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Abstract

Reinforcement learning has become a powerful
approach for enhancing large language model
reasoning, but faces a fundamental dilemma:
training on easy problems can cause overfit-
ting and pass@k degradation, while training
on hard problems often results in sparse re-
wards. Recent question augmentation methods
address this by prepending partial solutions as
hints. However, uniform hint provision may
introduce redundant information while missing
critical reasoning bottlenecks, and excessive
hints can reduce reasoning diversity, causing
pass@k degradation. We propose PieceHint,
a hint injection framework that strategically
identifies and provides critical reasoning steps
during training. By scoring the importance of
different reasoning steps, selectively allocating
hints based on problem difficulty, and progres-
sively withdrawing scaffolding, PieceHint en-
ables models to transition from guided learning
to independent reasoning. Experiments on six
mathematical reasoning benchmarks show that
our 1.5B model achieves comparable average
performance to 32B baselines while preserving
pass @k diversity across all k£ values.

1 Introduction

Reinforcement learning (RL) has emerged as a
powerful paradigm for enhancing LLM reason-
ing capabilities (Guo et al., 2025a; Moshkov et al.,
2025). However, RL-based training faces a funda-
mental dilemma: training on easy problems causes
overfitting and pass @k degradation, while training
on hard problems yields sparse reward signals (Yue
et al., 2025a; Shao et al., 2024).

Various approaches address this challenge
through reward shaping (Zhu et al., 2025; Shao
et al., 2025), process-level supervision (Wang
et al., 2024; Malik et al., 2025), and curriculum
learning (Luo et al., 2025; Parashar et al., 2025;
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Figure 1: RL training dilemma and PieceHint solution.
Top: Missing key insights at reasoning bottlenecks lead
to sparse/zero rewards. Bottom: PieceHint identifies
critical pieces from ground-truth solutions, injects them
as hints to bridge gaps, enabling informative rewards
and pass @k diversity.

Yan et al., 2025b; Li et al., 2025). Question
augmentation offers a complementary direction:
StepHint (Zhang et al., 2025) prepends partial
ground-truth solutions as hints, enabling models to
discover successful trajectories on hard problems.
However, uniform hint provision may introduce
redundant information while missing critical bot-
tlenecks, and excessive hints can reduce reasoning
diversity, causing pass @k degradation.

Figure 1 illustrates the core challenge and our
solution. In reinforcement learning, models re-
ceive rewards only upon generating correct final
answers—partial progress yields no credit. When
facing hard problems, models often fail at specific
reasoning bottlenecks—missing a pivotal lemma,
overlooking a non-obvious insight, or lacking a
critical technique. These bottlenecks act as missing
puzzle pieces: without them, the reasoning chain
cannot be completed. If all attempts fail at these
bottlenecks, reward variance becomes zero, elimi-
nating gradient signals for learning (Figure 1, top).
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Uniform hint provision may address routine deriva-
tions the model can already handle, while leaving
critical reasoning gaps unbridged. This reveals a
key insight: reasoning breakthroughs occur at spe-
cific bottlenecks rather than uniformly across steps,
and identifying and providing these critical puzzle
pieces yields maximum learning benefit.

To address this challenge, we propose Piece-
Hint, which treats critical reasoning steps as puz-
zle pieces that unlock solution pathways (Figure 1,
bottom). Our approach strategically identifies high-
value pieces through value-driven scoring, allocates
them based on problem difficulty and model capa-
bility, and progressively withdraws them during
training, enabling models to transition from scaf-
folded learning to independent reasoning.

Our contributions are:

* We propose PieceHint, a hint injection frame-
work that identifies critical reasoning pieces
and strategically provides them during train-
ing.

* We introduce progressive piece withdrawal
curriculum, enabling transition from scaf-
folded to hint-free reasoning.

» Experiments on six mathematical benchmarks
show our 1.5B model achieves comparable
average performance to 32B baselines while
demonstrating superior parameter efficiency
and preserving exploration diversity.

2 Related Works

Reinforcement Learning for Reasoning. Re-
inforcement learning has emerged as a powerful
paradigm for enhancing LLLM reasoning, particu-
larly in mathematical problem-solving (Guo et al.,
2025a; Moshkov et al., 2025). PPO (Schulman
et al., 2017) and GRPO (Guo et al., 2025a) es-
tablish the algorithmic basis for policy optimiza-
tion with outcome supervision. Subsequent work
has explored improvements across multiple dimen-
sions: reward shaping (Zhu et al., 2025; Shao et al.,
2025), process-level supervision (Wang et al., 2024;
Malik et al., 2025), and chain-of-thought verifica-
tion (Wen et al., 2025; Liu et al., 2023; Liu, 2024;
Liu et al., 2025b; Li et al., 2026).

Sample Efficiency and Exploration. Paral-
lel efforts address sample efficiency and explo-
ration through uncertainty-aware training strategies.

TreeRL (Hou et al., 2025) and VinePPO (Kazemne-
jad et al., 2025) leverage entropy or confidence met-
rics to prioritize high-quality rollouts and improve
credit assignment. MRT (Qu et al., 2025) reuses
partial trajectories at inference time to amortize
computational cost across multiple queries. Cur-
riculum learning strategies have also been proposed
to organize training progression, either by solution
length (Luo et al., 2025; Yu et al., 2025b), prob-
lem difficulty (Parashar et al., 2025), or reasoning
complexity (Yan et al., 2025b).

The Dilemma of Problem Difficulty in RL Train-
ing. Recent work (Shao et al., 2024; Yue et al.,
2025a; Zhao et al., 2025) reveals a fundamental
tension in RL-based reasoning: training on easy
problems can lead to pass@k degradation as mod-
els may overfit to familiar solution patterns, while
training on hard problems often results in sparse
reward signals. To mitigate pass@k degradation,
several methods (Yu et al., 2025a; Liu et al., 2025a;
Fang et al., 2025) employ entropy regularization
through adaptive clipping, temperature tuning, or
periodic reference model updates. These algorith-
mic modifications operate at the optimization level,
adjusting how models learn from existing rollouts.

Question Augmentation for RL. Question aug-
mentation operates at the input level to reshape
problem difficulty. StepHint (Zhang et al., 2025)
prepends sequential partial solutions (e.g., the first
50% of reasoning steps), bridging the gap between
easy and hard problems while improving conver-
gence speed and pass@k preservation. An alter-
native approach (Yan et al., 2025a) provides en-
tire reasoning chains from stronger models as ref-
erence trajectories, though the target model still
explores independently most of the time. While
these methods demonstrate effectiveness, position-
based selection may include routine steps while
potentially missing non-obvious insights that ap-
pear later in solutions, as validated by our ablation
studies (Section 5.3). In contrast to position-based
approaches, our method identifies critical reasoning
bottlenecks through value-driven piece identifica-
tion and scoring, strategically providing hints based
on their impact on learning rather than sequential
position. Furthermore, through progressive piece
withdrawal, we enable models to transition from
scaffolded learning to hint-free reasoning, address-
ing potential generalization limitations of fixed aug-
mentation methods.
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Figure 2: Overview of PieceHint. We identify critical reasoning pieces via value scores, allocate them by model
capability, and progressively withdraw hints during training for hint-free reasoning.

3 Preliminaries

Problem Formulation. We consider mathemati-
cal reasoning as a sequence generation task. Given
a problem ¢ from problem space Q, the goal is to
generate a reasoning trajectory o that leads to the
correct answer. We denote the ground-truth solu-
tion as 7" = [77, 75, ..., 7,], which is a sequence
of reasoning steps, and the final answer as a*. A
generated response o is considered correct if its
extracted answer matches a*.

In question augmentation, we construct aug-
mented prompts by prepending auxiliary informa-
tion as hints to the original problem. Formally, an
augmented prompt is denoted as ¢ = [h; ], where
h represents the hint and [; | denotes concatenation.
The hint h can take various forms depending on
the augmentation strategy—for instance, partial so-
lution steps, key intermediate results, or critical
reasoning components. During RL training, the
model learns from augmented prompts ¢ while be-
ing evaluated on original prompts ¢ without any
hints, ensuring the learned policy generalizes to
hint-free scenarios.

Group Relative Policy Optimization. We adopt
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) as our reinforcement learning algo-
rithm. GRPO addresses the high variance problem
in policy gradient methods by sampling multiple
rollouts per prompt and normalizing advantages
within each group.

Formally, for each prompt ¢, GRPO samples a
group of G rollouts {o;}& | from the current policy

Tod- The advantage function for the ¢-th rollout is
computed via group-wise normalization:
R(Oi) - R

Ay =202
OR

M
where R(0;) denotes the reward for response o;,
and R and oy represent the mean and standard
deviation of rewards within the group { R(oj)}jG:l,
respectively. This advantage A; ; is shared across
all tokens in the sequence.

The optimization objective maximizes a clipped
surrogate loss:

G

>

=1

loil
t=1

min (Ti,tAi,h clip(rie, 1 — €, 1+ e)Ai,t)

1
L(0) = Equp, {0, 1~ |:E ;]
' )

)

where ;1 = mp(0it | q,0i,<t)/Tola(0it | q,0i,<t)
is the importance sampling ratio, € is the clipping
parameter, and |o;| denotes the length of the i-th
response. Following recent work (Yu et al., 2025a;
Liu et al., 2025c), we omit the KL divergence
penalty term in our implementation.

We employ a binary reward function R : Q X
V* — {0,1}, where R(q,0;) = 1 if the final
answer is correct and properly formatted, and
R(q,0;) = 0 otherwise. This sparse reward design
provides clear credit assignment but can lead to
insufficient learning signals on extremely difficult
problems where success rates approach zero.
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4 Methodology

The key insight driving our approach is that rea-
soning steps contribute unequally to problem-
solving success: some represent critical bottle-
necks—pivotal lemmas, non-obvious insights, or
key techniques—where models frequently fail,
while others are routine derivations models can
handle independently. This motivates PieceHint, a
value-driven framework that strategically provides
hints at high-impact bottlenecks rather than uni-
formly covering all steps.

Our method operates through a pipeline com-
bining offline preprocessing and online training
(Figure 2). In the offline phase, we apply variance-
based problem selection (Section 4.1) to identify
problems in the optimal difficulty range from initial
dataset Qjnit, yielding training set QOin. For each
problem ¢ € Oyain, value-driven piece identifica-
tion (Section 4.2) extracts critical reasoning pieces
from ground-truth solutions and assigns importance
scores, followed by piece allocation (Section 4.3)
that determines initial hint budgets based on model
capability. During online training, progressive
piece curriculum (Section 4.4) gradually withdraws
hints, enabling transition from scaffolded learning
to hint-free reasoning.

4.1 Variance-Based Problem Selection

Not all problems are equally suitable for reinforce-
ment learning. Trivially easy problems cause over-
fitting and degrade exploration, while prohibitively
difficult problems provide insufficient reward sig-
nals (Shao et al., 2024; Yue et al., 2025a). We pro-
pose a two-stage selection strategy identifying prob-
lems in the optimal difficulty range—challenging
yet learnable.

Identifying hard problems. Given initial dataset
Oinit, We employ a weak selection model fiyeqk
(comparable or slightly weaker than our training
model) to filter trivially easy problems. For each
problem g € Oy, We sample m reasoning at-
tempts from pyeax, counting correct solutions as
cweak (¢), and construct the hard problem subset:

Ohard = {4 € Qinit | Cweak(9) < a1 -m}, 3)

where « is a threshold parameter, retaining prob-
lems where fiyeax Succeeds at most o - m times
out of m attempts.

Capability-aligned selection. Among Oparg, We
select problems aligning with our training model
po’s current capability. We evaluate g on each

problem without augmentation, sampling m at-
tempts and computing pass@m(q, (o) = Crain(q)
(the number of correct solutions out of m attempts),
yielding:

Qtrain = 19 € Ohard | @2 - M < cypain(q) < az-m}, (4)

where a2 and a3 bound the acceptable success rate
range.

This two-stage filtering removes problems that
are too easy (Cweak(q) > «1 - m), intractable
(cain(q) = 0), or already accessible (Cyain(q) >
a3 - m), retaining those with moderate success
rates—the ideal regime for effective RL. We pre-
serve the success counts {Ciain(q) }gc 0y, for sub-
sequent piece allocation in Section 4.3.

4.2 Identifying Critical Reasoning Bottlenecks

Having identified learnable problems, we next de-
termine which solution parts are most critical. Tra-
ditional methods mechanically truncate solution
prefixes; we propose a value-driven approach iden-
tifying critical bottlenecks where targeted hints pro-
vide maximum benefit.

For each problem ¢ € Qj,in With ground-truth

solution 7% = [77, ..., 7,}] (defined in Section 3),
we employ a stronger LLM to parse 7* into a set
of reasoning pieces P(q) = {p1,...,pn}. Each
piece p; encapsulates a logically complete reason-
ing component that contributes to the solution—for
instance, recognizing a key mathematical structure,
establishing an intermediate lemma, applying a
pivotal calculation technique, or making a critical
variable substitution. The granularity of parsing is
designed to capture semantic reasoning units rather
than arbitrary sentence boundaries, ensuring each
piece represents a meaningful cognitive step in the
problem-solving process.
Value scoring for bottleneck identification. We
employ a stronger LLM to assign each piece a
discrete value score V' (p;) based on three crite-
ria: (1) novelty—whether the insight is non-trivial,
(2) difficulty—whether deriving this step demands
mathematical maturity, and (3) impact—whether
subsequent reasoning critically depends on this re-
sult. High-value pieces correspond to critical bot-
tlenecks where hints substantially reduce problem
difficulty (scoring prompt details in Appendix I).

To enable cross-problem comparison, we nor-
malize scores within each problem via min-max
normalization:

Vmin = Vmax = maX V(p])a (5)

min V(p;), pam
J

p; €P(q)
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po= Yo
yielding normalized values D(p;) € [0,1] with
higher values indicating more critical bottlenecks.
In practice, we observe that value distributions
within problems exhibit clear stratification, with
a small subset of high-value pieces (typically 1-
3 per problem) standing out as pivotal reason-
ing steps. We maintain a global registry R =
{(q¢,P(q),V,D)}4ec0,., storing piece structures
and values for all training problems.

4.3 Piece Allocation

Having identified and scored pieces, we determine
how many hints each problem receives. Problems
vary in difficulty—some require substantial scaf-
folding, others benefit from minimal hints preserv-
ing exploration. We allocate initial piece budgets
based on model capability.

Leveraging the success counts {cirain(q) } g€ Quain
from Section 4.1, we assign initial piece budgets
via a three-tier allocation function. For concise-
ness, we denote ¢(q) = Cyain(¢) as the number of
correct solutions out of m attempts. The allocation
function is defined as:

kmax lf C(q) S [0751 ! m]’
(@) = kmax/2] ifc(q) € (B1-m, B2 -m], (7)
0 if C(q) S (/32 -m, m]7

where k(%) (¢) denotes the initial number of pieces
allocated to problem ¢, and knax, 81, B2 are hyper-
parameters controlling the allocation. Specifically,
hard problems (c(q) € [0, 51 - m]) receive maxi-
mum support (kmax pieces) enabling successful tra-
jectories; medium problems (c(q) € (51-m, B2-m])
receive moderate support (|kmax/2| pieces) im-
proving consistency; easy problems (c(q) € (/2 -
m, m]) receive no hints preserving exploration.
Value-driven piece selection. For problems with
k©(q) > 0, we select the top-£(?)(q) pieces maxi-
mizing the sum of normalized values:

Hyo)(g) = arg max > D(py). ®)
151=k(® (q) P €5

This yields an augmented training set

{(¢; Hy(9)) }qe Quan»  Where  Hyo)(q)  de-

notes the initial hint set for problem ¢. During
training, pieces in Hy o) (q) are prepended to the
original problem to construct augmented prompts
q = [Hy0(q); q]-

4.4 Progressive Piece Curriculum

Having constructed augmented prompts with hints,
we ensure the model eventually learns to solve prob-
lems independently. Fixed augmentation perpetu-
ally providing hints may hinder generalization; we
implement a progressive curriculum gradually with-
drawing hints during training, enabling transition
from scaffolded learning to independent reasoning.

Using the augmented training  set
{(¢. Hy0)(2)}geu, from Section 43, we
train via GRPO while implementing this cur-
riculum. At each training iteration, we sample
problems from Q.in and construct augmented
prompts by prepending the current hint set Hy(q)
(initially set to Hj0)(q)). The model generates re-
sponses and receives binary rewards per Section 3,
with policy updates following the GRPO objective.
As training progresses, different problems advance
through the curriculum at different rates depending
on their sampling frequency. Each problem ¢
maintains a sampling counter s(¢) (initialized to
zero) tracking its training exposure.
Frequency-based withdrawal mechanism. When
5(q) mod Ncheck = 0 (i.e., every Neheck samples
of problem ¢) and the current hint set is non-empty
(|Hk(g)| > 0), we remove the least valuable piece
to preserve critical bottlenecks longer:

Premove = arg min D(pz)z
pi€Hy(q) )

Hk(q) — Hk(q) \ {premwe},

where D(p;) is the normalized value from Eq. 6.
This implements three design principles: (1) per-
problem sampling frequency ensures proportional
progression regardless of global training dynamics,
(2) removing one piece per Ncpeck Samples enables
smooth transitions—a problem with k(0 (¢) pieces
receives k(9 (q) X Neneek training samples with
gradually decreasing support, and (3) removing
low-value pieces first preserves support at critical
bottlenecks while building independence on sim-
pler steps.

For a problem initially assigned k(%) (¢) pieces,
all hints are withdrawn after exactly k(%) (g) x
Ncheck samples of that specific problem. Once
Hy(q) = 0, the problem continues training with-
out any hints, forcing the model to solve it inde-
pendently. This ensures the model develops robust
hint-free reasoning capabilities that generalize to
evaluation scenarios where no ground-truth infor-
mation is available.

21169



Table 1: Main results on mathematical reasoning benchmarks. We report pass@ 1 accuracy (%). The best results are

bolded, and the second-best results are underlined.

Method AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad Avg.
Baseline Models

1.5B Models

DeepSeek-R1-Distill-1.5B (Guo et al., 2025a) 24.4 21.8 63.6 72.1 26.2 434 41.9

Qwen3-1.7B (Yang et al., 2025) 30.6 47.5 69.0 84.1 354 53.7 53.4

Nemotron-1.5B (Moshkov et al., 2025) 44.0 34.2 82.7 88.5 22.3 61.2 55.5

4-8B Models

DeepSeek-R1-Distill-7B (Guo et al., 2025a) 39.6 29.9 78.8 80.3 40.0 55.1 54.0

Qwen3-4B (Yang et al., 2025) 47.5 37.3 80.0 85.1 40.4 58.5 58.1

32B Models

DeepSeek-R1-Distill-32B (Guo et al., 2025a) 3.1 39.5 87.3 86.0 451 61.2 62.0
PieceHint (Ours)

PieceHint-DeepSeek-1.5B 35.8 25.5 71.2 87.7 36.7 50.1 51.2

PieceHint-Qwen3-1.7B 422 38.8 80.4 89.8 41.6 62.4 59.2

PieceHint-Nemotron-1.5B 54.5 43.7 89.1 91.3 28.5 68.3 62.6

5 Experiments

5.1 Experimental Setup

Datasets. We construct training datasets through
a systematic filtering pipeline applied to the
OpenR1-Math-220K dataset.  Following the
variance-based problem selection strategy de-
scribed in Section 4.1, we employ DeepSeek-R1-
Distill-1.5B as the weak selection model piyeqx tO
filter trivially easy problems. Each base model then
uses its own initial checkpoint as the capability
reference model g to perform capability-aligned
selection, resulting in model-specific training sets
Ohrain containing problems within the target diffi-
culty range for reinforcement learning.

Implementation Details. Our implementation
is based on the VeRL training framework (Sheng
et al., 2025). We configure the training pipeline
with a rollout batch size of 512 and an update
batch size of 32, performing 16 rollout samples
per prompt. During rollout generation, we employ
nucleus sampling with Top-p p = 1.0 and temper-
ature 7 = 1.0. We train for 2,400 gradient update
steps, corresponding to approximately 1 million
rollout samples. All experiments are conducted on
8xXNVIDIA A100 80GB GPUs. Full hyperparame-
ters are provided in Appendix B.

Evaluation. We evaluate our method on six math-
ematical reasoning benchmarks: AIME24 (MAA,
2025), AIME25 (MAA, 2025), AMC23 (MAA,
2023), MATHS500 (Hendrycks et al., 2021), Min-

erva (Lewkowycz et al., 2022), and Olympiad (He
et al., 2024). During evaluation, we use Top-p sam-
pling with p = 1.0 and temperature 7 = 1.0. We
report pass @k metrics following (Yue et al., 2025b)
and (Chen et al., 2021), with answer verification
performed using the Math-Verify tool (Hugging-
Face, 2025).

5.2 Main Results

Table 1 compares PieceHint against baseline mod-
els across six mathematical reasoning benchmarks.
PieceHint-Nemotron-1.5B achieves competitive
performance with the 32B DeepSeek baseline,
reaching comparable average accuracy while us-
ing 20x fewer parameters (1.5B vs. 32B), with
particularly strong performance on competition-
level problems (AIME24, AIME25, AMC23) and
MATHS500. PieceHint-Qwen3-1.7B and PieceHint-
DeepSeek-1.5B also demonstrate substantial im-
provements over their respective base models, out-
performing significantly larger 4B baselines. By
strategically identifying critical reasoning bottle-
necks through value-driven piece selection, allo-
cating hints based on problem difficulty, and pro-
gressively withdrawing scaffolding during training,
small models can develop robust reasoning capabil-
ities that rival those achieved through conventional
parameter scaling.

5.3 Ablation Studies
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Table 2: Comprehensive ablation studies on PieceHint components. All experiments use Nemotron-1.5B as the base
model. The best result in each group is bolded with distinct colors.

Component Method AIME24 AIME25 AMC23 MATH500 Minerva Olympiad Avg.
Problem Selection Strategy
Hard Problems Only 49.8 39.2 84.6 88.1 26.3 63.5 58.6
Problem  p . 1dom Selection 529 421 878 90.2 27.8 668 613
Selection N
Variance-Based
Piece Selection Strategy
50% Prefix Truncation 46.8 36.2 82.5 86.3 25.8 61.4 56.5
Piece Random Piece Selection  49.2 38.9 85.1 88.2 26.7 63.8 58.7
Selection 25% Prefix Truncation 51.7 41.3 86.8 89.5 27.3 65.9 60.4
Value-Driven
Progressive Curriculum
Progressive w/o Withdrawal 52.1 41.5 87.3 89.8 27.6 66.2 60.8
Curriculum  w/ Withdrawal
551 Hard-only 551 50% Prefix 551 w/o Progressive
Random Random Ours
—_ Ours —_ 25% Prefix —_
X xX Ours X
=501 =50 =501
® © ®
3 3 3
=% Ay =%
451 451 451
0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000

Gradient Steps

(a) Problem Selection Strategy

Gradient Steps

(b) Piece Selection Strategy

Gradient Steps

(c) Progressive Curriculum

Figure 3: Training dynamics on AIME24 across ablation variants. All curves start from similar initial performance
and diverge as training progresses, with PieceHint (red solid lines) consistently achieving the highest final perfor-

mance while maintaining stable convergence.

We conduct ablation studies to validate the ef-
fectiveness of each component in PieceHint. We
systematically evaluate three core design choices:
variance-based problem selection, value-driven
piece selection, and progressive curriculum. All
ablation experiments use Nemotron-1.5B as the
base model to ensure controlled comparison. Ta-
ble 2 presents quantitative results, and Figure 3
illustrates the training dynamics.

Impact of Problem Selection Strategy. Table 2
(top) and Figure 3(a) compare three strategies.
Hard-only includes intractable problems provid-
ing insufficient signals; random sampling achieves
moderate results but lacks systematic difficulty tar-
geting. Variance-based selection outperforms both
by focusing on challenging yet learnable problems
within the model’s capability range, validating that
capability-aligned filtering is essential.

Impact of Value-Driven Piece Selection. Ta-
ble 2 (middle) and Figure 3(b) compare value-
driven piece identification against position-based
and random selection baselines. Random selec-
tion samples pieces without considering their im-
portance, while prefix truncation strategies se-
lect pieces based on sequential position. Among
position-based methods, 50% prefix truncation per-
forms worst by including excessive redundant early
steps, while the 25% variant achieves better results
but both miss critical bottlenecks appearing later.
Random selection achieves moderate performance
but lacks systematic targeting. Value-driven se-
lection consistently outperforms all baselines by
strategically identifying pivotal lemmas and key
insights regardless of position, demonstrating that
bottleneck-focused augmentation is substantially
more effective than uniform coverage.

Impact of Progressive Curriculum. Table 2
(bottom section) and Figure 3(c) validate the ef-
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Figure 4: Pass@k performance across different sampling budgets showing convergent behavior at higher k values.

fectiveness of progressive piece withdrawal. The
variant without progressive curriculum maintains
fixed hint sets throughout training, leading to over-
reliance on scaffolding and degraded performance
when evaluated without hints. Progressive with-
drawal achieves superior performance by gradually
reducing hint dependency while preserving strate-
gic guidance, enabling the model to internalize
critical reasoning patterns and generalize robustly
to hint-free scenarios.

5.4 Pass@k Analysis

Figure 4 shows pass @k performance across sam-
pling budgets. PieceHint consistently outperforms
both base models and standard RL training across
all k values, with particularly pronounced gains at
lower k values. The consistent improvement across
increasing k demonstrates that strategic piece injec-
tion enhances solution diversity rather than creating
hint dependency—by providing learning signals at
critical bottlenecks and then progressively with-
drawing guidance, models develop diverse reason-
ing strategies through independent exploration. As
k increases, the performance gap gradually narrows,
though PieceHint maintains advantages throughout
the sampling range.

5.5 Case Study

Figure 5 analyzes hint strategies on a combinatorial
problem (Appendix J). When models fail at critical
reasoning bottlenecks, sparse rewards provide no
learning signals. We compare: 50% prefix wastes
hints on routine steps the model can handle; ran-
dom selection hits bottlenecks inefficiently; Piece-
Hint identifies where models actually struggle and
strategically bridges these gaps. This demonstrates
that effective augmentation requires understanding
which specific reasoning barriers block learning,

Problem: Uncle Wang raises chickens, rabbits, and geese. Geese stand on 2 feet
during the day and 1 foot at night; chickens hide their heads at night. If a total
of 56 legs are counted during the day, how many heads can be counted at hight?
Answer: 14 | Full details in Appendix

Normalized Value Score I
50% Prefix Random Selection PieceHint (Ours)
(Steps 1-3) (Steps 1,4, 6) (Steps 4, 6, 5)
S1:Day vars S1:Day vars

S3:Compute diffs

S5: Solve C+R=14

1
1
1
1
1
I S2:Night vars
1
1
1
I

Performance:
Minimal

Key Insight: Step 4 is the critical bottleneck.

Figure 5: Hint strategy comparison (Appendix J). Piece-
Hint targets actual learning bottlenecks, unlocking re-
ward signals.

not just providing arbitrary solution fragments.

6 Conclusion

We present PieceHint, a value-driven framework
that strategically provides hints at critical reason-
ing bottlenecks during reinforcement learning. Un-
like uniform hint provision, PieceHint identifies
where models actually struggle and bridges these
gaps through value-driven piece selection, adap-
tive allocation, and progressive withdrawal, en-
abling transition from scaffolded to hint-free rea-
soning. Experiments on six mathematical bench-
marks show our 1.5B model achieves compara-
ble performance to 32B baselines while preserving
solution diversity, demonstrating remarkable pa-
rameter efficiency. We further validate scalability
to 7B models (Appendix F) and generalization to
code generation (Appendix G), confirming that the
core mechanism transfers across model scales and
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reasoning domains. Future work includes inves-
tigating fully adaptive withdrawal strategies that
dynamically adjust based on real-time model capa-
bility assessments.

Limitations

PieceHint demonstrates strong performance across
1.5B and 7B parameter models (Appendix F), and
generalizes to code generation tasks beyond mathe-
matics (Appendix G). Our frequency-based with-
drawal uses a fixed schedule (/Vcheck), trading adap-
tivity for simplicity. While adaptive strategies that
dynamically adjust withdrawal rates and hint alloca-
tions based on real-time model capability could po-
tentially improve performance, they would require
continuous evaluation of model mastery on each
problem to determine optimal training data and
hint provision, significantly increasing engineer-
ing complexity and computational cost. Our fixed-
schedule approach represents a practical trade-off
between performance optimization and training ef-
ficiency. Additionally, PieceHint’s offline prepro-
cessing relies on a stronger LLM as an external
oracle; as shown in Appendix D, the framework
is robust to the choice of scoring model, but this
dependency represents a structural boundary con-
dition of the method.
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A Additional Related Work

This section surveys concurrent and complemen-
tary work in reinforcement learning for LLM rea-
soning that further contextualizes PieceHint.

Policy optimization and gradient stability. A rich
body of recent work improves the optimization dy-
namics of RL-based LLM training. Several studies
identify structural issues in standard advantage esti-
mation: Yang et al. (2026) analyze biases inherent
in group-relative advantage computation, while Yu
et al. (2026) reveal implicit symmetry problems in
GRPO that hinder exploration and difficulty adap-
tation—a challenge that PieceHint addresses from
the input side by providing targeted scaffolding
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rather than relying solely on the optimizer. At the
gradient level, Fu et al. (2026a) address divergence
in soft clipping objectives via bilateral decoupled
decay of probability gradient weights, and Fu et al.
(2026b) unify gradient utilization, probability mass
management, and signal reliability for more robust
reasoning. Complementary to these optimization-
level methods, Tan et al. (2025) propose bottom-up
policy optimization that leverages internal policies
latent within pre-trained language models. Dy-
namic resource allocation has also been explored:
Fang et al. (2026a) study how to jointly optimize
rollout allocation and advantage modulation, which
is orthogonal to PieceHint’s input-level hint allo-
cation and could be combined to further improve
sample efficiency. These approaches all operate
at the optimization level and are compatible with
PieceHint as drop-in enhancements to the training
pipeline.

Reward modeling and credit assignment. Re-
liable reward signals are critical for RL training.
Cai et al. (2025) study RL under verifiable yet
noisy rewards from imperfect verifiers, and Cai
and Sugiyama (2026) propose confidence-guided
variance reduction to stabilize verifier-independent
RL reasoning—both addressing the signal quality
issues that motivate PieceHint’s use of binary out-
come rewards with strategic hint injection. Ding
et al. (2026) propose aligning process-level and
outcome-level rewards in policy optimization, of-
fering a supervision signal complementary to Piece-
Hint’s piece-level scaffolding. Liu et al. (2026)
develop contrast-driven rubric generation for more
reliable and interpretable reward modeling, and
Huang et al. (2026a) investigate whether reasoning
models can implicitly learn to regulate their own
thinking depth—both relevant to understanding the
interaction between hint provision and autonomous
reasoning development. Beyond single-turn set-
tings, Fang et al. (2026b) address credit assignment
in multi-turn LLLM agent training, sharing the core
motivation with PieceHint that sparse terminal re-
wards are insufficient for effective learning. On
the preference alignment side, Huang et al. (2025)
study adaptive sample scheduling for direct pref-
erence optimization, and Huang et al. (2026b) ex-
plore reward modeling beyond semantic alignment.
Exploration, temperature control, and model ef-
ficiency. Effective exploration is essential when re-
ward signals are sparse. Zhou et al. (2026) propose
learning temperature policies from LLM internal
states via hierarchical RL, dynamically adapting

sampling diversity in a manner complementary to
PieceHint’s progressive hint withdrawal. Zhang
et al. (2026) study collaborative RL among het-
erogeneous agents, extending the multi-agent per-
spective to settings where diverse reasoning strate-
gies must be coordinated. On model efficiency,
Zhou et al. (2025) propose retraining-free pruning
for sparse mixture-of-experts models, enabling de-
ployment of capable base models at reduced cost.
Finally, Guo et al. (2025b) apply tree-structured di-
alogue policy optimization to red-teaming, demon-
strating the breadth of domains where RL-based
policy learning continues to advance.

B Training Configuration Details

Tables 3 and 4 present the complete training con-
figurations. Table 3 shows general hyperparam-
eters shared across all experiments, while Ta-
ble 4 presents model-specific problem selection
and piece allocation parameters.

C Direct Comparison with StepHint

To isolate PieceHint’s gains from the choice of
hint strategy, we conduct a controlled head-to-
head comparison with StepHint (Zhang et al.,
2025) under identical experimental conditions:
the same base model (Nemotron-1.5B), training
dataset, hyperparameters, and computational bud-
get. StepHint prepends the first 25% of ground-
truth solution steps as positional prefix hints—the
best-performing variant of StepHint as identified in
our ablation studies (Table 2).

Table 5 shows that PieceHint consistently out-
performs StepHint across all six benchmarks,
with an average improvement of 3.8 points (62.6
vs. 58.8). The gap is most pronounced on
competition-level benchmarks (AIME24: +4.7,
AIME25: +4.2, AMC23: +3.7), where critical
bottlenecks tend to appear later in solutions and
are systematically missed by positional prefix se-
lection. These results confirm that value-driven
identification of reasoning bottlenecks provides
a clear advantage over position-based hint allo-
cation: mechanically truncating the first k% of
steps may cover routine early derivations while
leaving the pivotal insights—which often appear
mid-solution—unscaffolded.

D Scoring Robustness Analysis

PieceHint relies on an LL.M-based scoring step to
assign value scores to reasoning pieces. We analyze
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two potential sources of instability: the choice of
scoring model and sensitivity to prompt phrasing.

Cross-Model Scoring Consistency

We preprocess 1,000 training problems using three
different LLM backends and measure both end-to-
end performance and the agreement among top-k
piece selections.

Performance variance across LLM backends is
minimal (<0.6 average points), confirming that the
framework is robust to scoring model choice. To
understand why, we further measure cross-scorer
agreement on 500 problems:

High piece-selection overlap (82-87%) and
strong rank correlations (p = 0.80-0.86) indicate
that different LLMs converge on similar high-value
bottlenecks. The framework’s resilience stems
from top-k selection: as long as scorers agree on
which pieces are high-value—which they consis-
tently do—minor disagreements on lower-ranked
pieces do not affect training. We additionally ran
GPT-4 preprocessing three times on the same 500
problems at temperature=0, achieving 96% top-
3 overlap across runs (std = 3.3%, Pearson r =
0.94 4 0.02), confirming strong within-model re-
producibility despite minor API non-determinism.

Prompt Sensitivity Analysis

We test five prompt variants that change wording
while preserving the same three scoring criteria
(novelty, difficulty, impact). The Piece Overlap
Rate measures the fraction of problems where the
top-3 selected pieces match the original prompt’s
selections.

Despite variations in prompt phrasing, piece se-

lection remains highly consistent (85-89% overlap)
and final performance stays stable with <0.6 point
variation. This demonstrates that PieceHint is ro-
bust to prompt phrasing as long as the core scoring
criteria are preserved.
Preprocessing cost and failure modes. Scoring is
a one-time offline step requiring one LLM API call
per training problem; results are fully cacheable
for all subsequent training runs. We analyzed fail-
ure modes on 100 randomly sampled problems
and found that the most common failure is over-
granular decomposition, where a single insight is
split into multiple pieces. Our min-max normal-
ization and top-k selection handle such granularity
differences and noisy scores effectively.

E Robustness to Corrupted Hints

A critical question is whether incorrect or adver-
sarial pieces can cause catastrophic failure and
whether RL training might amplify early hint bias.
We address both concerns directly.

Performance Under Corrupted Hints

We deliberately inject errors into piece decomposi-
tion and scoring to simulate realistic failure modes,
using Nemotron-1.5B as the base model.

Even under adversarial conditions where hints
actively mislead, performance drops remain mod-
est (at most —3.9 on AIME24 and —2.7 on
MATHS00). Two protective mechanisms explain
this graceful degradation: (1) RL exploration dis-
covers correct solutions despite misleading hints
via binary outcome rewards that signal when hint-
following fails, and (2) the scaffolding regime pro-
vides intermediate checkpoints rather than end-to-
end solutions, requiring models to bridge gaps
through independent reasoning and thereby lim-
iting the damage any single incorrect piece can
cause.

Progressive Withdrawal Prevents Bias
Amplification

If RL were amplifying hint dependency, we would
expect models trained with fixed hints to perform
worse when hints are removed at evaluation. The
ablation in Table 2 already demonstrates the op-
posite: progressive withdrawal (62.6 avg.) sub-
stantially outperforms fixed hints (60.8 avg.), con-
firming that models learn generalizable reasoning
strategies rather than hint-specific shortcuts.

Further evidence comes from our pass@Fk anal-
ysis (Section 5.4): if hints biased exploration,
pass@k curves would degrade at higher k£ as mod-
els converge to hint-dependent trajectories. Instead,
we observe sustained gains across all k values (Fig-
ure 4), confirming enhanced solution diversity.

The mechanism preventing bias amplification
involves three factors: (1) binary outcome rewards
correct hint-following failures, (2) RL exploration
discovers alternative solution paths beyond scaf-
folded trajectories, and (3) gradual withdrawal
forces trajectory revalidation, preventing memo-
rization of hint-specific patterns.

F Scalability to Larger Models

While our main experiments focus on 1.5B param-
eter models where targeted hint allocation provides
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the most benefit, we validate PieceHint’s scalabil-
ity to larger models. We apply the same PieceHint
pipeline to DeepSeek-R1-Distill-7B, using its own
checkpoint as the capability reference model i for
variance-based selection.

PieceHint achieves the highest performance
across all benchmarks, outperforming both the
backbone and GRPO baseline. The framework
delivers substantial improvements on competition-
level benchmarks (AIME24: +14.7, AIME25:
+14.0, AMC23: +14.6 over backbone) and mean-
ingful gains on reasoning-focused tasks (Minerva:
+3.4, Olympiad: +4.4).

As expected, relative gains are somewhat smaller
than for 1.5B models: stronger 7B models en-
counter fewer critical bottlenecks per problem, so
targeted hint allocation provides proportionally
less benefit. The capability-aligned problem selec-
tion automatically accommodates this by assigning
fewer hints to more capable models—validating
that the framework scales gracefully across model
sizes without manual recalibration.

G Code Generation Experiments

To validate that the core insight of PieceHint gen-
eralizes beyond mathematical reasoning, we ap-
ply the framework to code generation. We use
DeepSeek-R1-Distill-Qwen-7B as the base model
and evaluate on LiveCodeBench and CodeForces.
Domain adaptation. PieceHint transfers naturally
to code: variance-based problem selection identi-
fies appropriately challenging coding tasks, value-
driven piece identification scores algorithmic steps
by complexity and novelty (e.g., recognizing the
appropriate data structure, identifying an edge case
invariant, applying a non-obvious algorithm), and
progressive withdrawal prevents over-reliance on
code scaffolding. Domain adaptation requires only
adjusting piece decomposition and scoring criteria
to code-specific characteristics.

PieceHint achieves the highest performance
across both benchmarks, substantially outperform-
ing the GRPO baseline (LCB Avg@16: +4.9, LCB
Pass@16: +3.7, CF Rating: +238, CF Percentile:
+16.5 pp). These results confirm that the core mech-
anism—strategically scaffolding critical reasoning
bottlenecks then progressively withdrawing scaf-
folding—generalizes to structured problem-solving
domains beyond mathematics, provided the domain
supports verifiable outcome rewards and decompos-
able solution steps.

H Software Dependencies

Table 12 lists the key software packages and their
versions used in our implementation.

Our implementation is available at [anonymized
for review] and will be released upon publication
with a complete requirements.txt and Docker
environment for reproducibility.

I Value Scoring Prompt

We employ GPT-4 to assign discrete value scores
Vipi) € {1,2,3,4,5} to each reasoning piece by
holistically considering three criteria with empha-
sis on impact. Raw scores are then normalized
within each problem using min-max normalization
(Eq. 6).

Value Scoring Prompt Template

Rate the importance of this reasoning step
on a scale of 1-5.
Consider three
Impact):

criteria (prioritize

* Novelty: Is this insight non-trivial or creative?

e Difficulty: Does it require mathematical ma-
turity?

e Impact: Do subsequent steps critically depend
on it?

Scoring guidelines:

1 = Trivial
answer)

(e.g., restating the

* 2 = Routine (standard manipulations)

e 3 = Moderate (requires reasoning, not
critical)

e 4 = Important (valuable insight)

e 5 = Critical bottleneck
solution if missing)

(blocks

Problem: [Insert problem statement]
Reasoning step: [Insert piece text]
Output: A single integer from 1 to 5

Example Application:

Problem: Some of 100 towns are connected
by roads. For each two towns A and B
connected by a road, there exists a town
C not connected to at least one of A or B.
What is the maximum possible number of
roads?

Decomposed Steps & Scores:
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J Case Study Problem Details

This appendix provides complete details for the
case study analyzed in the main text. We present
a combinatorial reasoning problem where models
must derive a non-obvious invariance relationship.
Table 13 shows the 7 reasoning steps with nor-
malized value scores. Table 14 compares three
hint allocation strategies, demonstrating that value-
driven selection yields 7x better outcomes than
position-based coverage.

Problem Statement

Context: Uncle Wang raises chickens (C),
rabbits (R), and geese (G). Geese stand on
both feet during the day, one foot at night.
Chickens hide their heads when sleeping.
Rabbits show no behavioral changes.
Observation: The difference between feet
and heads remains constant day and night.
Given: 56 legs counted during the day.
Question: How many heads at night?

Answer: 14
g J

Solution Process (7 Steps)

Let C, R, GG denote chickens, rabbits, geese.
Steps 1-2: Express day (heads: C + R+ G,
feet: 2C + 4R + 2G, diff: C + 3R+ G) and
night (heads: R + G, feet: 2C' + 4R + G,
diff: 2C' + 3R).

s 3 e N
1. Restate condition in graph the- Score: 2 Step 3: Day diff = C' + 3R + G; Night diff
ory terms. =2C +3R.

2. Recognize this prevents com- Score: 2 Step 4 (Critical): Since equal: C'+ 3R +
plete graph. G=2C+3R =

3. Hypothesize removing perfect Score: 4 Step 5: From 2C + 4R + 2G = 56 and
4. Calculate: (')") — 50 = 4900 Score: 2 Steps 6-7: Nightheads= R+G = R+C =
edges. L 14 )
5. Verify construction satisfies Score: 5

condition.

6. Conclude maximum is 4900.  Score: 1 Why Step 4 Gets Highest Score (D =
Normalized: Vi, = 1, Vipax = 5 = 094)

D(p;): [0.25, 0.25, 0.75, 0.25, 1.00, 0.00] Novelty: Non-obvious that "same differ-
Step 5 receives the highest score as it criti- ence" implies G = C; requires abstract al-
cally establishes correctness—without veri- gebraic reasoning.

fication, the construction remains unproven. Difficulty: Must manipulate two complex

equations simultaneously; error-prone.
Impact: Gateway step—without G = C,
all subsequent steps blocked.

Empirical: Without Step 4: 0/16 succeed
(0%); with Step 4: 7/16 succeed (43.8%).
Step 4 alone yields 28.1%, vs. Steps 1-3
combined (6.2%).

- J

Strategy Comparison (3 hints each)

(1) Position-based fails: 50% prefix misses
critical Step 4 (6.2% pass@16).

(2) Random unstable: Includes Step 4 with
only 33% probability.

(3) Value-driven succeeds: Always pro-
vides Step 4, achieving 43.8% (7.1x im-
provement).

Conclusion: Strategic allocation at high-
value bottlenecks yields 7x better out-

comes.
- J
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Table 3: General training hyperparameters and system configuration (shared across all models).

PieceHint-Specific Parameters

Withdrawal Checkpoint (Ncheck) 2 ‘ Max Initial Pieces (kpax) 3

Model Configuration
Gradient Checkpointing Enabled Activation Offload Disabled
LoRA Rank 0 (Disabled) Fused Kernels Disabled
Remove Padding Enabled FSDP Strategy Fully Sharded
Forward Prefetch Disabled Reshard After Forward Enabled
Parameter Offload Disabled

Optimization

Learning Rate 1x1076 Weight Decay 0.1
Gradient Clipping 1.0 LR Warmup Steps 10
Warmup Style Constant Min LR Ratio 0.0

GRPO Configuration
Mini Batch Size 32 Clip Ratio 0.2
KL Loss Coefficient 0.0 Advantage Estimator GRPO

Rollout & Generation
Inference Engine vLLM Tensor Parallel Size 2
Samples per Prompt (n) 16 Temperature (7) 1.0
Top-p (p) 1.0 Top-k -1 (Disabled)
Max Prompt Length 2048 Max Response Length 8192
Do Sample True Ignore EOS False
GPU Memory Utilization 0.8 Max Batched Tokens 10240
Max Num Sequences 1024 Chunked Prefill Enabled
Enforce Eager Mode True Load Format dummy_dtensor

Data Configuration

Train Batch Size 512 Validation Batch Size 512

Dataloader Workers 8 Shuffle Training Data True

Max Prompt Length 2048 tokens Max Response Length 8192 tokens
Hardware & Training Schedule

Number of Nodes 1 GPUs per Node 8

GPU Type A100 80GB Total GPUs 8

Total Gradient Steps 2,400 Total Rollout Samples M
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Table 4: Model-specific problem selection and piece allocation parameters. Each model uses its own checkpoint as
the capability reference model p for variance-based selection.

Parameter PieceHint-DeepSeek-1.5B  PieceHint-Qwen3-1.7B  PieceHint-Nemotron-1.5B

Problem Selection Thresholds (Section 4.1)

ag (hard filter) 0.2 0.2 0.2
a2 (min capability) 0.1 0.1 0.1
a3 (max capability) 0.4 0.4 0.4

Piece Allocation Thresholds (Section 4.3)

(31 (hard tier boundary) 0.15 0.15 0.15
(2 (medium tier boundary) 0.35 0.35 0.35

Table 5: Controlled comparison between PieceHint and StepHint under identical settings. Base model: Nemotron-
1.5B.

Method AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad Avg.
No Hints (baseline) 44.0 34.2 82.7 88.5 22.3 61.2 55.5
StepHint (25% prefix) 49.8 39.5 85.4 88.9 25.1 64.2 58.8
PieceHint (ours) 54.5 43.7 89.1 91.3 28.5 68.3 62.6

Table 6: Performance across different LLM scoring backends (Base model: Nemotron-1.5B).

Scoring Model AIME24 AIME25 AMC23 MATHS500 Minerva Olympiad Avg.
GPT-4 (original) 54.5 43.7 89.1 91.3 28.5 68.3 62.6
DeepSeek-V3.2 54.1 433 88.7 91.0 28.2 67.9 62.2
Gemini-3-Flash-Preview 53.8 43.0 88.5 90.8 28.1 67.7 62.0

Table 7: Cross-LLM scoring consistency on 500 problems.

Scorer Pair Top-3 Piece Overlap ~ Spearman p
GPT-4 < DeepSeek-V3.2 87% 0.86
GPT-4 <+ Gemini-3-Flash 84% 0.83
DeepSeek <+ Gemini 82% 0.80

Table 8: Robustness to prompt variations (Base model: Nemotron-1.5B).

Prompt Variant AIME24 MATHS00 Piece Overlap
Original 54.5 91.3 100% (baseline)
Variant A (simpler language) 54.1 91.0 87%
Variant B (more detailed criteria) 54.3 91.2 89%
Variant C (different ordering) 53.9 90.9 85%
Variant D (examples-based) 54.2 91.1 88%

Table 9: Performance under deliberately corrupted hints (Base model: Nemotron-1.5B).

Corruption Type AIME24  MATHS500
Clean hints 54.5 91.3
25% wrong boundaries 52.8 90.1
Randomized scores 50.8 88.6
Worst pieces selected 51.2 89.4
50% corrupted hints 52.8 90.3
Contradictory hints 50.6 88.9
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Table 10: Scalability experiments on 7B models. Base model: DeepSeek-R1-Distill-7B.

Method AIME24 AIME25 AMC23 MATHS00 Minerva Olympiad Avg.
DeepSeek-R1-Distill-7B (backbone)  39.6 29.9 78.8 80.3 36.8 55.1 53.4
GRPO 48.2 37.4 88.1 83.8 38.6 56.8 58.8
PieceHint (ours) 54.3 43.9 93.4 86.2 40.2 59.5 62.9

Table 11: Code generation results on LiveCodeBench and CodeForces. Base model: DeepSeek-R1-Distill-Qwen-7B.

Method LCB Avg@16 LCB Pass@16 CF Rating CF Percentile
Backbone (DeepSeek-R1-Distill-Qwen-7B) 28.4 47.2 892 18.7%
GRPO 31.9 51.6 1285 65.4%
PieceHint (ours) 36.8 55.3 1523 81.9%

Table 12: Software dependencies and environment configuration.

Core Framework

Python 3.10+ PyTorch 2.5.0
Transformers 4.46+ Accelerate 1.2.1
PEFT 0.14+ Flash Attention 2.7.3

Distributed Training & RL

VeRL latest Ray 2.40+
TensorDict 0.8.0-0.9.1 NVIDIA NCCL cul2
vLLM latest Liger Kernel latest

Data Processing

Datasets (HF) 3.2+ PyArrow >19.0.0
Pandas latest Dill latest
NumPy <2.0.0 TorchData latest

Mathematical Verification

Math-Verify latest Sympy latest
Latex2Sympy2 (Extended) latest PyLaTeXEnc latest
Word2Number latest

Logging & Experiment Management

Weights & Biases latest TensorBoard >2.19.0
Hydra Core latest CodeTiming latest
API & Utilities

OpenAl latest FastAPI latest

Uvicorn latest Packaging >20.0

Pre-commit latest Pybind11 latest

Step Component D(p;) Type

1 Express day scenario 0.25 Routine
2 Express night scenario 0.25 Routine
3 Compute differences 0.25 Routine
4 Derive G = C 0.94 Critical
5 Solve for C + R 0.56 Medium
6 Express R + G 0.75 Important
7 State answer 0.00 Trivial

Table 13: Decomposed steps with value scores.

21182



Strategy Hints Avg D Pass@16 Gain
No Hints — — 0.0% —

50% Prefix 1,2,3 0.25 6.2% 1.0x
Random 1,4,6 0.65 18.8% 3.0x
25% Prefix 1,2 0.25 3.1% 0.5x
PieceHint 4,6,5 0.75 43.8 % 7.1x

Table 14: Hint strategy comparison.
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