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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 Gy =T H VT2 Y43

Policy
n(als)
P
s .
- N i Action
Transition Probability ! a
! ENVIRONMENT t
P(s',r|s,a) i St
i Action-value function
! m Q(s,a;) =13
e \ Q(s,a;) =8
St4+1,Tt41,
Data Mini
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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 BHE ng(als)  ZE Wy a O Chot 2R 25 et nE FH0t= &/ 8 (¢)
v o K ®EE Qe(s,a)  =HE Bl 6 o AR V[SHEL QE 8ot e/ 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 Basics — Actor Critic

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

xH
- HE JFX|Ets (Action-value Function) Qp: & EHO]| CHSt

-

Policy Function

» et a

“

Qo

=

Learning Agent

ST _J" €= {501,725}
L
) r \ UL e =0 a0, 70,51}
T .
{/ T e=Gnanrsss)
'\ N I
T - { }
{ 3

\a j (Generate Dataset)

\ Classjy

Qo(st,ar) « 1e41 + VEq,,, [Qo(Se+1, arr1)]

Rollout

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

A~
T

Qe 130

a;

Action-value Function
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Challenges with applying RL in the real-world N N =

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

o . . o " o Qo(sp,ap) « 11 + YEaq, [Qo(St+1, Ars1)]
«  8H g= (Policy Function) my: SE7F FOIN S I 5= M=ot &= -

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

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

. - ot

p
a "F‘ Ty (als) T (¢ 1) =03 Te(* 1) =02
s, » 0 & 1 q

Qo(s,a)  Qo(P,«)=60 Qp( B, +)=-40

Policy Function
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Challenges with applying RL in the real-world N N =

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

=t N N N Qo(st,ar) « 1e41 + VEq,,, [Qo(Se+1, arr1)]
- dH &= (Policy Function) my: &ENZF FORE I H5S HESH=E 2 N

! Objective = Maximizie E[Qg(s, a)logmy (als)]
- WS HX|” = (Action-value Function) Qq: ATEHO] CHDH 50| HOtLt Z2X| HEHSH= o=

a; Tt+1 St+1 At+1 Action-value Objective
a ‘ 45 g » MiRihéze Gl 1 T ck v @ef%ﬂ[gﬁ)(s‘c%@ftmﬂ)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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B Preliminaries o omy - i

o= (5,.0,.73.5;)
€ ® (5. 00 71.5)
y I
N Rollout 7y | o= Gronras) Qs
i
1L o= (500 7e.5)

’:’ RL BaSics \a/ (Generate Dataset) L Learning Agent
«  HE{IIX| &4 (State-value Function) V,: & ENZt L0t E2X| TESHE 4= & aassiy
« VT(s) = Eyr[07(s,a)] Q6(Ser @) < Tear + VEay,, [Q6(Sest, Tesn)]

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

130

State-Value Function
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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/ 10/53

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

RLHF in Large Language Model

/

%  Details

. What is LLM and ChatGPT?

v Seq2Seq, Transformer, GPT~InstructGPT

Training Techniques and Research Trends of LLM

v' RLHF(Alignment Tuning), LLaMA, Alpaca, Vicuna, Falcon, etc.
Direct Preference Optimization with Diffusion Models

v" RLHF, DPQ, Diffusion DPO, DCO

- =y
What is LLM and ChatGPT? f'raining Techniques and
Reseal‘ch Trends Of LLM Direct Preference Optimization with Diffusion Models
oeaow T Al
203.07.8
Duta Minhg & Quaiity Avalvtics Lib.
What is LLM and ChatGPT? Training Techniques and Research Trend: Direct Preference Optimization with Diffu
WER: g Hne wEx; a 23] van: Wz
e}

9 20234 78 28¥ B9 20231 88 4Y [ 202441 58 312
3 @3 1241~ QH 124 ~ 0 27124 -
O =212 H|C|2 AlH (YouTube) D 222l H|C|2 A H (YouTube) D =222 Ho2 AlE (YouTube)

Mot HE 27| — Mot HE 27| — Mol B2 27| —

http://dmaga.korea.ac.kr/activity/seminar/416
http://dmaga.korea.ac.kr/activity/seminar/417

KOREA O.. Data Mining
http://dmga.korea.ac.kr/activity/seminar/452 12/53 UNIVERSITY .\ Quallity Analyfics
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I Preliminaries

REMIND : PbRL Basics

/

“  What is Preference-based Reinforcement Learning (PbRL)?

«  Trajectory Segment ¢': Sequence of state-action pairs (s, a; )

«  Query: & Trajectory?te| Mz = E HE5H= A

«  PbRLZ AMHO| Ho| =l reward2| HCHA

X Ea
— =]
+  Tragectory ZF H|1 S &8l B (r)S FEohs /M8 YE,)S S Qo(s,a),mp(als)E S5

aY

_,%ITL'_I=|
5 \H=A
1

_Ll__l_l_

%TE

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.

X|7} Ot'l, Trajectory 2t H|w S Sl st5dt= dot ot

-
| —1

ol is better than o°

PbRL

KOREA
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I Preliminaries

REMIND : PbRL Basics

/

% How to define preference?

«  Query: & Trajectory Segment AtO|2| MZ =& AFESH= A

«  Preference Annotation : =22l AZE & F Trajectory SegmentS F==10{ H|wstd, M5S£ 20|58 o= A
v (0°%ctw) E O|F0{Tl Preference Dataset T8

v Preference Dataset2 HAF &2 FH (H)Sh=0H A Y

Which one is
better?

. H < . Hu Hu Hu

preference labeling

.
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. 14/53 UNIVERSITY O.' Quality Anailytics



I Preliminaries

REMIND : PbRL Basics

% Fitting Reward Function with Human Preferences — Bradley Terry Model

0.0 0.1 0.0 3.1
5 preference preference
6 e
prediction Label
o — L
3 5 X0 Py (s, ar) =20 40 v
Ty ' '
3 3 20.1 ?w(st, at) - SB 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. 15/53 UNIVERSITY O.' Quality Anailytics



I Preliminaries

Offline RL

»  Online RL vs Offline RL
«  OnlineRL: OO|ME7I 2tA #5 E238lH 0| & £~HsIH 71X|Et
v PPO, A3C, DrQ-v2, SAC, TD3...

«  Offline RL : APHO|| =& E Ho|E{A (B4 0)2 Sl 7K+ 9, 2F 8

v CQL QL XQL, AWR, AWAC....
« OlO|H X2t 00D =H|2 28 AFE™ += /U= 12| F0| CHE

. o

e ={s;,a,725,}

=
3
L

e = {50, @, 71,51}

/\ =)

\ j ' Rollout

(Generate Dataset)

\Online m_/

4

e = {53,073, 53}

: Qo
e={sy,a,135,) Learning Agent

29

)
i
I
(T————™/1

e = {so, g, 71,51}

16/53

o
KHSEA =2 35
SaT Tp=E =
L]
P
e ={sy,a,,73, 55}
1
Thn 7
Ll e= {50, G0, 71,51}
11| e={s3a5713,53}
|
T1 —‘J| e ={51,a,,72,5,}
|
|

e = {so,ao, 71,51}

of YHUES m,2 B (ASHOIE B0

= (A=220lH 28 )

Ty

=)

Learning Agent

Offline RL

Data Mining
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I Preliminaries

Offline RL
s Offline RL vs Offline PbRL

«  Offline RL: APFHO|| =H& & HOJH A (2 o) Sl 7HX |+ Qo 2 M=+ 1, & <5
== o =

. Offline PbRL : AFHO| 42 HIO[E|AN (24} )0 ALZO| B|O| 22 810l BAF &4 72 BIA st& &, THKIE2 g, o M4
7T¢% Elifﬁ
—Jl" Ez{s;allsz} l/l-.lll;v:l'lllll:ll

Tn : e:{su‘aU‘SI} » lll[lll}llllll « _h » i\‘w
r e :{52'1 ay, S3} tf!k Kx x
|

T1 —‘]| e ={s;, a;,s;} .

: ’ Mo preference annotation Learning Reward Estimator

-
: _J' e ={s;,a,,13,5,}
n |
LIl e={so0 a0 7151}
L]
L]

e = {53,a5,73,53}

-
|
|

T1 —J| e ={s1,a,,12, 55} Qg
|
|

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

i
e = {so, g, 71,51} Tp =
]
.

Offline RL e = {s3,a,,73,53}

Ty = |Le= (5101725} Learning Agent
e = {So @0, 1,51} with estimated rewards
Offline PbRL
KOREA Data Mining
17/53 UNIVERSITY .‘:‘. Quality Analytics



I Advanced Methods

PrefPPO/PrefA3C
{2017 NeurlRS)

Reward Learning
with Demonstrations
(2018 NeurlPS)

O

SURF
(2022 ICLR)

:

O

BLENE

O

v/ Preference
Transformer
(2023 ICLR)

Multimodal Rewards
from Rankings
(2021 CoRL)

o234chl}
Few-shot Preference Learning
(2022 NeurlPS)

o

Causal Confusion and
Reward Misidentification

(2023 ICLR)

REED
(2023 coRL)

SkiP
(2021 CoRL)

O

Meta-Reward-Net

O

QDP-HRL
(2023 IEEE TNNLS)

v pPPO

(2023 NeurlPS)

O

Diverse Human Preferences

(2024 1ICAI)

O

MIL NRM
(2022 NeurlIPS)

°|

OPRL
(2023 TMLR)

O

v/ IPL

P
(2023 NeurlPS)

CPL

(2024 ICLR)

O

Oo
o
o
o

(2023 ICML)

o
O
0

(2023

2
[}

urlPS)

QPA
(2024-1CLR)

O

O

SegRank
(2023 NeurlIPS)

O

18/53

O

LiRE
(2024 ICML)

o

O
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I Advanced Methods

Review

%  Details

. RLHF : Preference-based Reinforcement Learning 1

v' PrefPPO/A3C, PEBBLE, SURF, RUNE

v' Data Recycling, Semi-Supervised Learning, Uncertainty-based Exploration

. RLHF : Preference-based Reinforcement Learning 2

v" Meta-Reward Net, REED, QPA, RIME

v Bi-level Optimization, Self-Supervised Learning, Query Sampling, Noisy Preferences

http://dmqa.korea.ac.kr/activity/seminar/435
http://dmqa.korea.ac.kr/activity/seminar/463

Reinforcement Leaming
with Human Feedback

3ferrner howd Ro oz ot lecming 1

w17 >
Nk 932

Reinforcement Learning with Human Fee
M =
. ‘-’ O{O;ﬁ‘

B9 20235 128 29%
[ 2F 124~

B 222 EICI2 AlE (YouTube)

MO FHE B —

19/53

Reinforcement Learning
with Human Feedback

Peference bosed 3enfecemect Laarirg 2

mew 2
TRE SR

Reinforcement Learning with Human Fee
- () 8=
& o5

£ 202413 8223
3 23124 -

0 22491 E|CI2 Al (YouTube)

Mol EE 27| —

KOREA
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I Advanced Methods
Preference Transformer

/

% Preference Transformer: Modeling Human Preferences Using Transformers for RL (Kim et al,, ICLR 2023)
«  7|& PbRL HTI} A|ZF HEE BHHSIX| 23t Reward EstimatorE AME = A2 H| T
.l

v  AAY HEE dHtdEtn EX A|MEO| LIS 7IEX|E 12T £ Q= Transformer 7|8F Reward Model2 X| Ot

(@]
QD

Pl] H
— {ze}ims
wer
Z ot Mathul
L ] ’{.\— LN ]
SoftMax
1 i
see Preference Attention Layer (bidirectional)
MatMul
() (> H H .
- i {Qf}g—l {kt}t—l {rn‘.}{l—l
e Causal Transformer bl — m——

| Linear |

1 1 L 1
[ [ 11 |[ | T,
5. 6. 6 0
t=1 t—1 1 1
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 . 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 {z, } for modeling the weighted sum of non-Markovian rewards ), w,#;.

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences using2 KOREA ... Data Mining
Transformers for RL. In The Eleventh International Conference on Learning Representations. 0/53 UNIVERSITY .\ Quality Analytics



I Advanced Methods

Preference Transformer

«»  Drawback of Markovian Reward Function
«  OO|HMEQ| AL X} MEOM HESS F/T
o A O™ D E A|IHO| LS STt 7S K|

exp (21{'{=0f‘1/) (s ap ))
exp (Zfzoﬁp (s, a,?)) + exp (Zfzoﬁp(s}, a}))
Ly = —Z(O_ojo.ljy)eD(y(O)lnglp(O'o > o1 +y(DlogPy(c® < o))

Py(c®>d") =

preference
P " prediction
) 2
Ty -0.5 -1 -2 2.5 3

MLP MLP MLP MLP MLP

0

o

OfL|2} ntA FE L BHHO| Z0{OFet
T AKX HE
-3 -2 -2.5 -4 2.5

MLP MLP MLP MLP MLP

KOREA Data Mining
21/53 UNIVERSITY o‘:.. Quallity Analyfics



I Advanced Methods
Preference Transformer

/

«»  Drawback of Markovian Reward Function
.  OO|MEQS BA2 WH MENOIM HSS F|or A *Ot

O o
- AEC oAREE 2 2E AIE0 ol 2t 7HSAIE 1 UK e

oxp (St (5.0

tL2h 2bA ZE L BHE0[ £|0{oFet
o)

AS-IS ﬁw(JO >O'1) —
o Gy o0 + o (g o)
> exp ZI-I:W SO:'O: & SO:IO:
TO'BE PI/)(JO > 0'1) = ( t=0 I,D( 0:H aOH) w( 0:t aﬂt))

22/53

exp (Z{:I=0Wl/) (S(()):H’ ag:H)ﬁ/) (S(()):t’ ag:t)) + exp (ZII,:I=OW1/) (S(()):H' agH)fl/) (S(%:t' a(l):t))

KOREA
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p (00 > 0_1) _ exXp (Zf:OWIIJ(S(()):H! ag:H)ﬁ/)(S(()):t' ag:t))
I Advanced Methods ’ exp (SELowy (561 )y (5 08.)) + exp (B 58 )P (5 )

Preference Transformer

< Method

«  Causal Transformer (Transformer DecodenE 283l 27| A|F 2 E OFX| 2 A=EDX] A7 EE 7} BHBEl Embedding x, =

Z; -0.5 -1 -2 2.5 3 -3 -2 -2.5 -4 2.5

Preference Attention Layer Preference Attention Layer

= A > 4 —~y = - " 4 <& {qji’fj_l {kt‘}‘if_l {f‘t};{‘i:]_
X; ‘B Fepe Fee Rpe fpe BEE RS RERE BB eSS N ES | Chnear |

{Xt};q—]_
Transformer Decoder Transformer Decoder
o“ ] 4 N
0 1

o 23/53 o KOREA ..:.. Data Mining
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I Advanced Methods

Preference Transformer

< Method

exXp (Zﬁ:OWlp (S(()):H! agH)ﬁ/) (S(()):t' ag:t))

exXp (211,:I=0W1P (S(()):H' ag:H)f'lll (S(()):t' ag:t)) + exp (Z{LOWED (S(()):H' ag:H)f'l,l) (S(%:t' a(l):t))

Py(0®>oh) =

preference
prediction

lel - ztwt?t 2
z; -0.5 -1 -2 2.5 3

y & - - 'y v

Preference Attention Layer

- -’ ) \ 4 -

X L o N u N N o N u

A 'y - A e

Transformer Decoder

= . ¥ v
0

o

|
-3 -2 -2.5 -4 2.5
Preference Attention Layer
7 £ Y’ V) {acfely (el (il
‘pe N pe Fee REpe N EE | Tinear |

A 'y 'y 'y b

H
{Xt } =1

Transformer Decoder

- = | ¢ | 4 i
1

i Data Mining
KOREA ..:..
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I Advanced Methods

Preference Transformer

/

% Phase 1: Reward Estimator Learning

T‘p -0.5 -1

MLP

AS-IS 4

Py(o® > ") =

2

-2

MLP

preference il
prediction

0 1

a o

-11

2.5 3 -3 -2 -2.5 -4 2.5

mLp MLP MLP MLP MLP MLP mLp

MLP
; SHEEE EEENE

xp (SLLofy (57,

exp (Stofy (s2,a9)) + exp (EtLoy (st

r { b } IERRRRRRRRRRRRRANI
e = {S1,4,S2
7, = Ay v _ B (A0~ 1 b (A0~ -1
n U e =toansd » | ﬁ » " ’ L¢, = —2(00’01'y)€D0/(0)l0gP¢(0' >0 ) +y(1)logP¢(0" <o ))
* IRRRRRRRRRRRARRNI r
= Al $
|
71 —‘J| e ={sy,a,5;} .
e toan sy preference annotation Learning Reward Estimator e ‘
L ,ag, prediction
Ziz; = LW, 2 o -11
z -0.5 -1 -2 2.5 3 -3 -2 -2.5 -4 2.5
E Preference Attention Layer Preference Attention Layer
T - s V== =N =y (@}, (i, (R}l
T _J' e = {s;,a,, 72,55} x; FETEETE SN EE T STESETESETESTEEON
| - 4 y, " = A ; = i
" 1| e={so a0 71,5} TO BE ‘ / oAl cnder | eckicy
5 QB V. ] g ; |/
° TI s, b e L ! wr wr L v !
- = — e !
s | DNEEE ZEEEE
J = # . 2
n i [EEs e e Learning Agent I L
L |Le = {S0a0 7151} with estimated rewards

Py(c®>o") =

exp (Z{:I=OW¢ (S(()):H ’ ag:H )ﬁp (S(()):t' ag:t))

exp (Zf:oww (S0 o) (SO ag:t)) texp (ZtH=0W1/) (S0 A0:11)Fip (S atl):t))

Ly = —Z(Uo’ayy)eD(y(O)logpw(o"o > o) + y(DlogPy(a° < ab))
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% Phase 2: Agent Update using 1QL

Implicit Q-learning (1QL)

lllllllllllll

. _Jr e:{sl',al,sz} o 'f% J
=== &M » - Ly(n) = E(sa)~p[L2(Q5(s, @) = V()]

P preference annotation Learning Reward Estimator

| Lo(8) = Eqssn-nl(rp(s, @) + 1¥y(s") = Qp(5, @) |

Le(@) = Egsr-nlexp (8 (0505, @) — () ) logmy (als)]

T _JI e = {s1,ay, 73,55}
n |
| e = {So, Qo 71,51}
Ny Qo V
[ D ] ,,
e = {s5,a5,73,53}

|
|
21 ": €< Buaify %) Learning Agent
1L e={5a 715} with estimated rewards
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% Experiments
. D4RL-Gym Locomotion, AntMaze

. Robosuite

D4RL-Gym Locomotion D4RL-AntMaze Robosuite

https://bair.berkeley.edu/blog/2020/06/25/D4RL/ .
Data Mining
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% Experiments

«  H|I BHZO 2 Markovian, Non-Markovian 2} H|

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences usin

Dataset IQL with IQL with preference learning
task reward MR NMR PT (ours)
antmaze-medium-play-v2 73.88 +aa9 | 31.13 11696  62.88 +s59  T0.13 +£376
antmaze-medium-diverse-v2 | 68.13 £ 1015 19.38 £924  20.13 £1712 65.25 +359
antmaze-large-play-v2 48.75 +43s | 2425 +1403 1413 £360  42.38 +998
antmaze-large-diverse-v2 4438 +taa 5.88 +694 0.00 +o0.00 19.63 +370
antmaze-v?2 total 58.79 20.16 24.29 49.35
hopper-medium-replay-v2 83.06 <1580 | 11.56 +3027  57.88 +4063  84.54 +4.07
hopper-medium-expert-v2 73.55 4147 | 5775 £2370  38.63 +3558 68.96 13386
walker2d-medium-replay-v2 | 73.11 +8.07 72.07 +196 77.00 £303  71.27 1030
walker2d-medium-expert-v2 | 107.75 +202 | 108.32 +387 11039 093 110.13 +o2
locomotion-v2 total 84.37 62.43 70.98 83.72
lift-ph 96.75 +183 84.75 +6.23 9150 542  91.75 +s90
lift-mh 86.75 +282 91.00 +4.00 90.75 +5.75 86.75 +505
can-ph 74.50 +es2 68.00 913  62.00 1090  69.67 +5389
can-mh 56.25 +8.78 47.50 +351 30.50 +8.73 50.50 +e6.48
robosuite total 78.56 72.81 68.69 74.66
©8/53

Transformers for RL. In The Eleventh International Conference on Learning Representations.
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% Experiments
«  Attention Weight Visualization

| — Leamed reward 2 {08 0.1025{ 4 o0
141 — Importance weight
| 05 0.1000{ b
1.24 -
b 3 B oors| 3
] o4 R 3 B
1.0{ H los 2
H B 2 00950 §
o 03
g 0581 g 2 ooms| 0zl
= @ @
3 o8 102 @ e ! =
3 8 3 o000 " €
04 loq = 1 |
N
21 g log
0 20 40 60 80 100
Timesteps

Agent's movement Agent's movement Agent's movement Agent’'s movement
(a) Successful trajectory (b) Failure trajectory

Figure 3: Time series of learned reward function (red curve) and importance weight
(blue curve) on (a) successful trajectory segment and (b) failure trajectory segment from
antmaze-large-play-v2. For both cases, spikes in the importance weight correspond to crit-
ical events: turning right to reach the goal (point 2), or flipping (point 4). The learned reward is
also well-aligned with human intent: reward increases as the agent gets close to the goal, while it
decreases when agent is flipped.

Kim, C., Park, J., Shin, J., Lee, H., Abbeel, P., & Lee, K. Preference Transformer: Modeling Human Preferences using2 KO REA ... Data Mining
Transformers for RL. In The Eleventh International Conference on Learning Representations. 9/53 UNIVERSITY .\ Quality Analytics
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Direct Preference-based Policy Optimization (An et al., NeurlPS 2023)
. 7|=o

| PbRLO A Reward EstimatorE AFESH= 20| CHsH 24 H 2 XA

v' 7|& PbRL: Reward Estimator &t5 + 43lets dn2|S &8
v Preference DataZt 7tX| 1 Hetol Haot+=E BHE7|= Of 31%
v  HAFSEA S

A Bt BH2 910| AT O 2 Directly) At2fe| M2

]

Policy-Transition Tuple Distances

Policy-Segment Distance
()

)
Exom(ist) [18 = 231l2]

& =d(m,0") |

B o) [18 — 2]

Eiwﬁa(-lsﬂ) [”ﬁ = 82”2}

IEED:I:IH-

Y ____\Lﬂlﬂﬁﬂ 3

I (____
—-Si - EOEE

"""""" ) 8 (6;Dyet)
Figure 3: An overview of the score calculation process. To score a given policy, (1) the first step is to
calculate the distance between each transition tuple and the policy. (2) Second, these distances are

aggregated to a policy-segment distance through a predefined aggregation function. (3) Finally, we
obtain the score value by contrasting the policy-segment distances according to their preference

icalim| T |

An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266
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% Direct Preference-based Policy Optimization (An et al., NIPS 2023)
«  7|&9| PbRLOIA| Reward Estimators AE3t= Z0| LSl 2XHE = XA

v' 7|& PbRL: Reward Estimator & + Zotatd 2|5 HE

v' Preference DataTF 7}X| 1 F=tot EeteE UE7|= 082

v HA Sk Sk 90| R O 2 (Directly) AFRIC| MEE HIYSH= PpRL Y 12|ZS SHESH AL &

-

Fl

_—

s femwe
i 1.5
‘ Ruward
modl.l Reward-based
Preference RL )
dataset T 1.0
©
2
Preference-reward Aaunl g
modeling 0.5
Lnlab«.lc.d 2
dataset ‘g
S — — — S——— — — — T— — — — S—— t— =
R " Lo.0
g > i &
-. ' DPPO (Ours) O
il -
Preference — 0.5
dataset Agent
0 2 4 6
Unlabeled

dataset True Rewards

Figure 1: An overview of the difference between our  Figure 2: Predicted reward vs. true reward
approach (below) and the baselines (top). Our approach  on the Hopper environment when using
does not require modeling the reward from the prefer- a reward model from PbRL [27]. The re-
ence predictor as our policy optimization algorithm can  ward model fails to accurately capture the
learn directly from preference labels. underlying reward structure.

Data Mining
KOREA ..:.. :
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% Direct Preference-based Policy Optimization (An et al., NIPS 2023)
o BM oy 7t M2 ETFFE2 trajectory segmentOll= Z7HE A, M2 271 22 trajectory segmentOi|= B A 7H0|E5H= 40| 55
o M 3t 1y 2t Trajectory Segment ot 2| XHO|E A A5} | (2 distance metric 2|

~ ~

a; a a; a

— IO EEE
2 I L -
. 2 d(me,07) = Eqn o lll@—aill,)

[IT1] — T4 2

\

I ||-:: — ||,

0 1
o Ty o Tty
d ) =5 d =10
ne, - ne’ -
An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 32/53 KO REA ... DOTO_ Mining _
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266. UNIVERSITY .\ Quality Analytics
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% Direct Preference-based Policy Optimization (An et al., NIPS 2023)
o BMEE 7t 22T =2 trajectory segmentOil= 7FZA|, M2 E7F 22 trajectory segmentOi|= ZA| 70| E5H= A0 =4

=1 T
o M 3t 1y 2t Trajectory Segment ot 2| XHO|E A A5} | (2 distance metric 2|

A(0,0") =75 Egpiiopllld—aill

eXP(—d(ﬂe» 00))
exp(—d(mg, 0°)) + exp(—d(mg, %))

s(my, 0%, 01) =log

Loss = E(O.O’o.l’y),varef[(l —y) - s(mg, 0% 01) +y-s(my,0t,0%)]

An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 33/53 KO REA ... DOTO_ Mining _
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266. UNIVERSITY .\ Quality Analytics
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% Drawbacks - The score function is indifferent to the variation of the distances in the same magnitude

*  "No penalty when a policy deviates from even the preferred trajectories”

exp(—d(mg, 0°))
exp(—d (e, 0°)) + exp(—d(mg, 1))

s(mg, 0% 01) = log

-~ ~
7 N
// \\
exp(—3) _ exp(—13) B
// \\ log exp(—3) + exp(—=5) 0.88 log exp(—13) + exp(—15) 0.88
[ \
I @) |
\ n(als) |
\
\ /
\ /
AN /
N 7/
N - _ 7

An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 34/53 KO REA ... DOTO_ Mining _
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266. UNIVERSITY .\ Quality Analytics
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% Drawbacks - The score function is indifferent to the variation of the distances in the same magnitude
« 1€ (0,1) 2 =S HOUiA He|7t E0'E =5 score7t LASHEE 7
0 1.9y — exp(—d(mg,d°))
s(me, 07, 055 A) = log o 59)) + exp(=1d (g, o))
7 - T ~ AN
// \\
exp(—3) _ exp(—13) B
// \\ log exp(—3) + exp(—=5) 0.88 log exp(—13) + exp(—15) 0.88
[ \
I (@) |
\ n(als) | ‘
\
\ / exp(—3) _ exp(—13) _
\\ // 108 ep(=3) + exp(—5D) _ >/ log ep(=13) + exp(—1571) 0%
AN /7
N - _ 7

An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.
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< Method

a; a S; a; a
~
N ||oo — ||, (o — |,
N oo —od ||, o — 0=,
H —< / preference preference
(0 — o ||, e || — 2 prediction label
i D:D -_ I:- 2 X .:D — I:.:‘ 2 0'0 0_1 0'0 0_1
-
0'0 Ty 0'1 Tty
d(mg,0%) =5 d(mg, o) = 10
_ 0
( 051, 2) =1 exp(—d(my, 7)) Lo =E 0,1y [(1=9y) -s(mg, 0% 1) +y -s(mg,0t,0% )]
S\Ttg, 0,07, 0og 0 1 (6,0 )~Dpref
exp(—d(mg,d?)) + exp(—Ad(my,al))
An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization 36/53 KO REA {.. DOTO_ Mining _
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¢ Drawbacks — How to use unlabeled dataset??

« By oS o5ohs BEEL B2 2122 labeled dataset@ 2 StE0 £, & S 20| 8= H|0|Ef(unlabeled data)fl &S 0 =5H0
Bl
- By glo] AE M E 2 H3lShE B9, unlabeled datasetE AHESH| 0242
*  Unlabeled data2| pseudo-labeling= ?|¢t preference predictor P, & =&
v' labeled dataE &K AIE2| M2 & O|5dt= X| & st = 1.0{ — Vot smoothed
v HIX3TIOE ZHo| MBE 2{j7} HOfRIE 242 HAIBH| SIgt FHISH
ol
' i |
Ly = —E(ao,aljy)NDpref[u —y) - Py(c® > o) +y-Py(c! > %] Im
+VE (5 51)~p[(Pylo > o) — 0-5)2] " T e T

Segment index (i)
Figure 4: Predicted preference of overlapping seg-
ments from a single trajectory. In detail, we measure

}3[02' = o't where o = (s;,8;,...8;k, Aj1k)-
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< Method

«  Stage 1: 2%Q| preference dataE

T
r * )

A
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L]

L]
L]
Tt

Collected Episodes

S| preference predictor 2+&

Ly = _E(a".al.y)~Dpref[(1 —y) - Py(0® > 0') +y-Py(a* > a?)]
+vE(U’U,)~D[(P¢(0 >o')— 0.5)2]
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«  Stage 2 : Preference predictor & 283l confident®t trajectory pair0i| CHSH O =&l = Sh&

a; a L a; a
~
0o — o= ||, o — ||,
=D — e |, = — o),
H < / 2
£ ) — e ||, i || — oo,
AN || — oem 9 N || — 2
-
a® Ty a! Ty
d(mg,0%) =5 d(mg, o) = 10

exp(—d(mg, 0°))

0 1.7y —
s(mg,0°,0%; 1) = log exp(—d(my,09)) + exp(—Ad(mg,0l))

preference preference
prediction label

Lo = Ego 51y p[(1L KD} 98(rs(ap, 0°; &) Y +sfmees ate o’ B )]
s.t.9 = I{Py,(c® > o) > 0.5}
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% Experiments
. D4RL-Gym Locomotion, Franka Kitchen, Adroit

y = s,
B m f v
% b i
} e e

D4RL-Gym Locomotion D4RL-Franka Kitchen D4RL-Adroit

Data Mining
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% Experiments
. D4RL-Gym Locomotion, Franka Kitchen, Adroit

Table 1: Normalized average return on D4RL Gym tasks, averaged over 5 seeds. + denotes the

standard deviation.

Learning with task rewards

Learning with preference only

Task Name CQL IQL PT+CQL PT+IQL  DPPO (Ours)
halfcheetah-medium-replay ~ 45.7 0.6  4434+0.7 27.1+177 423+0.5 408 £ 04
hopper-medium-replay 841+ 142 1005+£14 491+£220 59.7+£258 73.2 £ 4.7
walker-medium-replay 80.0 £34 748 +34 528+72 4334398 50.9 +5.1
halfcheetah-medium-expert ~ 88.5 + 9.7 852+74 T771.1£09 83.6 £ 3.8 92.6 + 0.7
hopper-medium-expert 103.7£75 84.1+241 892+£144 67.8+323 107.2 £ 5.2
walker2d-medium-expert 1084 +03 107.5+44 777+12 1098 + 0.4 108.6 = 0.1
Average 85.1 82.7 622 67.8 78.8

Table 2: Normalized average return on D4RL Adroit pen and Kitchen tasks, averaged over 5 seeds.

+ denotes the standard deviation.

Learning with task rewards

Learning with preference only

Task Name CQL IQL PT+CQL PT+IQL  DPPO (Ours)
pen-human 442+ 7.8 53.8+L£369 31.6 £33 53.0£ 317 76.3 + 144
pen-cloned 424+£51 513+£371 183+£106 4291244 751+ 7.9
Average 43.3 52.6 25.0 48.0 75.7
kitchen-mixed  10.7 4 10.8 506 £6.2 1234+£77 480+£119 525+3.1
kitchen-partial 12.9 = 13.0 58865 141£13.0 402%123 494 +5.7
Average 11.8 54.7 13.2 44.1 51.0

An, G, Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization
without reward modeling. Advances in Neural Information Processing Systems, 36, 70247-70266.
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% Experiments
. D4RL-Gym Locomotion, Franka Kitchen, Adroit

DPPO Update Function Preference Predictor
LG = E(ao,01)~D [(1 - y) ' S(TEB' O-O' 0-1; /1) + y ' S(TEB' 0-1' O-O; }{)]' Llll = _E(O'O,O'l,y)~Dpref[(1 - y) ' Pl/)(o-o > 0-1) + y: Plp(o-l > 0-0)]
S. t.y = H{Plp(O'O > 0'1) > 0.5} +VE(O-'OJ)~D [(Pw(O' > 0_,) _ 0.5)2]

80

AR SN Nt

£ £ 60
2 o
:: g
2 )
40
2 g
Mos —— A=0.25 < =
—— A=0.50 20 —— ¥=0.5
— A=0.75 )
s o A=1.00 -~ \)=2.0
0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Step le6 Step 1e6
(a) A (b) v
An, G., Lee, J., Zuo, X., Kosaka, N., Kim, K. M., & Song, H. O. (2023). Direct preference-based policy optimization KUKEA \ Data Mining
42/53 UNTVERSITY % Quallity Analyfics
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% Inverse Preference Learning: Preference-based RL without a Reward Function (Hejna et al,, 2023 NeurlPS)

. J|=o

Standard Preference-Based RL

i
L |

o
Q-

Ty ) RL

Phase 1
Reward Learning

| PbRLOY| A Reward EstimatorE A2 5H= 7
v 7|2 PbRL : Reward Estimator /& + &
v Preference Datat 7}X| 1 Hatoh H A
v

H Ak gk 3k 910] 21X O 2 (Directly)

Black Box

Algorithm

Phase 2
Reinforcement Learning

Z40]| Chiofl 2XE S AIH

otnz|E ML

|5 = ehsotaAt &

= PbRL 112

Inverse Preference Learning

Preference .
— Distribution Vr(s)

LQ

r(s,a) = Q(S a) —yVr(s')
Implicit Reward

Q(s.a)
\/Regularizaﬁon

Single Learning Phase

Figure 1: A depiction of the difference between standard preference-based RL methods and Inverse
Preference Learning. Standard preference-based RL first learns a reward function, then optimizes it
with a blockbox RL algorithm. TPL trains a Q function to directly fit the expert’s preferences. This is
done by aligning the implied reward model with the expert’s preference distribution and applying

regularization.

Hejna, J., & Sadigh, D. (2023). Inverse preference learning: Preference-based rl without a reward
function. Advances in Neural Information Processing Systems, 36, 18806-18827.
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. Preference Modeling and Loss Function
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% Inverse Preference Learning: Preference-based RL without a Reward Function (Hegjna et al, 2023 NIPS)

o JE 7K 2 vT(s): A Bl s OAM 2 DOt H B2 BY S e UAs7R

o WS I & Q7 (s, a): T MEf s O|M WS aE F
© Eun[Q7(s,a)] =V (s)

. Bellman Update : Q™(s,a) < r+ yEg[V™(s')]
a1

revq St+1

Roll-out a f +5 g ‘ +12 H »

m(als)

5 3 &t @

Ae M ¥ = HOfLE M B2 BEds Be = U=7P

St+3 a3

.

Gt = Teg1 + VT2 + V7143 oo

V*(s) = Ex[G¢ls: = s]
Q"(s,a) =
= Ep[resr +YVT(S)Ise = s,a; = a]
KOREA ..:.. Data Mining
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% Inverse Preference Learning: Preference-based RL without a Reward Function (Hegjna et al, 2023 NIPS)
o MEH TEK| B vT(s): S HEf s OfA RO 2 U0} O B2 HAZ BE = QTR

o HE K T Q7 (s,a): EM MEf s Ol HE oE FUS [ A= AOPLE O B2 HYS EHE 5= U7

© Eur[Q7(s,@)] =VT(s)

. Bellman Update : Q™(s,a) < r+ yEg[V™(s')]

re = Q"(sp, ap) — YEst+1[Vn(St+1)] = (T"Q)(s,a)

exp (2(T7Q)(s2,aP) )
exp (2(T7Q)(s2,a?) ) + exp(S(TQ)(s}, a}))

an(O'O > 0-1) ==

Lor = —Z(40 51 )ep (V(0) log P (6° > ch) + y(1) log Py (6° < 01))

Hejna, J., & Sadigh, D. (2023). Inverse preference learning: Preference-based rl without a reward
function. Advances in Neural Information Processing Systems, 36, 18806-18827.
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% Inverse Preference Learning: Preference-based RL without a Reward Function (Hegjna et al, 2023 NIPS)
o MEH TEK| B vT(s): S HEf s OfA RO 2 U0} O B2 HAZ BE = QTR

o HE K T Q7 (s,a): EM MEf s Ol HE oE FUS [ A= AOPLE O B2 HYS EHE 5= U7

© Eur[Q7(s,@)] =VT(s)

. Bellman Update : Q™(s,a) < r+ yEg[V™(s')]

re = Q"(sp, ap) — YEst+1[Vn(St+1)] = (T"Q)(s,a)

exp (3¢ (s2,ad))
exp (thqp (s?, a?)) + exp (thqp (st, a}))

Py(c® >o1) =

Ly = —Z(O.O’O.l'y)eD()/(O) logP,,(c° > 1) + y(DlogPy(c° < oh))

Hejna, J., & Sadigh, D. (2023). Inverse preference learning: Preference-based rl without a reward 47/53 KO REA ... DOTO_ Mining _
function. Advances in Neural Information Processing Systems, 36, 18806-18827. UNIVERSITY .\ Quallity Analytics
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% IPL with Implicit Q-learning (1QL)

Algorithm 2: IPL Algorithm (IQL Variant)

Input:9,, D,, 1, &
fori=1,2,3,...do
Sample batches B, ~ D, B, ~ D,
Update Q: ming Ep, [ L,(Q)] + AEg,us, [ L-(Q)]
Update V: miny Eg i, [l‘r —1(Q(s,a) = V(s)| (Q(s,a) - V(s))z]
Update r: max, Ep,up, [eP(QLs-a)=V(s)) Jog n(als)]

Hejna, J., & Sadigh, D. (2023). Inverse preference learning: Preference-based rl without a reward
function. Advances in Neural Information Processing Systems, 36, 18806-18827.

IPL with IQL variant
LV(n) = E(s,a)~D[ TZ-(Q'Q\(S» a) — Vn(s))]

L0(6) % B Bgen 0, X068 B3, €0PVi(s™) + Q6 BIad o) (0° < o)

Le($) = Egeay-nlexp (8 (05 (s, ) = y(s)) ) logrmy (als)]

Qo (st ) — VEs,,, [V (5e+1)] = (T7Q)(s, @)
exp (3(T"Q)(s2, aP) )

p 0> s =
e e BTk a) + e BTG aD)
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I Advanced Methods
IPL

% IPL with Extreme Q-learning algorithm (XQL)

Algorithm 1: IPL Algorithm (XQL Variant)

Input:9,, D,, 1, «
fori=1,2,3,...do

Sample batches B, ~ D,, B, ~ D,

Update Q: ming Ep , [ L,(Q)] ( )

Update V: miny Ep up, e — 7z — 1]

where z = O(s,a) = V(s))/«a
Finally, extract w(als) via:
max, Ep,up, [eC5VEN @ log n(als)]
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% Experiments

Dataset IQL MR LSTM PT BREX MR IPL
(Oracle)  (from [28]) (from [28]) (from [28]) (reimpl.)  (reimpl.) (Ours)
hop-m-r  83.06:158 11.56x303  57.88 +40.6 84.54:41  62.0+203 70.20+350  73.57x67
hop-m-e  73.55:415 57.75:237  38.63+356  68.96:339 85.1x80 103.0:56 74.52+10.1
walk-m-r  73.11 8.1 72.07 +2.0 77.00 +3.0 7127 +103 103154  68.79+56  59.92451
walk-m-e  107.8+22  108.3 +3.9 110.4 +0.9 110.1:02  99.62:30 109.1:1.3 108.51 +0.6
lift-ph 96.75+18  84.75+62 91.50+5.4 91.75+59 96.6+30  98.84:23  97.60:29
lift-mh 86.75 2.8 91.00 +2.8 90.8 +5.8 86.75+60  60.4x251  90.04:45  87.20:53
can-ph 74.50+68  68.00+9.1 62.00+109  69.67+59  63.0+203  76.40 +3.7 74.8 +2.4
can-mh 56.25:88  47.50+£35 30.50 +8.7 50.50+65  30.4+230  53.6x79 57.6 5.0
Avg Std 10.95 10.2 13.87 9.08 13.77 8.23 4.8
Robosuite
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% Experiments

Preference Queries 500 1000 2000 4000

MR 66.0+80 493+121 54.7+268 78.3+92
IPL 53.3i85 60.1:128 70.2:25 90.2-:65

Train Button Press

Drawer Open MR 659.99 87.2:52 89.7:64 94.6-:39
P IPL  62.1:48 78.7+124 89.5:50 96.6:13
Sweep Into MR 33.0.57 46.2:60 63.2:137 70.8:79
button press door open drawer close drawer open peg insert IPL  34.5:23 482172 588174  65.967
Plate Slide MR 54.6:53 57.2:45 239:188 55.2:3.0
IPL  52.9:48 55.8:22 554131 54.9:28

Assemnbl MR 0.6zx07 0.7 +1.0 0.0+0.0 2.6+238

y IPL  0.9:06 1.5:15 1.7:19  5.5:52

pick place push reach window open window close Ave Std MR 59 5.76 13.14 5.36
Ve IPL 4.2 7.22 3.98 4.5

https://meta-world.github.io/
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¢ Preference Transformer (Kim et al, ICLR 2023)

- B &0 Transformer & AIE00] A|AEd5 23S
¢ DPPO (An et al, NeurlPS 2023)

o Bk g 10| Preference LabelTh 7FX[ 11 O|O|MEE A ot&, Unlabeled DataZ7tX| & (Pseudo-labeling)
% |IPL (Hgjna et al., NeurlPS 2023)

- By &5 7T doters HER/ZY 1eb @ of Oict Alo2 Bt FIHH

Ol Reward Estimator $10| &t&
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Conclusion
Trailer

% CPL (Hejna et al,, ICLR 2024)
- EY ot 8l0] ofo[MEE &h&dthe Offline PbRL Y HE
% SegRank (Hwang et al,, NIPS 2023)
- By oxE SE57| 9 Hel(query)?tel &=XHA &=2l(ranking)E 112{5t= Online PbRL HEE

% LIRE (Choi et al., ICML 2024)

- BY RS S| Q3 BE HE|(query)ZHel &AHE #¢(ranking)S T2{8He Offline PbRL 2

= 1

Replay Buffer 910 g0 ) . )
Sample 2N trajectories a, %, Compare with trajectories
v g Oug? .
Sample N +1 trajectories 331“ 'lm:a)pcmnes R \Sf / § New found by binary search
QLT LS alectory
8 .’ Sequential Pairwise Preference | gy
v T Y. Comparison feedback
Standard Two-Phase RLHF Contrastive Preference Learning == —— | BR ent
= =5 = —— | ]
— — == — N
e - i | 2 G T — = — 2N ] Offline RL
R RL o Lic _— —_ =] ey = J dataset
U Algorithm ‘ o mom e i ¢ 'y L .
> - ~Is- = Pairwise Sequential Pairwise Root Pairwise Root Pairvise Insert to the correct rank i 2
‘ a -»> Z,_lﬂgﬂa(ﬂl Isg) ----@ Comparison Comparison Comparison Comparison ﬁ
v .
I ﬂ mg(als) (a) Three trajectory comparison methods. (b) Sequential vs Root | S—
mo(als) Regret-based Preferences Contrastive Learning Feirwise Comparison Listwise Reward Estimation
Phase 2 Atstal) Updated RLT (LIRE)
RI Pplo* >07]=——0 s L e Lepy = =E[log Pogay [0 > 071] Figure 2: Trajectory comparison methods. (a) All three methods query a human to provide N feedback.
els i ag
Pairwise comparison samples 2V trajectories to obtain N feedback. while sequential or root pairwise comparison
Flgurc l Whlle most RLHF algorithms use a two-phase reward learning, then RL approach, CPL samples V' + 1 trajectories. Despite sampling fewer trajectories, sequential o root pairwise comparison shows Figure 1: An overview of LiRE. The figure shows an example of a button-press-topdown task. We sample a trajectory
directly learns a policy using a contrastive objective. This is enabled by the regret preference model. higher feedback dlluuu) than pairwise comparison by adopting sequential preference rankin ay . R . . .. . L. . .
nodes illustrate fixed-length t ents sampled from the replay buffer. Suppose the reward values for segment and sequentially obtain the preference feedback for existing trajectories in RLT. We use binary search to find the
910, respectively. Black [inesiindicate actunl pairs Jhut recetve trie correct rank (left) efficiently. Multiple preference pairs are generated from RLT to learn the reward model (right).

ise comparison, orange nudu O describe non-| qu nodes in “\L i cqmnll al or root
pairwise comparison, the agent can obtain augmented labels for non-adjacent pairs illustrated with purple lines.
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