batch-level scaling in BN-GRPO improves stability
but can dilute sparse hard-task success signals.

Method. AV-GRPO replaces empirical scaling
with analytic-variance scaling and stricter format
constraints:

µg =
1

G

∑︂

i

Ri,

µ2,g =
1

G

∑︂

i

R2
i ,

σanalytic =
√︂
µ2,g − µ2

g,

Ai =
Ri − µg

max(σanalytic, σmin)
.

For binary rewards, this reduces to σ =√︁
µ(1− µ), providing a more adaptive scale in

rare-success regimes. This scaling-centered re-
design is paired with a strict format penalty and

a lower entropy coefficient, so the empirical gain
should be interpreted as the effect of a coordinated
design rather than a single isolated substitution.

Results. Overall 50.9, AIME24 56.7, AIME25
36.7, with clear gains over GRPO.

VM-AV-GRPO
Motivation. The analysis of AV-GRPO identifies
a residual mismatch: mixing invalid and valid sam-
ples in shared statistics can create false-positive
incentives for valid-but-wrong outputs.

Method. VM-AV-GRPO applies validity mask-
ing with Bayesian-smoothed valid-subset statistics,
computed only on the format-valid subset, together
with an explicit floor penalty for invalid outputs:

µvalid =

∑︁
i∈V Ri + α

|V |+ α+ β
,

σvalid =
√︁
µvalid(1− µvalid).

The resulting advantage is

Ai =

⎧
⎨
⎩

Ri − µvalid

max(σvalid, σfloor)
, i ∈ V,

Afloor, i /∈ V.

It further applies validity-gated length normaliza-
tion to negative valid advantages:

Lrel = clip

(︃
Li

L̄valid
, 0.5, 2.0

)︃
,

Afinal
i =

{︄
Ai/Lrel, i ∈ V ∧Ai < 0,

Ai, otherwise.

Results. Overall 52.5, AIME25 43.3, AMC
88.0; higher than AV-GRPO on AMC (81.9).

MSA-GRPO
Motivation. MSA-GRPO separates high-
information mixed groups from low-information
uniform groups, since they should not drive updates
with the same magnitude.

Method. MSA-GRPO introduces regime-aware
anchor selection and scaling, where mixed groups
contain both correct and incorrect samples, while
uniform groups contain a single outcome:

σanchor =

{︄
σoutcome, σoutcome > ϵ,

σtotal, otherwise.

Ascaled = Araw ·
{︄
1.0, Mixed,
αuniform, Uniform.
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It then applies multiplicative length scaling:

ratioi =
Li

L̄group
,

Afinal =

{︄
Ascaled · ratioλi , Ascaled > 0,

Ascaled · ratio−λ
i , Ascaled < 0.

Results. Overall 50.7, AIME25 43.3.

FA-GRPO
Motivation. FA-GRPO targets all-fail stagnation
under standard GRPO by adding explicit signal
shaping in all-fail groups.

Method. FA-GRPO uses a two-regime advan-
tage:

Afinal =

⎧
⎪⎪⎪⎨
⎪⎪⎪⎩

clip

(︃
Ri − µg

σg + ϵ
,−3, 3

)︃
, Rmax > 0,

−2.0, Inv,

−0.5, Wrong.

Here, Inv denotes invalid-format outputs and
Wrong denotes valid but incorrect outputs. This
design separates structural errors from reasoning
failures through different penalty magnitudes.

Results. Overall 49.9, AIME25 36.7.

DFR-GRPO
Motivation. Training-dynamics analysis of FA-
GRPO suggests that fixed penalties can destabilize
formatting when mixed directly with normalized
reasoning advantages, and that uniform negative
penalties in all-fail groups create directionless re-
pulsion rather than directional correction.

Method. DFR-GRPO decouples format control
and reasoning quality into independent advantage
streams:

Atotal
i = Areason

i + λfmtA
format
i ,

where Aformat
i tracks format compliance separately

from reasoning quality. In all-fail groups, the rea-
soning stream no longer uses a uniform constant
penalty; instead, it assigns a zero-centered signal
derived from token entropy, so that more informa-
tive failures are compared with less informative
ones rather than being pushed equally. This design
changes failure-side updates from undirected repul-
sion toward directional comparison among failures.

Results. Overall 49.0, AIME25 33.3, AMC
85.5. Relative to FA-GRPO, this revision mainly
regularizes the failure-side signal path, while incur-
ring trade-offs on some hard benchmarks.

C.3 Main Experiment: Stabilization and
Regression Cases

BN-GRPO

Motivation. BN-GRPO aims to suppress noise
amplification through group centering and batch
scaling, while moving KL and entropy terms into
the loss.

Method.

Araw,ij = Rij − µi,

σbatch =

√︄
1

B

∑︂

i,j

A2
raw,ij ,

Afinal,ij = clip

(︃
Araw,ij

σbatch + ϵ
,−3, 3

)︃
.

L(θ) = E
[︁
LCLIP(θ)− βKLDKL + βentH(π)

]︁
.

Results. Overall 44.2, AIME25 26.7. In this
stage, the stabilization objective does not translate
into hard-task gains.

SA-GRPO

Motivation. SA-GRPO uses fixed scaling and a
dual-anchor baseline to avoid extreme advantages
in low-variance groups.

Method.

µanchor = αµgroup + (1− α)µbatch,

Aij =
Rij − µanchor

σfixed
,

with decoupled regularization in the loss:

Ltotal = LCLIP − βKLDKL + γEntH(π).

Results. Overall 34.5, AIME25 13.3, represent-
ing a regression case.

C.4 Response-Length Compression
Experiment: Success and Failure

DACE-GRPO (Success)

Motivation. DACE-GRPO aims to compress re-
sponse length while preserving hard-task correct-
ness, avoiding “compress-first, regress-later” be-
havior.

Method. Difficulty-aware reweighting is applied
via group pass rate:

PassRatei =
1

G

G∑︂

j=1

I(rij > 0.5).
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Anew
acc = Aacc

(︁
1 + α(1− PassRatei)

)︁
,

Anew
eff = Aeff · PassRatei.

Atotal = Anew
acc + βAnew

eff · I(Correcti).
Here, Aeff is computed from z-scored negative re-
sponse lengths within the correct subset, so the
compression signal only acts among correct sam-
ples and is further gated by group pass rate. An
annealed entropy target Htarget(t) supports explo-
ration early and consolidation later.

Results. Overall 51.7 (+3.9), mean length
473.6 → 335.7 words (ratio 0.709); AIME25 40.0,
AMC 86.7.

CAG-GRPO (Success)

Motivation. CAG-GRPO aims to prevent length
collapse driven by disproportionate gradients from
overly short solutions by reformulating efficiency
as a cost term rather than a positive bonus.

Method.

Aeff = min

(︃
µL − Li

µL
, 0

)︃
,

β = βbase · SR2,

Atotal = Aacc + βAeff · I(Correcti).

Here, µL is computed over the correct subset
within a prompt group. The non-positive effi-
ciency adjustment removes explicit bonuses for
being shorter than the mean, reducing the risk of
over-compression.

Results. Overall 49.5 (+1.6), mean length ratio
0.854; AIME25 40.0, AMC 84.3.

DCBE-GRPO (Failure)

Motivation. DCBE-GRPO introduces a relative-
length-improvement efficiency term and difficulty
gating, aiming for stable compression without ac-
curacy collapse.

Method.

RLIi =
µL − Li

µL + ϵ
,

αdiff =

(︃
Ncorrect

Ntotal

)︃2

.

Atotal = Aacc + λαdiff RLIi · I(Correcti).
Here, µL denotes the mean length computed over
the correct subset within a prompt group. In the
implemented recipe, this efficiency path is paired
with a dynamic entropy controller.

Results. Overall 27.8 (−20.0), mean length
ratio 1.333, with increased rather than reduced
length; AIME25 6.7, AMC 45.8. This serves as a
negative case for the combined design, where the
RLI-style efficiency term alone does not explain
the observed failure.

C.5 Summary
Across these representative cases, improvements
are associated with finer signal hierarchy design,
such as validity separation and difficulty-aware
reweighting, rather than stronger penalties alone.
Failure cases indicate that stabilization or efficiency
objectives can degrade hard reasoning when they
are not coordinated with task difficulty and signal
structure.

D Case Study of the Search Workflow

To illustrate how the framework accumulates and
reuses evidence, we present a detailed trace of one
lineage, visualized in Figure 5 and grounded in the
full held-out results in Table 2. This case study
shows how stronger variants emerge under a fixed
protocol, and how failures, revisions, and follow-up
hypotheses are linked across iterations.

The selected lineage follows the path: GRPO →
RF-GRPO → BN-GRPO → AV-GRPO → VM-AV-
GRPO. This path captures two informative phases
of the search process. In the mechanism-family
grouping used in Section 4.2, it begins with Sta-
bilization and Constraint Control (RF-GRPO,
BN-GRPO) and culminates in Core Signal Model-
ing (AV-GRPO, VM-AV-GRPO):

1. Performance gain. Starting from insuffi-
cient use of failure-group signals and unsta-
ble sparse-success amplification, the lineage
passes through stabilization attempts and a
regression before reaching analytic-variance
scaling, which is associated with a clear per-
formance gain.

2. Follow-up correction. After that gain, the
analysis identifies a residual false-positive in-
centive on valid-but-wrong samples, which
motivates validity masking, validity-gated
length normalization, and adaptive entropy
control.

Root: GRPO Baseline
Status: Baseline (Overall: 47.8, AIME25: 26.7%)

The lineage begins with standard GRPO. While
GRPO is competitive across the broader benchmark
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suite, the analysis identifies a bottleneck on sparse-
success benchmarks such as AIME25.
• Observed issue: Under sparse success, the train-

ing signal faces two structural challenges. First,
when only a few samples succeed in a group,
the within-group variance can be small, inflat-
ing advantage scale and inducing update shocks
or distribution collapse. Second, in all-wrong
groups, rewards provide little discriminative rela-
tive structure, yielding weak directional learning
signals. These issues make it difficult to balance
exploration with the consolidation of rare suc-
cessful trajectories on hard prompts.

Attempt 1: Reference Fallback and Damped
Normalization (RF-GRPO)

Status: Targeted gain (Overall: 48.1, AIME25:
26.7% → 33.3%)

RF-GRPO targets sparse-success shocks and
failure-mode lock-in.
• Mechanism: It introduces damped advan-

tage normalization to cap outlier updates,
performance-gated KL fallback to the reference
policy for all-fail groups, and hierarchical format
rewards to provide denser structural feedback.

• Outcome: AIME25 improves over the baseline,
but the overall gain remains limited, and failure-
group noise can still interfere with learning on
the hardest problems.

• Analysis: In this setting, the stabilizing controls
improve training stability, but a remaining is-
sue persists: if failure-group noise is normalized
without distinction, signal contamination can still
hinder hard-task learning.

Stabilization Attempt: Batch-Level Scaling
(BN-GRPO)

Status: Stable but regressive (Overall: 44.2,
AIME25: 26.7%)

BN-GRPO further attempts to reduce failure-
noise contamination by decoupling group centering
and batch-level scaling, while moving KL and en-
tropy regularization explicitly into the optimization
objective.
• Outcome: Although motivated by stability, eval-

uation shows a regression in aggregate perfor-
mance and no improvement over the baseline on
AIME25.

• Analysis: Stabilization alone is not equivalent
to hard-task progress. If the advantage scale is
not aligned with success rarity, suppressing drift

can also attenuate the positive signal needed for
rare-success consolidation.

Main Gain: Analytic-Variance Scaling
(AV-GRPO)

Status: Clear gain (Overall: 50.9, AIME25: 26.7%
→ 36.7%)

Based on the preceding failure and stability anal-
ysis, AV-GRPO replaces empirical-scale heuristics
with analytic-variance scaling for advantage nor-
malization.
• Mechanism 1: Analytic-variance advantage

scaling. Advantages are normalized by an ana-
lytic variance term, so that rarer successes can
produce stronger positive updates.

• Mechanism 2: Stricter format constraints and
conservative entropy regularization. These
changes reduce invalid exploration noise while
preserving effective sparse-signal learning.

• Evidence: This iteration yields a clear jump
on both aggregate and hard-task metrics, includ-
ing an AIME24 score of 56.7, consistent with
the view that calibrated rare-signal amplification
helps difficult reasoning.

Follow-up Refinement: Validity-Masked
Correction (VM-AV-GRPO)

Status: Refinement gain (Overall: 52.5, AIME25:
36.7% → 43.3%)

After the AV-GRPO gain, the analysis identi-
fies a residual mismatch: when invalid and valid
samples enter the same statistics, valid-but-wrong
responses can be over-rewarded.
• Mechanism: VM-AV-GRPO applies validity

masking with Bayesian-smoothed valid-subset
statistics, assigns a floor penalty to invalid out-
puts, and combines validity-gated length normal-
ization with adaptive entropy control.

• Outcome: The update improves Overall and
AIME25 while also yielding a concurrent gain
on AMC (AV-GRPO: 81.9 → VM-AV-GRPO:
88.0).

• Analysis: This pattern is consistent with the view
that separating structural validity from reasoning
quality produces a cleaner sparse-reward signal
hierarchy. The step links an empirical gain to a
residual mismatch and a targeted mechanism re-
vision, rather than treating the first improvement
as the end of the search.
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E Detailed Search Trajectories and
Evidence Accumulation

This section expands the concise analysis in Sec-
tion 5 by making the intermediate turning points,
failed hypotheses, and cross-lineage transfer pat-
terns more explicit.

E.1 Retrospective Evidence on Parent
Retention

Across the 21 comparable parent-selection rounds
in the base branch, three parents are retained in
each round, yielding 63 retained-parent decisions
in total. These retained sets cover about 1.8 top-
level branches on average, and 14 rounds span at
least two branches.

A parent’s score at selection time and its later
contribution are not equivalent. Among the 62
retained-parent decisions whose descendants can
be observed later in the lineage, 43 yield a descen-
dant with higher Overall than the selected parent
itself, with a median gain of +2.6 Overall; 27 im-
prove by more than 3 points, and 12 improve by
more than 5 points. In particular, 27 of the 33 se-
lections whose parent is below the GRPO baseline
eventually lead to descendants that surpass that
baseline.

The evidence becomes sharper when we com-
pare parents selected in the same round. In more
than half of the comparable rounds (11/21), the
parent that eventually produces the strongest de-
scendant is not the selected parent with the highest
Overall score at selection time; across all compara-
ble within-round parent pairs, 26/50 reverse order
between Overall score at selection and eventual
best-descendant score. One representative round
is as follows (numbers in parentheses denote Over-
all scores): ZA-GRPO (47.3), BN-GRPO (44.2),
and Anchor-GRPO (45.2) are retained together; the
strongest later descendant is VM-AV-GRPO (52.5)
from BN-GRPO, whereas the ZA-GRPO branch
peaks at 48.4. Another representative round is as
follows: LAV-GRPO (46.5), GA2-GRPO (49.2),
and RA-GRPO (44.4) are retained together; here
the selected parent with the lowest Overall score,
RA-GRPO, later reaches MSA-GRPO (50.7), ex-
ceeding the GA2-GRPO branch peak of 48.2. Rep-
resentative cases are listed in Table 3. These ob-
servations support retaining parents for future im-
provement rather than filtering solely by current
Overall score; they constitute retrospective rather
than controlled causal evidence.

Table 3: Representative selected parents whose
strongest descendants substantially outperform them.
Scores are Overall. Several cases arise in rounds where
a lower-scoring selected parent later outperforms the
branch of an initially stronger selected parent.

Parent Overall Best descendant Gain

BN-GRPO 44.2 VM-AV-GRPO (52.5) +8.3
Anchor-GRPO 45.2 LNA-GRPO (50.6) +5.4
RA-GRPO 44.4 MSA-GRPO (50.7) +6.3
GLA-GRPO 47.0 PR-GRPO (49.4) +2.4
CFA-GRPO 46.3 OCE-GRPO (48.4) +2.1

E.2 Search Dynamics: Exploration and
Refinement in Mechanism Space

The search trajectory reveals a stepwise refinement
process: each generation typically introduces a lo-
calized mechanism revision, or a compact bundle
of coordinated changes, on top of its parent and is
then filtered by the evaluation protocol. To explain
these turning points, we refer to three core training
signals: (i) advantage, which governs the relative
weight of rare successes versus failures in updates;
(ii) KL divergence, which constrains deviation
from a reference model and controls update size;
and (iii) entropy, which helps diagnose premature
collapse or excessive drift.

The traces indicate that performance jumps of-
ten coincide with restructuring and decoupling
learning-signal pathways rather than simply in-
creasing a single signal magnitude, together with
recalibrating penalties on failures and stability con-
straints. We trace three representative lineages that
align with three of the four mechanism families in
the main text; the remaining family, Stabilization
and Constraint Control, appears as an important
precursor within the first lineage.

(i) Core Signal Modeling with Stabilization and
Constraint-Control Precursors. GRPO (Over-
all 47.8, AIME25 26.7) → RF-GRPO (Over-
all 48.1, AIME25 33.3) → BN-GRPO (Overall
44.2, AIME25 26.7) → AV-GRPO (Overall 50.9,
AIME25 36.7) → VM-AV-GRPO (Overall 52.5,
AIME25 43.3). Main transition: This lineage
refines how sparse successes are safely amplified.
The GRPO baseline suffers from gradient shocks
associated with rare successes and provides no us-
able relative signal in all-fail groups. RF-GRPO
introduces stabilizing controls: damped normal-
ization caps outlier advantages, dynamic reference
fallback mitigates deterministic failure modes, and
hierarchical rewards provide denser format feed-
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Figure 6: Complete view of the full base-branch lineage by tree depth. Nodes are plotted by tree depth and Overall
score, and arrows indicate parent-child relations. Relative to the summary frontier view in Figure 4, this figure
makes the underlying structure explicit: deeper generations still contain exploratory failures, and several strong
descendants emerge only after intermediate regressions or branch-specific refinements.

back. BN-GRPO further exposes a side effect of
per-group whitening: failure groups dominated by
format noise can be amplified to the same magni-
tude as success groups, diluting the rare-success
signal needed for hard tasks. To address this bottle-
neck, AV-GRPO shifts to explicit rare-event model-
ing by anchoring normalization to analytic vari-
ance so that rarer successes can yield stronger
positive updates. VM-AV-GRPO then addresses
a false-positive failure mode: when invalid sam-
ples enter the statistics, valid-but-wrong outputs
can be assigned positive advantages. It restores the
strict gradient hierarchy (invalid ≪ valid-wrong
< valid-correct) via validity masking with valid-
subset statistics, combining this with validity-gated
length normalization and an adaptive entropy con-
troller to further improve AIME25 and Overall,
while still navigating trade-offs on some hard met-
rics.

(ii) Failure-side Control and Failure Reshap-
ing. GRPO (Overall 47.8, AIME25 26.7) →
FA-GRPO (Overall 49.9, AIME25 36.7) → DFR-
GRPO (Overall 49.0, AIME25 33.3). Main tran-
sition: This lineage targets all-fail stagnation and
related failure modes. FA-GRPO attempts to break
the zero-gradient issue by branching on group suc-
cess: it assigns hierarchical fixed penalties in all-
fail groups, with milder penalties for logic errors

and stronger penalties for format errors. Subse-
quent evidence reveals two pitfalls of fixed penal-
ties: mixing scalars with normalized advantages
causes scale mismatch that destabilizes formatting,
and applying uniform negative advantages acts as
“directionless repulsion,” often triggering drift and
verbose failures. DFR-GRPO addresses this by sep-
arating the signals: it decouples format and reason-
ing into two independent advantage streams, and
replaces uniform repulsion with a zero-centered
signal derived from token entropy. This signal
compares more informative failures against less in-
formative ones, so the policy receives a directional
gradient even when all candidates are incorrect,
providing more robust learning signals in all-fail
groups, albeit with trade-offs on the hardest bench-
marks.

(iii) Signal Routing and Conditional Normal-
ization. GRPO (Overall 47.8, AIME25 26.7) →
GLA-GRPO (Overall 47.0, AIME25 33.3) → PR-
GRPO (Overall 49.4, AIME25 36.7) → CDA-
GRPO (Overall 49.0, AIME25 30.0). Main transi-
tion: This lineage illustrates the pitfalls of scalariz-
ing multiple signals too early. While GLA-GRPO
improves stability, it leaves all-fail groups with
little usable learning signal. PR-GRPO makes
routing explicit by partitioning groups into solved,
failed, and mixed regimes: it silences mastered
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groups, penalizes all-fail groups, and normalizes
only mixed-group residuals to improve signal fi-
delity. CDA-GRPO addresses a complementary
bottleneck: aggregating outcome, format, and effi-
ciency into a single scalar can cause interference,
and hard-silencing solved groups creates an effi-
ciency “deadzone.” To address this, CDA-GRPO
splits advantages into independent streams and con-
ditionally normalizes efficiency only within the
correct subset: first be correct, then be short. It
replaces brittle regime cliffs with a continuous op-
timistic baseline, which helps suppress short-and-
wrong tendencies caused by signal conflict. This
supports a core heuristic: secondary objectives
should be introduced through signal decoupling
and conditional normalization so that they comple-
ment, rather than dilute, the primary correctness
signal.

E.3 Evidence Accumulation and
Cross-Lineage Transfer

Based on standardized evaluation across all 64
nodes, we view each iteration as a mechanism-level
experiment: each candidate is associated with an
anticipated bottleneck and a corrective hypothesis,
while evaluation results and key training signals, in-
cluding advantage, KL, and entropy, provide feed-
back for later revisions. This feedback does not
remain isolated within a single path. In later itera-
tions, negative outcomes help mark practical design
limits, while components that repeatedly correlate
with gains are reused in new combinations. We
summarize three primary modes of cross-lineage
knowledge transfer.

Negative-evidence-driven path pruning. Nega-
tive examples are often fed back into later proposals
through analysis summaries of failed or regressive
designs, such as the FA→DFR progression in Sec-
tion E.2. FA-GRPO attempts to inject gradients
into all-fail groups through fixed scalar penalties,
but the later analysis indicates that mixing fixed
penalties with normalized advantages causes scale
mismatch, and applying identical negative signals
to all failures lacks directionality and can induce
policy drift. Consequently, later designs tend to
decouple format control from reasoning quality
into comparable independent streams and intro-
duce zero-centered token-entropy signals in all-fail
groups to reduce directionless repulsion.

Horizontal diffusion of stability mechanisms.
Stability components frequently diffuse across

paths. For example, advantage clipping and explicit
KL regularization are reused across multiple repre-
sentative paths, including BN-GRPO, DFR-GRPO,
and later variants, to suppress excessively large
updates when amplifying rare successes. Later
variants incorporate these regularizers into the loss
function and pair them with clipping to control drift,
shifting stability control from a single global hy-
perparameter to more fine-grained local constraints.
This reuse reduces the overhead of exploring new
algorithmic combinations, allowing more of the
search budget to focus on signal-structure changes
rather than repeated recovery from unstable train-
ing.

Recurring empirical regularities. As the search
proceeds, recurring heuristics across branches
gradually consolidate into empirical rules. First,
in success-scarce regimes, penalties on failures
should generally avoid coupling with length to
prevent a bias toward short but uninformative an-
swers. Second, secondary objectives are better in-
troduced via signal decoupling and conditional nor-
malization so that the primary signal does not over-
whelm finer-grained objectives. VM-AV-GRPO’s
fix for false-positive advantages on valid-but-wrong
samples and CDA-GRPO’s first-be-correct-then-
be-short conditional logic follow the same pattern:
establish comparable, routable learning signals first,
then introduce secondary preferences under con-
trolled conditions.

The lineage structure can therefore be viewed
as a process of evidence accumulation. Negative
examples mark exploration boundaries, component
reuse lowers exploratory overhead, and recurring
regularities give later proposals a stronger starting
point. This helps improve search efficiency and
the quality of algorithm discovery under a fixed
computational budget.

F Training Dynamics under
Length-Compression Constraints

Table 4 summarizes all 11 nodes in the length-
compression branch: the GRPO baseline and 10
generated variants. For readability, the table re-
ports four representative dataset columns explicitly,
while Overall and mean length are computed over
the full six-dataset evaluation suite. Mean length
is the unweighted mean word count across the six
evaluation datasets.

Figure 7 shows the training dynamics of rep-
resentative successful variants under the length-

52521



Algorithm
AIME24
pass@32

AIME25
pass@32

AMC
pass@32

MATH
acc@1 Overall

Mean
Length

Length
Ratio

GRPO 50.0 26.7 84.3 72.4 47.8 473.6 1.000
DACE-GRPO 56.7 40.0 86.7 72.2 51.7 335.7 0.709
CAG-GRPO 46.7 40.0 84.3 73.0 49.5 404.4 0.854
DRE-GRPO 56.7 36.7 80.7 69.6 49.4 318.0 0.671
PR-GRPO 53.3 36.7 80.7 71.2 49.4 532.5 1.124
PAS-GRPO 50.0 30.0 85.5 73.4 48.5 367.7 0.776
DCE-GRPO 43.3 33.3 80.7 72.4 47.4 484.0 1.022
DQG-GRPO 43.3 30.0 80.7 72.0 46.4 325.5 0.687
MCE-GRPO 43.3 33.3 80.7 65.8 45.2 239.5 0.506
CAS-GRPO 43.3 23.3 75.9 69.6 43.1 1092.3 2.306
DCBE-GRPO 10.0 6.7 45.8 65.2 27.8 631.2 1.333

Table 4: Quantitative summary of the length-compression branch. The table includes the GRPO baseline and 10
generated variants. Four representative datasets are shown explicitly; Overall and mean length are computed over
the full six-dataset evaluation suite. Length ratio is computed relative to the GRPO baseline.

compression constraint. Together with the failure
cases summarized in Section C, these traces are
consistent with the view that effective compression
requires controlled length reduction while maintain-
ing comparatively stable entropy and reward tra-
jectories, rather than applying an indiscriminately
stronger length penalty.
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Figure 7: Training dynamics under the length-compression constraint for representative successful variants. The
plots compare entropy, reward, and response length over training.

52523


