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Preference-based Reinforcement Learning (PbRL)

e PbRL: ETwIF(EE (preference) BIsEILZES]
o IMEAERHE reward
c FARERMTAENMIEEE (trajectory segment) BIREF, #HITREGMIL
« U IBEANARFHAALERNE, R T R reward engineering 1372

FaYfaYiaY

Query: BE&MNHITEEL (09, 01)

Preference p = (1,0)
K& 09 >~ 07 2
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« EF Bradley-Terry #&88!, {FRMRA A (04, 01, p) B preference {2, 3] reward model
fiy(s,a), ATHREES RL A reward function
exp X fy (s¢°, a;°)
exp X.; fy (Sta", afo) + exp X, Ty (Stal, atal)
« B, S RIFELZERR A segment reward Z FIH softmax

Pl/)[O'O > 0'1] =

TAE :

« U4%E preference 52

e %3] reward model
« 24 replay buffer £ REIEIRE reward
q e {1k policy

o  YRIFUNEE preference 52

Reward learning (ﬂ/ AN A ]____f_’ff)_fg?p_c_e_ i M
X BRAR

RL Algorithm | [
) Observation Environment =

jl y, Action : \
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Offline PbRL (1T /52554 setting)

o IBMEAE reward E2 1) offline dataset D

« BIHIAR]E KL (04, 01) ~ D MEZELF, IIZ15E] reward model
fiy(s,a) , SAFHITEIE offline RL

Collect
'J>’"’J>' «5‘ DX Q Preference
Al v | vLabels

T(s,a, s")

Reward Learning Offline Dataset RL Policy
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;¥ preference feedback efficiency B9 LT{E:
o HEFHAEDH) preference feedback FHTREE, TIEH ERKEAK
. PEBBLE (2021), SURF (2022), OPRL (2023), QPA (2023), ...
« X;F reward learning &40 T1E:
« ZEERGEHH preference Bix / NZRTHAVIEN, HEFEIFEHM reward model.
« B-Pref (2021), PT (2023), RIME (2023), S-EPOA (2024), ..
« FHAETFTZtbER (LIS segment) BIEIEAZ, KZF S reward model:
. SeqRank (2023), LiRE (2024), ...
* LLM I A (RLHF) -
« XF[E— prompt THIAAEIE, iLEHRK/ HPHNWELF, Mokt LLM R,
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Gap & Motivation

e Gap: X TRREMEUEIMITE, AXERESHLUXS . FTH preference, HReEBkH .

e Motivation:

« INREEMWIUIZENITER embedding space, 1% preference {5 2/ embedding space &,
15 AENITR) embedding FiE, X453 E KHBVEETERY embedding B8 EHIT

« NMFAT#RIEIZ embedding space, EFEAIEFXS5TH) query, Bl embedding FEEHITAY
AN IE, MTZERE AL LT preference SE Y feedback 3K TAYEIRR



52\“‘% KA B R AL R AT R P S

R f/ Center for Intelligent and Networked Systems

IGIE “ ANLEMELLFTH preference” IR EESLFER

. AR S L IHTRIE. E S o
« iE AL B BA[E segment return Z1E K /H % sl [ I :
query ¥5x;E preference, %it: Y 501 B I
1. AZERILTH preference FUEL R ; g dial-turn hammer  walker-walk

[ Large Return Difference (RD)

2. ANZEH preference 575 ground truth 1 Medium RD Small RD

< 00—
preference ILECAYEE R, p T i
© 801 !
« SLIG4ER: segmentreturn ZEH/N, ALBE 3 |
<
%:.I:TZ:HZII preference *ﬂﬁﬂ%ﬁo o0 dial-turn hammer walker-walk
« ( ground truth preference 1o B (09,01) 1Y Figure 5: Query clarity ratio and accuracy of human labels
return A/NERK) for queries with varying return differences (RD). For dial-

turn and hammer, RD values are 300, 100, and 10; for
walker-walk, RD are 30, 10, and 1.
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BEAR FAREARTT (x, x ) HUSFIEARINE
« 7318 preference {5 & (0y, 01, p) FEE HFNTER embedding space, F{1igE

AN XSTEEE 3] loss

e WtbkE ] loss1: FIF

— query BEBRH T RIX

%A Y e MR AT P
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I %F Eb 5 ] loss iE4R preference {5 &

EREARX (x,x1) BOEFERIFEILE,

yﬁj\”

=E

==y JEIC

« AIX%HY query: ¥% preference #5459 (1, 0) (0, 1) B embedding 2B B Hiix
o RA[X4HY query: 4% preference ¥5%5 43 (0.5, 0.5) B embedding 2B BHiix

* Loymp = _[Epe{(0,1)(1,0)}d(20;Z1) — IE:p=(0.5,0.5)d(20»21)]
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zIDRFEhS: AXTEE=E 3] loss #1R preference EE

« XEEF 3 loss 2: FIAH “AIXTHY query BIEHRETF” 52, WEINBAK loss

s BRIEHEXTHIAE query (6T, 07), (J+' o), BOZ#RE “IEMAZBEEE + kR
z@ﬁas—E MR Z BRIES"

* Lquad = _[Ep,p’e{(o,l)(l,O)}[d(Z 27+ d(z‘,z+’) — d(z+,z+') — d(z‘,z")]

1.0 1.0
(0‘ o_ ™ 1.0 & c' k
1.0 o2 ;‘r 1 ° ¢ . tl $
& A, « % 08 08 @# il 08 _
‘e 0.6 06{ 25 +* » 0.6&
£ o.o 4 w { o ] -
" S5 e { h‘,ﬁ §
(0},0- ) A 0.4 0.4 -& Tt 04
-05{ ° ol & YR §
=
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<2 +/ 0.0 y
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(a) (b) ()
(a) FQ38 7 loss ;R=El; (b) demo SEIEH A embedding AT#R4L; (c) SE4& H1)IIZ:AY embedding ATFRAL .
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o SARHEZR: Reward learning + Policy learning (E &M IQL)

* Reward learning:
& preference ##E —
IlZk embedding 1 reward model - Z-F embedding £ query —
15 Z%h preference ##E -
¥ embedding #1 reward model —» ZF embedding i£# query......

« M YRASEE £, (0) : £ Transformer #HITHFY 4R, BASTHET
Hindsight Information Matching (HIM) HY Bidirectional Decision
Transformer (BDT)
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 PR{a T embedding i£#F query:

- fERIEBRIETS L. BT WS query B embedding B85 demp = ||f(00) — fp (01|,
H 7, WMEIELRIMERINBRD q(demp) -
« NBFS3HH q(demp) KA query, HAIXTHIERER, FARIXTRIEE /.,

(D TrainTrajectory Encoder f (o) through Contrastive Learning (2 Select Clearly Distinguished Queries through Reject Sampling
Good Probability ( ) B
] 1
T T T T T T T T T T T T T T T T T ) segment o .
| Segment embedding vector | /x Ambiguous _
| |
I (" ,° ) Ambiguous query | ol
| (®,®) Clearly-distinguished i ()%
| I y-aistinguished query | Poor \J
N J .
® e o l segment CIearIy _
Distinguished  Non-ideal
\ demp = "f¢ (90) = f (01)”2 teacher

|

”

\
) *CSampIe query (oy, ;) with higher demb>— -7
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 PR{a T embedding i£#F query:

- EREERIEFE. £TEE query B embedding BB demy = |f (00) — fip (00|,
KI5, MEIEEIHERNBAFN q(dems)-
o MEFRDTH q(demp) Kt query, HATRXSHMBMEER, FAXSHMEE .

max (0, peir(demb) — Pamb (demb))

J max (0, peir(d’) — pamp(d’)) dd'’

Petr (demb) / Pamb (demb) (7)
f(ﬁ'c d’ /.-Oarlrﬂ:r((1”))‘-{“1?1

p(demb) = 0.5(p1(demb) + p2(demb))-

Q(dcmb) — (-cmb) ' .‘O(dﬂl'ﬂb)‘.‘ (8)

P1 (dcmb)

P2 (dcmb) —
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e LIGIA=: Metaworld. DMControl

 N{a[4E X preference 5 8:

« EF ground truth reward #Ji& “scripted teacher” , Bkid segment return ¥8{ELHY query
(5% 7 TUWESCIE TN ) o {3 skip rate e 1=HIBEE query BIEE, e K, BhiT#z,
o EAESLIGH, AHEIRFRT preference,

(a) Box-close (b) Dial-turn (c) Drawer-open (d) Hammer (e) Handle-pull-side

E E ({‘ \l‘

(f) peg-insert-side (g) Sweep-into (h) Cheetah-run (i) Walker-walk 1 3
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o EAEHY skiprate e IE T, 18975 E (CLARIFY) MHEEEREIL T baselines

Table 1: Success rates on Metaworld tasks (the first 7 tasks) and episodic returns on DMControl tasks (the last 2 tasks),
over 6 random seeds. We use skip rate e = 0.5, 0.7 and report the average performance and standard deviation of the last 5

trained policies. The yellow and gray shading represent the best and second-best performances, respectively.

Skip Algorithm box-close dial-turn drawer-open hanflle hammer P8¢ rt sweep-into  cheetah-run  walker-walk
Rate -pull-side -side

- IQL | 9490 142 76.50 +1.73 98.60 +045  99.30 o050  72.00 £235 88.40+130  79.40 £ 191 607.46 +£813  830.15 +20.08

MR 0.26 £0.02 14.46 £ 527 50.47 £624  79.73 £12.19 0.14 £ 0.08 9.23 £2.03 23.25 £ 967 205.04 +5053  322.93 + 16107

OPRL 8.25 +316 57.33 £25.02 72.67 + 2387 83.92 4 798 14.80 +527  22.00 +4.64 61.00 + 752 531.96 + 4875 646.40 + 5135

0.5 PT 0.15 £ 020 30.54 +7.24 61.64 + 1007 89.75 + 607 0.11 £010  10.20 + 294 46.35 £ 335 384.59 +99.26 599.43 4+ 3942

OPPO 056 +o79 13.06 + 1274 11.67 £ 624 0.56 £ 079 2.78 £ 478 0.00 £o00 1556 +1157  346.01 + 12778 311.27 £ 4273

LiRE 3.60 +o0.60 46.20 +6.75 63.47 +1038  52.07 £3358  16.20 £ 1337  21.60 +4.00 57.47 £ 274 553.61 + 4316 789.18 + 2877

CLARIFY ‘ 29.40 + 16.27 77.50 + 737 83.50 + 740 95.00 122 26.75 £1126 24.25 + 665 68.00 £ 7.13 617.31 + 1443 796.34 + 1257

MR 0.20 £ 0.1 16.57 £ 822 45.51 £ 1025  74.82 +17.10 0.06 & 0.09 5.21 £263 17.22 £+ 6.05 234.77 + 8140  306.39 + 13472

OPRL 7.40 L 6.97 63.40 1946 46.50 4 18.83 84.00 = 7.11 5.00 +228 23.75 1536 52.00 £ 933 513.94 4 5545 664.16 4 89.47

0.7 PT 0.18 £ 0.8 25.64 +£7.40 64.72 + 1844 7494 + 1256 0.09 +0.0s 8.21 +a407 28.52 + 667 429.19 + 4492 647.68 + 3853

OPPO 0.56 £ 0.9 2.78 £283 11.67 +6.24 0.56 £ 079 4.44 + 629 0.00 £000 15.56 + 1157 355.69 + 5935 304.19 + 1625

LiRE 7.67 + 16.79 38.40 +8.52 39.10 £678  50.60 43159 14.25 £ 730 23.40 +340 56.00 +6.40 514.75 + 10.:2 795.02 + 22.80

CLARIFY \ 17.50 + 6387 79.40 + 333 78.60 - 1052 95.00 110 28.75 1558 23.00 £122  59.67 + 1009 593.24 + 2275 816.54 + 11.08
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AN K1 preference BYSELS

° @ i_tkgéé,&.ﬁ,ﬂ‘] El\] ﬁiﬁ%ﬂ baselines iill:ljﬂ%ﬁl‘] [ CLARITY OPRL 1 CLARITY [ OPRL

£ 100 100
query f7F preference, ZIMILATNFGERE € o] 2 15
EIEJE(J t—% 50 g 50
: 2
1' Agém— uj:]-ll:lj preference El‘J tt%; é dial-turn  hammer walker-walk 20 dial-turn  hammer walker-walk

2. Aglé preference 5 gl‘ound truth Figure 4: Query clarity ratio and accuracy of human labels
pr eference E@E E"J kb $ . for CLARIFY and OPRL, with CLARIFY-selected queries

are more clearly distinguished for humans.
) @ 1§Fﬁ A;'é*, vt E,‘J preference 1}” # IH% kijb Table 5: Performance of CLARIFY and OPRL on walker-

EB?,ﬂ‘] EI"] 7‘5 }EE IEJ\E', i} || |':|:'| 'I‘E E ;l? EI’] % walk task, under real human labelers.

| CLARIFY OPRL
Episodic Returns 420.75 + 5202 26591 + 3357
Query Clarity Ratio (%) 63.33 +850 53.33 +624
Accuracy (%) 87.08 +9.15 66.67 + 471
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