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[Abstract]

In this study, we propose SuperSmall-R1, a lightweight reasoning model specialized for mathematical
problem solving, built upon the compact text language model DeepSeek-R1-Distill-Qwen-1.5B. Unlike
conventional approaches, the proposed model improves performance solely through reinforcement
learning without supervised fine-tuning (SFT). Specifically, we introduce ZeroGRPO, a variant of the
GRPO algorithm with the KL-divergence penalty removed, thereby increasing the freedom of policy
exploration. In addition, instead of employing a complex penalty-based reward scheme, we adopt a
simple yet effective reward function based only on format consistency and answer correctness. To
address the issue of insufficient rewards when tackling difficult problems from the beginning, we further
incorporate curriculum learning, where the problem difficulty is gradually increased. Experimental results
on the Math-500 benchmark demonstrate that our approach outperforms not only the base model but
also existing methods based on GRPO and Penalty GRPO, confirming that mathematical reasoning

ability can be effectively enhanced even under resource-constrained environments.

» Key words: Reinforcement learning, Policy optimization, Curriculum learning, Reward design,
Large Language Model
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I. Introduction
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Math-500 Benchmark Results
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Fig. 1. Math—-500 benchmark accuracy results.

II. Preliminaries
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Fig. 2. Critic reward mean distribution.
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III. The Proposed Scheme

1. Model Architecture
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(A) Initial Reward System

Model Output

Yes No
Problem: Learning
Reward = +1 Reward = -1 stagnation due to

persistent negative rewards

(B) Proposed Reward System

Model Output

Yes No Yes No

! ‘ v '

| R_length = -0.1 |

| R_length =0 |

Solution: Ensures stable
learning &
penalizes excessive length

Final Reward =
R_correctness + R_length

Fig. 5. Reward design comparison between the initial and
proposed reward mechanisms. The proposed reward design
can stabilize policy update and encourage further exploration.
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IV. Experiments

4.1 Experimental Setup

4.1.1 Benchmark Datasets

o g7HE 9ol Math-500 HIX|otEE /dstoith
o]+ 71 MATH Hlo]gAlof|A Hoj=dz FAIE AE
gt 7oz, 5 71of ol ¥ 7} 100 A & 5
Az FgEe] glen dol=E B4 oAEAIE
Table 13} Table 2 oA A2|stct

Table 1. Features by Difficulty Level

Level Features

Focused on basic calculations, solvable with
1-3 short reasoning, efficient learning and
generalization effects

Multi-level logic, complex concept problems,

45 and requires long Chain-of-Thought

Table 2. Examples by difficulty level used in the
curriculum learning of this study
Level Example
Level 1 Calculate the value of the expression:
6X7+4X7+6%x3+4%x3
Level 2 Determine whethfer the logical statement
Vz Plz)—3z Pz) is true
If two distinct numbers are selected at random
Level 3 | from the first seven prime numbers, what is the
probability that their sum is an even number?
Level 4 What is the product of all re.al numbers that are
doubled when added to their reciprocals?
Level 5 Determine the points in the complex plane where
Ve the function ¢(z) =1d* is differentiable and analytic
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Table 3. Model Configurations and Training Methods

Model #Params | Training Method
DeepSeek-R1- 158 Baseline Model
Distill-Qwen-1.5B ’ (No training)
Math1.5B-level1-3- 158 Standard GRPO
kl-penalty ' (KL reward penalty included)
Standard GRPO
Math1.58-level1-3- 1.5B (KL loss included, reward
kl-nopenalty
penalty removed)
Math1.5B-level1-3- 158 ZeroGRPO +
no-kl (Ours) ' Proposed reward function

Table 4. Experiment Settings

Hyperparameter Value

Leaning rate 5e-6

Batch size 16

Temperature 0.6

Max. prompt length 1024

Max. response length 4096

Total training steps 100 steps per epoch

Table 5. Training Runtime

Run name Runtime
DeepSeek-R1- Distill-Qwen-15B | 0Z(0&)
Math1.5B-level1-3-kl-penalty 3502%(58.4&)
Math1.5B-level1-3-kl-nopenalty | 3480%(58.0&)
Math1.5B-level1-3-no-kl 5431%(90.5%)
Math1.5B-level4-no-kl 7812%(130.2&)
Math1.5B-level5-no-kl(Ours) 8556 Z(142.6)
Math1.5B-level6-no-kl 8280%(138.0&)
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4.1.3 Training Environment and Hyperparameters
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4.2 Main Experimental Results
4.2.1 Performance Comparison across GRPO Variants
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Overall Accuracy Comparison by Model
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Fig. 6. Overall Performance Comparison of GRPO Variants

Table 6. Model Performance Comparison

# of
Performance
Model Accuracy | correct .
improvement
answers
Basemodel_Qwen15B | 7.4% 37/500
Math1.5B-level1-3-k 13.4% 67/500 +81 1%
|- penalty
Math1 5B-level =3k |4 yor | 70/500 | +94.6%
I- nopenalty
Math1.5B-level1-3n | 35 00, | 175/500 | +373.0%
o-kl (Ours)
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4.2.2 Difficulty-level Performance Analysis

Accuracy Comparison by Level
100% cCfacy-Omp i
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Problem Level

Fig. 7. Accuracy Comparison by Level
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4.2.3 Domain-specific Performance Analysis in
Mathematics
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4.3 Analysis and Discussion

4.3.1 Negative Impact of KL Constraints
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