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Reasoning is hard for Al

Reasoning is the ability to do complex

cognitive tasks

International
Mathematical
Olympiad
2020 Problem 2

(a + 2b+ 3c + 4d)a®bPcd? < 1.

Source: Center for Al Safety et al., Nature (2026)

Prove that Va,b,c,d € R witha >b>c>d>0and a+b+c+d=1,

Model Input

¥ Instructions *1line
You will be provided with a partial code base and an issue
statement explaining a problem to resolve.

¥ Issue « 67 lines
napoleon_use_param should also affect “other
parameters” section Subject: napoleon_use_param

should also affect "other parameters” section

#### Problem

Currently, napoleon always renders the Other parameters
section as if napoleon_use_param was False, see source

def _parse_other_parameters_section(self, se...
# type: (unicode) -> List[unicode]
return self._format_fields(_('Other Para...

def _parse_parameters_section(self, section):
# type: (unicode) -> List[unicode]
fields = self._consume_fields()
if self._config.napoleon_use_param: ...
¥ Code +1431lines
» README.rst +132lines
» sphinx/ext/napoleon/docstring.py - 1295 lines

> Additional Instructions « 57 lines

AIME Q12 Complex
Numbers!
f(z)

f(z) = z22- 19z

: ffz) =9

0 Classics @

Question: Humanity's Last Exam

MREGIN LB AT CONIVCE
RARATES PA YRENVS NATION¢ -
CATVALAVINA" AN - XXX:

SRR AU AT (4T

Here is a representation of a Roman inscription, originally found
on a tombstone. Provide a translation for the Palmyrene script.
A transliteration of the text is provided: RGYN? BT HRY BR ¢T?
HBL

& Henry T
& Merton College, Oxford



Why does Chain of Thought (CoT) improve reasoning?

CoT: Instead of using standard question and
direct answer pairs you: ‘,

1. Few-shot CoT: Provide examples that
demonstrate the reasoning process

Standard Prompting

' Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of |

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

A: The answer is 27. x

| Model Input

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

/| dothey have?

- Model Output - —
A: The cafeteria had 23 apples originally. They used

20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 = 9. The

_ answeris 9. /

Source: Wei et al. (2022)




Why does Chain of Thought (CoT) improve reasoning?

CoT: Instead of using standard question and
direct answer pairs you:

2. Zero-shot CoT: Just append “Let’s think
step by step”

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v

Source: Wei et al. (2022)



Why does Chain of Thought (CoT) improve reasoning?

LLMs are auto-regressive: Any token they
generate become part of the context for the next
token. Generating intermediate “steps”/tokens
allows them to decompose problem, store
intermediate results, etc etc (break problem into
sub-problem)

Source: Wei et al. (2022)



Why does Chain of Thought (CoT) improve reasoning?

Introducing_ Verifiable Reward automatically makes the
modeluse CoT for“‘perceived” hard problems!

Source: Wei et al. (2022)



Reinforcement Learning via Human Feedback (RLHF)

L A Complete RLHF (Reinforcement Human Feedback Pipeline)
Stage 1: SFT Training Process to R e e e e

Imitate human behavior Humanwriten

demonstration pairs

-ﬂ

. mse
1. Take a (prompt, response) pair from a dataset. o sn
) Cross-entropy loss Model

2. Feed the FULL sequence ino the model -: ?;Zﬁzt’f:mﬁi‘;iﬂi

3. Compute the loss ONLY on the response tokens £ = -togPlcomet alen) «” ()
4. Back-propagate and update weights O anwating manan cemonstatons.
5. Repeat for thousands of examples

Source: Gemini Nano Banana Pro 2



Reinforcement Learning via Human Feedback (RLHF)

L A Complete RLHF (Reinforcement Human Feedback Pipeline)
Stage 2: Reward Model Training T Ry S

Candidate  Human
responses annotators

1. Take the SFT model and generate multiple & 1L (Reward Model
candidate response for the same prompt au

a(—-; Scalar score
. . . for any (prompt,
2. Train a separate Reward Model_(RM) which is often e ra e T
another Neural Network to predict a scalar score £ = —10g(0(resesen — Triocet)) ©° (@)
that reflects those human preferences i odty e of Wi Prefiregsss
1 Cognitive Bias: RM leams annotator preferences, not ground truth

3. Then train model with pairwise ranking loss

4. Reward Model assigns higher scores to response
that humans preferred

This introduces cognitive bias!

Source: Gemini Nano Banana Pro 2



Reinforcement Learning via Human Feedback (RLHF)

Stage 3: Use the learned Reward Model to
fine-tune the SFT model using PPO

1.  Sample a prompt from the dataset
2. The policy model (LLM) generates a response
3. The Reward Model scores the response

4. AKL penalty is added to prevent model from drifting
too far from SFT Model (Reward Hacking)

5. PPO updates policy to maximize the reward

A Complete RLHF (Reinforcement Human Feedback Pipeline)

Stage 3: RL Fine-Tuning (PPO)

Sample prompt
from a dataset

S

Update policy
model weights.

Generate | peward Model Reference Model
response (RM) (frozen model)

r(prompt, response) Compute KL divergence
v -

Policy Model

E ------- Reward = RM;core — 8 % KL divergence Cened

PPO Estimate Value Model GAE
model weights | state values (critic) Compute advantages
from rewards and values

Goal: Optimize the model to maximize learned human preferences while staying close to SFT model

.
RLHF-Aligned Model
* Helpful +Harmless *Honest

Source: Gemini Nano Banana Pro 2



Issues with the RLHF pipeline

1. Limitations of SFT

a. SFT can’t generalize preferences - if training data doesn'’t cover a
scenario, model doesn’t know what “good” means

b. Treats all tokens equally - Loss doesn’t distinguish between critical
tokens and filler tokens

c. Can'’tlearn from comparisons - SFT only sees “good” examples, why
is one better?



Issues with the (standard) RLHF pipeline

1. Limitations of SFT
2. Reward Model (RM) implicitly learns cognitive bias
a. RM learns what the annotators like.

b. If the annotators like confident-sounding answers even if those re
wrong, then RM rewards those patterns.



Issues with the (standard) RLHF pipeline

1. Limitations of SFT
2. Reward Model (RM) implicitly learns cognitive bias

3. Issues with PPO



Issues with the (standard) RLHF pipeline

1. Limitations of SFT

2. Reward Model (RM) implicitly learns cognitive bias

3. Issues with PPO

4. RLHF constraints models to replicate human thought process

“Furthermore, by constraining models to replicate human thought processes, their
performance is inherently capped by the provided exemplars, which prevents the
exploration of superior, non-human-like reasoning pathways.”



Reinforcement Learning with Verifiable Rewards

Instead of doing SFT — RLHF, at a high level, DeepSeek R1 does the
reverse:

1. Rules based (reward-shaped) RL: Produces a model that reasons well
but has messy outputs

2. Then SFT on the RL model’s own best outputs

The key insight is: For reasoning tasks, you don’t need human preference
labels at all.

Use verifiable rewards: |f the math is correct, reward = 1, if wrong, reward =
0.



Reinforcement Learning with Verifiable Rewards

Question: If a > 1, then the sum of the real solutions of m = x is equal to
Response: <think>

To solve the equation m = x, let’s start by squaring both - - -

( a—\/m)z =x2 = a-+Va+x=x2

Rearrange to isolate the inner square root term:
(a=-x3)2=a+x = a®-2ax?+(x?)?=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:
First, let’s square both sides:
a-Va+x=x2 = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2

Table 3 | An interesting “aha moment” of an intermediate version of DeepSeek-R1-Zero. The
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.

Source: DeepSeek-R1 (2026)



Group Relative Policy Optimization (GRPO)

DeepSeek-R1-Zero represents a significant milestone in demonstrating that LLMs can autonomously
develop advanced reasoning capabilities through pure reinforcement learning (RL), without relying on
human-annotated supervised fine-tuning (SFT)

To facilitate large-scale RL efficiency, we adopt Group Relative Policy Optimization (GRPO) (Shao et al.,
2024).

The GPRO J(RPO(O) =E[q ~ P(Q), {o, ~ 1q,,(0|q)]
Objective Function 1 mo(0ilg) . [ mo(oilg) . ) )

! Z ( (7[9 i (O |Q)A /clip MO (oilq)” Ll Dk (ﬂollﬂm”
The Advantage Formula Ajies mean({ry,r2,---,16})

std({ry,r2,--- ,rg})

Tref(0ilq) e Tref(0ilq)

: -1
mg(0ilq) 5 mg(0ilq)

Unbiased Estimator of the KL Divergence Dy, (mg||7,ef) =



Group Relative Policy Optimization (GRPO)

GRPO was originally proposed to simplify the training process and reduce the resource consumption
of Proximal Policy Optimization (PPO), which is widely used in the RL stage of LLMs

GRPO foregoes the value model, instead estimating the advantages from group scores.

Reference
Model

Reward
Model

Trained
Models

Frozen

GRPO
Reference 4 Models
Model 1 -1
Reward 1) Group. A,
v Model - Computation —

Figure 3. Demonstration of PPO and our GRPO.



Group Relative Policy Optimization (GRPO)
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Figure 4. Performance of PPO and GRPO on the MATH task using
DeepSeekCoder-V2-Lite

Considering the memory and
computational overhead associated
with training an additional value
model, GRPO presents a more
practical alternative, especially
when training large-scale models
with constrained resources

PPO requires additional
hyperparameter tuning, particularly
of the A coefficient in GAE and is
highly sensitive to this parameter

PPO demands additional cost for
hyperparameter optimizatio==




Reward Design for DeepSeek-R1-Zero

We apply the RL technique on the DeepSeek-V3 base to train DeepSeek-R1-Zero, with a straightforward
template, to first produce a reasoning process followed by the final answer, during training.

For DeepSeek-R1-Zero, we employ rule-based rewards to deliver feedback for data in mathematical,
coding, and logical reasoning domains.
- Accuracy rewards evaluate whether the response is correct.
- Format rewards complement the accuracy reward model by enforcing specific formatting
requirements. This ensures that the model’s thought process is explicitly delineated, enhancing
interpretability and facilitating subsequent analysis.

° Reward, e = Reward,c. + Rewardgyrmat

Neural reward models—whether outcome-based or process-based—to reasoning tasks are abstained
». . Neural reward models are susceptible to reward hacking during large-scale reinforcement learning
> Necessitates substantial computational resources
Introduces additional complexity into the training pipeline, thereby complicating the overall
optimization process



Self-evolution of DeepSeek-R1-Zero: Accuracy & Reasoning

DeepSeek-R1-Zero AIME accuracy during training DeepSeek-R1-Zero average length per response during training
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Figure 1

(a) AIME accuracy of DeepSeek-R1-Zero during training. The baseline is average score of human participants in the competition.
(b) The average response length of DeepSeek-R1-Zero on the training set during the RL process. DeepSeek-R1-Zero naturally
learns to solve reasoning tasks with more thinking time.

Note: a training step refers to a single policy update operation.



The Frequency of Reflection Words

Evolution of DeepSeek-R1-Zero: Reasoning Behaviors
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(a) Frequency of representative reflective words during the training process;
(b) Specific occurrence patterns of the word “wait” throughout the training process.




Evolution of DeepSeek-R1-Zero: Reasoning Capability
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Figure 8: Performance of DeepSeek-R1-Zero on problems with
varying difficulty levels in the MATH dataset

Easy problems (levels 1-3)
- quickly reach high accuracy
(0.90-0.95)
- remain stable

Hard problems (level 4)
- remarkable improvement from
near 0.78 to 0.95

The hardest problems (level 5)
- The most dramatic improvement
from near 0.55 to 0.90




But...Limitations of Pure RL in DeepSeek-R1-Zero

Poor Readability and Language Mixing

Because it evolved without human-aligned formatting constraints, DeepSeek-R1-Zero struggles with
readability and frequently mixes languages, such as combining English and Chinese within a single
chain-of-thought response

Lack of Robust Reward Model

Pure RL depends entirely on reliable reward signals. While rule-based verifiers work well for math and
code, it is incredibly difficult to construct robust reward models for subjective tasks like creative writing.

Narrow Utility

Because the training is narrowly focused on verifiable reasoning tasks, DeepSeek-R1-Zero exhibits
limited performance in broader, general-domain areas like writing and open-domain questions



DeepSeek
V3 Base

RL
Reasoning Prompts

Accuracy & Format

DeepSeek
R1 Zero

Reasoning Prompts

Filter Refine
Accuracy DeepSéeek
& Format V3+Human

Stage 1l

DeepSeekR1 pipeline

DeepSeek
V3

DeepSeek
V3 Base

SFT
Cold Start Long CoT

RL
Reasoning Prompts

Rule-based Reward
& Lang. Consistency

DeepSeek
R1Dev-2

Stage 2

DeepSeek
V3 Base

SFT

Non-Reasoning

Reasoning

RL
Diverse Prompts

Rule-based Reward
& Preference Reward

Stage 3

Models
Prompts+Responses
Training Algorithms
Prompts

Rewards

Post-Processing

deepseekR1 https://arxiv.org/pdf/2501.12948


https://arxiv.org/pdf/2501.12948

DeepSeekR1 pipeline

Deepseek
R1 - zero
‘ cold start data: from R1-zero's CoT.
=> readable. good interactive experience

. Data

l Sampling

® Fiter B8 Refine Moy

deepseekR1 https:/arxiv.ora/pdf/2501.12948
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DeepSeekR1 pipeline

Core step:

Dont use R1-zero anymore
Supervised Fine tuning V3
Get R1 Dev-1

First RL

Train with reasoning task
Rule based reward + lang
consistency reward

Num(Wordsarget)
Num(Words)

SFT
Cold Start Long CoT

OUNPAPWN

Accuracy & Format

Rewardianguage =

7. Getthe Dev-2

I RL

Reasoning Prompt: The First RL
! Filter ™ Refine Rule-based Reward /-
Accuracy DeepSeek & Lang. Consistency

& Format V3+Human

Data

deepseekR1 https://arxiv.org/pdf/2501.12948
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RL
Reasoning Prompts

Accuracy & Format

Sampling

Filter Refine
Accuracy DeepSeek

& Format V3+Human

DeepSeekR1 pipeline

DeepSeek
V3

SFT
Cold Start Long CoT

RL
Reasoning Prompts

Rule-based Reward
& Lang. Consistency

Core step:
1. Dont use R1 Dev
D\7§§§°£k 2. Rejection sampling
3.  Supervised Fine tuning V3
4. Training on reasoning +
SEL non-reasoning data
bt 5. Get Rl Dev3
Reasoning 6. StartRL
Using reasoning + general
prompt
7. Reward =

Rewardreasoning + Rewardgeneral + Rewardjanguage
RL

Diverse Bropts 8. Get SeepSeek R1

(a) language consistency

Rule-based Reward
- ant (b) handle general task too!

& Preference Reward

The Second RL

deepseekR1 https://arxiv.org/pdf/2501.12948
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DeepSeekR1 pipeline

DeepSeek
V3

DeepSeek DeepSeek

DeepSeek
V3 Base V3 Base

V3 Base

SFT
Non-Reasoning

SFT

Reasoning Prompts
Cold Start Long CoT

Accuracy & Format Reasoning

DeepSeek DeepSeek
R1Zero R1 Dev-1

R1

KL RL
Reasoning Prompts Diverse Prompts

Rule-based Reward Rule-based Reward
& Lang. Consistency & Preference Reward

DeepSeek
R1 Dev-2
Hyper parameters

deepseekR1 https://arxiv.org/pdf/2501.12948
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Training parameters details

o |

03

T

Generate responses
16 outputs per
question » 512
trajectories

Sample 32 reasoning
guestions

The Second RL

{
«»
o

Compute rewards

- correctness reward

- format reward

- language consistency

o)

GRPO optimization
Ir =3e-6

KL = 0.001
clipe=10
temperature =1

02

T

®

Sample mixed prompts
- reasoning tasks
- general instruction

The First RL

03

T

|

Generate responses
temperature = 0.7

(())
-

Compute rewards
- reasoning rule reward

- helpfulness reward model

- safety reward model

GRPO optimization
Same parameters

Total steps =1700
Preference rewards on
last 400 steps only



Distillation

Using
DeepSeek-R1
Generate 800k
data

Use the data
from R1to do SFT
on Qwen and
Llama

No RL!

done

|

output

Comparable
powerful models
example:
DeepSeek-R1-Dis
till-Qwen-32B




Evaluation of DeepSeek-R1

Benchmarks:
Benchmarks Used 3 What it Measures %@
Esga'iael s Encyclopedic world knowledge (Multiple Choice)
STEM & Ph.D. -level science & high-level math reasoning
v Reasomng

/ Coding & SWE-Verified, Algorithmic competitions & real-world software engineering
£+ Engineering

Ezﬁtgl{?rlét“y & SimpleQA J C-SimpleQA Accuracy on obscure or "long-tail” facts

Y Format & IFEval | FRAMES J| DROP Following instructions & reasoning over long docs
‘ = Long Context

85:{:;5 nded Real-world usage (judged by GPT-4-Turbo)

Source: Gemini Nano Banana Pro 2



Evaluation of DeepSeek-R1

Benchmark Decontamination:

e Decontamination is the process of removing training data that overlaps with
the benchmark test questions and solutions.

e The purpose of decontamination is to prevent the model from scoring well
simply by memorizing benchmark data.

e It helps ensure that evaluation results reflect the model’s true reasoning and
problem-solving capability.



Evaluation of DeepSeek-R1

Benchmark Decontamination:

e The base model, DeepSeek V3, has a knowledge cut-off of July 2024 which
predates some evaluation benchmarks like CMNO 2024.

e The authors filtered out text sequences from sources like web pages and GitHub
files that contained matching 10-gram sequences from the evaluation questions
and answers

e Eliminated about 6 million potentially contaminated pre-training texts in
mathematics domain alone

e For post-training SFT and RL training prompts, they applied the same 10-gram
filtering protocol

e Limitation: This method catches exact or near-exact matches but may miss out
on detecting paraphrases.



Evaluation of DeepSeek-R1

Baselines:
e DeepSeek-R1 is evaluated against several strong baselines:
o DeepSeek-V3
o Claude-Sonnet-3.5-1022
o GPT-40-0513
o OpenAl-01-mini
o OpenAl-01-1217

e Maximum generation length set to 32,768 tokens to support long-form
reasoning

e Note: For OpenAl-01-1217, the authors used the officially reported results for
that model instead of running it themselves.



Evaluation of DeepSeek-R1

Beiichinak x Claude-3.5- GPT-40 DeepSeek OpenAl OpenAl DeepSeek o General KHOWIedge and STEM "
enechmark (o Sonnet-1022 0513 V3 |ol-mini 01-1217| Rl
Architecture - - MoE - - MoE O
# Activated Params - - 37B = - 37B DeepseekR1 outperforms
§Thisl Exoems : = ol - = | &b most of the baselines except
MMLU v 88.3 87.2 88.5 852 918 90.8 .
MMLU-Redux v 88.9 880 891 | 87 - 92.9 for OpenA|-01 -1217 in MMLU
MMLU-Pro &m) 78.0 726 75.9 80.3 - 84.0
DROP (3-shot F1) 88.3 837 916 839 902 92.2
.+ IF-Eval (Prompt strict) 86.5 84.3 86.1 84.8 - 83.3 I I

English ~pOA Diamond @wen 65.0 499 59.1 600 757 715 © An im P roved accu raCy In
SimpleQA (Correct 28.4 382 249 70 470 30.1 _ ;
FRAMES o ms  ws  7a | e | s STEM-related questions
AlpacaEval2.0 (Lc-winrate) 52.0 51.1 70.0 57.8 - 87.6 H
ArenaHard (Grr-+1106 52 804 85 | 920 - 923 achieved through large-scale
LiveCodeBench wasaicon| 389 329 36.2 538 634 65.9 i i i

Code Codeforces et 203 236 58.7 934 9.6 9.3 reinforcement learnin gis the
Codeforces (Rating) 717 759 1134 1820 2061 2029 i i ;
SWE Verified (Resolved) 50.8 38.8 420 416 489 492 mal n reason beh I nd the gal nS
Aider-Polyglot (acc) 453 160 496 329 617 53.3 in these areas
AIME 2024 (passat) 16.0 93 39.2 636 792 79.8 )
Math MATH-500 pasan) 783 746 902 900 964 97.3

CNMO 2024 (passirt) 131 108 432 67.6 - 78.8
CLUEWSC @) 85.4 87.9 90.9 89.9 - 92.8

Chinese C-Eval &m) 76.7 76.0 86.5 68.9 - 91.8
C-SimpleQA (Correct) 55.4 587 68.0 403 - 63.7

Comparison between DeepSeek-R1 and other representative
models.



Evaluation of DeepSeek-R1

Claude-3.5- GPT-40 DeepSeek OpenAl OpenAl DeepSeek

Benchmark oetrio

Sonnet-1022 0513 V3 ol-mini 01-1217 R1

Architecture - - MoE - - MoE

# Activated Params - - 37B - - 37B

# Total Params - - 671B - - 671B
MMLU &m) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux em) 88.9 88.0 89.1 86.7 - 929
MMLU-Pro @m) 78.0 726 75.9 80.3 - 84.0

DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
Engllsh IF-Eval (l’.rnrnpl Strict) 86.5 843 86.1 848 - 83.3
GPQA Diamond (passie1) 65.0 499 59.1 60.0 75.7 715
SimpleQA (Correct) 284 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 725 80.5 733 76.9 - 82.5
AlpacaEval2.0 (Lc-winrate) 52.0 51.1 70.0 57.8 - 87.6
ArenaHard Grr-4-1106) 85.2 80.4 85.5 92.0 - 923
LiveCodeBench (pass@1-com 389 329 36.2 53.8 634 65.9

Code Codeforces (percentile) 20.3 236 58.7 93.4 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029

SWE Verified (Resolved) 50.8 38.8 42.0 41.6 489 492
Aider-Polyglot (acc) 453 16.0 49.6 329 61.7 53.3

AIME 2024 pass@e1) 16.0 9.3 39.2 63.6 79.2 79.8

Math MATH-500 (pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (passi@1) 13.1 10.8 432 67.6 - 78.8
CLUEWSC v 85.4 87.9 90.9 89.9 - 92.8
Chinese C-Eval &m) 76.7 76.0 86.5 68.9 - 91.8
C-SimpleQA (Correct) 55.4 58.7 68.0 403 - 63.7

Comparison between DeepSeek-R1 and other representative
models.

e Coding and Engineering:

©)

On coding algorithm tasks,
DeepSeek-R1 demonstrates
performance on par with
OpenAl-01-1217, surpassing
the other models by a large
margin

On engineering-oriented
coding tasks, OpenAl-01-1217
outperforms DeepSeek-R1 on
Aider but achieves
comparable performance on
SWE Verified

This is attributed to very
limited amount of related RL
training data



Evaluation of DeepSeek-R1

Benchmark oetrio

Claude-3.5- GPT-40 DeepSeek

OpenAl OpenAl DeepSeek

Sonnet-1022 0513 V3 ol-mini 01-1217 R1

Architecture MoE - MoE

# Activated Params 37B - 37B

# Total Params 671B - 671B
MMLU &m) 88.3 87.2 88.5 85.2 91.8 90.8
MMLU-Redux em) 88.9 88.0 89.1 86.7 - 929
MMLU-Pro @m) 78.0 726 75.9 80.3 - 84.0

DROP (3-shot F1) 88.3 83.7 91.6 83.9 90.2 92.2
Engllsh IF-Eval (l’.rnrnpl Strict) 86.5 843 86.1 848 - 83.3
GPQA Diamond (passie1) 65.0 499 59.1 60.0 75.7 715
SimpleQA (Correct) 284 38.2 249 7.0 47.0 30.1
FRAMES (Acc) 725 80.5 733 76.9 - 82.5
AlpacaEval2.0 (Lc-winrate) 52.0 51.1 70.0 57.8 87.6
ArenaHard Grr-4-1106) 85.2 80.4 85.5 92.0 923
LiveCodeBench (pass@1-com 389 329 36.2 53.8 634 65.9

Code Codeforces (percentile) 20.3 236 58.7 93.4 96.6 96.3
Codeforces (Rating) 717 759 1134 1820 2061 2029

SWE Verified (Resolved) 50.8 38.8 42.0 41.6 489 492
Aider-Polyglot (acc) 453 16.0 49.6 329 61.7 53.3

AIME 2024 pass@e1) 16.0 9.3 39.2 63.6 79.2 79.8

Math MATH-500 (pass@1) 78.3 74.6 90.2 90.0 96.4 97.3
CNMO 2024 (passi@1) 13.1 10.8 432 67.6 - 78.8
CLUEWSC v 85.4 87.9 90.9 89.9 92.8
Chinese C-Eval &m) 76.7 76.0 86.5 68.9 91.8
C-SimpleQA (Correct) 55.4 58.7 68.0 403 63.7

Comparison between DeepSeek-R1 and other representative

models.

Mathematics:

o Deepseek-R1 performs on par
with OpenAl 01-1217

o It surpasses the other baseline
models by a large margin

Writing and Open-domain
Question Answering:

o DeepSeek-R1 achieves
remarkable performance on
AlpacaEval2.0 and ArenaHard

Instruction Following:

o DeepSeek-R1 fails to surpass
the baseline models



Accuracy / Percentile (%)

Evaluation of DeepSeek-R1

w#. DeepSeek-R1 DeepSeek-R1-Zero Human Expert
100 - 96.3
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The benchmark performance of DeepSeek-R1 and DeepSeek-R1-Zero is
compared with human scores across different datasets

e Mathematics (AIME 2024):

©)

DeepSeek-R1
achieves a pass@1
score of 79.8%

Surpasses the
average score
achieved by human
experts in high-school
level competition



Accuracy / Percentile (%)

Evaluation of DeepSeek-R1

w#. DeepSeek-R1 DeepSeek-R1-Zero Human Expert
100 - 96.3
7/
// 81.2
80- '8 y 779 7 s 758
] / 715
60- '/ //
oy,
7/ N/ 50.0
10- 92 37.8
20~
AIME 2024 Codeforces GPQA Diamond
(Pass@1) (Percentile) (Pass@1)

The benchmark performance of DeepSeek-R1 and DeepSeek-R1-Zero is
compared with human scores across different datasets

e Competitive Coding
(Codeforces):

@)

DeepSeek-R1 outperforms
96.3% of human
participants

This indicates
DeepSeek-R1’s advanced
problem-solving capabilities
in algorithmic tasks,
outperforming the vast
majority of human
competitors on the platform.



Accuracy / Percentile (%)

Evaluation of DeepSeek-R1

w# DeepSeek-R1 DeepSeek-R1-Zero Human Expert
96.3

100 -

804 812

60-

40- 37.8

AIME 2024 Codeforces GPQA Diamond
(Pass@1) (Percentile) (Pass@1)

The benchmark performance of DeepSeek-R1 and DeepSeek-R1-Zero is
compared with human scores across different datasets

e Scientific Reasoning (GPQA
Diamond):

©)

DeepSeek-R1 achieves a
pass@1 score of 71.5%

Though it is impressive for
Ph.D level tasks in Physics,
Chemistry and Biology, it
remains lower than human
expert performance of 81.2

This may be due to human
experts having web access
for these questions unlike the
model



Evaluation of DeepSeek-R1

Performance Comparison with DeepSeek-V3

Benchmark etric

|V3-Base V3 Rl1-Zero R1

MMLU e 87.1 885 888 90.8
MMLU-Redux (m) 862 89.1 856 929
MMLU-Pro M) 644 759 689 84.0

DROP (3-shot k1) 89.0 91.6 89.1 92.2
English IF-Eval (promp strict) 58.6 86.1 46.6 83.3
GPQA Diamond (pasan) - 59.1 758 715
SimpleQA (Carrect) 20,1 249 303 301
FRAMES (Acc) - 733 823 825
AlpacaEvalZ.() (LC-winrate) 70.0 247 87.6
ArenaHard @rra1os) 855 536 923
LiveCodeBench @awsi-con 36.2 500 659
Codeforces (recentile) 58.7 804 96.3
C()dcf()rccs {Rating) 1134 1444 2029

Code SWE Verified (resolved) 420 432 49.2
Aider-Polyglot (ace) 496 122 533

AIME 2024 (passan) 392 779 79.8

Math MATH-500 (rassun) 90.2 959 97.3
CNMO 2024 (passan) 432 88.1 788
CLUEWSC (i) 82.7 909 931 928
Chinese C-Eval my 90.1 865 928 0918
C-SimpleQA (Correct) - 68.0 664 637

Comparative Analysis of DeepSeek-V3 and DeepSeek-R1

DeepSeek-R1 and DeepSeek-V3 are built
on the same base model:
DeepSeek-V3-Base

The key question is which capabilities
improve under different post-training
strategies

Overall, DeepSeek-R1 shows strong
reasoning abilities whereas DeepSeek V3
shows better instruction following capabilities



Evaluation of DeepSeek-R1

Benchmark oetrio 'R1-Zero R1-Devl R1-Dev2 R1-Dev3| R1 Performance Trends Across Stages
MMLU v 888 891 912 910 |908
MMLU-Redux @y 856 900 930 931 |929 - i i
MMLU-Pro i, 689 741 838 831 |84.0 e R1-Zero begins with a decent
DROP 3-shot 1) 89.1 898 911 887 |922 reasoning abi|ity

Enclich F-EVal (rmpisuicy 466 717 720 781 |833

BUS GPQA Diamond eaweny | 758 661 707 712 |715 , , _ ,

SimpleQA (corct 303 178 282 249 (301 e Dev1 improves instruction following
FRAMES (cc) 823 785 818 819 |825 . - .
AlpacaEval2.0 qcwinswy | 247 501 558 621 |87.6 but reasoning ability drops in
ArenaHard (crr4-1106) 53.6 77.0 73.2 756 923 .
LiveCodeBench mswsicon| 500 575 635 646 |65.9 coding and math benchmarks
Codeforces (percentile) 80.4 84.5 90.5 92.1 |96.3 . .
Codeforces aing 1444 153 1687 1746 |2029 e Dev2 strengthens reasoning in

Code SWE Verified ®esolved) 43.2 39.6 44.6 456 |49.2 .
Aider-Polyglot (e 122 67 256 448 |533 math and coding benchmarks
AIME 2024 (passet) 779 590 740 781 |79.8 _ _

Math MATH-500 pswen) 959 942 95.9 954 |97.3 e Dev3 |ncorporates reasoning and
CNMO 2024 passet) 881 580 739 773 |788 . _
CLUEWSC %1 928 926 916 |28 non-reasoning data to bring

Chinese C-Eval @) 928 857 919 864 |918 T

e c-savr::pleQA (Cormect) 664 588 642 669 637 stability

Experimental Results at each stage of DeepSeek-R1. o R1 impl’OVeS Overa” qua“ty W|th RI—



Evaluation of DeepSeek-R1 Distillation Model

e The authors use DeepSeek-R1 as teacher model to train relatively smaller models
like Qwen and LIaMA to reduce this cost.

e The distilled models are trained on a dataset containing 80,000 samples
generated by DeepSeek-R1.

e The goal is to transfer strong reasoning ability to the smaller and cheaper models

e The student models use Supervised Fine-Tuning (SFT) only - no RL stage is used
in this setup

e Benchmarks used for evaluating distilled models:
i) AIME 2024 ; ii) MATH-500 ; iii) GPQA Diamond ; iv) LiveCodeBench ;

v) CodeForces



Evaluation of DeepSeek-R1 Distillation Model

GPQA LiveCode . y
Model MME2024 MATH i ond Bench - C20F0rcs e Two well-established LLM's are
pass@1 cons@64 pass@1 pass@] pass@l rating used as base“neS
GPT-40-0513 9.3 134 74.6 49.9 329 759
Claude-3.5-Sonnet-1022 16.0 26.7 78.3 65.0 38.9 717

DeepSeek-R1-Distill-Qwen-1.5B 289 527 839 338 169 954 o GPT-40-0513
DeepSeek-R1-Distill-Qwen-7B 555 833 928 491 376 1189

DeepSeek-R1-Distill-Qwen-14B  69.7 80.0 93.9 59.1 53.1 1481 0O C I au d e_3 5_8 onn et_ 1 022

DeepSeek-R1-Distill-Qwen-32B  72.6 83.3 943 621 57.2 1691
DeepSeek-R1-Distill-Llama-8B  50.4 80.0 89.1 49.0 39.6 1205

Comparison of DeepSeek-R1 distilled models and other comparable Su rpaSS the baselme models
models on reasoning-related benchmarks.

e Smallest model DeepSeek-R1-Distill-Qwen-1.5B outperforms the baselines on
math benchmarks and CodeForces

e Smaller models that are distilled from strong reasoning teacher models can still
be very capable



Drawbacks of DeepSeek-R1

e Structure output and tool use:

o The model is still fails to produce well-structured outputs compared with
some existing models.

o It cannot use external tools like search engines that can significantly
improve answer quality and formatting.

e Token Efficiency:
o Ittends to overthink and too many tokens on simple tasks
e Language Mixing:

o Since the model is optimized in English and Chinese, there can be
mixed-language responses if a question is asked in another language



Key Findings

e Importance of Base Checkpoints:
o The authors started with smaller models

o These models failed to show meaningful reasoning improvement on AIME
which they used as a key validation benchmark

o As the responses became lengthier, smaller models became repetitive and
could not use long CoT

o Shifting to larger models led to improvements from RL training

o RL-based improvements depend highly on the strength of the base model



Key Findings

Importance of Verifiers:

O

©)

Success of RL largely depends on reliable reward signals.

Rule-based reward models and LLM-based evaluators work well for tasks
that have clear and well-defined answers (e.g. math questions)

Designing reliable reward models is difficult for subjective tasks (e.g.
writing)

RL is most effective when reward signal is trustworthy



Key Findings

Iterative SFT and RL pipeline:

O

©)

©)

SFT is crucial for tasks where reward signals are hard to define
RL is helps the model to explore better reasoning trajectories
Only RL can lead to reward hacking in long-form tasks

Only SFT can prevent the model to fully acquire reasoning ability that can
be gained via exploration

Best results come from a multi-stage training pipeline that consists of both
SFT and RL



Possible Improvements

e Provide stronger analysis of reward hacking with examples and benchmarks
where reward hacking was seen

e Incorporate multilingual benchmarks (e.g. M-IFEval) for analysis to show the
model’s limitations and see if how well reasoning transfers across languages

e Augment external tools because many reasoning failures can be fixed easily
using these tools rather than using pure reasoning



Thank you!



NOT FOR PRESENTATION: Possible Questions

1. Why use GRPO over PPO?
Save resource on mem and computation
PPO using per step KL penalty -> limit generating long CoT
2. Why does RLHF learn an implicit reward model?
RL too powerful, reward hacking
3. why final reward can give long CoT and high reasoning.
coz the if guess at beginning, will have low accuracy ~ 0
if think longer, the accuracy will increase, the model will learning that
longer reasoning -> response can help it check itself

if its thinking the wrong answer rate will decrease.
very similar to alpha go.

win +1

loss -1

no step by step reward.

4. How aha moment happen?
maybe it failed at this point or similar point before, it knows should think for longer time.
5. for r1 first RL, why set grpo clip ratio to 10, make the real interval = (0, 11]
=> if new policy too good, reject, but accept no matter how bad it is.
encourage exploration.
use the KL term to play the real regulator role.
6. how they distill the small model?
SFT on small Ims
7. Is the CoT the longer the better?
No, overthinking.



