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Abstract

Reward design is central to reinforcement learning from human feedback (RLHF)
and alignment research. In this work, we propose a unified framework to study hard,
continuous, and hybrid reward structures for fine-tuning large language models
(LLMs) on mathematical reasoning tasks. Using Qwen3-4B with LoRA fine-tuning
on the GSM8K dataset, we formalize and empirically evaluate reward formulations
that incorporate correctness, perplexity, reasoning quality, and consistency. We
introduce an adaptive hybrid reward scheduler that transitions between discrete
and continuous signals, balancing exploration and stability. Our results show that
hybrid reward structures improve convergence speed and training stability over
purely hard or continuous approaches, offering insights for alignment via adaptive
reward modeling.
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1 Introduction

Recent advances in large language models have enabled impressive chain-of-thought (CoT) reasoning
capabilities, where models generate explicit reasoning steps to solve complex tasks. For example,
prompting a 540B model with CoT exemplars achieves state-of-the-art accuracy on GSM8K, a
benchmark of grade-school math word problems. However, aligning LLMs to consistently produce
correct reasoning remains challenging as these models often cannot reliably self-evaluate or refine
their reasoning without external guidance. Reinforcement learning from human (or automated)
feedback (RLHF) Ouyang et al. [2022] is a common approach to align LLM outputs to desired
behaviors. In the RLHF pipeline, a pretrained LM is fine-tuned with an RL algorithm (e.g. PPO)
using a scalar reward from a reward model (or other metric). In practice, specifying an appropriate
reward signal for open-ended reasoning tasks is nontrivial. Simple scalar rewards (e.g. exact match
accuracy) can be very sparse, whereas dense rewards (e.g. likelihood or intermediate metrics) may
not align perfectly with the final goal. Moreover, reward models trained on preference data can
generalize poorly out-of-distribution, especially on reasoning tasks. To address this, we explore
adaptive reward strategies that combine multiple reward components and dynamically schedule their
influence during training. Our key contributions are:

Reward design: We propose three reward formulations: (1) a hard binary reward (correct/incorrect +
format bonus), (2) a continuous multi-component reward combining correctness, language model
likelihood, reasoning quality, and consistency, and (3) hybrid combinations that transition between
these. We provide detailed mathematical definitions for each (see Sec. 3).

Hybrid scheduler: We formalize a schedule for mixing hard vs continuous rewards. In the continuous-
to-hard schedule, the training starts with full weight on the continuous reward and linearly shifts to
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the hard reward over a fixed number of steps; the hard-to-continuous schedule does the opposite. We
give precise formulas for the time-dependent weights (Sec. 3.3).

Evaluation on math reasoning: We implement these reward schemes in a LoRA-fine-tuning
framework Hu et al. [2021]using Qwen3-4B Yang et al. [2025] and evaluate on GSM8K. We compare
final accuracies and training dynamics. Notably, the hard reward achieved the best accuracy (40%) and
convergence, while the continuous reward lagged (28%) despite richer signals. Hybrids performed
moderately (33%).

Analysis and insights: We analyze training stability and the contributions of each reward component,
and discuss why continuous/hybrid schemes may underperform with naive weighting. We relate this
to known alignment challenges: LLMs struggle to evaluate their own reasoning, and naive reward
components (e.g. perplexity) may not capture true correctness. We also highlight how multi-objective
reward models (e.g. multi-exemplar or consistency-based) could be integrated in our framework.

Our work emphasizes the importance of reward modeling in RL fine-tuning of LLMs, especially
for open-ended tasks like math reasoning. We show how to systematically construct, formalize, and
compare different reward structures and schedules. The framework is designed to be extensible (e.g.
supporting new rewards or domains), and all training loop pseudocode, logging, and metrics are
detailed for reproducibility.

2 Related Work

RLHF and alignment: Reinforcement learning has become a cornerstone for aligning LMs to human
preferences, as popularized by ChatGPT and Claude. In typical RLHF, a reward model is trained to
score outputs, and PPO is used to optimize the policy (LM) to maximize expected reward. Reward
models themselves are often opaque and brittle: they may have only 60–70% accuracy even on
in-distribution tasks, and can fail on out-of-distribution examples. These issues are exacerbated for
reasoning tasks, where ground-truth supervision is hard to obtain (e.g. verifying each reasoning
step is laborious). Recent work (RewardBench ) Lambert et al. [2024] has begun to systematically
evaluate RM generalization, finding shortcomings in reasoning and instruction-following. In short,
RLHF is powerful but reward design remains a key challenge in aligning LMs.

Math reasoning and chain-of-thought: Datasets like GSM8K (8.5K grade-school math problems) and
MATH (contest problems) are common benchmarks for evaluating LLM reasoning. Chain-of-thought
prompting, which elicits intermediate reasoning steps, dramatically improves accuracy on GSM8K
and similar tasks. For example, Wei et al. (2022) Wei et al. [2023] report that a 540B model with
CoT prompts achieved state-of-the-art performance on GSM8K. Our method similarly encourages
the model to produce an explicit reasoning segment (using XML tags), so that rewards can penalize
incoherent or implausible chains. However, whereas CoT prompting relies on handcrafted prompts or
exemplars, our approach uses RL to fine-tune the model with learned rewards.

Reward shaping and multi-component rewards: Beyond binary correctness, reward shaping techniques
are often used in RL to guide agents via additional terms. In LLM training, some works combine
fluency and factuality with task-specific rewards. For example, one might include a KL or perplexity
penalty to keep outputs fluent. Our continuous reward is in spirit a form of shaping: it rewards
not only correct final answers but also low-perplexity (high-confidence) generations, explicit
logical steps, and consistency between reasoning and answer. Similar ideas appear in RL for
LLMs and self-training methods. The idea of enforcing consistency in reasoning models (for example,
through self-consistency) has also been extended into preference-based training settings where
the preferences are derived automatically, without requiring human-labeled supervision. Unlike
prior work, we combine multiple handcrafted metrics into one continuous reward function, and
systematically compare it to simpler reward signals Feng et al. [2025].

3 Methodology

We fine-tune a pretrained causal LM using reinforcement learning with different reward schemes. We
first describe the model and training algorithm, then detail each reward type and the hybrid scheduler.
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3.1 Model and Training Setup

Our policy is the Qwen3-4B model (a 4B-parameter open LLM) with LoRA adapters activated.
We tokenize prompts and ensure outputs contain an XML structure: each model output includes
<reasoning>...</reasoning><answer>...</answer>. The <answer> tag should contain the
final numeric answer. We prepare the GSM8K dataset of math problems, converting each to a prompt.

Training is done with a PPO-like optimizer. We use the Hugging Face TRL library’s GRPOTrainer
(Group Relative PPO) which handles multiple sampled completions per prompt and normalizes
rewards. At each training step we sample a batch of prompts. For each prompt we generate G
candidate outputs under the current policy. For each completion we compute a scalar reward (as
described below). We then compute advantages by centering and scaling the rewards within each
group:

Ai =
ri − r̄

σ
, (1)

where r̄ and σ are the group mean and standard deviation. The policy is updated to maximize the
RL objective with a KL-constraint to the reference (initial) policy. Hyperparameters (learning rate,
epochs, etc.) are set as in GRPO reference implementations.

The training loop is summarized as:

Algorithm 1 Training loop
1: for step = 1 to T do
2: Sample batch of prompts {pj}
3: Generate G completions per prompt: {oj,g}
4: for each completion o do
5: Extract final_answer from <answer>
6: Compute reward R(o) according to chosen scheme
7: end for
8: Normalize rewards → advantages (GRPO scaling)
9: Perform PPO update on model using advantages

10: if hybrid schedule then
11: Update reward weights using scheduler
12: end if
13: Log metrics (accuracy, avg reward, components)
14: end for

3.2 Hard (Binary) Reward

The hard reward assigns 1.0 if the model’s final answer exactly matches the ground truth, and 0
otherwise. Formally, let ŷ be the predicted answer and y∗ the true answer:

Rcorrect(ŷ, y
∗) =

{
1.0, ŷ = y∗

0.0, otherwise.
(2)

We also add a small format reward to encourage the XML structure:

Rformat(o) =

{
vf , if o contains both <reasoning> and <answer> tags
0.0, otherwise,

(3)

where vf is a fixed value (e.g. 0.2). The hard reward is then

Rhard = Rcorrect +Rformat. (4)

This lies in [0, 1 + vf ], clamped to ≤ 1.
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Example: If the reasoning/answer format is correct but the answer is wrong, Rcorrect = 0 and
Rformat = vf > 0, yielding a partial reward.

3.3 Continuous (Multi-component) Reward

We design a continuous reward that combines four components: correctness, perplexity, reasoning
quality, and consistency. Let ωC , ωP , ωR, ωI be nonnegative weights (summing to ≤ 1). Then

Rcont = ωCR
(cont)
correct + ωPRperp + ωRRreason + ωIRconsist. (5)

Correctness component. For numeric answers, we compute relative error:

ϵ =
|ŷ − y∗|

max(|y∗|, 1)
. (6)

We also include order-of-magnitude similarity:

R
(cont)
correct = αe−ϵ + β

1

1 + |log10 |ŷ| − log10 |y∗||
+ γ · 1 (| log10 |ŷ| − log10 |y∗|| < 1) . (7)

If non-numeric, we use:

R
(cont)
correct = α′ SeqSim(ŷ, y∗) + β′ WordOverlap(ŷ, y∗). (8)

Perplexity component. Given normalized log-losses ℓfull, ℓreason, ℓans:

Rperp = wfe
−ℓfull/τf + wre

−ℓreason/τr + wae
−ℓans/τa , (9)

with wf + wr + wa = 1.

Reasoning quality. Based on length (L), step indicators (S), and math symbols (M ):

Rreason = wLL+ wSS + wMM, wL + wS + wM = 1. (10)

Consistency. Agreement between reasoning and final answer:

Rconsist =



Cmatch, |ŷ − y∗| < δ

Cnum, both numeric but differ
Cpartial, one numeric only
0, d < 0.2

0.5, 0.2 ≤ d < 0.8

1.0, d ≥ 0.8,

(11)

where d is sequence similarity.

3.4 Hybrid Reward and Scheduler

We combine the hard and continuous rewards with time-varying weights. Let whard(t), wcont(t) be
nonnegative weights (sum to 1) at training step t:

Rhybrid(t) = whard(t)Rhard + wcont(t)Rcont. (12)

Continuous-to-hard schedule. For t < Ts: (wcont, whard) = (1, 0). For Ts ≤ t < Te:

whard(t) =
t− Ts

Te − Ts
, wcont(t) = 1− whard(t). (13)

For t ≥ Te: (wcont, whard) = (0, 1).
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Hard-to-continuous schedule. The reverse of the above: (0, 1) → (1, 0).

Algorithm 2 Hybrid Reward Training
1: Initialize scheduler with (Ts, Te)
2: for step = 1 to T do
3: Compute Rhard and Rcont
4: Get weights from scheduler: {whard, wcont}
5: Combine: Rhybrid = whardRhard + wcontRcont
6: Clip Rhybrid ∈ [0, 1]
7: Update model via PPO/GRPO
8: end for

3.5 Training Loop and Logging

At each step, we log average reward, accuracy, perplexity, and each component. Stability is measured
via variance of accumulated rewards:

Stability =
1

1 + Var(R)
. (14)

A lower variance implies more stable optimization.

4 Experiments

We evaluate on the GSM8K dataset Cobbe et al. [2021], which contains 8,500 grade-school math
problems with numeric answers. We split out a held-out test set of 100 problems for final evaluation.
All experiments fine-tune Qwen3-4B (LoRA, base model from Unsloth) for 200 training steps on
1000 training samples with batch size 1 and 4 completions per prompt. We use GRPO Shao et al.
[2024] with a fixed learning rate of

η = 5× 10−6. (15)
The hybrid schedules use

Tstart = 50, Tend = 150. (16)
Random seed is fixed (3407) for reproducibility.

We compare four reward configurations:

• Hard: Binary correctness + format (as in Sec. 3.2).
• Continuous: Multi-component reward (Sec. 3.3) with fixed component weights.
• Hybrid (cont→hard): Continuous-to-hard schedule.
• Hybrid (hard→cont): Hard-to-continuous schedule.

We report accuracy (fraction of exact correct answers) and training stability at the end of training. We
also analyze intermediate training dynamics (accuracy and reward vs. step).

All experiments used identical initial policy (SFT fine-tuned for format) and hyperparameters; only
the reward function differs. We evaluated final model accuracy by greedy decoding on 100 held-out
GSM8K problems.

5 Results

Table 1 summarizes the main results. The hard reward strategy achieved the highest final accuracy
(40%) and fastest convergence. Continuous reward lagged substantially (28%). Both hybrid schedules
were intermediate (33% accuracy). While the hard reward produced the highest final accuracy,
it did not yield the lowest reward variance. Instead, the continuous reward exhibited the highest
measured stability (0.911), suggesting a decoupling between optimization stability and task alignment:
continuous shaping gives a smoother (lower-variance) learning signal that may encourage stable
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Figure 1: Performance Heatmap

updates but can also dilute the objective and lead the model to optimize proxies (e.g., perplexity)
rather than true correctness.

Method Final
Accuracy

Final
Perplexity

Conv.
Step

Training
Stability

Avg
Reward

Hard_Rewards 0.400 2.18 5 0.862 0.287
Continuous_Rewards 0.280 2.28 4 0.911 0.589

Hybrid
cont.→hard 0.330 2.25 4 0.755 0.588

Hybrid
hard→cont. 0.330 2.19 4 0.904 0.589

Table 1: Performance metrics across different reward structures.

Convergence step is defined as the training step at which maximum accuracy was first reached.
The hard schedule converged by step 5, whereas continuous did converge by step 4. The scheduler
balancing (cont→hard vs. hard→cont) gave similar final accuracy, but cont→hard reached somehow
highest Final Perplexity.

Figure 3 (left) shows accuracy vs. training steps. The hard reward quickly rises to ∼ 0.4 within
50 steps, then plateaus. Continuous reward rises slowly and unevenly. Hybrid methods start closer
to continuous (since either begins with cont or hard) and eventually converge to ∼ 0.33 as the
weights shift. Figure 2 plots the evolution of reward components (e.g., correctness vs. perplexity)
for the continuous experiment, showing that the model quickly maximized easier components (like
perplexity) but struggled to improve true correctness.

6 Discussion

The empirical findings highlight several insights about reward design in LLM fine-tuning:

Binary vs. Shaped Rewards: The hard reward’s superior performance suggests that, for precise
tasks like arithmetic, a direct accuracy signal is hard to beat. The continuous reward, despite richer
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Figure 2: Reward Components Evolution

information, may have provided conflicting objectives (e.g., encouraging fluency or verbosity) that
diluted the focus on correctness. This aligns with the notion that RL agents can exploit unintended
correlations in complex rewards Ziegler et al. [2020]. In our case, the model may have optimized to
minimize perplexity or produce “reasonable-looking” reasoning chains without actually improving
final answer accuracy.

Training Stability: The experimental results demonstrate that the continuous reward scheme ex-
hibited the most stable reward value distribution, as reflected by its highest stability metric (0.911).
In comparison, the hard reward scheme achieved slightly lower stability (0.862), indicating higher
reward variance despite faster convergence and higher final accuracy. This suggests that while contin-
uous rewards provided smoother and more consistent optimization dynamics, their multi-component
design may have introduced competing optimization signals that hindered overall performance gains.
The hybrid reward schedules offered an intermediate balance, partially mitigating variance while
maintaining reasonable convergence behavior.

Consistency and Alignment: Our consistency component was motivated by the observation that more
consistent answers are often correct Prasad et al. [2025]. However, implementing this automatically is
challenging. If the model rarely assigns multiple completions per prompt during training (GRPO uses
a small group size), the notion of “consistency across samples” is weak. We instead compared the
reasoning’s final number to the answer’s number in a single output, which is a form of self-consistency
check. While theoretically sensible, in practice this did not dramatically boost performance.

Reward Modeling Challenges: Our results echo broader challenges in reward modeling: reward
models for reasoning tasks often generalize poorly Gao et al. [2022], and care must be taken that
reward scores truly capture the intended behavior. We observed that some continuous components
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Figure 3: Training Dynamics Comprehensive

(e.g., step count, word count) can be gamed (the model might insert words like “first. . . second. . . ”
without genuine logic). Without human-aligned preference data, shaping rewards remains heuristic.

Motivation for Hybrid/Adaptive Strategies: Although the hard reward performed best here, hybrid
approaches offer flexibility. In other tasks or later in training, it might be useful to allow the model to
explore under a softer reward and then refine with a strict one (or vice versa). Adaptive schedules can
also serve as a form of curriculum learning on the reward itself. Our formal scheduler provides a
blueprint for such curricula.

Extensibility: Our framework is designed to add new reward terms easily. For creative tasks (e.g.,
essay writing, poetry), one could plug in an aesthetic or style reward and schedule it similarly.
The logging infrastructure (per-step metrics for each component) helps diagnose which signals are
influencing the model.

In summary, while our continuous reward structure was intuitively appealing, the experiment un-
derscores that alignment to the true goal (correct answer) is paramount. Future work could explore
learned reward models (e.g., trained classifiers on reasoning correctness) instead of hand-crafted
rules, incorporate human feedback, or use more sophisticated multi-objective methods Lambert et al.
[2024].

7 Limitations

While our framework highlights the importance of reward structure design, several limitations remain.
First, our experiments were conducted at a relatively small scale, focusing on Qwen3-4B with
LoRA fine-tuning on GSM8K. The extent to which our findings transfer to larger foundation models

8



or to broader domains, particularly those involving continuous or hybrid reward signals, is still
uncertain. Second, the continuous reward functions employed in our setup rely on handcrafted
metrics such as perplexity and reasoning length, which serve only as imperfect proxies for reasoning
quality. Any misalignment in these metrics can introduce reward misspecification, potentially steering
the model toward undesirable behaviors. Third, our training horizon was short, capped at a few
hundred optimization steps for feasibility. Longer training schedules may surface stability issues or
reveal alternative convergence patterns not captured in our current results. In terms of evaluation,
we primarily relied on exact-match accuracy and reward variance; human-centric evaluations of
reasoning clarity, interpretability, and faithfulness were not performed, limiting the scope of our
assessment. Finally, the hybrid reward scheduler was predefined and fixed in its design. More
flexible or adaptive mechanisms could yield better performance, and our rigid linear transition likely
underutilizes the potential of hybrid reward shaping.

8 Future Work

Our findings open up several promising avenues for further research. Scaling the experiments to larger
foundation models with tens of billions of parameters, as well as applying the framework across more
diverse reasoning datasets, would provide stronger evidence of generality. Another natural extension
is to move beyond hand-designed hybrid reward schedules and explore reinforcement meta-learning
approaches that dynamically adapt the weighting of discrete and continuous components during
training. Human-in-the-loop alignment also represents an important direction: integrating expert
judgments or preference modeling into the continuous reward channel could reduce dependence on
noisy, handcrafted proxies. Beyond mathematics, the hybrid reward paradigm could be extended
to creative domains such as dialogue, poetry, or program synthesis, where the balance between
correctness and quality introduces new challenges.

9 Conclusion

We have introduced and rigorously evaluated adaptive reward schemes for RL fine-tuning of language
models on mathematical reasoning. Our contributions include detailed mathematical formulations
of hard, continuous, and hybrid rewards (with formal scheduler equations), as well as an empirical
comparison on GSM8K using a LoRA-adapted Qwen3 model. The main takeaway is that reward
design critically affects alignment and performance: a simple binary correctness reward outperformed
our more complex shaping approach in this setting. This highlights the alignment challenge: more
reward signals do not automatically yield better aligned behavior without careful calibration. We
provided pseudocode and logging strategies to ensure all findings are reproducible. In the future,
integrating learned reward models, human preferences, or more elaborate curricula could further
improve reasoning alignment.

Societal Impact and Scalable Oversight Integration

This work advances scalable oversight by showing how hybrid reward signals can align increasingly
capable LLMs without heavy human supervision. The approach blends binary correctness with
process-based signals, allowing models to be guided even when ground-truth labels are unavail-
able. This naturally supports oversight methods such as debate, recursive reward modeling, and
constitutional AI, where intermediate reasoning must be evaluated. The hybrid scheduler provides a
principled way to shift from sparse verification to denser shaping rewards, reducing labeling costs
while maintaining alignment pressure. We note dual-use risks: automated reward shaping can increase
reward hacking if not carefully monitored. Integrating this framework with iterated amplification or
AI-assisted evaluation may support safe deployment in high-stakes domains.
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Continuous Rewards

• Best: Continuous_Rewards, accuracy = 0.280, perplexity = 2.28.
• Converged at step 4.
• Smooth signal ⇒ stable learning and partial credit.

Hybrid Rewards

• Best: Hybrid_cont.→hard, accuracy = 0.330, perplexity = 2.25.
• Converged at step 4.
• Adaptive ⇒ combines hard/continuous benefits.

A.2 Key Findings

1. Highest Accuracy: Hard_Rewards (0.400).
2. Most Stable Training: Continuous_Rewards (0.911).
3. Fastest Convergence: Continuous_Rewards (step 4).

A.3 Statistical Analysis

The T-test and Cohen’s d were computed as:

t =
x̄1 − x̄2

sp
√
2/n

, d =
x̄1 − x̄2

sp
, (17)

where sp is the pooled standard deviation.

• Hard vs. Continuous: t = −28.63, p = 0.0000, d = −0.809 (Large).
• Hard vs. Hybrid (cont.→ hard): t = −18.93, p = 0.0000, d = −0.649 (Medium).
• Hard vs. Hybrid (hard→ cont.): t = −27.96, p = 0.0000, d = −0.800 (Large).
• Continuous vs. Hybrid (cont.→ hard): t = 0.077, p = 0.939, d = 0.003 (Negligible).
• Continuous vs. Hybrid (hard→ cont.): t = 0.042, p = 0.966, d = 0.001 (Negligible).
• Hybrid (cont.→ hard) vs. Hybrid (hard→ cont.): t = −0.047, p = 0.963, d = −0.002

(Negligible).

A.4 Recommendations

Hard_Rewards (Weighted Score: 0.618)

• Simple, binary, effective.
• Clear optimization target ⇒ faster learning in well-defined problems.
• Limitation: weak handling of partial correctness.

Use Cases

• Hard Rewards: Binary correctness, simple domains, fast convergence.
• Continuous Rewards: Partial credit, stability, complex reasoning.
• Hybrid Rewards: Adaptive tasks, exploration/exploitation balance.

B Key Experimental Insights

Performance Winners

• Highest Accuracy: Hard_Rewards (0.400)
• Most Stable: Continuous_Rewards (0.911)
• Fastest Convergence: Continuous_Rewards (step 4)
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Reward Type Analysis

• Hard Rewards: Accuracy = 0.400
• Continuous Rewards: Accuracy = 0.280
• Hybrid Rewards: Accuracy = 0.330

Training Dynamics

• Hard_Rewards: Train 0.625 → 0.250, Eval = 0.400
• Continuous_Rewards: Train 0.625 → 0.625, Eval = 0.280
• Hybrid (cont.→ hard): Train 0.625 → 0.375, Eval = 0.330
• Hybrid (hard→ cont.): Train 0.625 → 0.375, Eval = 0.330

C Experiment Configuration

1 class ExperimentConfig:
2 """Centralized configuration for the entire experiment."""
3 # Model and LoRA
4 MODEL_NAME: str = "unsloth/Qwen3 -4B-Base"
5 MAX_SEQ_LENGTH: int = 1024
6 LORA_RANK: int = 8
7 GPU_MEMORY_UTILIZATION: float = 0.5
8 LORA_TARGET_MODULES: List[str] = field(default_factory=lambda: [
9 "q_proj", "k_proj", "v_proj", "o_proj",

10 "gate_proj", "up_proj", "down_proj",
11 ])
12 RANDOM_STATE: int = 3407
13

14 # Dataset
15 DATASET_TRAIN_LIMIT: int = 1000
16 DATASET_EVAL_LIMIT: int = 100
17 SYSTEM_PROMPT: str = """
18 Respond in the following format:
19 <reasoning >
20 Show your step -by-step mathematical reasoning here.
21 </reasoning >
22 <answer >
23 Provide the final numerical answer here.
24 </answer >
25 """
26 DOMAIN: str = "gsm8k"
27

28 # Evaluation
29 EVAL_BATCH_SIZE: int = 16
30 MAX_NEW_TOKENS_EVAL: int = 200
31 EVAL_TEMPERATURE: float = 0.7
32

33 # Reward Function Parameters
34 PERPLEXITY_CAP: float = 1000.0
35 PERPLEXITY_MAX_LENGTH: int = 512
36 PERPLEXITY_WEIGHTS: Dict[str , float] = field(default_factory=

lambda: {
37 ’full_response ’: 0.4, ’reasoning ’: 0.3, ’answer ’: 0.3
38 })
39 PERPLEXITY_DECAY_FACTORS: Dict[str , float] = field(default_factory

=lambda: {
40 ’full_response ’: 100.0, ’reasoning ’: 80.0, ’answer ’: 60.0
41 })
42

43 CORRECTNESS_WEIGHTS: Dict[str , float] = field(default_factory=
lambda: {
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44 ’relative_error ’: 0.6, ’magnitude_similarity ’: 0.25, ’
order_of_magnitude ’: 0.15,

45 ’sequence_similarity ’: 0.7, ’word_overlap ’: 0.3
46 })
47 NUMERIC_CONSISTENCY_TOLERANCE: float = 0.01
48

49 REASONING_LENGTH_MIN_WORDS: int = 20
50 REASONING_LENGTH_MAX_WORDS: int = 200
51 REASONING_LENGTH_IDEAL_WORDS: int = 100
52 REASONING_LENGTH_PENALTY_FACTOR: float = 100.0
53 REASONING_STEP_INDICATOR_THRESHOLD: int = 3
54 REASONING_MATH_INDICATOR_THRESHOLD: int = 5
55 REASONING_QUALITY_WEIGHTS: Dict[str , float] = field(

default_factory=lambda: {
56 ’length_appropriateness ’: 0.4, ’step_indicators ’: 0.3, ’

math_indicators ’: 0.3
57 })
58

59 CONSISTENCY_PARTIAL_REWARD: float = 0.3
60 CONSISTENCY_MATCH_REWARD: float = 1.0
61 CONSISTENCY_NUM_MATCH_REWARD: float = 0.5
62

63 # Cell 4 continued: Configuration
64 SOPHISTICATED_REWARD_COMPONENT_WEIGHTS: Dict[str , float] = field(

default_factory=lambda: {
65 ’correctness ’: 0.4, ’perplexity ’: 0.25, ’reasoning_quality ’:

0.2, ’consistency ’: 0.15
66 })
67

68 # Hybrid Reward Schedule
69 HYBRID_TRANSITION_STEPS: Tuple[int , int] = (3, 7)
70 HARD_FORMAT_REWARD_VALUE: float = 0.2
71

72 # GRPO Training Parameters
73 GRPO_LEARNING_RATE: float = 5e-6
74 GRPO_ADAM_BETA1: float = 0.9
75 GRPO_ADAM_BETA2: float = 0.99
76 GRPO_WEIGHT_DECAY: float = 0.1
77 GRPO_WARMUP_RATIO: float = 0.1
78 GRPO_LR_SCHEDULER_TYPE: str = "cosine"
79 GRPO_OPTIM: str = "adamw_8bit"
80 GRPO_LOGGING_STEPS: int = 1
81 GRPO_PER_DEVICE_TRAIN_BATCH_SIZE: int = 1
82 GRPO_GRADIENT_ACCUMULATION_STEPS: int = 4
83 GRPO_NUM_GENERATIONS: int = 2
84 GRPO_MAX_PROMPT_LENGTH: int = 256
85 GRPO_MAX_COMPLETION_LENGTH: int = 300
86 GRPO_MAX_STEPS: int = 200
87 GRPO_SAVE_STEPS: int = 50
88 GRPO_EVAL_STEPS: int = 50
89 GRPO_MAX_GRAD_NORM: float = 0.1
90 GRPO_REPORT_TO: str = "none"
91 GRADIENT_CHECKPOINTING: bool = True
92 USE_REENTRANT_CHECKPOINTING: bool = False
93

94 # Visualization and Analysis
95 HEATMAP_CONVERGENCE_NORMALIZATION_FACTOR: float = 10.0
96 HEATMAP_REWARD_VARIANCE_NORMALIZATION_FACTOR: float = 1.0
97 ANALYSIS_ACCURACY_IMPROVEMENT_THRESHOLD: float = 0.01
98 ANALYSIS_ACCURACY_IMPROVEMENT_STEPS: int = 3
99 ANALYSIS_P_VALUE_THRESHOLD: float = 0.05

100 ANALYSIS_COHENS_D_SMALL: float = 0.2
101 ANALYSIS_COHENS_D_MEDIUM: float = 0.5
102 ANALYSIS_COHENS_D_LARGE: float = 0.8
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103 ANALYSIS_WEIGHTED_SCORE_WEIGHTS: Dict[str , float] = field(
default_factory=lambda: {

104 ’accuracy ’: 0.4, ’stability ’: 0.3, ’convergence_speed ’: 0.3
105 })
106

107 # Creative Domain Rewards
108 CREATIVE_POETRY_IDEAL_LENGTH: int = 50
109 CREATIVE_JOKES_IDEAL_LENGTH: int = 30
110 CREATIVE_REWARD_WEIGHTS: Dict[str , float] = field(default_factory=

lambda: {
111 ’length ’: 0.25, ’structure ’: 0.25, ’creativity ’: 0.25, ’

fluency ’: 0.25
112 })
113 CREATIVE_FLUENCY_DECAY_FACTOR: float = 1.1

Listing 1: Centralized experiment configuration.
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