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Introduction
RLHF in Large Language Model

/

% Reinforcement Learning with Human Feedback (RLHF)

«  GPT37HX| Q{2 EAS2 QZte| 7kX[et M= & HB{oIX| = EEE dd
=

«  InstructGPT O|= RLHFE &3l QI7te| mEtZ BtESI0] AN EH S £ Hosts LY EO| Lt SF
Step1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A prompt is A prompt and A new prompt »
sampled from our Ep e several model R is sampled from Wrten sty
prompt dataset. landing to s & year old outputs are landing to a & year old the dataset. about frags.
sampled.

' ° o o _ 1

A labeler frne et The pOHCV PPO
.. ®
demonstrates the @ e om IIII generates A, -
desired output 7 Pttt B an output. w
. 4 \
behavior. Some people went ¥ ;
fothemoan Alabeler ranks

# the outputs from @ Once upon a time..
This data is used - best to worst. ©-0.0-0 }
to fine-tune GPT-3 y > 7 '\ Thle relwtard model .

i i calculates a .
with supervised W ‘lr . .p?jl.\.
learning. . R 5vd

& This data is used = the output, Ll
2EB to train our ./ﬁ"‘?:\. "
reward model. h.g The reward is
0-0-0-0 used to update F -
the policy
using PPO.

Figure 2: A diagram illustrating the three steps of our method: (1) supervised fine-tuning (SFT), (2)
reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO)
on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,
boxes A-D are samples from our models that get ranked by labelers. See Section 3 for more details
on our method.
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B Introduction

RLHF in Large Language Model

% Reinforcement Learning with Human Feedback (RLHF)

«  GPT37tX|o] A RRES2 QIZte| 7HX|Qt M & N2{SHA| =

o
*  InstructGPT O|= RLHFE Soff QlZte| mE8S BHFSI0] O ZES X Hztol= G EEO| Ch=

Reward Model Training
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RL Fine-tuning
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/

| — _
Ranking i Training with feedback data
S aesHYHEFEE
Al: =7t~ FH EELLCL
A2: =2 M7t 4.
A3: ™ oio] = gldR.
)4 A1>A3>A2

4

Reward Model

1
1
1
1
1
o) : 6
Reward Model L Aligned LM
Pre-trainedltM  TTTTTmTTo > / g
LM Ouputs || v .
hy —

Reward Training with RL algorithm (PPO)

Ty
ry (f5(@)1Q) log f5(Q)

reward model

ry(411Q) > 1y (45]Q) > 1, (A21Q)

Data Mining

KOREA Quality Analytics

UNIVERSITY

.é.



B Introduction

RLHF in Large Language Model

/

o Detalls
. What is LLM and ChatGPT?

v Seq2Seq, Transformer, GPT~InstructGPT
What is LLM and ChatGPT?

v" RLHF(Alignment Tuning), LLaMA, Alpaca, Vicuna, Falcon, etc.

What is LLM and ChatGPT? fraining Techniques and
Research Trends of LLM

2023.07.28
Data Minihg & Quality Analytics Lab.

What is LLM and ChatGPT? Training Techniques and Research Trend:

S X} g Mo YR} a 2UBi%]|
9 20234 78 28Y

{9 2% 124 ~

O =22 B|C|2 AlA (YouTube)

9 20234 8¢ 4
(3 3124~
D =222 H|C|2 AHE (YouTube)

Mol 3R Rl — MojLt Es 2] —

http://dmga.korea.ac.kr/activity/seminar/416
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B Introduction

Challenges with applying RL in the real-world

/

% Reinforcement Learning Framework

y B (Experience) : (s¢, A¢, Tes1, Se41)
« Gy oM AE ¢ O|FRE OI|AE E7H] 2 5= e 78 EEHE )

Vo G =T H VT2 Y3

Policy-based
m(als)
P
i .
: Action
Transition Probability i
P(s',r|s, a) i St ENVIRONMENT a;
i Value-based
. Q(s,a;) > 0(s,a,)

Data Mining
KOREA ..:..

UNIVERSITY Quallity Analyfics



B Introduction

Challenges with applying RL in the real-world

/

% Reinforcement Learning Framework
*  Actor-Critic Method

Learning Agent

e = {50, a0, 71,51}

v BHEng(als)  =E Wy a O Ciot 2R 25 et 4 nE FH0t= 2/ 8 (¢)
v o K " Qe(s,a)  =HE B G o AR V[SHEL QE FE5te g/ B ()
{\ l —_ :Ei I Qo(spar) « Tepq + YEa,,, [Qo(St+1, Ar41)]
|_ e = S0, qp, 71,51
{/ |t Qo Objective = Maximizie E[Qg(s, a)logn¢ (als)]
\J ' Rollout m (L e=buanrs)
|

(Generate Dataset)

Classical RL
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B Introduction

Challenges with applying RL in the real-world

/

% Reinforcement Learning Framework
*  Actor-Critic Method

Learning Agent

e = {50, a0, 71,51}

v BHEng(als)  =E Wy a O Ciot 2R 25 et 4 nE FH0t= 2/ 8 (¢)
v o K " Qe(s,a)  =HE B G o AR V[SHEL QE FE5te g/ B ()
{\ l —_ :Ei I Qo(spar) « Tepq + YEa,,, [Qo(St+1, Ar41)]
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|

(Generate Dataset)
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B Introduction

Challenges with applying RL in the real-world
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B Introduction

Challenges with applying RL in the real-world

/

% Meticulous Reward Design
. How to formulate reward in real-time strategy (RTS) game?

v' When ally kill enemy
v' When ally dies

Starcraft Il with RODE algorithm
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B Introduction

Challenges with applying RL in the real-world

/

% Meticulous Reward Design

. How to formulate reward in robotic manipulation task?
v" How much reward for pressing the button?

v" How much reward for opening the door?

Train

button press door open drawer close drawer open msert

— — — — —
o .
~
~N
/

pick place push reach window open window close

Metaworld Environment

https://meta-world.github.io/

E.1.11  Door Unlock
QL([{1,4,2} - (0 — h + {0,0.055,0.07))],
0,
0.02,
[{1,4,2} - (0; — b + (0,0.055,0.07))[1)) + BL{|¢(x) — 05 (x|, 0,0.005,0.1)

R=

E.1.12  Door Open
alt = Tin o i012 - (044 0.0410g ([[hiay) — 0pagy||-0.12))

ready — 4 T (LK = 0 — {0.05,0.08, ~0.01)[.0, 0.06,0.5), L(alt — hiz),0,0.01, %), ) ) < alt
Y= L{Jh - o - (0.05,0.03, —0.01)], 0.0.06, 0.5) otherwise

R- 2Ty, (g, ready) + 8 (021, <0.00 + 0.8L (0, + ET' 0,05,5)) |t — o | = 0.08
10 otherwise

E.1.13  Box Close

alt = Tynge, ey 5002 - (0.4 + 0.0410g ([lagag) — 0peg)[|-0.02))

ready — Tu” (L{Jlh - ol|. 0,0.02,0.5), L{ait — h(z,0,001,%),) ki <alt
v L{||h — o, 0,0.02,0.5) otherwise

R 2w, (-‘— ready) + 8 (0215, 004 + 0.8L((1, 1,3)||t — 0], 0,0.05,0.25)) |t — o] > 0.08
Tl 10 otherwise

E.1.14 Drawer Open
R=5(L{|t=0.0,0.02,0.2) + L (fl(e = h) - {3,3.1}(|.0.0.01, ||(o; = ki) - (3, 3. 1)]1))
E.1.15 Drawer Close
k= { T (L(lt - 0],0.0.05, |12 — oi]| — 0.05). Tur, (g. L{ljo — h]|. 0,0.005, |lo; — hq| —0.005))) [t — o] > 0.065
10 otherwise
E.1.16 Faucet Close
R= l.H||r) Rll.0,0.01, [lo: — hill = 0.01) + GL{|It — of|, 0,0.07, |t — ai] — 0.07) ||t — of| > 0.07
- otherwise
E-1.17 Faucet Open

(Lo — h+ (~.04,0,03)],0,001, o, — ] —0.01) 00003~ 0.0
R={ 1 6L(Jt—o+(—.040,.03.0,007, 1t — o — 007y £~ 0T {-04.0..03)] '
10

otherwise

Too many physics...
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B Introduction

Challenges with applying RL in the real-world

/

% Meticulous Reward Design

«  Too many bugs to manipulate complex task...

Button press reward functions also reward pulling on button #389

krzentner opened this issue on Jan 27 - 2 comments

@ krzentner commented on Jan 27 Contributor | +++ As
This rarely matters, but button-push family of tasks also reward pulling on the button. This makes it possible to get very high S
reward without ever succeeding at the task, which should probably be fixed.

La
Fortunately this rarely matters in practice, since most RL algorithms never attempt to pull on the button. NG
@
Pr
M
A @ reginald-mclean self-assigned this on Feb 3
M

Metaworld Button Press

Data Mining
KOREA ..:..
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I Preliminaries

Reinforcement Learmning

% Reinforcement Learning Basics — Actor Critic

- F™ F= (Policy Function) my: 2ENZF FO{R S Of

xH
-  AE JHX|Ers (Action-value Function) Qg: AHEHOH| CHSH

-

Policy Function

» et a

“

Qo

=

Learning Agent

.
- :
57 o et
- n Tl
r \ L e=(s0 a0 715
[} ~ *
Ty -

1§ }

1§ 3

{/ i1l e=(saazrs55)
5 1

A\ j ( )

a (Generate Dataset) ( )

\ Classjy

Qo(st,ar) « 1e41 + VEq,,, [Qo(Se+1, ars1)]

Rollout

Objective = Maximizie E[Qg(s, a)logmy(als)]

A~
T

Qe 130

a;

Action-value Function

Data Mining
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- Preliminaries _AN, oy clEnd = r
1 1 {/ Rollout . i =Ei Qe
Reinforcement Learmning N et

Classical RL
% Reinforcement Learning Basics — Actor Critic \; /

Qo(st,ar) « 1e41 + VEq,,, [Qo(Se+1, ars1)]

Learning Agent

«  dH &= (Policy Function) my: &HENZF FORS I H5S HESH=E 2

! Objective = Maximizie E[Qg(s, a)logmy(als)]
- WS JHX|Ers (Action-value Function) Qg: &YEHO|| CHot S O| HOfLt 2 K| THEHSHE Bt

Policy Objective
Maximizie E[Qq(s, a)logmy(als)]

. @ f

p
a "F‘ ny(als) — me(* IB) =03 my( @) =04
s, » 0 & 1 q

Qo(s,a)  Qo(P,«)=60 Qp( B, +)=-40

Policy Function

Data Mining
KOREA ..:..
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- Preliminaries _AN, oy clEnd = r
1 1 {/ Rollout . i =Ei Qe
Reinforcement Learmning N et

Classical RL
% Reinforcement Learning Basics — Actor Critic \; /

Qo(st,ar) « 1e41 + VEq,,, [Qo(Se+1, ars1)]

Learning Agent

«  dH &= (Policy Function) my: &HENZF FORS I H5S HESH=E 2

! Objective = Maximizie E[Qg(s, a)logmy(als)]
- WS JHX|Ers (Action-value Function) Qg: &YEHO|| CHot S O| HOfLt 2 K| THEHSHE Bt

Policy Objective
Maximizie E[Qq(s, a)logmy(als)]

. @ f

p
a "F‘ ny(als) — me(* IB) =05 my(#|f) =02
s, » 0 & 1 q

Qo(s,a)  Qo(P,«)=60 Qp( B, +)=-40

Policy Function
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% Reinforcement Learning Basics — Actor Critic

Qmob Flash Player
'Lat_‘ 87 UESO =22H
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I Preliminaries

Reinforcement Learmning

2t (Policy Function) my: SENZF FHME [ S ESH= 2=

Ty

- :
ST M e=fnanrs,

J 172052} ’
Tp —
_— r \ 1L e =0 a0,m1,5)
v :

|l e=Gaazrsss)

{/ lel A=

\ j Rollout LY ‘i e=lbuauras) Learning Agent %

i e = {s5,a9, 71,5}

a (Generate Dataset)

\ Classiy

Qo(s¢,ar) « 1ep1 +VEq,,, [Qo(St+1, Ars1)]

Objective = Maximizie E[Qg(s, a)logmy(als)]

7kX|gt4= (Action-value Function) Qg: EHO|| CHSH BS0| A0k} E2 K| EHEHSHE gt

1](2](3

Bl(5]|6

T7](81]19
m‘nl O||%d

(3 FeN]u]

A '| 220
1IHI '] 1004
Up!

43 D|E1D

1Al 1804

Down!

3# DIE2

1A 2004

Down!

22 D=2t

1|IHI,.:'-.4 1604

Action-value Objective

Qo(sp,ar) « 1p4q + YEa,,, [Qs (St+1, Ar41)]

SRS M2 >>50

UHEH D

HREEM2

Qo 130

a;

Action-value Function

Data Mining
KOREA ..:..

UNIVERSITY Quallity Analyfics



- Preliminaries AN, oy LEE

Reinforcement Learning S omometmen
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Reinforcement Learning Basics — Actor Critic

S8

el HES ol £3td {2t % )

SME HEZ JAYSL A M
HMEZ ol §3td b2 {245 9

Bt £ 1S 18 o) ok

o U,
24 ok A Z

2 i3t AEE 2% 3ol

2t (Policy Function) my: SENZF FHME [ S ESH= 2=

TR0 S
[ 2 |
AS 7t
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Rollout © -| (S Learning Agent %
)

1|l e={so,a011,5

\ Classiy

Qo(s¢,ar) « 1ep1 +VEq,,, [Qo(St+1, Ars1)]

Objective = Maximizie E[Qg(s, a)logmy(als)]
(Action-value Function) Qq: FEHOI| CHot HS0| HOfLE E2X| EHEHSH= 2t

Action-value Objective

PS C:\Users\KJH\Desktop\updown> python .\main.py P s s 2
S# JIZIDF SoksLICE Minimize E [(Tt+1 +vQo(St+1,Ars1) — Qo sy at)) ]
1M 108A10]2 : UHSTHS >>5e
Up!

a4AH 7|50
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- Preliminaries _AN, oy clEnd = r |
: : v e . s L. %
Reinforcement Learning P e g

Classical RL
< Reinforcement Learning Basics — Actor Critic \g /

\/
o . . o " o Qo(sp,ar) « 1pp1 + YEa,,, [Qo (St+1,Ae41)]
«  dH™ &= (Policy Function) my: HENZE O[S Il ASS = e "

! Objective = Maximizie E[Qg(s, a)logmy(als)]
«  AF 7Kg= (Action-value Function) Qq: SfENO| CHol WSO0| F0tLt E2X| EESH= o4

a; Tti1 St+1 At+1 Action-value Objective

a ‘ +5 g » Minimize E[(Tt+1 +vQ (St+1; at+1) — Qg (St; at))Z]

Qs(B,%) =130 0s(M, %) = 100
Qo 130
54+09x Qg(M,») =95 ‘
Update Current a,
Q Value Target Q Value

Action-value Function
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I Preliminaries

Reinforcement Learmning

/

< Off-Policy vs On-Policy

«  Off-policy RL algorithms :

v DDPG, SAC, TD3

*  On-policy RL algorithms : <3

v A3C, A2C, PPO

Y

/’\é
—a

SH 2m)et 7HK| 2

2‘-‘
L_\

A—— N

(Generate Dataset)

JOl'

2(Q)E SHEAIZ M, olHo =

ot

e (m) 2t 7HR] g (

Q)=

d

e ={s1,a,,72,5,}

e = {So, @, 7", 51}

=)

Learning Agent

e = {53,03, 73,53}

e ={s;,0a,,72, 55}

Rollout S

=

e = {Sg, g, 71,51}

e A2 M, oo =&

=l Ho[H MALE 7ts

XIEl O|O|E MALE

Qo

\Classicav

=7/t

KOREA
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I Preliminaries

Reinforcement Learning

/

% Detalls
«  Basics of Reinforcement Learning

v Basics, Definition of model-based & model-free RL

*  Value-based Reinforcement Learning 1 & 2

v" DQN Family — DQN, DRQN, Double DQN, Dueling DQN, PER

::ml]? REAHI R S E Value_based Learning 2

| ¥ Suprrencs Reploy Mechanism £

=

_.minar 20211203
Basics of Reinforcement Learning

From Markov Decision Process To SARSA/Q-Leaming

%_II_B _ﬂ. [ |
5 IA.AJ.WJZGBJ:
Ysithety MeiEaEstt e ! q 200808, 24
e BB LHAR 272!
Basics of Reinforcement Learning Value-based Learning Value-based Learning 2

wax: ”;?\ TS wax: ﬁ sz wER; Q 2ol

B9 20214 128 3Y

= 20214 78 16 = 20234 38 24
@ 2F 1A~ 0 ez 14~ (3 28124 -
@ 22l H|T|2 Al (YouTube) O =22 H|C|2 Al (YouTube) @ 2219 H|C|2 AIH (YouTube)
MojL HE 27| — Mo "HE "] — MojLt HE =29 —

http://dmaga.korea.ac.kr/activity/seminar/345
http://dmaa.korea.ac.kr/activity/seminar/325

Data Mining
http://dmga.korea.ac.kr/activity/seminar/401 UKNCRIE{EQ .‘:‘. Quality Analytics



http://dmqa.korea.ac.kr/activity/seminar/345
http://dmqa.korea.ac.kr/activity/seminar/325
http://dmqa.korea.ac.kr/activity/seminar/401

I Preliminaries

Reinforcement Learmning

/

% Details
*  Actor-Critic Algorithms
v" Policy Gradients (REINFORCE), Actor-Critics (A3C, DDPG)

Actor-Critic Reinforcement Learning

Algorithms

il Lo

wEE

Actor-Critic Reinforcement Learning Algo

[ 20184 102 26
{3 23 14302 ~

© aeicista Azsta218s

Mojut g2 27| —

KOREA O.. Data Mining
http://dmga.korea.ac.kr/activity/seminar/243 UNIVERSITY .\ Quality Analytics
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I Preliminaries

Reinforcement Learning

— Objective of RL : Maximizing reward.

Reinforcement

— Reward : Indispensable component to train agent

Learning?

— Categorization : Off-Policy vs On-Policy

KOREA Data Mining
UNIVERSITY o.:.b Quallity Analyfics



B Preference-based RL Basics
Reward Design with Bradley-Terry Model

/

“  What is Preference-based Reinforcement Learning (PbRL)?
«  Trajectory Segment ¢': Sequence of state-action pairs (s, a; )

«  Query: 5§ Trajectory?t2| M= =& HEFSt= A

*  PbRL2 AFHO| 2| E reward2| LA =X|7t Ot trajectory?Zt H|w S

x
+ Tradectory 7t HIIE S0l HAM)S FYsHs B/MBYR,)S

aY

..é”TLIJ:I
Elinr=yllss
1

-

i L%B;_ }

| %
[ L 1
R(c®) = 120
R(c1) = 300

Traditional RL

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30.

Sofl et&ols 43t S50 257
3 Qy(s ), my(als)E =
(TO

-
| —1

ol is better than ¢°

PbRL

KOREA

UNIVERSITY

.é.
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B Preference-based RL Basics
Reward Design with Bradley-Terry Model

/

% How to define preference?
«  Query: & Trajectory Segment AtO|2| MZ =& AFESH= A
«  Preference Annotation : =& =l Z2F T F Trajectory SegmentE

v (0%0',u) 2 O|F0{%! Preference Dataset 43

v’ Preference Dataset2 E4t &5 FH ()st=0| A&

Which one is
better?

®: ms o
£ A

.

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30.

=0oH0] H| s,

U= =2 2028w o= A

preference labeling

Data Mining
KOREA ..:..
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B Preference-based RL Basics
Reward Design with Bradley-Terry Model

\/
0’0

Fitting Reward Function with Human Preferences — Bradley Terry Model
«  Assumption of PbRL : ¢° 7} ¢t 2L} M2 EICH= 2

v Xoor(spa;) = Zar(s,a;): o' Eol =1 &

SE SN B0 o5 S8 +RE £ X 2aEC 2 o)
v P(c”>0') 0" HEE 2EO| o1 E MEIY HEELC F AO|ICY
«  Define P(¢® > o) : 20| CiTt = & #5 S9H of2iet 20| o
v A= =E50| 05 2 44000 HZ
s ) exp (Z‘Goﬁ/) (s, at))
Py(c” >0") =
exp (Zaonp (St at)) + exp (Zamp (St at))
- p= S8l #2 =4 : Binary Cross Entropy Loss
— D 0 1 5 0 1
Ly = —Z(Uola1lﬂ)ED(y(0)logP¢(a >0) +u(DlogPy(c” < o))
Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30
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B Preference-based RL Basics
Reward Design with Bradley-Terry Model

% Fitting Reward Function with Human Preferences — Bradley Terry Model

a? ol a® gl
5 6 preference preference
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2 — L
3 2 200 ry (St; at) =10 o° Y o°
Ty ' '
3 " X1 Ty(se,a) =15 o o
Reward Estimator . .
[ ] [ J
-1 10
. exp (20'07’\.1/) (St at))
Py(a® > o) =
exp (Zaonp (s, at)) + exp (Zaml, (ss, at))
Ly = —Z(O.O’o.l'y)eD(y(O)l0gP¢(UO > 01) +y(DlogPy,(c° < o1))
Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement KOREA ... Data Mining
learning from human preferences. Advances in neural information processing systems, 30. UNIVERSITY O.' Quality Anailytics



B Preference-based RL Basics
Reward Design with Bradley-Terry Model

ry

Reward Estimator

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30.
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% Fitting Reward Function with Human Preferences — Bradley Terry Model
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Ly = —Z(Go,al,y)ED(y(O)long(ao > ob) +y(Dlogby(c® < ob))
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B Preference-based RL Basics

Overall Framework
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Reward Learning
v PrefPPO/PrefA3C with Demonstrations v/ PEBBLE v/ SURF

(2017 NeurlPS) (2018 NeurlPs) (2021 ICML) (2022 ICLR)

O O O O

v Causal Confusion and
RUNE Meta-Reward Net Preference Transformer Reward Misidentification
(2022 ICLR) (2022 NeurlPS) (2023 ICLR) (2023 ICLR)
REED OPRL DPPO IPL
(2023 CoRL) (2023 TMLR) (2023 NeurlIPS) (2023 NeurlIPS)
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PrefPPO/PrefA3C

/

«  Preference-based RLE XX 2 X|Otst =&

«  On-policy &02[Z 2l A3C2f PPOO| A A YT Reward Designe X-&30{ True Reward 10| &=

«  InstructGPTE Z&st &, 22 H0f ZEO| RLHFE M 8E 4+ U= A 7| Ot
«  Informative Query Selection = /3l Ensemble Sampling Strategy | 2t

% Deep Reinforcement Learning from Human Preferences (Christiano et al., NIPS 2017)

Deep Reinforcement Learning
from Human Preferences

Paul F Christiano Jan Leike Tom B Brown
OpenAl DeepMind Google Brain®
paul@openai.com leike@google.com tombbrown@google.com
Miljan Martic Shane Legg Dario Amodei
DeepMind DeepMind OpenAl
miljanm@google.com legg@google.com damodei@openai.com
Abstract

For sophisticated reinforcement learning (RL) systems to interact usefully with
real-world environments, we need to communicate complex goals to these systems.
In this work, we explore goals defined in terms of (non-expert) human preferences
between pairs of trajectory segments. We show that this approach can effectively
solve complex RL tasks without access to the reward function, including Atari
games and simulated robot locomotion, while providing feedback on less than
1% of our agent’s interactions with the environment. This reduces the cost of
human oversight far enough that it can be practically applied to state-of-the-art
RL systems. To demonstrate the flexibility of our approach, we show that we can
successfully train complex novel behaviors with about an hour of human time.
These behaviors and environments are considerably more complex than any which
have been previously learned from human feedback.

Christiano, P. F., Leike, J., Brown, T., Martic, M., Legg, S., & Amodei, D. (2017). Deep reinforcement
learning from human preferences. Advances in neural information processing systems, 30.
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PrefPPO/PrefA3C

% Preference-based RL using Bradley-Terry Model (REMIND)
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PrefPPO/PrefA3C

\/
0.0

How to select informative queries?
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How to select informative queries?




B B recion e
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B Advanced Methods B, o= L e
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% How to select informative queries? — Ensemble-based Sampling (Uncertainty-based Sampling)
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PrefPPO/PrefA3C

R/

*» MuJoCo Locomotion Task Results

. . . . . = O|X& [ | =i |
«  Multi-Joint Dynamics-with-Contact (MuJoCo) : 2 MO E i3t 22[H &4 M
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PrefPPO/PrefA3C
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«» Atari Game Task Results

«  Atari : Arcade Learning Environment (ALE) Z2|¥3E Sl 1
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PEBBLE

/

% PEBBLE: Feedback-Efficient Interactive Reinforcement Learning via Relabeling Experience and Unsupervised Pre-

training (Lee et al, ICML 2021)
«  On-Policy &112|5S ALEt PrefPPO/PrefA3CO| HIO|H T84S XX
-  Off-Policy ¥12|&Q SACE A5t IO 2&8d 57t

«  State Entropy 7|2 Unsupervised Pre-training= X 2tSt0] 7|0 CtFet Trajectory?t =HE| =5 & ey

UnsuperViSEd PI‘e—'I‘I‘a,ining (S a S}) IO
— reward learning }
from preferences [FAJ)]

o
¥ l ﬂ o |
. N
A A (5:2,5',74(5.2)) | replay

- buffer
maximize H(s) my(als)

Figure 1. lllustration of our method. First, the agent engages in unsupervised pre-training during which it is encouraged to visit a diverse
set of states so its queries can provide more meaningful signal than on randomly collected experience (left). Then, a teacher provides
preferences between two clips of behavior, and we learn a reward model based on them. The agent is updated to maximize the expected
return under the model. We also relabel all its past experiences with this model to maximize their utilization to update the policy (right).

Lee, K., Smith, L. M., & Abbeel, P. (2021, July). PEBBLE: Feedback-Efficient Interactive Reinforcement Learning via
Relabeling Experience and Unsupervised Pre-training. In International Conference on Machine Learning (pp. 6152- KOREA ... Data Mining
6163). PMLR. UNIVERSITY o9 Quallity Analyfics
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PEBBLE

% How to address sample-efficiency problem?
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/

% How to collect diverse trajectories?
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How to motivate the agent to explore
unseen states?




I Advanced Methods
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% How to collect diverse trajectories? — Unsupervised pre-training for maximizing state-entropy
7|0f| Exploration= %2t LHiF E & (Intrinsic Reward)E E2|5t0] LHF E 40| X[CiotL| =& St

HAS STYNIK| =T E MEQ CIESE(HEE) S}

: o
- -
Jl e={sy, al:"'lzmrsz}

e = {So, o, rilntl 51}

e ={s,a, Tém. sa}

Rollout T~
(Generate Dataset)

Learning Agent Qy

|
|
L]

-~ int

1| e ={sy a1y, ss}
|

J

|

|

|

e = {So, @, ", 51}

Classical RL

Data Mining
KOREA ..:..

UNIVERSITY Quallity Analyfics



I Advanced Methods

PEBBLE
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% Drawback of Off-Policy Algorithms — Relabeling Replay Buffer
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PEBBLE

+»» PEBBLE Pseudo-code

Algorithm 2 PEBBLE

Require: frequency of teacher feedback K

Require: number of queries M per feedback session . : :
1: Initialize parameters of Qg and 7 Algorithm 1 EXPLORE: Unsupervised exploration

2: Initialize a dataset of preferences D < () . IR
W i 1: Initialize parameters of Qp and 7, and a replay buffer 5 <+ ()
4: B, 7, < EXPLORE() in Algorithm 1 2: for each iteration do
5: // POLICY LEARNING 3:  for each timestep ¢ do
g: fo'}/e;‘:}?v;fg'iz:;’NING 4: Collect ;11 by taking a¢ ~ 7y (ar|s:)
8: ifiteration % K == 0 then 5: Compute intrinsic reward r;"" < r*"*(s;) as in (5)
9  forminl...Mdo _ 6: Store transitions B <~ B U {(s¢, a¢,s¢41,7;" )}
i(l): (Qa oz ) r: SztAMPfLE () (see Section 4.2) 7- end for
: uery instructor for .
12 Storgypreference D ﬁ DU{(0°,0",9)} 8:  for each gradient step do
i 2T e . s int B
: 9 Sampl batch {(s;, a;,s; } B
}Z. :ndfm;l : ; : ample minibatc (sj,ajzsj“,'rj ) =1~
: or each gradient step do . s SAC . SAC . .
15: Sample minibatch {(¢°,0',y);}/2, ~ D 10: Optlmlze Leriesc in (1) and Loy in (2) with respect to ¢
16: Optimize £***** in (4) with respect to 1/ and ¢
ok end for 11:  end for
}g: (l;:;}‘abel entire replay buffer B using 7, 12: end for
: endi .
20:  for each timestep ¢ do [3: return B’ T
21 Collect s, by taking a; ~ 7y (a¢|s;)
22 Store transitions B <— B U {(s¢, ar, st41, 7y (st))}
23:  end for
24:  for each gradient step do
25: Sample random minibatch {(7;)}2., ~ B
26: Optimize £355,;. in (1) and £3% in (2) with respect to 6
and ¢, respectively
27:  end for
28: end for

Data Mining
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PEBBLE

«» DMControl Task Results
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Lee, K., Smith, L. M., & Abbeel, P. (2021, July). PEBBLE: Feedback-Efficient Interactive Reinforcement Learning via
Relabeling Experience and Unsupervised Pre-training. In International Conference on Machine Learning (pp. 6152-
6163). PMLR.
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% Spurious Reward Exploitation
»  Hand-engineered rewardE AF8g &2, ALEXAI2| TR 2= ot H2| HY T S&5t= ol &l

=
v otE YR 0k E40] STt

(b) Agent trained with hand-engineered reward

Figure 7. Five frames from agents trained with (a) human prefer-
ence and (b) hand-engineered reward from DMControl benchmark.

Lee, K., Smith, L. M., & Abbeel, P. (2021, July). PEBBLE: Feedback-Efficient Interactive Reinforcement Learning via
Relabeling Experience and Unsupervised Pre-training. In International Conference on Machine Learning (pp. 6152-

6163). PMLR. Data Mining
KOREA ..:..
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% Various Novel Behavior Learning

« AKX Human PreferenceE Sl €2 =0 Q0|2t: CHYot HE52

1
I
et
1
$0
0jo
fujo
HL
oo

Quadruped waving its left front leg Quadruped waving its right front leg Hopper backflip

Figure 6. Novel behaviors trained using feedback from human trainers. The corresponding videos and examples of selected queries are
available at the supplementary material.

Lee, K., Smith, L. M., & Abbeel, P. (2021, July). PEBBLE: Feedback-Efficient Interactive Reinforcement Learning via
Relabeling Experience and Unsupervised Pre-training. In International Conference on Machine Learning (pp. 6152-

6163). PMLR. Data Mining
KOREA ..:..

https://sites.google.com/view/icml21pebble UNIVERSITY Quality Analytics
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Introduction of PbRL

PrefPPO

Reward Ensemble and Sampling Scheme

PrefA3C

On-policy Algorithms (PPO/A3C)

Unsupervised Pre-training for Exploration
Off-Policy Algorithms (SAC) PE BBLE

Relabeling Replay Buffer for Stable Learning
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SURF (ICLR 2022)

How to leverage unlabeled data??
->Semi-supervised Learning

REED (CoRL 2023)

How to leverage unlabeled data??
—>Self-supervised Learning

RUNE (ICLR 2022)

How to encourage the agent to explore??
—>Exploration with model uncertainty

PEBBLE

MRN (NIPS 2022)

How to improve reward estimator learning?
->Bi-level Optimization (Meta-Learning)

KOREA Data Mining
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< SURF: Semi-Supervised Reward Learning with Data Augmentation for Feedback-Efficient Preference-based

Reinforcement Learning (Park et al., ICLR 2022)
- MZZE 0o|=dstE A0 Cist H|E2 X|H, Unlabeled Data® Z&%h= B M

. BHAMFH S0 EX| =85 (Semi-Supervised Learning) € 112|E Q! FixMatch X-&

Fl

T
0 1 =
Preference Rlgtsal
predictor
] Cross
entropy -1
7=1(1,0)

(a) Pseudo-labeling (b) Temporal cropping

Figure 1: Overview of SURF. (a) We leverage unlabeled experiences by generating pseudo-labels 3
from the preference predictor Py, in (1). To mitigate the negative effects from this semi-supervised
learning, we only utilize pseudo-labels when the confidence of the predictor is higher than threshold
7. (b) Given two segments (o, o!), we generate augmented segments (°,5') by cropping the
subsequence from each segment.

Park, J., Seo, Y., Shin, J., Lee, H., Abbeel, P., & Lee, K. (2021, October). SURF: Semi-supervised Reward Learning

with Data Augmentation for Feedback-efficient Preference-based Reinforcement Learning. In International KOREA ... DCITCI_ Mining _
Conference on Learning Representations. UNIVERSITY .\ Quality Analytics
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SURF

%  Details

Deep semi-supervised learning (Basic and Algorithms)

v Basic Algorithms before MixMatch

Semi-supervised learning in deep neural networks (MixMatch)
v MixMatch

Semi-supervised Learninf of FixMatch and after FixMatch

v' FixMatch, SelfMatch, SimMatch

E October 1,2021. DMQA Open Seminar
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T -
1 & >
LOSS untaseted — Y 1max(DA@™)) > 1) CEDAG™), p*) L ===
n Ly
AR Woak--Labeled) & (Strong--Labeled) # % 7 ECOETTTTm
1 >
= v s )
LSS justance W;ruq q

] 20234 28 3
{9 23 124~
© Deicistm AZeR 2183
D 22121 H|C|2 AlE (YouTube)
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I Advanced Methods s A=

Rollout

(Generate Dataset)

SURF ~_ . | L oo g2

/

% Semi-supervised Reward Learning

C L =BG (o) lLu (001 Y) + ALy (0l 0l 3) 1(Py[al > 0} K] > 7))

«  (a?,07,y)~D;: Labeled DataZM Cross Entropy Loss2 &+&
- (0% 6%)~D,: Unlabeled DataZ 4 Ol % 2t()2 Pseudo-label 2 A&

v El ConfidenceZ} TO|AHQ1 O = ZYoOt A

a? o°
Labeled Data
Ty
ol ol
T
—_—
o : o?
Unlabeled Data I
T,l, I
0.1 | 0.1
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I Advanced Methods
SURF

% Temporal Cropping Augmentation

«  (d%al,y): ZO|7} H?! Original Trajectory Pair2}l Preference Label y
«  Z trajectoryOl A ZO| H'ZZ Croppingstd] S SIHH Preference Label y2 JILHE ALE

«  Assumption: Trajectory ©F 0| CH3l 2F7+O| Shift/Resize?t U0 = Preference?t S L& HEl= 7Y (Consistency Regularization)

Algorithm 2 TDA: Temporal data augmentation for reward learning

Require: Minimum and maximum length Hy;, and Hy.y, respectively, for cropping
Require: Pair of segments (¢”, o) with length H
1: 0° = {(s0,a8), .... (s}y_1,a%_1)}
: o.l = {(Sfl]: aé)? ===3 (S:}'l'—lia:}'l'—l)}
Sample H' from a range of [Huin, Hyax]
Sample kg, k1 from a range of [0, H — H'|

// RANDOMLY CROP A SEQUENCE WITH LENGTH H'
7% {(Sgu*agn)*“'! (52{-,+H’—1=320+Hf—1)}
31 — {[:Si-:l ,at‘l),, ceny (S;Iél_'_Hr_l,ail_’_Hf_l)}

Return (5",5")

i A R

Trajectory Pair H 3

Preference Label

(=}
[ury

0 1
y y
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Sample Trajectory 5 Learning Reward Estimator

SURF == ot FFI o=
\— - ] / with estimated rewards

/

«» QOverall Framework

- Advanced Methods % :é -

Rollout

(Generate Dataset)

«  Labeled Data: Temporal Cropping= ¢t & Cross Entropy® St&
Te

«  Unlabeled Data: Original Data2| 0| = 2f0| Confidented 8%, Temporal Cropping®t HIO|E 2| Pseudo-label £ AtE

0'0 0.0
Ty
0'1 0'1
T
Labeled Data T
o? : Only Confident Prediction
Ty I
I
ol |
o a?
r
Unlabeled Data | ¢
0.1 0.1
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SURF

/

% Improved Feedback Efficiency by leveraging unlabeled queries
«  DMControl 3709| Task2t Metaworld 67H2| TaskO| Al SURFZ} PEBBLE CHH| & M2 £=9| Feedbackl2E =2 5= €4

e SAC with ground truth reward e SAC with ground truth reward e SAC with ground truth reward
e PEBBLE (feedback=10000) + SURF e PEBELE (feedback=4000) + SURF e PEBBLE {feedback=2000) + SURF
m—— PEBBLE (feedback=10000) e PEBELE (feedback=4000) m— PEBBLE (feedback=2000)
100 100 A
2 3 2
e 954 = 751 <
@ a )
-~ Bl —
& & &
~ 50+ 50 ~
(1] wn (1]
ot g t
e SAC with ground truth reward w5 AC with ground truth reward me SAC with ground truth reward g 25 A g 25 4 g
e PEBBLE (feedback=100) + SURF wes PEBBLE (feedback=100) + SURF we= PEBBLE (feedback=1000) + SURF [ () )
= PEBBLE (feedback=100) mm= PEBELE (feadback=100}) = PEBBLE (feedback=1000}
1,000 1,000 1,000 0 T T T 0 T T T 0 T T T
0.0 0.5 1.0 1.5 2.0 0.0 0.25 0.5 075 1.0 0.0 025 05 0.75 1.0
S 7504 £ 7504 E 7504 Environment Steps (x10°) Environment Steps (x10°) Environment Steps (x10°)
g 500 g 5007 g 5001 (a) Hammer (b) Door Open (c) Button Press
5] <] 5]
3 250 4 3 250 A g 250 4 s SAC with ground truth reward s SAC with ground truth reward s SAC with ground truth reward
w w w e PEBBLE (feedback=10000} + SURF e PEBBLE (feedback=4000) + SURF e PEBBLE ({feedback=400) + SURF
m— PEBBLE (feedback=10000) = PEBELE (feedback=4000) m— PEBBLE {feedback=400)
T T T T 0 T T T 0 T T T 100 - 100 100 7
0.0 01 02 0.3 04 05 0.0 025 05 075 1.0 0.0 025 05 075 1.0 = _ =
=
Environment Steps (x109) Environment Steps (x10%) Environment Steps (x10%) = 75 X 75 < 754
3 8 3
& & P
(a) Walker (b) Cheetah (c) Quadruped « 50 p 50 1 " 50 4
g g g
g 25 S 25 g 25
w u [¥y]
] T T T 0 T T 0+ T T T T
0.0 025 05 0.75 1.0 0.0 025 05 075 1.0 00 01 02 03 04 05
Environment Steps (x10%) Environment Steps (x10°) Environment Steps (x10°)
(d) Sweep Into (e) Drawer Open (f) Window Open
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Advanced Methods
SURF

% Ablation Study & Hyperparameter Search

'K = — 4 s PEBBLE + T 1C i
=== PEBBLE + SURF {S5L: 0, TC: O} . :EEEIESSEL‘::;EE; eyt s PEBBLE I RL:E::M;E?E:; Scaling e PEBBLE + SURF (u=1) —— PEBBLE + SURF (1= 0.95) —— PEBBLE + SURF (A= 0.1)
e PEBBLE + SURF (S5L: @, TC: X) ® & PEBBLE [feedback=100} — i SURF e PEBBLE + Gaussian Noise s PEBBLE + SURF (1= 2} s PEBBLE + SURF (T=0.97} e PEBBLE + SURF (A= 0.5)
- ::s:i + SURF {S5L: X, TC: O) =« PEBBLE [leedback=50) —+ SURF m— PEBELE e PEBBLE 4+ SURF (y1= d) e PEBBLE + SURF (1 =0.98) e PEBBLE + SURF (A= 1}
750 1,000 == PEBBLE + SURF (1=7) 000 = PEBBLE + SURF {T=0.999) 1000 = PEBBLE + SURF (A =2}
500 A ! ! !
c g 750 4 c
2 5001 g g E 7504 E 750 E 7501
— — —
F g 500 Y g g £
g o 8 250 4 o 500 @ 500 - @ 500 1
Z 250 2 Y. 2 2 g v
a & 250 porsnasees & 3 2 @
h & 250 S 2504 S 2504
a T T T T 0 v v ' ' 0 T T T T
00 01 02 03 04 05 00 01 02 03 04 05 00 01 02 03 04 05 0 : : - - 0 - - : . 0 - : : :
Environment Steps (x10°) Environment Steps (x108) Environment Steps (x10%) 0.0 01 02 03 04 05 0.0 01 02 03 04 05 0.0 01 02 03 04 05
Environment Steps (x10°) Environment Steps (x 10%) Environment Steps (x10°)
(a) Contributions of each component (b) Query size (c) Effects of data augmentation
(a) Unlabeled batch ratio p (b) Threshold parameter T (c) Loss weight A

Figure 4: Ablation study on Walker-walk. (a) Contribution of each technique in SURF, i.e., semi-
supervised learning (SSL) and temporal cropping (TC). (b) Effects of query size. (c) Comparison of Figure 5: Hyperparameter analysis on Walker-walk using 100 preference queries. The results show
augmentation methods. The results show the mean and standard deviation averaged over five runs.  the mean and standard deviation averaged over five runs.
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SURF

% Study on Pixel-based States
-« AEl(State)7 2D Vector7} Otcl Image® M Mot EHZ20| ZutHAUS AT

e SAC Ol DrQ-v2E backbone Y 12|ZSO 2 Al

e DrQ-v2 with ground truth reward wes DrQ-v2 with ground truth reward s DrQ-v2 with ground truth reward
e PEBBLE (feedback=200) + SURF e PEBBLE (feedback=1000) + SURF wesss PEBBLE (feedback=1000) + SURF
e PEBBLE (feedback=200) 1000 4— PEBBLE (feedback=1000) L6004 PEBBLE (feedback=1000}
1,000 ' x
c o
g 750 “§ 750 A é 750 A
g & &
na:J 500 - g 500 A o 500 -
3 3 3
8 2501 S 2501 S 250+
0 T T T 0 “ T T T 0 T T T T
0.0 025 05 075 1.0 0.0 025 05 075 1.0 0.0 025 05 075 1.0
Number of Frames (x10°%) Number of Frames (x10°) Number of Frames (x10°)
(a) Walker (b) Cheetah (¢) Quadruped

Figure 6: Learning curves on locomotion tasks with pixel-based inputs as measured on the ground
truth reward. The solid line and shaded regions represent the mean and standard deviation, respec-

tively, across five runs.
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I Advanced Methods

RUNE

\/
0.0

HA = 2o tiet =2t4Ad (Uncertainty)& 12{5t0] EFd (Exploration)= &
HAF XX

Ab 2 3 Sh40| UAE 0|Z BE HXIE LR & A (ntrinsic Reward)E 9|

Aot MEfo| L2 F Fe{sto LYot TrajectoryE =&

MHI
J@

rOI-

T Extrinsic reward

Reward learning from preferences A A
e

Text{sta a:) = Tmean (Sz, 3t))

Fon Intrinsic reward )
A (s, ay) —Tstd(st:at) L replay
ext b
74(als) —[ (st,8¢) + Be - ™ (51, ar) }—

Figure 1: Illustration of RUNE. The agent interacts with the environment and learns an ensemble
of reward functions based on teacher preferences. For each state-action pair, the total reward is a

combination of the extrinsic reward, the mean of the ensemble’s predicted values, and the intrinsic
reward, the standard deviation between the ensemble’s predicted values.

Liang, X., Shu, K., Lee, K., & Abbeel, P. (2021, October). Reward Uncertainty for Exploration in Preference-based
Reinforcement Learning. In International Conference on Learning Representations.

KOREA

UNIVERSITY

.é.

Reward Uncertainty for Exploration in Preference-based Reinforcement Learning (Liang et al., ICLR 2022)
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I Advanced Methods
RUNE

% Remind: Uncertainty-based Sampling (PrefPPO)
«  Informative QueryE &7| ?I5ll UncertaintyE &

« oSt QueryO Preference Label2 & 21017}

o'g gu.o.ﬂ VS O'% EH...E
E-g - B¢
g - -

-8 - - e

Initially Sampled Trajectory Segments

[l =}

NO

Pg Pg Pg
Vv Ps Py Py
Vv 7, P, P,

[ ]
[ ]
[ ]
N N p,
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I Advanced Methods
RUNE

% Remind: State Entropy-based Exploration (PEBBLE)
. stE &7(0| CHASt TrajectoryE =RI0H7| 2[5l State Entropy 7|8 L& 24 (Intrinsic Reward)E "2

*  Note: PEBBLEO|M = ot& 7| 0|2 LHE E4S 0| 8%t Exploration2 [} 2 AFE5IX| S

ritt(s,) = lOQ(HSt - S{‘c”)

: Ty
3 5T . _J e = {s;,a, 75", 5,)
1 = {s'a 3 k — nk of current state { \ " L e = {So, a0, 71", 5,}
! 1r 122y 4w AN ENRONMENT AGENT
Tn _'JI [ .
Il e={so.a0s)} a i‘ o= {sz_n; =
: \ 1 = , iy, ‘-h”. i
(1| e=(520,5) \ j Rollout o= :sl v 5 32; Learning Agent Qy
| e = {Sg,ap, 17", S
7, ST current state a (Generate Dataset) 1 0.0, Ty 451
1
i e = {5;,09,5, }
Classical RL

State Space in Replay Buffer
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/

% Intrinsic Reward Design of RUNE

«  Ensemble Reward EstimatorO| A{ Uncertainty2t?
v ool oE0| E3tASICHE 742 o= 19l

0O =

. Bt TE0|E ALBIX| A2 AEHO| TS FIE O

LS —

T

1
Ty

g -
’mu 100

34

33

-100
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RUNE

/

% Intrinsic Reward Design of RUNE

Ensemble Reward EstimatorO| A UncertaintyZt?
v BHE =0 S0t A2 A0F ‘55X 2 HEl/E

O =
ofg =30 E =0t B2 JEO Bidl =72

3Eow Variante (Uncertainty)

1High Variarite (Uncertaitiy)

.
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% Intrinsic Reward Design of RUNE
«  Ensemble Reward EstimatorO| A{ Uncertainty2t?
v  EE =50 224

LBty EE0E osotn g2 o

FEHOIl Choll =7tX 2

34

OtCh= A2 AE 'Y =5tK|

33

-100

rme an

34

1nt (

,,ext(

total

r; 1= r*%(sy, a,) + By - ri™®

+rstd

+0.82

+81.65
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/

< Improving Feedback Effificency by Exploration
. Metaworld Task Results

TASK | FEEDBACK QUERIES | METHOD | CONVERGENT SUCCESS RATE
10000 PEBBLE » RUNE .
DRAWER OPEN 5000 PEBBLE 094 £ 0.08
PEBBLE + RUNE 0.99 + 0.02
PEBBLE 08 L04
SWEER INTO 10000 PEBBLE + RUNE 1+0
5000 PEBBLE 08 L 0.08%
PEBBLE + RUNE 0.9 - 0.14
5000 PEBBLE 0.66 £0.42
PEBBLE + RUNE 0.8 + 0.4
Door UnLock 3300 PEBBLE 0.64 £0.45
PEBBLE + RUNE 0.8 + 0.4
4000 PEBBLE » RUNE Pt
DooR OPEN 2000 PEBBLE 00£02
PEBBLE + RUNE 1+0
1000 PEBBLE TT0
PEBBLE + RUNE 140
Dook CLOSE 500 PEBBLE 08 f04
PEBBLE + RUNE 140
1000 PEBBLE 0.94 £ 0.08
PEBBLE + RUNE 1+0
WINDOW CLOSE 00 PEBBLE 086 £0.28
PEBBLE + RUNE 0.99 + 0.02
20000 PREFPDO £ RUNE S44: 018
BUTTON PRESS 10000 PREFPPO 035 £ 031
PREFPPO + RUNE 0.51 + 0.27

Table 1: Success rate of off- and on-policy preference-based RL algorithms (e.g. PEBBLE and
PrefPPO) in addition to RUNE with different budgets of feedback queries. The results show the
mean averaged and standard deviation computed over five runs and the best results are indicated in
bold. All learning curves (including means and standard deviations) are in Appendix C.
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% Comparison with Other Exploration Strategies

. J|E 2SS0 A S Exploration #2091 |CM, Disagreement &1 H| 1l

100 100 100
X 8o X 80 X 804
Y Y b
@ 601 @ 601 © 601
o : o o
ﬁ 0 s PEBBLE § 101 ﬁ 20
8 —_— ::EBBLE + St_ateEnt 8 8
S 204 === PEBBLE + Disagree g 2 S 2
I PEBBLE + ICM ) 0
ol I w— PEBBLE + RUNE (ours) ol o 1
000 005 010 015 020 025 00 02 04 06 08 10 00 02 04 06 08 10
Environment Steps (x10°) Environment Steps (x10°) Environment Steps (x10°)

(a) Door Close (feedback = 1K) (b) Door Open (feedback = 5K) (c) Drawer Open (feedback = 10K)

Figure 3: Learning curves on robotic manipulation tasks as measured on the success rate. Ex-
ploration methods consistently improves the sample-efficiency of PEBBLE. In particular, RUNE

provides larger gains than other existing exploration baselines. The solid line and shaded regions
represent the mean and standard deviation, respectively, across five runs.
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% Similar Methodologies
. Self-supervised Exploration via Disagreement (ICML 2019)
. References: DMQA Open Seminar

v" Introduction to Exploration in RL

v" Unsupervised Reinforcement Learning: in the Multiverse of Downstream Tasks

3= Epervised Reinforcement Learning

aj Xpsd x4, Ensemble of Dynamics Models L AL .
Acti e Introduction to Exploration in RL inthe
o ﬁ Journey to overcome noisy-TV problem Multiverse of Downstream Tasks
Next min [l =2l [l — 24| s — 22l
Observation weter t‘!‘lé%};& DHQA Open Seminsr (2023.02.08)
Dala Minirg & ity Andylics Ll
Policy rp =varq % s zn
Network I Intrinsic o N .
Reward T Introduction to Exploration in RL Unsupervised Reinforcement Learning - i
fi L R war: () anz szt O xoiy
<3 -
Current T I I Y
. < I 492 gal
Observation £ 20239 108 27Y 7] 20234 98 3
Xy @ Xp g Xp a M 124] ~ 9 214~
D =222 H|C|2 Al (YouTube) © nejcistm AlEsiEt218%
Figure 1. Self-Supervised Exploration via Disagreement: At time step ¢, the agent in the state x; interacts with the environment by © =219 (012 A (YouTube)

taking action a; sampled from the current policy 7 and ends up in the state x++1. The ensemble of forward models { f1, fz, ..., fn } takes

this current state z; and the executed action a; as input to predict the next state estimates {i‘§+ 1s :EfH, .., &iy1 }. The variance over the

ensemble of network output is used as intrinsic reward r; to train the policy 7. In practice, we encode the state  into an embedding space Mol ER 2] — Mol EE By —
@(x) for all the prediction purposes.

Pathak, Deepak, Dhiraj Gandhi, and Abhinav Gupta. "Self-supervised exploration via disagreement." International

conference on machine learning. PMLR, 2019.

http://dmqa.korea.ac.kr/activity/seminar/422 KOREA Data Mining
http://dmqa.korea.ac.kr/activity/seminar/427 UNIVERSITY ® Quality Analytics
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% Similar Methodologies

. Epistemic Uncertainty

. References: Open Review & DMQA Open Seminar
v" Reward Uncertainty for Exploration in Preference-based Reinforcement Learning
v" Uncertainty Quantification in Deep Learning

v" Understanding Uncertainty and Bayesian Convolutional Neural Networks

Q3. Novelty of proposed approach

2019

. . T — i : :
A3. We agree that uncertainty driven explor - T it vkt g orithms. Previous uncertainty

driven exploration methods capture epister N ons [3] or value functions [4].
earned reward functions.

Neural Networks

However, we highlight our contribution as t

We emphasize that our motivation of RUNE Uncertainty Quantification in Deep Learn Understanding Uncertainty and Bayesian 3 humaﬂ-g uided EXFII'OI'EIHDI‘"I in
preference-based RL. The ensemble of rewe  wax: g olxlg g2 a ojaiy ymmunicates between RL agents and
human teachers, and delivers information f = 20y 1 201 :ll-aligned with human intents,
efficiently extracting useful information froi 2T 1N~ 2% 1M 308 ~ urages visitations of states and
actions more uncertain with respect to hurr @ S#2 802 4% (fouTube) © aeitierm ae 2182 on in RL from uncertainty in state
visitations or transition dynamics. Indeed, il iback is more effective than other
existing exploration methods. We hope this Hiolu B 23] — HolLt B 27| — previous exploration methods.

https://openreview.net/forum?id=OWZzZVD-I-ZrC

http://dmqa.korea.ac.kr/activity/seminar/350 KOREA ... Data Mining
http://dmga.korea.ac.kr/activity/seminar/252 UNIVERSITY .\ Quallity Analyfics
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Trailer — Other methods to be explored

¢ Meta-Reward Net (Liu et al, NIPS 2022)

«  Meta Learning (Bi-level Optimization)2 3l & &+ F7|

1%
l>

% Preference Transformer (Kim et aI., ICLR 2023)

. HAN S0 Transformer 7+ &

AHESH A AEdE ¢S

% REED (Metcalf et al, CoRL 2023)

- Ed s d3E ZEEE QAUR

implicit a/:m.,,(é(w)) 9Q(s,@) dfy(s,@)
derivative L

human
Qs a)J [preferences}

Figure 1: Framework of Meta-Reward-Net. (I) Trajectories are sampled by interacting with the
environment and reward is labeled by 7. @ Transitions are sampled from the replay buffer and are

P

relabeled by the up-to-date 7, for optimizing the policy and the Q-function. 3) The performance of

the Q-function on the preference data is evaluated to provide implicit derivative for reward learning.

MRN

Q. O

L Preference Attention Layer (bidirectional)
@I -1 ®7 H H o
{ac}ily fkejety R}y
222 Causal Transformer LD

T T T T

5. 6.0 &

Figure 2: Overview of Preference Transformer. We first construct hidden embeddings {x, } through
the causal transformer, where each represents the context information from the initial timestep to
timestep t. The preference attention layer with a bidirectional self-attention computes the non-
Markovian rewards {7, } and their convex combinations {z;} from those hidden embeddings, then
we aggregate {2} for modeling the weighted sum of non-Markovian rewards Y, w; 7.

Preference Transformer

SISt & XH7HK| =85 (Self-Supervised Learning)2

1
0%

predicted PREFERENCE-LEARNED
reward RewARD FUNCTION

P
"

SELF-PREDICTIVE REPRESENTATION (SPR)

Replay | sample %9 State Action Encoder g Dynamics kA0 Projection Prediction
Buler ) 26 ol - apm) e+ ore)
h—\
z —r d
next stats Pm;emmn Yrt1 3;55

)
Figure 1: Architecture for self-predictive representation (SPR) objective [16] (in yellow), and

preference-learned reward function (in blue). Modules in green are shared between SPR and the
preference-learned reward function.
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*»» What is PbRL?

- ST EY e 24 Sl0] O|T H|WEE Sl Zetets MO|THES SeAl7|e YRE

e -

* Methods

. PrefPPO: Introduction of PbRL, Uncertainty-based Sampling, On-Policy Algorithms
. PEBBLE: Unsupervised Exploration with State Entropy, Relabeing Replay Buffer, Off-Policy Algorithms
«  SURF: Semi-supervised Reward Learning, Temporal Cropping Augmentation

. RUNE: Uncertainty-based Exploration
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