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Table 2 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
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model learns to rethink using an anthropomorphic tone. This is also an aha moment for us,

allowing us to witness the power and beauty of reinforcement learning.

Question: If a > 1, then the sum of the real solutions of Va — Va + x = x is equal to

Response: <think>
To solve the equation va — va + x = x, let’s start by squaring both - - -

2 2
(-u‘a—\ia+x) =x> = a-vYa+x=x.
Rearrange to isolate the inner square root term:
(a-x)P za+x = > -2ax’ + (¥ =a+x = x¥*-2ax’ —x+(a®—a) =0

Wait, wait. Wait. That's an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:

Va—+a+x=x

First, let’s square both sides:

a-Va+x=x = Va+x=a-x2

Next, I could square both sides again, treating the equation: - -

<Source: DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning>
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Figure 3: Model attributes across three aspects. Question-Answering Ability: the extent
to which a pretrained language model provides a direct answer to a question rather than
continuing or expanding upon it; Exploration Ability: pass@8 measures how well base
models explore; Self-Reflection: counts are obtained through cross-validation between
keyword-based detection and LLM-based detection, as detailed in Appendix D.
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Base model + Template AIME24 AMC MATH500 Minerva OlympiadBench Avg.
Qwen2.5-Math-1.5B

(4-shot prompting) 0.0 20.0 50.4 12.1 15.9 19.7
R1 template 0.0 9.6 212 6.6 2.2 7.9
Qwen template 20.0 32.5 33.0 12.5 22.8 24.2
No template 16.7 43.4 61.8 15.1 28.4 33.1
Qwen2.5-Math-7B
(4-shot prompting) 3.3 22,5 61.6 10.7 20.9 23.8
R1 template 0.0 0.0 0.0 0.0 0.1 0.0
Qwen template 16.7 38.6 50.6 9.9 16.6 26.5
No template 0.2 45.8 69.0 21.3 34.7 38.2

Table 1: Qwen2.5-Math models might be pretrained on concatenated question-answer text,
resulting in peak performance when no t'emplate is applied.
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Question(a): An element is randomly cho- Question(b): Find the least positive inte- 8

sen from among the first 15 rows ... ger n such that 1/sin 45° sin 46°+... § 0.1

Response Response g
In Pascal’s Triangle, every row starts First, I notice that the left-hand side of g 00
and ends with 1, ... the equation has the form ... ‘-;
Simplifying, I get ... oot
This can be calculated as: *awkward Aha! T can use this to get sin(a + 2b) = 5 —
silence* Wait, I'm overthinking. Let’s try sin((a+b) +b) = 3sin(a +b) ... E —0.2 8§  -—— Mean
again. The number of elements in the This looks messy, but I notice that it has g~ Median
first n rows of Pascal’s Triangle is the form sina cos b + cos a sin b again. —03 '
(mn+1)1/[2!% (n—1)!]. This gives me an idea. Maybe I can ... Figure 15: Accuracy difference be-

tween responses with and without
self-reflection for each question (re-

Figure 13: Cases showing that DeepSeek-V3-Base already exhibits “Aha moment” even sponses sampled from DeepSeek-
before RL tunning. R1-Zero).
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Figure 4: Illustration of the biases in GRPO. Note that the effective advantage of GRPO a;

is equivalent to a reweighted version of the unbiased advantage A;; = R(q, 0;) — mean(R).
The terms std(R) and |o;| could bias the optimization by assigning different weights to
different questions and responses, as denoted by the sizes of the blue circles and the lengths
of the orange arrows. Upward arrows indicate positive advantages, and vice versa.
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Figure 4: Illustration of the biases in GRPO. Note that the effective advantage of GRPO a;,

is equivalent to a reweighted version of the unbiased advantage A;; = R(q, 0;) — mean(R).
The terms std(R) and |o;| could bias the optimization by assigning different weights to
different questions and responses, as denoted by the sizes of the blue circles and the lengths
of the orange arrows. Upward arrows indicate positive advantages, and vice versa.
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o Dataset

o Train) MATH
o Eval) AIME2024, AMC, MATH500, Minerva Math and OlympiadBench

o Model

0 Qwen2.5-1.5B + R1 template
0 Reward Model -> Math-Verify

o Hyperparameters

Method

Parameter Value
LEARNER
Optimizer AdamW
Adam parameters (B1, B2) (0.9, 0.95)
Weight decay 0.0
Gradient norm clipping 1.0
Learning rate scheduler Constant
Learning rate 1x10°¢
Inner proximal update epoch 1
KL loss coefficient 0.0
KL penalty coefficient 0.0
Policy clipping parameter 0.2
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periments Setting

Template 1 (R1 template). A conversation between User and Assistant. The User asks a
question, and the Assistant solves it. The Assistant first thinks about the reasoning process
in the mind and then provides the User with the answer. The reasoning process is enclosed
within <think> </think> and answer is enclosed within <answer> </answer> tags,
respectively, i.e., <think> reasoning process here < /think> <answer> answer here
< /answer>.\nUser: {question}\nAssistant: <think>

Template 2 (Qwen-Math template). <|im_start|>system\nPlease reason step by step, and
put your final answer within \\boxed{}.<|im_end|>\n<|im start | >user\n{question}
<[im_end|>\n<|im_start|>assistant\n

Template 3 (No template). {question}

< Templates (R1, Qwen-Math, No template) >

Parameter Value
ACTOR

Maximum response length 3000 tokens

Sampling temperature 1.0

(top P, top k) (1.0, -1)

Number of responses per question 8
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o Mathematical reasoning under different training settings
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Figure 5: Comparison of Dr. GRPO and GRPO in terms of training dynamics (Top) and
evaluation results (Bottom).
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o Mathematical Benchmark
0 Base modelO|M H50| A 7
o GRPOR} H|m7} gle
o max_length 8k 2|MO 2 H7|

Method Experiments Conclusion

enchmark Scores

Base model + Method | AIME24 | AMC |MATHS500 | Minerva | OlympiadBench | Avg,.
Qwen2.5-Math-1.5B 20.0 | 325 33.0 125 22.8 242
Qwen2.5-Math-1.5B* 16.7 | 434 61.8 15.1 284 33.1
Oat-Zero-1.5B 20.0 | 53.0 74.2 25.7 37.6 42.1
R1-Distill-Qwen-1.5B @ 3k 2.5 21.7 52.2 16.3 17.3 22.0
R1-Distill-Qwen-1.5B @ 8k 20.0 49.4 77.4 25.0 35.8 41.5
Qwen2.5-Math-1.5B-Instruct 10.0 | 482 74.2 26.5 40.2 39.8
Llama-3.2-3B 0.0 24 64 | 63 13 | 3.3
+ RL w. Dr. GRPO 3.3 7.2 10.0 11.0 22 6.8
Llama-3.2-3B-FineMath 0.0 3.6 184 | 59 2.2 | 6.0
+ RL w. Dr. GRPO 3.3 10.8 38.0 129 9.0 14.8
Llama-3.2-3B-NuminaQA 0.0 0.0 06 | 00 0.1 | 0.14
+ RL w. Dr. GRPO (Oat-Zero-3B)| 6.7 18.1 50.0 14.3 14.7 20.7
Llama-3.2-3B-Instruct 6.7 15.7 388 | 118 12.6 |17.1
Qwen2.5-Math-7B 16.7 | 38.6 50.6 9.9 16.6 26.5
Qwen2.5-Math-7B* 0.2 45.8 69.0 21.3 34.7 382
SimpleRL-Zero-7B 26.7 | 60.2 78.2 27.6 40.3 46.6
PRIME-Zero-7B 16.7 | 62.7 83.8 36.0 40.9 48.0
OpenReasoner-Zero-7B @ 3k 133 | 47.0 79.2 31.6 44.0 43.0
OpenReasoner-Zero-7B @ 8k 13.3 | 54.2 82.4 31.6 47.9 459
Oat-Zero-7B 433 | 62.7 80.0 30.1 41.0 51.4
R1-Distill-Qwen-7B @ 3k 100 | 262 60.1 23.0 231 28.5
R1-Distill-Qwen-7B @ 8k 33.3 | 684 88.1 35.9 47.7 54.7
Qwen2.5-Math-7B-Instruct 16.7 | 53.0 83.6 29.8 42.7 45.1

Table 4: A comparison on benchmark scores. Ours models are RL-tuned by our minimalist
recipe (Sec. 1). * means we employ the best template (no template) to generate answers,
such that the test scores are highest and can faithfully reflect the capabilities of the base
models.

12
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Figure 7: Left: The average benchmark performance curves of different base models. Right:
The comparison between Dr. GRPO and GRPO with respect to reasoning accuracy (solid
lines) and model response length (dashed lines). 6A*E‘EEH
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o Ablation Study

o0 Dr.GRPO = GRPO - Len Norm — Std Norm
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Figure 8: Ablation results on the two bias terms in GRPO.
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o Reward Allocation in RLVR
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o Sampling Strategy
o S50 AFE2E|= Samples 08 A =& ZHQI7f?
o Entropy & Diversity
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JRL = IE'q~P(Q)I{Oi}iG=1~n9nlﬂ(0|q)

Reward Allocation,

‘ X 1(0¢|[q: 0<¢])
sampling Strategy =1 =1



Thank you

Dooyoung Kim
(kdysunleo98@gmail.com)

n|EM https://forms.gle/PAmxLQnRBZVhAMaw8

https://forms.gle/LtvyMJ7BFwMKpW1tz8

https://docs.google.com/spreadsheets/d/1uWycOpUfQOwTTZUDyY3gxImU5xcFro90kKJKOcDitnk/edit?usp=sharing
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