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O EFAE&REEES) (RLHF, Reinforcement

learning with human feedback)

O BFAMEXISRES{LA (GRPO, Group Relative Policy

Optimization)

RLHF
Low quality data High quality data Human feedback
Demonstration Comparison
Text P Prompts
e.g. Internet data data data
, Trained to give Optimized to generate
C:Phrnml:d for rII'IEtLI.f.'Il'.‘d far & senlar beore fai responses that maximize
text completion dialogue (prampt, response) scores by reward model
Language Supervised P Reinforcement
guag = uperve — Classification .
modeling finetuning Learning
Pretrained LLM —— SFT model Reward model —— Final model
|
Scale =1 trillion 10K - 100K 100K - 1M comparisons 10K - 100K
May ‘23 tokens [prampt, responsa) |prempt, winning_response, losing_response) prompts
Examples GPT-x, Gopher, LLaMa, Dolly-v2 InstructGPT, ChatGPT,
Bolded: opern  Pythia, Bloom, StableLM Claude, StableVicuna
sourced
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O ATLARR oSkl 8k #82R (Jixl) 7304

O {im=: v "ExeiiisE" | FEANEE S

O &= 3/ 3KBUREAE 7<X TN i

O FTHRE (Model-Free) : RAETVER PEL R, RIBIREEEFINNMEERES
O EENIMER B RZ I MEREETRES
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O {830 (Value-Based) : FoF>JIRE / sUFIMERKZL Q7 (s, a) B

T MEEREUE R TRES
O KESEEET argmax,Q(s,a) (FL) Bk e-RAILIRE

O~ SZWEEIRIE Z2TEE
O fRAA: X S4EEEM P AKRRET; MELUIZRBEIERES

O ZREBIU (Policy-Based) : BHEXIREE g (als) SEULS

O REEZRUEP Q; FEE (Policy Gradient) {4 E0

O i EEEEE, BHEETR, AJLUIISREEIES

O SZEINERE, EEEEEXKRELE

O ER-ITFEHR (Actor-Critic) : (MENSKRIETRIES
O Actor (ZREEMNZR) BEREEED T, aimdbasfFRISEL
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[0 Model-Based vs. Model-Free
[0 Value-Based vs. Policy-Based Model-Free

0 On-policy vs. Off-policy

Value Function Actor Policy
Critic
Value-Based Policy-Based
Model-Based

\__/\/

Model
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O Q-Learning: Model-Free + Value-Based + Off-policy
0 SARSA: Model-Free + Value-Based + On-policy
O DOQN (Deep Q-Leaning Network): Model-Free + Value-Based + Off-policy
O 7£ Q-Learning Ehti_ EFRIREMN BB FEREL
O REINFORCE: Model-Free + Policy-Based + On-policy
O A2C (Advantage Actor-Critic): Model-Free + Actor-Critic + On-policy
O PPO (Proximal Policy Optimization): Model-Free + Actor-Critic + (On-policy/Oft-policy)
O SAC (Soft Actor-Critic): Model-Free + Actor-Critic + Off-policy
O GRPO (Group Relative Policy Optimization) : Model-Free + Policy-Based + (On-
policy/Off-policy)
O AlphaGo: B9 Model-Based (MCTS %) + B9 Model-Free + Actor-Critic + On-policy
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O 52{C=F SIR95 SRAKES
O RHRECEN . S/RAIRORKRIIIE (MDP) HMalSAkl (Dynamic Programming)
O I GRUESIEA: IWFES (Temporal Difference, TD) %>, Q-Learning
O 5 FEZ=344: DON (Deep Q-Network), AlphaGo
O IUSEERUESINBET: Actor-Critic (AR, B&BWES, SEEEHNRHAES

1940s - 1950s - 1980s : 20*00;-_,______. 2020s
J—
"_._'_._'_'_'_'_’_‘_._'_'_I'_ ® .
. Deep Reinforcement Learning
Dynamic Value-based 0 tE’cl_lcyi_
Programmin Vethods PENRELSCION
DeepMind, DQN (Nature, 2015)
Boom of policy gradient methods
Policy Iteration (Howard) - Q-Learning (Watkins)

Richard E. Bellman Linear Programming — TD Learning & Actor-critic (Sutton, Barto, etc.)
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Chat GPT

Rubik’s Cube from OpenAl ‘
(sim2real robotic arms) )

Dota 2 w/
OpenAl Five

2020

Atari Game from DeepMind:
(high-dimensional input space)

& deepseck R1
L StarCraft Il w/Alpha Star I 2 .
; (real-time strate i |

**;‘“"L*.\u o AlphaGo/ Alpha Zero: &) e Haan |
_\&é‘.‘g}‘ 2 (self learning) 4 ﬁ:p ato -~
A o rotein structure

: ; DeepSeck R1

ALL SYSTEMS GO
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