Reinforcement Learning
with Human Feedback

Preference-based Reinforcement Learning 2

2024. 08. 23

YHAL: ST

1/70

IIIIIIIIII

Data Mining
Quallity Analyfics



- EENERY)

< O|& : 5{E= (Jong Kook, Heo)
«  Data Mining & Quality Analytics Lab

«  PhD. Student (2021.03~)

*  Deep Reinforcement Learning
»  Self-Supervised Learning

% EEI-EII-

* =1 o

*  E-mail : hjkso1406@korea.ackr

2/70 KOREA ..:.. Data Mining

UNIVERSITY Quallity Analyfics



o =

1. Introduction 3. Advanced Methods
«  Challenges with applying RL in the real-world « MRN
«  RLHF in Large Language Model « REED
- QPA
« RIME

2. Preliminaries . .
e Trailer — Offline PbRL

. REMIND : PbRL Basics
. REMIND : Advanced Methods 4. Conclusion

*  Summary

3/70 KOREA ..:.. Data Mining

UNIVERSITY Quallity Analyfics



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 MK & Qe(s ) =HE B 6,0 ZUT T|BZQE ISt /48 (9)
{\ l —_ :Ei I Qo(spar) « Tepq + YEa,,, [Qo(St+1, Ar41)]
|_ e = S0, qp, 71,51
{/ j = Qo Objective = Maximizie E[Qg(s,a)logmy(als)]
\J ' Rollout n | e=tuaras)
|

(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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- Introduction _AN, my Zii:ﬁélﬁ'f,iif N FF'

: : : v N %
Challenges with applying RL in the real-world N e | (nn

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

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

Learning Agent

- dH &= (Policy Function) my: &ENZF FORE I H5S HESH=E 2

! Objective = Maximizie E[Qg(s, a)logmy (als)]
« &S 7Kg= (Action-value Function) Qq: SENO| CHoH WS0| F0tLt E2X| EESH= o4

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

a ‘ +5 g » Qo (st ar) <« Te41 + VEay,, [Qo(Ste1, Arsa)]

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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- Introduction _AN, my Zii:ﬁélﬁ'f,iif N FF'

: : : v N %
Challenges with applying RL in the real-world N e | (nn

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

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

Learning Agent

- dH &= (Policy Function) my: &ENZF FORE I H5S HESH=E 2

! Objective = Maximizie E[Qg(s, a)logmy (als)]
« &S 7Kg= (Action-value Function) Qq: SENO| CHoH WS0| 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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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/ 10/70

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
KOREA Data Mining
https://github.com/Farama-Foundation/Metaworld/issues/389 11/70 U 85 RSITY .‘. Quality Analytics
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Introduction
RLHF in Large Language Model

% Reinforcement Learning with Human Feedback (RLHF)
- GPT37HX|Q] AN EHE2 Q17Ho| JHX|et M E N 2{oHX| Q= HHE 4
«  InstructGPT O|= RLHFE Sl QI7to| M EWMZ HtASI0] 02 H 2 %X 3t5t= YHEO| L=

!
- %2 Diffusion ZH0| = RLHFE HE=5l= Atel|l 8%

on
0z

Step1
Collect demonstration data,
and train a supervised policy.

Step2
Collect comparison data,
and train a reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A promptis A prompt and A new prompt -
sampled from our . E oo several model - em is sampled from T
prompt dataset. landing to a 6 year old outputs are landing to a & year old the dataset. about frags
sampled. |
Y 0 (=] _ Y
A labeler At WL The policy PO
..
demonstrates the @ . Gv 1. @ generates 2, -
desired output e, | | mamom ! an output. W
behavi Z — ,
ehavior. Some people went "
o hemoon Alabeler ranks
+ the outputs from @ Once upana time..
This data is used e best to worst. 0-0.0-0 v
to fine-tune GPT-3 5?7:_\ The reward model .
. . Ly ]
with supervised \.\/SQ{/ “ f:v‘::j:::zf a -&._?:\-
learning. . T
%é% This data is used o the output. L
to train our !
./):M‘ \J
reward model. px2-vg The reward is

used to update
the palicy
using PPO.

0-0-0-0

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.

Data Mining
KOREA ..:..
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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 14/70 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

15/70 UNIVERSITY
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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. 16/70 UNIVERSITY O.' Quality Anailytics



I Preliminaries
REMIND : PbRL Basics

/

% Fitting Reward Function with Human Preferences — Bradley Terry Model
«  Assumption of PbRL : ¢° 7} ¢t 2L} M2 EICH= 2
v Zor(spa;) = Zar(spa.):0%S S FHE =5 EH40| o1& S HE =5 E4EL = A0
v P(c®>0'):6"E MEH 2E0| g1 E MY 2EECH 2 AO|CH
+  Define P(¢® > o) : H&0f THEH = o= 5 Sl Ot 20| 2
v Az gE0| oF 24 7o vl
- pE e FE

: Binary Cross Entropy Loss

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.

17/70 KOREA ..:.. Data Mining
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I Preliminaries

REMIND : PbRL Basics

% Fitting Reward Function with Human Preferences — Bradley Terry Model

0.0 0.1 0.0 3.1
5 6 preference preference
prediction Label
2 — L
3 2 ZO.O rl[) (Str a’t) =10 o Y L
Ty ' '
3 3 X1 Ty(se,ap) =15 o o
Reward Estimator . .
[ ] [ J
-1 10
N exp (20'07’\.1/) (St at))
Py(a® > o) =
exp (Zaonp (s, at)) + exp (Zaml, (ss, at))
— D D 1
Ly = —Z(ao,aly)ED(y(O)long(ao > 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. 18/70 UNIVERSITY O.' Quality Anailytics



I Preliminaries

REMIND : PbRL Basics

L] ’
.

L]

e ={s;,a;,73,5;}

S, T
ENVIRONMENT r\ | €= {50‘ Qg, Ty, 51}
v :
Learning Agent

[e= {52, a3, 73,53}

\ |
Rollout 7y, | e={sva, 72,5}

|

|

\a J (Generate Dataset)

VIassicalRl_/

Qs

e = {So,Qg, 1,51}

—_———

// {< IERRRRRRRRRRRERAN]
\ ——
(20 @) 02 YV ive
\ @ /] ,-:-..\ ‘ 3 TITIIII ﬂ ‘ f' ‘
s : e S g | X
r e ={s;,a,,5:}
“““““ " f \ - ™ Sample Trajectory Segments preference annotation Learning Reward Estimator

a ‘ || e = {S¢, 00,51}

\ J - i’ e = {5, a,, 53} _ E
T —! e ={s,a,s;} T —J O R
a Rollout tl PbRL " U= ot risy
(Generate Dataset) s tten) ' Q - e
1 5 —J: e = (51,01, 72,5}
Learning Agent H o= Gotorus)

with estimated rewards

\

/

19/70
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I Preliminaries

Reward Learning

Multimodal Rewards

with Demonstrations from Rankings
(201 7-NeurlRS) (20211Chal)
(2018 NeurlIPS) (2021 CoRL)
SURE RUNE Few-shot Preference Learning \/ Meta-Reward Net
(2022 1CLR)} (2022 1CLR) (2022 NeurlPS) (2022 NeurlPS)
ransformer eward Misidentificati
2023 IEEE TNNLS 2023 TMLR
(2023 ICLR) (2023 ICLR) ( ) ( )
REED DPPO IPL DPO
(2023 CoRL) (2023 NeurlIPS) (2023 NeurlPS) (2023 NeurlPS)
Diverse Human Preferences CPL v/ QPA v/ RIME
(JCAI 2024) (2024 ICLR) (2024 ICLR) (2024 ICML)

O

O

O

20/70

O

SkiP
(2021 CoRL)

O

MIL NRM
(2022 NeurlIPS)

Oo
o
o
o

(2023 ICML)

O

SegRank
(2023 NeurlIPS)

O

LiRE
(2024 ICML)

O
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I Preliminaries

REMIND : Advanced Methods

/

training (Lee et al, ICML 2021)
- Z|2H0 ZYYa= 5Y
«  Off-Policy &112|FQl SACS AIE

«  State Entropy 7| Unsupervised Pre-training= X 2FSH0] Z£7|0 CHFSE Trajectory?t =R E =S & ey

Unsupervised Pre-Training (s,8,5) : A
— reward learning I

s from preferences |7

w 3- ﬂ o |7 |
. P

Ay A (52,5, 70(.%) | 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-

6163). PMLR.
https://github.com/rll-research/BPref

21/70
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I Preliminaries

REMIND : Advanced Methods

% PEBBLE

. Backbone Algorithm : Soft Actor Critic (+ Reward Estimator Learning)
. Pre-training : State-entropy Maximization (to collect diverse trajectories)

. Relabeling Experience Replay

Pick Place

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. 22/70 UNTVERSITY % Quallity Analyfics



I Preliminaries

REMIND : Advanced Methods

\/
0’0

PEBBLE

Backbone Algorithm : Soft Actor Critic (+ Reward Estimator Learning)

Pre-training : State-entropy Maximization (to collect diverse trajectories)

v L& &2 & (Intrinsic Reward)E ‘G2|510] L 40| X2t =5

>~
ot

st& 7|0 Explorationg ¥
'™ (s) = log(||s: — st

Relabeling Experience Replay

v

e = {Sp,ap, 51}

L ]
[ ]
3 - k — nk of current state
JI e = {s,a;,5;} .
Tn 7 ST . _Jll
I.._ €= {SO’ amSl} r\ n ‘ll
L] "" . |
: -~
[ Ir
| [ \{/ =) |
current state < =
T — e ={s,a,,5;} \ J Rollout T |:
' a (Generate Dataset) L
|

State Space in Replay Buffer

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. 23/70

St

Ea
=

L] n'¢
e={sy, aﬂ%’”' Sz}
€= {SU:QOrrilmz 51}
e = (50,00 775}
— int - QO
e =l sl Learning Agent
e= {So’a()rrilm: 51}
Classical RL
KOREA Data Mining
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I Preliminaries

REMIND : Advanced Methods

“» PEBBLE

. Backbone Algorithm : Soft Actor Critic (+ Reward Estimator Learning)

. Pre-training : State-entropy Maximization (to collect diverse trajectories)

. Relabeling Experience Replay
v Replay Buffer0ff {& &l Experiences2 0| 0f &t

& =l Reward EstimatorZ 0| ==l

| ZF
HA

v Reward Estimator?} &O|O| E & U{OICt Replay Buffer®f] &= ZE E4 0= Zt3 CHA| ALt

—
= \aja Rollout

(Generate Dataset)

e = {s;,a;,5,}
e = {50,a0,51}

e = {s3,az 53}
e = {s1,a,,5;}

e = {sp, 09,5}

A @ \K\\@
’®
@ ®

_\
&/

\n
@ / —

L

_\
@l

Sample Trajectory Segments

PbRL

24/70

=)

EA

v

4}

« i

preference annotation

e ={s,,a,,725,}
e = {So. a9, 74,5, }

e= {52, @5, 73,53}
e = {sy,a,, 2, 5,}

e= {50. Ay, ;‘I'Sl}

KOREA

UNIVERSITY
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I Preliminaries

REMIND : Advanced Methods

\/
0.0

Details

Preference PPO/A3C : PbRLS X[Z=2 119t & On-policy RL2! PPO2} A3C X £

v O|=Z RL for Summarization, InsturctGPT S0 ZE[E7} &

PEBBLE : HIO|E 2&’d2 I3l Off-policy RL2! SAC &, Unsupervised Pre-training A| ¢t
SURF : | =44 20| 50| gl= HIO|HE &&%3}7| flof &X| =& (FixMatch) &

RUNE : Cot HIO|E =T= 2|3l Epistemic Uncertainty &-&

Reinfarcement. Leaming
wiith Human Feedback

Freferenoe hesed Bo récres Tt Leamine 1

e 1z m
Wk ® IS

Reinforcement Learning with Human Fee
ut [ T =3

=HAH LS =

= HEX < 51

[ 20234 1238 299
3 2124 -
B ==t2l |02 Al (YouTube)

Mot EE EI| —

https://www.youtube.com/watch?v=VznoOoBbm6w&t=627s

http://dmga.korea.ac.kr/activity/seminar/435 25/70

KOREA
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I Advanced Methods
MRN (NIPS 2022) REED (CoRL 2023)

How to improve the representation of the
reward estimator??
—>Dynamics-based Self-Supervised Learning

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

PEBBLE
QPA (ICLR 2024)

How to improve query selection strategy??
->0n-policy query selection &
Hybrid Expereince Replay

RIME (ICML 2024)

How to make the reward model robust to
noisy preference?
—>Noisy Label Discriminator

26/70 KOREA Data Mining
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% Meta-Reward-Net: Implicitly Differentiable Reward Learning for Preference-based Reinforcement Learning (Liu et al,,
NeurlPS 2022)
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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

relabeled by the up-to-date r, 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.

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information
Processing Systems, 35, 22270-22284.
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% Preliminaries: Soft-Actor Critic (SAC)

- dE JHX|= (Action-value Function) Qq: &FEHOf| CHEH 25 0| Y0OtLE E2X|

Qo (s, ar) = E[Gelsy, arl = Elreer + Yeqo + Vo143 o se ag] =

«  Objective of Soft Actor Critic

_ 2
]Q (6) = E(st,at,rt,st+1)~B [(Q9 (St' at) — Tt — VV(St+1)) ] )
where V(st) = Eqr,[Qg(se, @) — alogmy (als,)]

]n((p) = Est~B,at~7r¢, [a log 7T¢> (alst) - QQ (St' at)]'

J(a) = Eat~n¢ [_a logmy (als;) — CZH],

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information
Processing Systems, 35, 22270-22284. 28/70
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% Preliminaries: Soft-Actor Critic (SAC) & Bradley-Terry Model

- HWE 7}X|E = (Action-value Function) Qq: &SEHOfl CHEH W& 0| YOtLt Z2X|

Qo (s, ap) = E[Glse, ar] = Elrpsq + VTisn + V2Tia3 o

*  Objective of Soft Actor Critic

_ 2
]Q (9) = E(st,at,rt+1,st+1)~B I(QG (St’ at) — rt - VV(St‘Fl)) ]

«  Bradley-Terry Model : E40f CHat & &= #E Sl 5 Trajectory Segment ALO|2| M=

fujo
oA
I

exp (Z 5Ty (St at))

Py(c®>0oh) =

Py(c® >0oh) =

exp (Zaoﬁ/, (St at)) + exp (Z 1Ty (St at))

exp(Qp(sg, ag

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information
Processing Systems, 35, 22270-22284. 29/70

exp(Qg(s9,ag)) + exp(Qp (s, ag))
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Preliminaries: Soft-Actor Critic (SAC) & Bradley-Terry Model

S 7HX| == (Action-value Function) Qq: AEHO]| CHSE l&0| LOtLt £ 2X| THEHSH= gt

T I
Qo(se, ar) = E[Gelsy, arl = Elress + Vo2 + Vo143 s ar = E[Z/_.v" ~trylse, ar
Objective of Soft Actor Critic

_ 2
Jo 6) = Esearries,sea1)~B [(Qe (5t ap) — fzp (St ag) — VV(St+1)) ];

Bradley-Terry Model : 20| CHSH £ &t #& Sl & Trajectory Segment AtO|Q] MT SHEZ HO|
s, . exp (Z 5Ty (St at))
Py(c” >0") =
exp (Zgorl/, (s;, at)) + exp (Z 1Ty (St at))
0o .0
s 0 1 exp(Qp (s, ap))
Py(c” >0") = 0 —
exp(Qp (g, ag)) + exp(Qp (g, ap))
Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information
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% Bi-level Optimization in MRN
. Inner Loop : 6 is optimized by the reward estimation from 7,

«  Outer Loop : ¢ is optimized according to the performance of the Q-function

. Pseudo Updating: Building Connection between 6 and y

exp(Q (s, ap))

A 0 1y
Pl >0 = o (Qast, a9 + exp(Qs 5 al)

_ 2
Jo (6) = E(st,at,rt+1,st+1)~B [(Qe (st ap) — fw(st» a) — VV(St+1)) ]

Lineta@@)) = =2 (40 511)~p[V(0)logPy(yy(a® > 1) + y(D)logPyyy(a°® < aM)]

M i"¢,9 Lmeta (8 (l/)))
Subject to 6(y) = argming]y(6,)

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 31/70 UNIVERSITY o%® Quality Analytics



I Advanced Methods
MRN

/

% Bi-level Optimization in MRN

«  Outer Loop : ¢ is optimized according to the performance of the Q-function

3 2
]Q (0) = E(St,at,rt+1,5t+1)~B [(QQ (St’ at) - f'llj (St' a’t) - ]/V(St+1)) ]

0" =9 — qv,1 (6,
a G.IQ( Y) 800

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 32/70 UNIVERSITY o%® Quality Analytics
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% Bi-level Optimization in MRN

«  Outer Loop : ¢ is optimized according to the performance of the Q-function

op(Qo(s0, ) ‘ A o
exp(Qg(sg, ag)) + exp(Qy (s5, ag)) Jo(0) = E(sapresn seaa)~B [(QQ (st ae) — Fy (e, ar) — VV(St+1)) ]

Py(c® > ob) =

Lineta(0(W)) = —Z(50,515)~p[y(0) logPgyy(a° > a") + y(DlogPeey(a° < aM)]

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 33/70 UNIVERSITY o ®® Quality Andlytics
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% Bi-level Optimization in MRN
. Inner Loop : 6 is optimized by the reward estimation from 7,

pU+D = ) — g V], (0)|9(k)

(k+1) — )
p4D = 0 —aVy)n(6)|

O 4
. .
- O o .
| e ={s;,a,,5:} & 4 ¢
= & 4 2 ?
J| 1 01, S2 & & . e = {5,ay, 72,55} B
|

y -
& |
TTl - i (, i T -
— I B n |
| e = {Su;au;sl} ;,?' I | e= {So'“w ,-.l‘sl}
o ol -
{ .
: e = {s;,a 53} ( 11| e={s;a,73 53}
| 7 |
T1 —‘]| e ={s;, a5} 7, = || e={sna.72s;)
I I
L I

e = {Sp, Qg 7', 51} Q
)

e = {so,a9,51}

Learning Agent
with estimated rewards

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward

learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 34/70 UNIVERSITY o ®® Quality Andlytics
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% Total Flow Framework — Outer Loop (Train Reward Model)

Algorithm 1 Meta-Reward-Net

Input: supervised reward learning frequency K, bi-level updating frequency NV
Input: number of human’s preference labels per session M

1: Initialize € and

2: Initialize a preference dataset D < ()

3: Initialize B and ¢ with unsupervised exploration

4: for cach iteration do

5 Take action a; ~ my(as|s¢) and obtain s, ~ p(si11 | s¢,ar)
. 6: Store transition {(s;, a¢, 141, 7y (s, @)} in B
r —= 7: Sample minibatch {(7;)}7; ~ B
T, = s e 0 .0 8: if iteration % K == 0 then
L e ={50.a05} 0 pe (0.0 > 0.1) — exp(Qg (sp, ap)) 9: Query a human teacher for M preference labels and store them in D
: 0 0 11 , ‘ o data i
== " BQUEA) Q) I Sl
| 2,2, 53 : < W
- = {51,015, 2 N 12: Use updated 7, to relabel the replay buffer B
] | SR = 208 (Volmea(8) ) - VoQuo (5000 Wy (5000|130 enait P
e = butos) 14: if iteration % N == () then
15: Sample preference data in D
e~ e (2 oy (s, a )) 16: Pseudo update # using
(//@ ® g\ ©& Py(c®>o") = i il i 17: Update 1 using (12)
@ @ | _L r ( 2 ) ( 2 ) 18: Use updated 7, to relabel the replay buffer B
N P exp ( 2yoTy (St ap) ) + exp | Zpaty (s ar) o, endif p Y play
- VyLy, 20: Update # and ¢ using and (T4), respectively
v 21: end for

Output: policy g

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 35/70 UNIVERSITY o ®® Quality Andlytics
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% Total Flow Framework — Inner Loop (Train Agent)

Algorithm 1 Meta-Reward-Net

Input: supervised reward learning frequency K, bi-level updating frequency NV
Input: number of human’s preference labels per session M
1: Initialize € and

J-(p) = 2: Initialize a preference dataset D 0 _
3: Initialize B and ¢ with unsupervised exploration
EStNB:at"T[(p [0{ log g (alse) — Qo (se, at)]' 4: for each iteration do
5 Take action a; ~ my(a:|s¢) and obtain s, 1 ~ p(s,+1 | 5. a4)
. 6: Store transition {(s;, a¢, 141, 7y (s, @)} in B
-~ Ca 7:  Sample minibatch {(7;)};_, ~ B
- _J: e = {5 @,713", 52} 8:  ifiteration % K == ( then
L|| e = s, a0, 7%, 51} Jo 6) = 9: Query a human teacher for M preference labels and store them in D
- Q¢ . _ 210 Sample preference data in D
[e=tnanrisy E(spapresrsea)~B [(Qe(su ar) — fy(se, ar) — YV(St+1)) 11: Optimize (2) with respect to ¢
1, = | e=nanrits) 12: Usc updated 7, to relabel the replay buffer B
| = 13 end if
| Le =50 ri™ s} 14: if iteration % N == () then
15: Sample preference data in D
T e i 16: Pseudo update # using
@@ o\ 0@ : ) ~ 17: Update 1) using
| @ @) % Ty 18: Use updated 7, to relabel the replay buffer 5
e _S o2 19:  endif
20: Update # and ¢ using and (T4), respectively
21: end for

Output: policy g

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 36/70 UNIVERSITY o ®® Quality Andlytics
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% Experimental Results

. Comparision with : PrefPPO, PEBBLE, SURF(PEBBLE + Semi)

«  Proposed : MRN(PEBBLE + Meta-learning) Metaworld

DMControl

\!

>
”

»

>

»”

Hammer Door Open  Button Press

Walker Cheetah Quadruped

> ” °

Sweep Into  Drawer Open  Window Open

Metric : Episode Return

. . o . Metric : Success Rate
Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward

learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 37/70 UNIVERSITY o®® Quality Anclytics
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% Experimental Results (Main)

. Comparision with : PrefPPO, PEBBLE, SURF(PEBBLE + Semi)
. Proposed : MRN(PEBBLE + Meta-learning)

= SAC (upper bound) = PrefPPO = PEBBLE - PEBBLE + SURF - PEBBLE + MRN
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-] 2 2
& & @
% 59 X 50 X 50
: : :
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Environment Steps  x10° Environment Steps  x10° Environment Steps  x10°

(a) Hammer (feedback=10000) (b) Door Open (feedback=1000) (c) Button Press (feedback=100)
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(d) Sweep Into (feedback=4000)  (e) Drawer Open (feedback=1000) (f) Window Open (feedback=100)

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 38/70 UNIVERSITY o®® Quality Anclytics
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% Experimental Results (Main)
. Comparision with : PrefPPO, PEBBLE, SURF(PEBBLE + Semi)
. Proposed : MRN(PEBBLE + Meta-learning)

=== SAC (upper bound) == PrefPPO - PEBBLE - PEBBLE + SURF == PEBBLE + MRN
1000 1000 1000
E 750 E 750 E 750
= = =
© © ©
o o (1
o 500 o 500 o 500
= = =
o o o
L 0 @
& 250 & 250 & 250
0 0 0
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Environment Steps  x10° Environment Steps  x10° Environment Steps  x 10°
(a) Walker (feedback=100) (b) Cheetah (feedback=100) (c) Quadruped (feedback=700)
Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward
learning for preference-based reinforcement learning. Advances in Neural Information Data Mining
39/70 &%E{Eé o.:.b Quallity Analyfics
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< Experimental Results (Feedback Efficiency)
. Comparision with : PrefPPO, PEBBLE, SURF(PEBBLE + Semi)
. Proposed : MRN(PEBBLE + Meta-learning)

= SAC (upper bound) - PEBBLE - PEBBLE + SURF = PEBBLE + MRN
1000 1000 1000 1000
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(a) feedback=100 (b) feedback=400 (¢) feedback=1000 (d) feedback=2000
100 100 100 100
5 g 75 g 75 g 75 g 75
j -] a2 2 2
© % 50 % 50 % 50 % 50
- ] ]
3 8 g 2 g
o 5 g ) 5
O @2 @ 25 D 25 D 25

Al

0 0 1] 0
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Environment Steps  x10° Environment Steps  x 10° Environment Steps  x10° Environment Steps  x10°

(e) feedback=100 (f) feedback=400 (g) feedback=1000 (h) feedback=2000

Liu, R., Bai, F., Du, Y., & Yang, Y. (2022). Meta-reward-net: Implicitly differentiable reward

learning for preference-based reinforcement learning. Advances in Neural Information KOREA ... Data Mining
Processing Systems, 35, 22270-22284. 40/70 UNIVERSITY o®® Quality Anclytics
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2023)

.  Hi ol BH S5 S A7V f8l 28 cld.“(environment dynamics) HEE O._|§'_%'5}_T'_Xf

predicted PREFERENCE-LEARNED
reward REWARD FUNCTION

Py

SELF-PREDICTIVE REPRESENTATION (SPR)

action Action Encoder
a L) 2
Replay | sample ! Jal ¥ State Action Em:cder % Dynamics £ Projection Prediction
Buffer > ’
g4 -.0p hpro( - - Opro) hpre( - Opre)
7 state State Encoder

L, S w)
next state State Encoder
s:+l f;( Ca ‘P})

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.

ad
}:+I

d
Projection Yeri SS
+’ &
hpro( : »Hpro)

Metcalf, K., Sarabia, M., Mackraz, N., & Theobald, B. J. (2023, December). Sample-

Efficient Preference-based Reinforcement Learning with Dynamics Aware Rewards.

In Conference on Robot Learning (pp. 1484-1532). PMLR.

https://github.com/apple/ml-reed 41/70
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% What is Environment Dynamics?
7

0
ot

- 2 Askenvironment dynamics) : 24 9| 2o ME| HO| 2E)HE

+2 Reward(r)

— e = = = — T

State(S) Action(A) State(S')

\u&gds) s’ r

KOREA DquMining _
http://dmaqa.korea.ac.kr/activity/seminar/325 42/70 UNIVERSITY .{.. Quality Analytics
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% Preliminaries : Data-efficient Reinforcement Learning with Self-predictive Representations (Schwarzer et al,, ICLR
2021)

- o JEI0M 2B HS

o

FU= W Aot SEFO| ==X Y& Zh(latent space)OlM 0| =05t EHATE =

o
«  BYOL (Grill et al., NeurlPS 2022)0| M X|2tEl target encoder, momentum update, asymmetric architecture, cosine similarity loss

AHE
Jo
online — 5 qlearning » Q-learning Loss
encoder [T head 9
Zt |(1:~-~i1n; 1
St +aug. conv. fransifion
exponential model
moving avg. i fJIT“ q
A online i -
Ziaip—> . —» | prediction —» /¢ i
+ projechion Cosine
Similarity Loss
tar = farget -
encoder | — T Zt4k — | prolostion. ————— Jt+k
.JFI!II gm
St+k + aug.
Schwarzer, M., Anand, A., Goel, R., Hjelm, R. D., Courville, A., & Bachman, P. Data-Efficient Reinforcement
Learning with Self-Predictive Representations. In International Conference on Learning Representations. KOREA ... Data Mining
https://github.com/mila-igia/spr 43/70 UNIVERSITY .\ Quallity Analyfics
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«» Additional Materials

. Dive into BYOL : Motivation, details, experiments of BYOL

«  State Representation Learning for Reinforcement Learning : CURL, SPR

RL Lows Furetion
= _
_ ainar 20200219 B « Cvaing lont. —

Dive into BYOL

Bootstrap Your Own Latent J‘;.“.',': “;2- - ' P TR T 1T
ity ~---~s---} - A L\ Tell
B ST
i - where frss & (et Eon)) S
IS HYATTUY
iz ot B B = Brarger +01~
Dive into BYOL State Representation Learning for Reinfo
ux: (@) anz wuze ) ol
4 i
5 2021428 19Y B9 20214 48 162
{3 =14~ M 2=14-

D =219 H|O 2 AHE (YouTube) © =ajel B2 AN YouTube)

3 222 Ho2 AlH (YouTube)

HojLt 32 27| — MojLEE 27| —

http://dmaga.korea.ac.kr/activity/seminar/310

KOREA Data Mining
http://dmqa.korea.ac.kr/activity/seminar/319 44/70 UNIVERSITY .\‘. Quality Analytics
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«» REED Process
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T, __J: e = {51415} State Encoder
I e = {50, a0, 51}
- e = {5¢, 0z, Se41} a;
:F e = {s,ay, 53}
71 —‘J| e ={s, a5}
:_ e = {So, g, 51} Action Encoder
St+1

State Encoder
Metcalf, K., Sarabia, M., Mackraz, N., & Theobald, B. J. (2023, December). Sample-
Efficient Preference-based Reinforcement Learning with Dynamics Aware Rewards.
In Conference on Robot Learning (pp. 1484-1532). PMLR.
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~
Jl e = {51, a,,5;}
Tn 71
I e ={So, 9,51}
. e = {5¢, 0t Se41}
-
: e = {s3, a;, 53}
Ty “J| e = {s1,ay,5;}
|
|

e = {50, a9,51}

Distillation Loss
(SimSiam, BYOL)

L% = —cos(Ph 1, s8(vé 1))

Metcalf, K., Sarabia, M., Mackraz, N., & Theobald, B. J. (2023, December). Sample-
Efficient Preference-based Reinforcement Learning with Dynamics Aware Rewards.
In Conference on Robot Learning (pp. 1484-1532). PMLR.
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% Experimental Results
. Baseline : PEBBLE(BASE)

. Others : SURF(PEBBLE + Semi), RUNE(PEBBLE + Uncertainty), MRN(PEBBLE + Meta-learning)

. Proposed : REED(Contrast), REED(Distill)

DMControl

.

/ \

o ¢

Walker Cheetah Quadruped

s

Metric : Episode Return (Normalized)

Metcalf, K., Sarabia, M., Mackraz, N., & Theobald, B. J. (2023, December). Sample-
Efficient Preference-based Reinforcement Learning with Dynamics Aware Rewards.
In Conference on Robot Learning (pp. 1484-1532). PMLR.
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% Experimental Results
«  Metaworld 22 0| M Distillation Loss= CollapseZf 244
.  H™HIXMOZ Distillation Loss& Lt Contrastive Loss7F 9HH A

+  DMControld| M= 253t 452 EO0|X|Tt, Metaworldd| M= SURFR} Aol &

TASK FEED. PEBELE PREFFFPO
BASE +DISTILL +CONTRAST SURF[11] RUNE [15] MREN [12] BasE +DISTILL +CONTRAST

WALKER 500 0.74 4+ 0.18 .86 £ 0.20 0.90 + 0.17 0.78 +0.12 0.76 4+ 0.20 0.77 4+ 0.20 0.95 + 0.05 0.88 4+ 0.07 0.93 £+ 0.06

WALK 50 0.21 4+ 0.10 0.66 =0.24 0.62 4+ 0.22 0.47 4+ 0.13 0.23 4+ 0.12 0.38 4+ 0.12 .51 + 0.13 0.58 +0.13 0.58 +0.12

QUADRUPED 500 0.56 4+ 0.21 1.10 £0.21 1.10 +0.21 0.80 4+ 0.18 1.10 + 0.20 1.10 + 0.21 0.46 4+ 0.18 0.52 4+ 0.22 0.47 + 0.18

WALK 50 0.38 4+ 0.26 .65 +0.16 .31 + 0.18 0.458 + 0.19 0.44 4+ 0.21 0.83 4+ 0.12 0.68 + 0.30 0.90 4+ 0.19 1.20 + 0.34

CHEETAH 500 0.86 4+ 0.14 .88 £ 0.22 0.94 + 0.21 0.56 4+ 0.16 0.61 +0.17 0.80 4+ 0.1 0.62 4+ 0.04 0.67 4+ 0.06 0.66 4+ 0.06

RUN 50 0.35 4+ 0.11 0.63 = 0.23 0.70 + 0.28 0.55 4+ 0.18 0.32 4+ 0.12 0.38 4+ 0.16 0.50 + 0.07 0.44 4+ 0.04 0.47 4+ 0.05

BUTTON 10K 0.66 + 0.26 Collapses .65 + 0.27 0.68 + 0.29 0.45 + 0.21 0.59 4+ 0.27 0.18 + 0.03 Collapses 0.15 + 0.04

PRESS 2.5K 0.37 4+ 0.18 Collapses 0.49 + 0.25 0.40 4+ 0.18 0.22 4+ 0.10 0.35 4+ 0.15 0.14 + 0.04 Collapses 0.14 + 0.04

SWEEP 10K 0.28 4+ 0.12 Collapses 0.47 4+ 0.23 0.48 + 0.26 0.29 4+ 0.15 0.28 4+ 0.25 0.16 + 0.05 Collapses 0.11 4+ 0.03

INTO 25K 0.15 4+ 0.09 Collapses .21 + 0.13 0.25+0.13 0.16 +0.11 0.22 +0.12 0.092 + 0.03 Collapses 0.058 + 0.02

MEAN - 0.46 0.47 0.64 .55 0.46 0.57 0.43 0.4 0.48%
Metcalf, K., Sarabia, M., Mackraz, N., & Theobald, B. J. (2023, December). Sample-
Efficient Preference-based Reinforcement Learning with Dynamics Aware Rewards. KOREA ... DOTO_ Mining _
In Conference on Robot Learning (pp. 1484-1532). PMLR. 48/70 UNIVERSITY .\ Quallity Analyfics
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% Query-Policy Misalignment in Preference-based Reinforcement Learning (Hu et al,, ICLR 2024)

- 7|Z PbRLOJIA HIQHE|UE B2 Query Sampling 7| M2 Reward Model2| QualityE 3A| 7§ A|7[X|

=
T

- O|E ¢l Z5l7| ¥ Near On-policy Query Sampling 1 Hybrid Experience ReplayS At

Query-Policy
Misalignment

o
[ ] Now, how can | %
— A Query —
e grasp these HE buffer
H = blocks? Joe
b Select “informative”
Bob behaviors to query overseer

Historical behavior

LILIAIILLI I TLl]

2]z 2

jagannannnnanann|

Kedl Are ;?5

Bob still don’t know how to pick up these blocks!
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Figure 1: Tllustration of guery-policy misalignment. Bob’s current focus is on grasping the blocks. However,
the overseer advises him not to cause harm to humans instead of providing guidance on grasping techniques.

Hu, X., Li, J., Zhan, X,, Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalighnment in Preference-Based
Reinforcement Learning. In The Twelfth International Conference on Learning Representations.

https://github.com/huxiac09/QPA
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Figure 3: Query-policy misalignment.
Existing query selection methods often
select queries that lie outside the visita-
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< Query Sampling (Uniform)
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Hu, X., Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement KOREA ... DC”C‘_ Mining _
Learning. In The Twelfth International Conference on Learning Representations. 50/70 UNIVERSITY .% Quality Anailytics
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% Query Sampling (Disagreement)
« L9 Reward Model2 T8 &l Ensemble 22 AtE
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Hu, X., Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement KOREA ... DCITCI_ Mining _
Learning. In The Twelfth International Conference on Learning Representations. 51/70 UNIVERSITY .% Quality Anailytics
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% Query-Policy Misalignment??
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Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement
Learning. In The Twelfth International Conference on Learning Representations.
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% Query-Policy Misalignment??
«  Uniform, Disagreement & 7|Z& <
« X A (Policy)2t 7HY H|=t QueryE FE5tE A0| g0

v AT HAT S (Policy)2f 7t HIXP Query=7?? 7HE =20 5

JOP

GOAL GOAL

!
Hq..l

START g1

START
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Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement
Learning. In The Twelfth International Conference on Learning Representations.
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% Query-Policy Misalignment??
«  Uniform, Disagreement & 7|Z&2| Query Sampling2 &K 2 d&Mats=(Policy)2| at&0 ==20| T/ X| %= QueryE MEiT
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Current Policy Bad Query (from past policy) Good Query (from near current policy)

Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement KO REA ... DOTO_ Mining _
Learning. In The Twelfth International Conference on Learning Representations. 54/70 UNIVERSITY .% Quality Anailytics
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Collected Trajectories

Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement

Learning. In The Twelfth International Conference on Learning Representations.
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Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement
Learning. In The Twelfth International Conference on Learning Representations.
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% QPA Summary
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. Near on-policy Sampling : 7t& |2 =& &l HO|EHZ Reward Model2 St&SHA}
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Hu, X., Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement KOREA ... DCITCI_ Mining _
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Experimental Results

. DMControl 6 Tasks (Episode Reward), Metaworld 3 Tasks (Success Rate)
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Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement
Learning. In The Twelfth International Conference on Learning Representations.
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% Ablation Study
DMControl 4 Tasks (Episode Reward)
PA : Near On-policy Sampling

Hu, X, Li, J., Zhan, X., Jia, Q. S., & Zhang, Y. Q. Query-Policy Misalignment in Preference-Based Reinforcement

HR : Hybrid Experience Replay

DA : Crop Augmentation
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% Additional Analysis — On-policyness
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< RIME: Robust Preference-based Reinforcement Learning with Noisy Preferences (Cheng et al,, ICML 2024)
« 7| PbRL & EE0| Z+1}5I Y E Noisy Preferencedi| Ci st ZH 44 (Robustness) & 2=
*  Noisy PreferenceE EH o}7| f/et & & 7|(Discriminator) X 2t
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Figure 1. Overview of RIME. In the pre-training phase, we warm start the reward model 7, with intrinsic rewards =™ to facilitate a
smooth transition to the online training phase. Post pre-training, the policy, Q-network, and reward model #,, are all inherited as initial
configurations for online training. During online training, we utilize a denoising discriminator to screen denoised preferences for robust
reward learning. This discriminator employs a dynamic lower bound Tiower on the KL divergence between predicted preferences P, and
annotated preference labels g to filter trustworthy samples D, and an upper bound Typper to flip highly unreliable labels Dy .

Cheng, J., Xiong, G., Dai, X., Miao, Q., Lv, Y., & Wang, F. Y. (2024). RIME: Robust Preference-based Reinforcement KOREA ... Data Mining
Learning with Noisy Preferences. arXiv preprint arXiv:2402.17257. 61/70 UNIVERSITY .\ Quallity Analyfics
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% RIME Component 1: Denoising Discriminator (Motivation)
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Li, M., Soltanolkotabi, M., & Oymak, S. (2020, June). Gradient descent with early stopping is provably robust to
label noise for overparameterized neural networks. In International conference on artificial intelligence and 62/70

statistics (pp. 4313-4324). PMLR.
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% RIME Component 1: Denoising Discriminator (Theory)
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% RIME Component 2: Warm Start

== ME | Gelectionl E QS| s SF2E0| 2hAEHY| 20| X7|3171 01 =

«  Sample Selection HHE2 T3
2 25 PEBBLES Backbone2 = AtE73tH, PEBBLE 1. Pre-training 2. Online Training (RL + Reward

o
« 7|=9| PhRL HIHEE

- Ol43t HHHEE2 Noisy FeedbackO| FAHMZ A Pre-trainingO| A Online Training2 2 HO| &5 Al 85 ot 2 ¢
200
150 -
3 3
g a 100 w
50 B
—— SAC with Task Reward —— SAC with Task Reward
—— PEBBLE + Warm Start —— PEBBLE w/o Reset of Q-Net
PEBBLE PEBBLE
—— PEBBLE w/o Reset of Q-Net —— PEBBLE 4 Warm Start
DD.D 02 05 10 15 2.0 Du.n 02 10 20 3.0
Timesteps x10° Timesteps x10%
Walker Quadruped
Cheng, J., Xiong, G., Dai, X., Miao, Q., Lv, Y., & Wang, F. Y. (2024). RIME: Robust Preference-based Reinforcement KO REA ... Data Mining
65/70 UNTVERSITY % Quallity Analyfics

Learning with Noisy Preferences. arXiv preprint arXiv:2402.17257.



I Advanced Methods
RIME

% RIME Component 2: Warm Start
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% Experimental Results
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% Experimental Results
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% Hyperparameter Search
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