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B Introduction

Challenges with applying RL in the real-world
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Reinforcement Learning Framework
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B Introduction

Challenges with applying RL in the real-world

% Reinforcement Learning Basics — Actor Critic

- FH &= (Policy Function) m,: SEIZL FOIRE I ASS
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«  Actor Critic Methods : A& =9t 7tX| et=& 27| S
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Ly = —Es-p[Qo(s,a)logmy(als)]

L6=Es,a,r,SI~D [(QB (s,a) — Q,(S; a)z]
where Q'(s,a) =r + yE, [Qg(s’,a’)]
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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

: g ‘
o £
3 / p 2/

pick place push reach window open window close

Metaworld Environment

https://meta-world.github.io/ 7/43

E.1.11 Door Unlock
IL([{1,4,2} - (0 — h + {0,0.055,0.07))],
0,
0.02,
[1{1,4.2} - (0; — s + (0,0.055,0.07))[1)) + BL{[¢(x) — 0 (x| 0,0.005,0.1)

R=

E.1.12  Door Open
alt = Tin o 1012 - (0444 0.0410g (|| iy — 0pagy |1 -0.12))

ready — § T (LI = 0 — 0.05,0.08, ~0.01)[.0, 0.06,0.5), L{alt — h),0,0.01, %),) ) < alt
*=\ L{JA = 0~ (0.05,0.03, ~0.01), 0.0.06.,0.5) otherwise

n- 2Ty, (g, ready) + 8 (021, <0.03 + 0.8L (0, + E_;— 0,05,5)) |t — o > 0.08
10 otherwise

E.L13 Box Close

It = Ly, ormyy 5002 - (04 + 004108 ([[ag) — a1 -0.02))

ready — T,,” (L([1h - 0][.0,0.02,0.5), L{alt — hys),0,0.01, %), ) hysy < alt
eady L{||k — o], 0,0.02,0.5) otherwise

R 2Th, (-‘— ready) + 8 (0215, ~0.01 + 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=35(L(|t=0].0,0.02,0.2) + L(fl(e = h) - {3,3.1}(|.0.0.01, |l{o; = k) - (3,3.1)))
E.1.15 Drawer Close
g = { T (L(lt - 0],0.0.05, |12 — oi]| - 0.05). Tur, (g. L{ljo — h]|.0,0.005, |lo; — hi| — 0.005))) ||t — o] > 0.065
10 otherwise
E.1.16 Faucet Close
R= m||n A1, 0,0.01, |loi — ksl — 0.01) + 6L(||t = o]|,0,0.07, |t — os]] — 0.07) ||t — o] > 0.07
- otherwise
E.1.17 Faucet Open

(4L(Jlo —h + (~.04,0, 03)],0,0.01, []o, — ;| — 0.01) _ ) -
R= { + BL{Jt — 0+ {— 04,0, .03)].0,0.07, |¢ — ogf) — 007y It~ @+ (040,03 > 0.7
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

o
What is LLM and ChatGPT? raining Techniques and
Research Trends of LLM

Direct Preference Optimization with Diffusion Models

Sl 4
oeace T 5

2023.07.8 -
Duata Minhg & Quaiity Analvtcs Lab ,EI ?jxl
What is LLM and ChatGPT? Training Techniques and Research Trend: Direct Preference Optimization with Diffu
WEX: g o wHERL: a 23z wax: M may
4
£ 20234 78 28% ] 20234 8 4% ] 202441 58 312
3 2% 124~ {9 @120~ {3 2% 124 -
O 2219 HIC|2 AlH (YouTube)

0 2212 HIC|2 A|H (YouTube) D =222l B|C2 AlE (YouTube)

Mot BE 87| — Mo e 27| — Hojut He 2] —

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

KOREA O.. Data Mining
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I Preliminaries

REMIND : PbRL Basics

/

% How to define preference?

«  Trajectory Segment ¢': Sequence of state-action pairs (s, a; )
«  Query: & Trajectory Segment AtO|2| MZ =& HESH= A

«  Preference Annotation : =& =l Z2E & F Trajectory SegmentE FE5}0] H| WS, M =5 20|28 (u) St= A
v (0%0%, 1) 2 O|F0{Z! Preference Dataset 7
v' Preference Dataset2 E4 &8 78 (7)Sh=0 2 L
a? ol
f
Which one is
better?
. H < u u u
0 1 0 1 0 1
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. 10/43 UNIVERSITY .‘ Quality Analytics



I Preliminaries

REMIND : PbRL Basics

% Fitting Reward Function with Human Preferences — Bradley Terry Model

0.0 ‘,;.1
0.8 0.9
0.6 0.6
Ty
-0.1 0.2
Reward Estimator : :
-0.5 0.7

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.

preference preference
prediction Label
S0 Py(spa) =10 Ly
A 1 1
X1 Ty(se,ap) =15 o o
. exp  Zyofy (s, )
Py(a® > o) = ( 2 )

exp (Zaoﬁl, (st at)) + exp (Zaﬁlp (st at))

Ly = —Z(Go,al,y)ED(y(O)long(ao > ob) +y(Dlogby(c® < ob))

Data Mining
KOREA ..:..
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I Preliminaries

REMIND : PbRL Basics

/

% Online Setting
*  Online RL: O|O| M EZ} gtFat &= X85IH HIO|E|§ +H5IH 7HX[e 4 Qo 2 AL+ 1, & o5 (AEE0|E ERo)

v PPO, A3C, DrQ-v2, SAC, TD3...

. Online PbRL : OO HE7} ST} A5 KR 81D| B AH0| Bl HIO|E|E 4T, MEE Ho|2d U BA 84 AT} ofo|HE o
29 HiE
=
S - IERRRRRRRRERRRRANI
f\ T, _J: e ={s1,a;,5,} & h
EEEEEEEEEE s U e = (50,80, 51) * T “_-
: n'¢ \{/ a ] E={52.'a2153} ’f.\. .A 5'%" x
- . — |
o7 7 | |t T \j SOy Sample trajectories
' !

e = {So, Ao, 71,51}

— f \ - - a F=bornsl & preference annotation
[} g #

f e = {;,a;,73,53}
‘/ !a | Qo
\J - Rollout 71 71 ¢=twams | aqrning Agent -
a (Generate Dataset) || ©= o res) ) [ e

| e = {so, @g, 71,51} i\"
G 7 . < [ |
Tl.',p Qe :r e = {s;,a,,73,53}
7y = |[e=Guatasy
|
|

Learning Agent e = (S0, G0 71,51}

with estimated rewards Learning Reward Estimator

Online RL Online PbRL ini
. KOREA ..:.. Data Mining

UNIVERSITY Quality Analytics



I Preliminaries

REMIND : PbRL Basics

% Offline Setting
+  Offline RL: AP0 =& & HO|E{M (2 0)2 S3ll MO|HEE t5 (AZE0IH 28 x)
v CQL 1QL, XQL, AWR, AWAC....

. Offline PRL: APEIO] 4718l HIO[E{A (=4} O] ALEO| 20| S 2IS 80] 4 3t 7 B WX & &, O[O/HES o5
o [ A v
1] e = {Sg, g, S1} ‘% ~

IRRNRRRRERARERRN! r'p

e ={s, ay, 53}

: g

-
|
|

T —'J| e = {51,a,,5,}
|
|

o= [50,10.5] Sample trajectories Learning Reward Estimator

e ={s1,a1,72, 55} & preference annotation
e = {s0,00,71,51}

e = {s3,a;3,73,53}

Kyl
3
L,

e ={s;,a,,72, 5} . QG - )
Learning Agent 1 e ={sy,ay, 5} /
e = {sq, a0, 71,51} Tn —JI ’
|

|| e= {so, f:o: 71,51} # Tl.'¢ Qg

,_nl
___l.___
i Al

i' e = {s;,a,,73,53}
21 ": e = {51,01, %3, 5} Learning Agent
1L e={s0a 7,5} with estimated rewards
Offline RL Offline PbRL
KOREA Data Mining
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I Advanced Methods

Reward Learning
with Demonstrations
(2018 NeurlPS)

of

Few-shot
Preference Learning
(2022 CoRL)

O

Language Instructed RL
for Human Al Coordination

(2023 ICML)

Multimodal Rewards
from Rankings
(2021 CoRL)

O

MIL NRM
(2022 NeurlPS)

ojio

OPPO
(2023 ICML)

O
v
oo

(2023 NeurlPS)

v
(20

SkiP
(2021 CoRL)

O

InsturctGPT
(2022 NeurlPS)

O

OPRL
(2023 TMLR)

{0

nk

Seq
23 NeurlPS)

(2022 1CLR)

I
x
-

(2023 IEEE TNNLS)

jo
Q
o

O

RoboCLIP
(2023 NeurlPS)

O

FuRL
(2024 ICML)

00

PrefMMT
(2025 IROS)

O

Causal Confusion and
Reward Misidentification
(2023 ICLR)

o
E

O

O

Reward Design
with Language Models
(2023 ICLR)

O

Diverse Human Preferences \/ CPL

(2024 1JCAI)

O

LiRE
(2024 ICML)

APPO
(2025 ICLR)

(2024 ICLR)

O

RLVLM F
(2024 ICML)

O

Sim OPRL
(2025 ICLR)

O

'O

O

Adaptive Preference Scaling

(2024 NeurlPS)

O

Beyond Bradley-Terry
(2025 ICML)

O

{2023 NeurlPS)
Eureka

(2024 ICLR)

0}:0:0

RL saLLM F
(2025 AAMAS)

O

S-EPOA
(2025 1ICAI)

O

14/43

O

PrefCLM
(2025 IEEE Robotics
& Automation Letters)

O

CLARIFY
(2025 ICML)

O

TREND

(2025 ICRA)

O
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I Advanced Methods

Review

%  Details

. RLHF - reference-based Reinforcement Learning 1

v' PrefPPO/A3C, PEBBLE, SURF, RUNE (Online PbRL Algorithms)
. RLHF : Preference-based Reinforcement Learning 2

v' Meta-Reward Net, REED, QPA, RIME (Online PbRL Algorithms)

RLHF : Preference-based Reinforcement Learning 3

v' Preference Transformer, DPPO, IPL (Offline PbRL Algorithms)

Reinforcement Leaming
with Human Feedback

Sreferencr hosed Borferes tont Lesming 1

Reinforcement Learning
with Human Feedback

Poference bosed Renfecemect Laaricg 2

2o1 12 2

w2
ek 9T

BRE SR

Reinforcement Learning with Human Fee Reinforcement Learning with Human Fee

— .- « (@ 5=
2E: O 533 34 5=
B3 20235 128 292
& 2124~

O 2242 B|C|2 Al E (YouTube)

(9 20245 82 232
3 23124 -

O 22491 E|CI2 Al (YouTube)

Mol e 2] — MOl 8 87] —

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

http://dmqa.korea.ac.kr/activity/seminar/463 15/43
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[FrT Haz i W‘S"" 1 L e
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777777 e 6 1 e Py
= e e n = r
N e e

Reinforcement Learning with Human Fee

WEAH o

38 3E=

[ 20254 38 148
(3 25 124~

222! H|C|2 Al (YouTube)
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Advanced Methods
SegRank

/

< Sequential Preference Ranking for Efficient Reinforcement Learning from Human Feedback (Hwang et al., NeurlPS
2023)

=

= T

| SEHCE YIS FEo7| W20 stLte] mj =4 T siLte| EHE| ¢S + 8lgS XN
>

Replay Buffer
Sample 2N trajectories | l

Sample
N + 1 trajectories

Sample N + 1 trajectories

LU A
Sequential Pairwise
I|='lj Comparison
—— [ TSy o | [ Compare
[ 3 o Nis | 31 = EER he previously most preferred & current trajectory T10high
] [}
— — - | v -
— — — — .
— === ‘= e — g
- [—1 - VRN — £
— —— — L p— C
— - — —— L
1 Constructed Tree a, 9oy 7 low
Pairwise Sequential Pairwise Root Pairwise Root Pairwise
Comparison Comparison Comparison Comparison
(a) Three trajectory comparison methods. (b) Sequential vs Root

Pairwise Comparison

Figure 2: Trajectory comparison methods. (a) All three methods query a human to provide IV feedback.
Pairwise comparison samples 2.V trajectories to obtain /N feedback, while sequential or root pairwise comparison
samples IV + 1 trajectories. Despite sampling fewer trajectories, sequential or root pairwise comparison shows
higher feedback efficiency than pairwise comparison by adopting sequential preference ranking. (b) Gray
nodes illustrate fixed-length trajectory segments sampled from the replay buffer. Suppose the reward values for
segments oy, ..., 010 are 2,5, 1,8,6,4, 3,7, 9, 10, respectively. Black lines indicate actual pairs that receive true
preference labels from human feedback. The upper node for each black line represents the preferred trajectory.
For root pairwise comparison, orange nodes © describe non-leaf nodes in the tree. Using sequential or root
pairwise comparison, the agent can obtain augmented labels for non-adjacent pairs illustrated with purple lines.

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for

efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 16/43 UNIVERSITY o®® Quality Anlyfics



Sample trajectories
& preference annotation

e
B Advanced Methods v e

«—

SegRank L
< Previous sampling schemes (Uniform Sampling) F{l -— =

Learning Agent

° Replay bUfferOH ZI_SXH -6|-E 04 E-I 7H—(?—l O"EliE % _?'lei'?'li N7H2| %lEI% ZF-% with estimated rewards Learning Reward Estimator
- NZHol Hzl= S-Xl 2N7H9| trajectoryZ T Ef U Online PbRL

: & s o G-
Tn "J: °= v s 4
|__ e = {50} g, 51} T e oo 03 guoo on VS 04 gﬂ...u
[ ]
i'-. e = {5; a,, 53} * TZ e oo Q\( * Os Euo. .E VS O moooy
T]. _"J| e = {51! (11,52} H E E
| .
L e = {50;(10;51} TN e oo \f\— O2N-1 Eﬂooon VS o3y EH...H

Replay Buffer Collected Episodes Sample Queries for Annotation
Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for
efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA ... Data Mining
Systems, 36, 49088-49099. 17/43 UNIVERSITY o®® Quality Anlyfics



e
B Advanced Methods v e

\ R Sample trajectories
a U= & preference annotation
SegRank L
. . . ) 4. e i
% Previous sampling schemes (Disagreement Sampling) U,@Efg {4 < =P
. Replay buffer®f ZXSt= {2 742 OZ|AE 5 S=H4/d0] =2 N7ie] HEIE == g oming Agent UL )l | g Reward Estimator
- NZHol Hzl= S-Xl 2N7H9| trajectoryZ T Ef U Online PbRL
% 5 o |

b g4 oo VS ) oo
— e
JI e = {sy, a3, 55} i h ﬁ
Tn 7 Py Py Py
I__ e = {50,(10}51} g3 y eee VS Oy .o
[ ]
~ L] 'YX * * ﬁ(p pcfz pfi’
: e = {2, @y, S3} o5 oo VS o .
Tl _'Jl e = {51, (11,.5'2} . E :
L
| L]
€ = {5g,0qy, S R . i
!.._ { 00 1} OoN-1 Eﬂooon VS ooy Eﬂ...ﬂ Py P, P,

Replay Buffer Sample Initial Batch of Queries Ensemble Uncertainty

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for
efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 18/43 UNIVERSITY o®® Quality Anlyfics



I Advanced Methods
SegRank

/

% Drawback of previous sampling schemes
- N7iS HEl= SEAQI 2N7HQ| trajectory2 THE|0 AUS
«  CHA| 25}, 2N7HC| trajectory OflM 12 = A= HEE N

0-g - - g (o4) C
g < . 5-p
(o0

-0 7. 58 (25

Independent Queries

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for
efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 19/43 UNIVERSITY o®® Quality Anlyfics



I Advanced Methods
SegRank

/

% SegRank

«  Pairwise Comparison : 7|& MZ2&l gfAaloz NJ{O| m = HO|EHE 7| 28 2N7H2| trajectory7t ZQ
«  Sequential Pairwise Comparison : =AM O Z T8 HlW N7§O| D=8 HO|HE 7| sH N+17H2] trajectory7t ZQ
- Root Pairwise Comparison : =A™ + 7174 SQE ZdoF H| W, N7{2| | =8 HIO|HE 7] S N+17H<2| trajectory” ER

« Motz 27bA] Bl FAH2 NIl TEH #E

O 1=

=
(@]
I
i
5°)

O oIt X7t HE 3E Jts

—

Replay Buffer
Sample 2N trajectories |

Y

Sample N + 1 trajectories

Sample
N + 1 trajectories

L v
[ 2 ] [—— | — - Compare
3K . ) EEE i previously most preferred & current trajectory
. I -~ ’- vs. -
I I : I
I | — - e I
| e - p— N |
] [ee— [— | SC. —
[ & - — — N
N | T
Constructed Trae ' )
Pairwise Sequential Pairwise Root Pairwise
Comparison Comparison Comparison

(a) Three trajectory comparison methods.

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for

efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 20/43 UNIVERSITY o®® Quality Anlyfics



I Advanced Methods
SegRank

/

M : N7Ke| eIt o=

Pn - N7Ke| 217

7} 10

% Feedback Efficiency of SeqRank

tol=S 7] %Il

EH o228 H &S

n:OES 259 (py/N)

=
AL
T

E 25t trajectoryl| 7=

A= FE(# of labeled queries, preferences)2| 7=

Table 1: Trajectory compari-
y  son methods. We compare thr-

Method M Best Average Worst
PN n PN N PN
Pairwise 2N N 1 N | N O
Sequential * Ly N(N41)/2 (N4+1)/2  1392(N—0324) 1392 N
pﬂFf,f:ffsﬂ N+1 NN+1/2 (N4+1)/2 2(N4+1-S0°'% 2 N |

ee trajectory comparison meth-
ods: pairwise., sequential pair-
I wise, and root pairwise. 17 de-
notes the feedback efficiency.

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for
efficient reinforcement learning from human feedback. Advances in Neural Information Processing

Systems, 36, 49088-49099.

21/43
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I Advanced Methods
SegRank

/

% Experimental Results
«  DMControl 1t Meta-world SHE0jA AMH
. Upper Bound : SAC trained with true reward (Oracle)

. Lower Bound : MRN trained with pairwise preference queries (Pairwise)

Task # feedback Oracle Pairwise Sequential Pairwise Root Pairwise
Walker Walk 04K 9573+ 23 8625 4+ B53 8837+ 719 907.5 + 662
Cheetah Run 0.2K 886.9 £ 43.2 690.2 + 932 TI58 £ 1174 7394 4+ 100.8
Quadruped Walk IK 843.3 £+ 247.3 353.5 4+ 1839 479.5 £ 2347 728.8 4+ 274.1
Humanoid Walk 40K 2725 £ 117.0 1143 &+ 80.5 1413 + 344 1638 + 716
Hopper Hop 4K 2735 £ 47.0 2624+ 370 373+ 598 100.1 + 70.7

Table 2: Rewards after convergence in DM Control locomotion tasks. Two elements in each cell
denote the average value and standard deviation of rewards across runs with 10 random seeds.

Task # feedback Oracle Pairwise Sequential Pairwise Root Pairwise
Button Press 10K 9934+ 09 95.6 + 7.6 97.0 £ 4.3 97.6 + 5.6
Door Open 10K 100.0 £ 0.0 77.9 £ 413 77.4 £+ 40.8 978 + 5.0
Drawer Open 20K 999+ 03 65.3 + 41.6 72.0 + 454 89.9 4+ 316
Sweep Into 10K 88.8 + 299 68.4 + 352 55.7 £ 48.1 88.0 + 31.0
Window Open 1K 999 + 03 559 4+ 45.1 66.1 + 36.5 70.7 + 40.8
Hammer 10K 91.5 + 26.5 31.0 4+ 247 30.8 + 354 488 +41.2

Table 3: Success rates in Meta-World manipulation tasks. Two elements in each cell denote the
average value and standard deviation of success rates across runs with 10 random seeds.

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for
efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 22/43 UNIVERSITY o®® Quality Anlyfics



I Advanced Methods
SegRank

% Experimental Results

« URS5EX &S 0|88 =58 &7/7| 29
«  Discrete action space0|A SAC CH4l DOQN= E-&
Method # feedback Success True Episode Reward
Rate?T Reward? Length| Accuracyt
Pairwise 0.8K 34.4 17.1 29.6 75.8
Sequential Pairwise 0.8K 41.0 20.1 28.4 80.9
Root Pairwise 0.8K 50.5 259 279 84.9

Table 4: Average performance in the real robot manipulation task. For Figure 5: Block placing
each method, the agent is fine-tuned in the real world for 3,000 steps. using a UR-5 robot.

Hwang, M., Lee, G., Kee, H., Kim, C. W, Lee, K., & Oh, S. (2023). Sequential preference ranking for

efficient reinforcement learning from human feedback. Advances in Neural Information Processing KOREA O.. Data Mining
Systems, 36, 49088-49099. 23/43 UNIVERSITY o®® Quality Anlyfics



I Advanced Methods
LiRE

/

«  Offline PbRLOIM ZHE X Ol M3 H|O|E 7t

dg + elas AN

«  SeqRank®f OrEt7HX|2 S A QI M= H|O|H 0| Of

=

Compare with trajectories
New found by binary search

I=a=1bS|
T — N |

Preference | qy

-

trajectory E
B

feedback
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[r <

F<[E

|

Offline RL
dataset

Ranked List of Trajectories (RLT)

+

BE

¢

<

[T

Insert to the correct rank [

<J

Updated RLT

tl, CHE CIOolEete| HAE =

Generate preference pairs from RLT

1 2 1 3 N-1 N
BE a8 - B8

Listwise Reward Estimation
(LiRE)

Figure 1: An overview of LiRE. The figure shows an example of a button-press-topdown task. We sample a trajectory
segment and sequentially obtain the preference feedback for existing trajectories in RLT. We use binary search to find the
correct rank (left) efficiently. Multiple preference pairs are generated from RLT to learn the reward model (right).

Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline
Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp.

8651-8671). PMLR.
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% Listwise Reward Estimation for Offline Preference-based Reinforcement Learning (Choi et al., ICML 2024)

Offline PbRLZ Online PoRLIM E2| AFHO| =& &l 1= HO|HE &5 X 245 X HaIots =0t
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- \ ill |
e = {So, Qo 51} \ J A T
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o = (50.20,5,] Sample trajectories Learning Reward Estimator
& preference annotation e = {Sp, g, 51} o Eﬂ'"u VS o4 Hﬂ"'ﬂ
[ ]
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J e = {s, a;,55}
|
|

e ={s;,a4,5,}

-
|
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T —']| e = {s1,a1,5}
|
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L
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[

~
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s | ‘ o |l e=trans) : :
= 150 Qo 71,51 . .
_ K Q [
- Qs 1 | e = {501 g, 51}
: e = {53,a, 3,53} — O2N-1 ooe VS oy seoe
7 —’: €= (511,73 5} Learning Agent
| &= {5090 T1.51} with estimated rewards
Offline PbRL Replay Buffer Sample Queries for Annotation
Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline
Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp. KOREA C.. Data Mining
8651-8671). PMLR. 25/43 UNIVERSITY e%® Quality Analytics
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% Assumption
«  Completeness Assumption : QIZt I|EBE2 (0, 1), (1, 0), (0.5, 0.5) & & StLIEF 75

«  Transitivity Assumption : A<B&B <(C > A< (CE UFSIHLL A=B&B=C- A=CE UtF5H0re

a® ol
Which one is
better? PR 0o 1
n
F 3 : 0 1
7
0 1
Completeness Assumption Transitivity Assumption

Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline

Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp. KOREA
8651-8671). PMLR. 26/43 UNIVERSITY
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% Construction of Ranked List of Trajectories (RLT)
«  SeqRank : =XAtd MEY 2 &80 CtE H|O|E{Lt9]
« LRE: =XH ¥=Y= 2800 CIE HIo|Eete M=

I-I'Ir>

FAN

@O
©@eE

(4) 8)
9: & D<@<@<@<®<@<D<B®

<
@ s L
Independent SegRank(Root Pairwise) LiRE
(4 preferences/8 data) (14 preferences/8 data) (28 preferences/8 data)

Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline
Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp. KOREA O.. Data Mining
8651-8671). PMLR. 27/43 UNIVERSITY e%® Quality Analytics
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% Construction of Ranked List of Trajectories (RLT)
. Process of RLT

Algorithm 1 RLT Construction

function BINARYSEARCH (o, low,high, L) :
if low =high then
insert a new group {o} to L right behind to g, 11
(e, grow < {U} =< J1out1)
else
/* Human Feedback */
compare o 10 0y € gyiq Where mid = [+2Hhah]
if o, < o then
BINARYSEARCH(o,mid, high, L)
else if o < o then
BINARYSEARCH(o, low,mid — 1, L))
else
Inic  Gnia U {o}

Init: List L = []
repeat
sample g1, 092, -+ € D,
if L is empty then
L + [{oi}]
else
BINARYSEARCH(a;, 0,1, L)
until end of feedback
Output: L

Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline
Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp. KOREA O.. Data Mining
8651-8671). PMLR. 28/43 UNIVERSITY e%® Quality Analytics
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% (Additional) Bounding Reward Model
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Reward Estimator

0.7
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prediction Label

Iofy(spa) =10 Ly
E,1 Py(spa) =15 at o'

- Reward Model with Exponential Logit : 2 42| H|7} -1~1 ALO[7| {20 positive logit= ¢ exponential AHE

«  Reward Model with Linear Logit : 20| 12 L3l positive logit2 £ Bt= = JOE ALE

Linear LogitO| Exponential Logit 2Lt Mz == It Ho XjO|E HZ JLieted = U

exp (Zaoﬁp (s, at))
exp (Zgoﬁp (St at)) + exp (Zgﬁlp (s, at))

Py(0® >0oh) =

Reward Estimator with Exponential Logit

Choi, H., Jung, S., Ahn, H., & Moon, T. (2024, July). Listwise Reward Estimation for Offline

Preference-based Reinforcement Learning. In International Conference on Machine Learning (pp.

8651-8671). PMLR.

Py(c® > o) =

Of A ot 501 E0]

i

X0 (fy(spar) + 1)

250 (Fy(spyar) + 1) + Zpa (Fy(spap) + 1)

Reward Estimator with Linear Logit
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Experimental Results

«  Metaworld B4 AH

Upper Bound : IQL trained with true Reward
Comparison with : Preference Transformer (PT), DPPQ, IPL, SeqRank, OPRL

feegl;):cks Algorithm but_t:}r;'-[]::}':a‘rss box-close dial-turn sweep t::;;?;?;f]sl sweep-into  drawer-open lever-pull
- IQL with GT rewards | 8833 4476 9340 +aw 7540 +s547 98.33 1187 5627 +632  T8.80 +79s 100,00 £ o000 9847 +1.77
MR 0.60 + 574 10,33 £825 5020 £851 79.80 + 1336 0.13 o050 2480 + 52 98.07 £320  50.53 +sss

PT (Kim et al., 2022) 2287 +oos 033 L1116 68,67 +1230  43.07 4+ 2457 087 +143 2053 +52a BR.73 £ies 8240 + 226w

(OPRL (Shin et al., 2022) 12,13 + 535 473 £324 5433 4+ 147 9413 4595 0.20 o060 2587 + 858 94.13 + 641 54.67 + 1279

500 DPPO (An et al., 2023) 393 +43¢ 1020+ 1147 2667 £2223 10,47 + 1584 0.80 + 15 23.07 70 3593 £ s 10013 1210
IPL (Hejna & Sadigh, 2024) 34.73 + 392 593 4581 31.53 £1250  27.20 + 2381 8.93 108 32.20 + 735 19.00 + 1363 3120 + 1576

SeqRank (Hwang et al., 2023) | 17.6 + 11.94 13.2 £ 1272 65.6 + 1234 834 +o7e 1.73 £198  25.67 + o, 99.53 +036  95.67 + a4

LiRE (ours) 67.20 + 1897 51.53 + 1848 7907 + 1096 77.53 + 1050 79.13 £1509  49.13 + 1585 9940 + 165 95.67 + 626

MR 0.27 + 530 17.07 +9s56  59.07 £757  90.80 + 974 0.60 +187 26,07 +8s7 96.47 +402 50.87 + 1080

PT (Kim et al., 2022) 18.27 + 10e2 227 4286 6880 +s5s0 2913 4 1455 213 + 296 2027 £ 7584 0540 +727 7293 £ 1018

OPRL (Shin et al., 2022) 11.00 784 1507 £ 1109 51.33 + 1008 85.53 + 543 0.33 +07s 28.27 £ 640 99.20 + 142 53.20 + 667

1000 DPPO (An et al., 2023) 3.20 £304 033 +o60 3640 + 2105 B.73 + 1637 027 +oss 2333 +780 36.47 + 730 8.53 £ 996
IPL (Hejna & Sadigh, 2024) 36.67 + 1740 6.73 +s41 4393 £ 1337 3833 487 14.07 £ 147 30.40 £ 774 2853 £1s37 4040 + 1738

SeqRank (Hwang et al., 2023) | 1393 1511 46.60 ti1253  T0.67 + 758 74.93 42235 247 2267 2933 1 1159 08.6 3902 9547 + 336

LiRE (ours) 83.07 + 638 89.13 1602 7693 + 1755 75.87 + 651 81.47 + 1004 5773+ 1311 99.73 +0ss 9947 + 115
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% Experimental Results

«  Metaworld SHE0A A

. Upper Bound : IQL trained with true Reward

. Comparison with : Preference Transformer (PT), DPPQ, IPL, SeqRank, OPRL

5.1. Settings

Dataset Previous offline PbRL papers are evaluated mainly
on D4RL (Fu et al., 2020), but D4RL has the problem that
RL performance can be high even when wrong rewards are
used (L1 et al., 2023; Shin et al., 2022). To that end, we
newly collect the offline PbRL dataset with Meta-World
(Yu et al., 2020) and DeepMind Control Suite (DMControl)
(Tassa et al., 2018) following the protocols of previous work:
medium-replay dataset, e.g., (Yu et al., 202 1a; Mazoure
et al., 2023; Gulcehre et al., 2020) and medium-expert
dataset, e.g., (Yu et al., 2021b; Sinha et al., 2022; Hejna &
Sadigh, 2024; Li et al., 2023).
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% Experimental Results

- g =% 8 2|2E & budgetl| /=& ZE7IH A

Table 4: Average success rates of LiRE when adjusting the () budget. We use a total of 500 preference feedbacks.

SeqRank

Q=1 _ _ _ .~ _ _
Dataset Q=2 Q=10 Q=20 Q=50 Q=100 Q=500 w/ linear

(MR w/ linear)

button-press-topdown | 36.87 + 1375 5947 +218  53.60 £ w82 65.13 +142¢4 TL26 + 1205 67.20 £ 1897 T77.67 +15.13 | 54.87 + 9.89

lever-pull - 70.20 +1803 69.80 +379  70.47 1519 92.7 £7.16 93.4 £7.90 95.67 +626 9933 + 18 | 74.33 £ 1550
Data Mining
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% Experimental Results
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% Contrastive Preference Learning: Learning from Human Feedback without RL (Hejna et al., ICLR 2024)
- 7|&E PbRL2 1. QIZk l‘LIEH—.% 2800l B¢ g5 of5otd, 2. 0| F Sl 2%t g 0o[HES x|Helst= S
. Offline M| EIO||A] 2CHA| &t dhAlDf ZtS|sks Sk nhA O

™ 0O|MEE 'Qlkﬁ

- FHEY VU Mz RHEO0| O regret 7|8 Mz BEEF KO

= O —

Contrastive Preference Learning

Standard Two-Phase RLHF
' -b» ). Jogmg(at|st) ---------- {

a* v X]| @
B . =
¢ Algorithm * s
7 o .+Z logm(ag|s;) ---- @
tQ | “
o

mg(als)
o (als) Regret-based Preferences Contrastive Learning
Phase 1 Phase 2 e B ¥ . A'(sfaf)
Reward Learning RL wlot »07]=

E o+ A (sf.ab) + gZa— A"(STap) LepL = —IE[Mg HUH Ffe["_ =a ]]
Figure 1: While most RLHF algorithms use a two-phase reward learning, then RL approach, CPL
directly learns a policy using a contrastive objective. This is enabled by the regret preference model

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive

Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The
Twelfth International Conference on Learning Representations 34/43
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% Advantage Function (Bellman Expectation)
HE MK 2 (Q7(s,)): M AEHO A MEHS |

SE ZEX[ 2 (v (s)) S HERTE DOt B2 271 - EE 7] 2o B
VT(s) = Eqr[Q™(s,2)]

A™(s,a) = Q™ (s,a) — V™(s)

a
—

07_A_ ) Q" (s, a,)=100 A™ (sp,a0)=

—~

0.3 ) Qn(st’ at)='50 A" (Stl at)z

N —

V®(se) =

KOREA Data Mining
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% Advantage Function (Bellman Optimality)
HEf ZHX| g (v (s)) - A BN ZE Ot E 271
AS 7HK g (Q7(s,a)): S JEHOIM MENSH HFO0| HOtLt 2717
V*(s) = max,[Q"(s, a)]
A*(s,a) = Q*(s,a) = V*(s)

a
—

\ k k
</ Q" (s, a;)=100 A* (s, ap)=

—~
) Q*(s¢, ar)=-50 A* (s, ap)=

N —
Vi(se) =
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% Regret-based Preference Modeling

. A*(st,ar) = Q*(sp,ar) — V™ (se)

) R exp ( 2,07y, (St ar)
Preference model based on cumulative rewards By(0® > ot) = ( (St A )
exp (Zaoﬁl, (ss at)) + exp (261@, (ss at))
Preference model based on optimal advantage (regret) Br(0®> o) = eXp(Za"A*(St'at))
exp(ZUoA* (st at)) - exp(ZalA* (st at))
. . . ) expl 2,0V A (s, a
Considering time penalty through discount factor By(a® > ol) = Xp( oV A (s, t))

exp(Z,0V* A" (s, ar)) + exp(Z1 Vi A* (s ar))

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The KOREA O.. Data Mining
Twelfth International Conference on Learning Representations. 37/43 UNIVERSITY ... Quality Analytics
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% Relationship between A* and m* in maximum entropy RL

«  Maximum Entropy RL : X[& = 0t OfL|2} AEZLDF ne{st0f Yot A0 Lzt Has & = JAEF St= Zdotets 8
xH
KH
eA*(s,a)/a
t*(als) = argmax,A*(s, a T (als) = -
( | ) g a ( ) ( | ) f ed'(sa)/a da
St
RL Policy Maximum Entropy RL Policy

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The KOREA O.. Data Mining
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% Relationship between A* and m* in maximum entropy RL

«  Maximum Entropy RL : /& H= #Tt OtL|2t AEZL|E 1243t CHYot S0 ot B2 & = UEFE St= dotets 8
xH
xH
eA (s,a)/a

n*(als) = T A Gaa dg

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The KOREA O.. Data Mining
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s CPL Loss Function with Preference Dataset

0l BB A0 2 h
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(02
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«  Advantage &+E& %

b (0 1y —
Py(o”>0) exp(Z0V'A" (sp ar)) + exp(Z,V A (st ar))

A* = alogm*(als)

eXp(Zao Yalogn' (a, |St))
exp(Zpoytadogm(aslsy)) + exp(Eytalogm (als,))

Pyp(0®>0h) =

exp(Z,+y alogmg(ayIs;) )

L =F - —lo
cPLO = E(0 ) Dy gexp(20+ytalogng(a;’ Is)) + exp(Z,-y'edogry(ar |s; )

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The
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» CPL Loss Function with Preference Dataset
« Ol score function= thed| AL S A2, HUA QI scaled| invariantSHA| &

- 1€ (01) 2 =Yst0] HUE HE|7t E01E =5 scoreZt ZASHEE =78 (DPPOO]|A{ £f2h

Lepro = E [~ log exp( 2 ,+y"dlogrg(af|s}))
= + - -
CPL@ (6%.07)~Dpres exp(Zo,J,ytalogn@ (af|s; )) + exp(AZa—ytalogﬂe (as sy ))

lo exp(=3) = 0.88 lo exp(~13) = 0.88
gexp(—3) + exp(—5) ' gexp(—13) + exp(—15) '
1=0.5 ’,
-3 —13
log——P(=3) 0.37 log exp(~13) 0.04

exp(—3) + exp(—521) - exp(—13) + exp(—1541) -

Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
Preference Learning: Learning from Human Feedback without Reinforcement Learning. In The KOREA O.. Data Mining
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s CPL Loss Function with Preference Dataset

Learning Agent
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Hejna, J., Rafailov, R., Sikchi, H., Finn, C., Niekum, S., Knox, W. B., & Sadigh, D. Contrastive
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Twelfth International Conference on Learning Representations.
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% Experimental Results

«  Metaworld StE0A A

« SFT: M3 & Ho|HDHE 510§ behavior cloning
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% SegRank (Hwang et al., NeurlPS 2024)
- =XH e MEEES 8 IEY 284S =9l Online PoRL H#E
% LIRE (Choi et al., ICML 2024)
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% CPL (Hejna et al,, ICLR 2024)
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B Conclusion

Trailer (Reinforcement Learning with Human Feedback: VLM-based Reward Design 1)

¢ RoboCLIP (Sontakke et al., NeurlPS 2023)

«  Video Demonstration, Text Description, 12|11 VLM2 O| &5 E4
¢ Eureka (Ma et al, ICLR 2024)

- GPT4Z 8 XNSL=2 He 25 4d5t 7|4
¢ FuRL (Fu et al, ICML 2024)
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