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Figure 1. Our model learns a words/image alignment. The visual-
ized attentional maps (3) are explained in Sections 3.1 & 5.4
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NATURAL LANGUAGE PROCESSING (NLP)
FOR ARTIFICIAL INTELLIGENCE Language Models
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. [Sutton, 2019]
The Bitter Lesson

The bitter lesson is based on the histor-
ical observations that 1) Al researchers
have often tried to build knowledge into
their agents, 2) this always helps in the
short term, and is personally satisfying
to the researcher, but 3) in the long
run it plateaus and even inhibits further
progress, and 4) breakthrough progress
eventually arrives by an opposing ap-
proach based on scaling computation by
search and learning.

Sasha Rush and Daniel Ritter. Speculations on Test-Time Scaling. 2024 {_
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Reminder: AlphaZero
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The denominator of a fraction is 7 less than 3 times the numerator. If the fraction is equivalent to 2/5, what is the numerator of

the fraction? (Answer: 14)

) ® @ Let's call the numerator x
® @ So the denominator is 3x-7.
%) @ @ We know that x/(3x-7) = 2/5
. D ® @ So5x=2(3x-7).

® QO 5x=6x-14 Ty 7, Ty

OOO® sox=7

MCTS R FIEEIPRM

Sasha Rush and Daniel Ritter. Speculations on Test-Time Scaling. 2024
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Training Costs Pre-Training Context Extension Post-Training | Total
in H800 GPU Hours 2664K 119K 5K 2788K
in USD $5.328M $0.238M $0.01M $5.576M

Table 1 | Training costs of DeepSeek-V 3, assuming the rental price of H800 is $2 per GPU hour.

During the pre-training state, training DeepSeek-V3 on each trillion tokens requires only 180K H800 GPU hours,
i.e., 3.7 days on our own cluster with 2048 H800 GPUs. Consequently, our pre-training stage is completed in less

than two months and costs 2664K GPU hours. — KRS ERE RS
> Sebastian Raschia & n (1)

% oebastian kKaschka +- > =
£ d s o | AR ARREA
> E.g. Llama 3 405B used 30.8M GPU-hours, while DeepSeek-V3 looks NEEIERIRANIRER LA
to be a stronger model at only 2.8M GPU-hours (~11X less compute). > jt*%?ééﬁ)%ﬁzzli

— +|-;:F|J = Qg\ 2/ . S
Super interesting! And DeepSeek was trained in H800’s which are e e e . NIRBEE L |E5PAS
— KBS E TR

probably also a tad (or noticeably?) slower than Meta’s H100’s.
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DeepSeek R1EEGIFA
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Large-scale Reasoning-Oriented
Reinforcement Learning
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- }JNMMMMMNL e

1. SBALFE NG IUEX
WRIEEZk
Tulu 3 AR MIER R

2. RL Training Scaling Law: jfiireflection, aha
BaEilEER. E. WE. 24458 E
Stesting-time scaling law—%{, B\ 4REIEHZATIE

EIEIK M HETRRT scaling law

Figure 2 | AIME accuracy of DeepSeek-R1-Zero during tr: gF hq eslonwesample Figure 3 | The a grcsp e length fDeepSele/mo the training set during the RL

16 responses and calculate the overall average ac uracyto ensu table evaluation. process. Deej pSc le Zer tu ally learns to solve ing ta: k;w th more thinking time.
S 2 i6
3 Ll—p rom pt%Hgg I *;ﬁ: Q%*u’n m = * Y i E A conversation between User and Assistant. The user asks a question, and the Assistant solves it.
*;i*?i,ﬁ{“]t’q The assistant first thinks about the reasoning process in the mind and then provides the user
iy 6 . T . with the answer. The reasoning process and answer are enclosed within <think> </think> and
1%%1:/]“6 < th N k > <L /t h N k > <answer> < /a nswer > <answer> </answer> tags, respectively, i.e., <think> rf?asoning process here </think>
<answer> answer here </answer>. User: prompt. Assistant:

N . - . . Table 1 | T late for DeepSeek-R1-Zero. twillb laced with th ifi i
R1-Zerof¥{E o) : poor readability, language mixing able 1| Template for DeepSee caestion duting iy, P o
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s X g cata (S07K)

A
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Reasoning Data

DeepSeek-R1-Zero
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Step 0. Generating Long CoT data Step 4. General RL
Few-shot ICL + AT/Srefining Reasoning RL with rule-based rewards

RLHF Preference Tuning with safety rewards
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1. 3L ¥IEZEGRPO (DeepSeekMath)
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Reference
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:
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Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
2 .illﬁ mgﬁ_ }1 ég Eb Eﬂ estimating the baseline from group scores, significantly reducing training resources.

o >Feasily verifiable rewards
« Accuracy reward
« Format reward
- Language-consistency reward
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DeepSeek vs OpenAl

Created by el

Pricing: Input and Output Prices

@ DeepSeek-R1 @ OpenAl-01-1217

USD per 1M Tokens
@ Input price @ Output price
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DeepSeek-R1 () F£5 EE 0[]

Average Times(s) All Correct Wrong
Overall 147.26 100.69 285.83
Level 1 83.57 63.88 167.25
Level 2 132.49 91.98 281.00
Level 3 226.19 158.37 345.88

Models Logical | Levell | Level2 | Level 3 Open Source ? Model Size
DeepSeek-R1 (API) 76.10% | 90.48% | 77.14% | 61.70% Yes 671B
DeepSeck-R1 ([ 12) 74.84% | 80.95% | 78.57% | 63.83% Yes 671B

ol-preview 72.33% | 88.10% | 74.29% | 55.32% No undisclosed
DeepSeek-R1 (FE'E # API-together) 70.44% | 80.95% | 78.57% | 48.94% Yes 671B
QwQ-32B 63.52% | 73.81% | 70.00% | 44.68% Yes 32B
hunyuan-turbo-latest 62.26% | 85.71% | 65.71% | 36.17% No undisclosed
GLM-Zero-preview 61.64% | 71.43% | 71.43% | 38.30% No undisclosed
Doubao-pro-32k 61.01% | 83.33% | 62.86% | 38.30% No undisclosed
Yi-Lightning 52.83% | 64.29% | 60.00% | 31.91% No undisclosed
DeepSeek-V2.5-1210 49.69% | 69.05% | 57.14% | 21.28% Yes undisclosed
Ernie-4.0-Turbo-8k 49.06% | 66.67% | 54.29% | 25.53% No undisclosed
DeepSeek-V3 49.06% | 66.67% | 52.86% | 27.66% Yes 671B
SenseChat-5-1202 47.17% | 64.29% [ 50.00% | 27.66% No undisclosed
GPT-4-Turbo 42.77% | 57.14% | 48.57% | 21.28% No undisclosed
Spark4.0 Ultra 39.62% | 57.14% | 44.29% | 17.02% No undisclosed
Moonshot-v1-32k 38.99% | 45.24% | 48.57% | 19.15% No undisclosed
GPT-3.5-Turbo 29.56% | 35.71% | 35.71% | 14.89% No undisclosed
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DeepSeek R127E#RIBAT (OpenAl o153 [$RATIESERIAM) it T0-18981HTSE
i, MUBERLRETFARRSEEINKESIREEIERARSZ, B 7I3EZ—F
% (BOpenAlRIQ* L3I FITIE) WA ZBRERIEITIIGPHITRIVEE.
2R MEES (BPSearch+PRM) SEIUEIRERY “iXX" ;
Sk :

o MMIFRELIFIER AR

o BRABEZAART (BERTIARN "AH" )

o RBIFFE (MIT License)
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DeepSeek: R

# _ unusual whales 1 1
Q’ BREAKING: This is not a memecoin. Overnlght’ M|Cr050ft, NVIDIA’ and < Apps TOp Charts All Apps
Amazon all connected to DeepSeek!
This is Nvidia, , the most valuable company in the world before . . . . )
today. Andrew Ng: Al in China is on the rise. Fras Appe Sl i
Itis down 17%. Naiw litalligénce Seiirce
It lost $560 billion in market cap today so far, the largest in market history. o e 0as T & 1 [A)leiggzteakn; -

Intelligent Al Assistant

$117.;

Microsoft, NVIDIA, and Amazon embrace DeepSeek R1, along with USA Cloud

Computing platforms. Andrew Ng and the former CEO of Intel praise DeepSeek's ChatG PT
innovative capabilities. The official app Open
by OpenAl
On the last day of January, the enthusiasm from DeepSeek shows no signs of
waning. Threads
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DeepSeek: HRY

DeepSeek R1

SoiEk

/\ Artificial Analysis

9 - DeepSeek V3 Gemini 1.5 Pro (Sep)
5¢ 90 - Qwen2.5 Max
] \
2 g5 _o1-mini 01
> a0 _Claude 3.5 Sonnet (Oct)
E ) /. _GFT4o (Nov '24)
(&) 75 - = © Mistral Large 2 (Nov '24)
]
@ 20 - \ Vlama 3.1 405B
] tral Small 3
g 8- \Claude 3.5 Haiku
©
8 - lGPTdomini Ov2FT
=
T 55 -
<

50 - \Llama 3.1 8B
45 -
| | | | | 1 | | 1 | | 1 | | | 1

$0.00 $2.00 $4.00 $6.00 $8.00 $10.00 $12.00 $14.00 $16.00 $18.00 $20.00 $22.00 $24.00 $26.00 $28.00 $30.00
Price (USD per M Tokens)

Fm: TEftbXEEEE Bttt B2 IR AR AR TP Rk — IR AR




DeepSeek: WMN——FFiE vs iR

GPT-3%iREZE, AERTRE vs iRz S. ZH—EEE

DeepSeek RIBHIEAT, —aSHEAIRAIRE, EXEEAIRE ERYEIEE

L)
»

EEAIFE—HPA BRI RIRT AR AL TR

FiR vs FIEAMMUSEARARRTE, BXFAIRERE

i lolzinventor - 5d ago 7.License
Would you consider releasing some model weights, and publishing some research? This code repository and the model weights are licensed under the MIT License. DeepSeek-R1 series support
commercial use, allow for any modifications and derivative works, including, but not limited to, distillation for
@ ¢ 164 b Q Award > Share training other LLMs. Please note that:
i samaltman CO-HOST - 4d ago + DeepSeek-R1-Distill-Qwen-1.5B, DeepSeek-R1-Distill-Qwen-7B, DeepSeek-R1-Distill-Qwen-14B and
OpenAl CEO Sam Altman | Verified ... DeepSeek-R1-Distill-Qwen-32B are derived from Qwen-2.5 series, which are originally licensed under Apache
yes, we are discussing. i personally think we have been on the wrong side of history here and need to 2.0 License, and now finetuned with 800k samples curated with DeepSeek-R1.
figure out a different open source strategy; not everyone at openai shares this view, and it's also not * DeepSeek-R1-Distill-Llama-8B is derived from Llama3.1-8B-Base and is originally licensed under llama3.1
our current highest priority. license.

* DeepSeek-R1-Distill-Llama-70B is derived from Llama3.3-70B-Instruct and is originally licensed under

&0 & My2 @ Share llama3.3 license.
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BUFRSLA A &Vision

DeepSeek V3FIRTHIEIF, MRS, SERASELAEAEH, HELEIAREMSERI1-1002
BEF, ERRHEENRBREATRLR0-18IF (ORRERANRZ) | ERNEEE 7RG
ANIESREE TR TFHYAE. #REAARERI0-18IFh, WMRBEBSHE—RAT, MLEBBFZHE
DHSENAZESIE, EaLISEIRA, DeepSeekRIRKIIIER ST it ;

RADEEEHERATH "B EXNES, MIISENEERRANFE, BERERIELE. KM
S EHEATORNEIF. BEHETELSIEZ AT, XAHEIEEEZHEE, BEvision, ESA
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breakthroughs

0.75 1

0.50 1

Probability of HLMI

2014-2024FEES2H -

Attention

Transformer

2025 2050 2075 2100
Year

= 2023 Aggregate Forecast (with 95% Confidence Interval)
= 2022 Aggregate Forecast (with 95% Confidence Interval)
Random Subset of 2023 Forecasts
Random Subset of 2022 Forecasts

MAF: RARBES,
ASRFRrEERLSEIRAIR
s E304F

Probability of automation

100% -

80%

40%

0%

RLHF
o1/R1

When will it be feasible to automate all tasks or occupations?

1
2
3. Scaling Law
4
5

—— Median response 100%

Y of responses (25-75th ptile)
2103, 80% /

92%

2073, 50%

2048, 20%

2040 2060 2080 2100 2120
Years

OpenAl Imagines Our Al Future

Stages of Artificial Intelligence

Level 1

Level 2

Level 3

Level 4

Level 5

Chatbots, Al with conversational language
Reasoners, human-level problem solving
Agents, systems that can take actions
Innovators, Al that can aid in invention

Organizations, Al that can do the work of an organization
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DeepSeek R2 > Deep Science

'fv Daya Guo P Follow | OpenAl RL Finetuning?

@Guodaya
o . w‘."\s EXOMP\e
Replying to @teortaxesTex and @kaush _trip Yoo
The 660 B R1 _Ze ro and R1 began runn | ng Case Report: 51-year-old woman, Disease onset was not specified
. . . Symptoms: Hypertelorism, Blepharophimosis, Micrognathia,
after the release Of V3’ Wlth tralnlng Velopharyngeal insufficiency, Hypoparathyroidism, Global
taki ng app roximatel y 2-3 weeks. The developmental delay, and Sensorineural hearing impairment
R1 mOdel we referred tO p rior tO th iS Absent Symptoms: Cleft palate, Tetralogy of Fallot, Pulmonary
. . valve atresia, Atrial septal defect, Aortopulmonary collateral arteries
time (e.g., in the V3 tech report) was the A , .
. 5 Instructions: Please list all genes that may cause these symptoms in ranked order,
R1-Lite or the R1-Lite-Zero. from most to least likely along with an explanation for why you

think those specific genes may be responsible.

Correct Answer:

o RTJIZEEIEFIR, 3min/step
o DeepSeekBHRiFIEHEIEAIERIAIMNE — }OXE; B;SS 7
o R2UJEERIRET
o RIEERETFHEFE, (8. ZiEHE, 2FEX
BB EIEIAF)iEAReasoner, [ARUKAGES, F ™
EHTES Mg RLIIS /

[KDMSA, FOXE3, BBS5, ...]

Grader |——= 0.7

EHRA RS : Al reasoning + research

Nathan Lambert. How to approach post-training for Al applications. 2024.12



Basic Areas of LLM Safety Related Areas to LLM Safety

Al Safety

Shi et al., 2024. Large Language Model Safety: A Holistic Survey
https://arxiv.org/pdf/2412.17686
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GPT4- DeepSeek-
LLMs as Agents Interpretability for LLM Safety paiesnd haodisey il i

isali z : R1 2404 2404 AVG-2404 e ——— - :
Value Misalignment ~ Robustness to Attack (External Interactions) (Internal Mechanisms) 1 5B Awareness-ai-identity chai 38.08
{E%ﬁm 24.35 19.04 19.42 33.30 i Awareness-internet-access CAia 52.50
. . q — o - IR A -no-monitori CAn 39.70
| Social Bias & — Attack [ Language Agent ][ Embodied Agent ] [ Interpretability for LLM Abilities ] B A 22.33 25.92 23.33 35.56 LR 1@ c::::?::::;:;:‘;,z:: s T
) * Jailbreaking A e B e BALEAL Coordinate-other-ais CCoa 6.28
Privacy * Red Teaming o] (@] [ Interpretability in Model Safety Auditing } iﬁ;f;; 50.82 875 35.24 olae #EALEAL Coordinate-other-versions  CCov 10.20
=) 8.26 6.71 7.39 15.78 WG Desire-for-compute CDfc 29.68
iy ([ terpretability for Aligament | BB 4133 4332 3867 49.63 BEUK awrpenr e | 018

efense  \C) el rweath :
Ethics and Morality [ Potential Risks in the Use of ] MIWERE | 1664| 1060| 1090 | 24.83 I T
Interpretability fa ks B R 33.66 27.23 24.24 40.28 #KUE T Deception-in-fictitiousinfo  CDifi 23.63
By 29.08 25.92 23.95 37.82 B roromiod c Ll
— Technology Roadmaps to LLM Safety Governance g;’;zg S — -
[ Weaponizahion ] [ Instrumental Goals ] in Practice (Technical Measures) (Regulatory Measures) FREAE Improvement-buildingai  Clba 49.05
Misinf . Goal Misalignment Iﬁiﬁ ::::z:z::::::l-‘ais E::a igz:
e [ Training ] 5 Proposals LT
[paign: eception [ : ] - —_ CRgp 11.64
Situational Evaluation @ Policies ﬁ}ﬁﬂfg’ ﬂﬁ ﬁﬁ
e Awarenoss [ Deployment ) ik LAERBAET AT, REERAGPTIEH —EHE
; R = ropuT g ot ot i
Misuse et Rk ([ Sefety Guidanco Stategy & Visions SR A bR 32 B R S
BREHRREE G, LB BREGHNmFn B E R &
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