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Preference-Based Reinforcement Learning



i Background

 Human Preference Reinfocement learning

Reward learning
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Figure 1: Illustration of preference-based RL. Instead of assuming that the environment provides
a (hand-engineered) reward, a teacher provides preferences between the agent’s behaviors, and the
agent uses this feedback in order to learn the desired behavior.
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, Background

e Bradley-Terry Model(softmax)
( H = i af
exp (8L, 21t )

Pla" =0a’;8,9] = —F — - ——
exp (B, vH-tr(sial) ) +exp (B /L, 17 -tr(sl, af) )

(1)

e Basic Procedures of PBRL

» Step I (agent learning): The policy 7, interacts with environment to collect experiences and
we update it using existing RL algorithms to maximize the sum of the learned rewards 7.

» Step 2 (reward learning): We optimize the reward function 7, via supervised learning based on
the feedback received from a teacher.

» Repeat Step 1 and Step 2.




i Background

Some Papers

Deep RL from Human Preference 2017 NIPS

PEBBLE: Feedback-Efficient Interactive Reinforcement

Learning via Relabeling Experience and Unsupervised Pre- | 2021 ICML
training

onhline| SURF: SEMI-SUPERVISED REWARD LEARNING WITH DATA

AUGMENTATION FOR FEEDBACK-EFFICIENT PREFERENCE- | 2022 ICLR |SURF

BASED REINFORCEMENT LEARNING

Improving Reward Models Wlth' Proximal Policy Ex*ploratmn 2025 NIPS |PPE
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i Deep RL from Human Preference

* Methodology

Use TD model to create Pairwise loss to train reward model:

exXp Zt 7/:1!) (Stlv a%)

P"l’[01>'0-0]: T i
Zz’é{(),l} exp ), Ty (8¢, a})
[revard = E - [y(O) log Pylo® > 0] + y(1)log Py[o' = 00]].
U(),Ul,y PR

Lack of query analysis




* Methodology

PEBBLE

Unsupervised Pre-training (SAC with reward
function r_int) and store trajectory to replay

buffer

ri"(s¢) = log(|ls¢ — s¢l)-

Train reward function

Relabel replay buffer

Train policy

Repeat
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gorithm 2 PEBBLE

Require: frequency of teacher feedback K
Require: number of queries M per feedback session

Il:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21;
22:
23:
24:
25:
26:

27:
28:

SO U AW -

: Initialize parameters of Qg and 7,
: Initialize a dataset of preferences D + ()
: // EXPLORATION PHASE
: B, 74 « EXPLORE() in Algorithm 1
: // POLICY LEARNING
: for each iteration do
// REWARD LEARNING
if iteration % K == 0 then
forminl... M do
(ao, 01) ~ SAMPLE () (see Section 4.2)
Query instructor for y
Store preference D «+ DU {(¢°, 0", y)}
end for
for each gradient step do
Sample minibatch {(0”, 0", y);}}21 ~ D
Optimize £*****¢ in (4) with respect to v
end for
Relabel entire replay buffer B using 7,
end if
for each timestep t do
Collect s; 41 by taking a; ~ 7y (a:|s;)
Store transitions B < B U {(s¢, as,S¢41,Tw(St)) }
end for
for each gradient step do
Sample random minibatch {(7;)}/2; ~ B
Optimize £3%5, ;. in (1) and £ in (2) with respect to
and ¢, respectively
end for

end for .
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i SURF

 Methodology(partial data with preference)

e Use data augment to increase data with preference

For a given (0°,0',y), generate continuous subset (¢°,5"',y) with the same label

* For data without preference, generate pseudo-labeling using current reward model

0, if Pylo? =0ol]>0.5
O =1 ,
Yo ou) = {1, otherwise.

e Constraint reward function training with pseudo-codes under certain threshold

ESSL < o ) E [ﬁReward(U?,Ull-.y) IS X EReward(O,() O’ 1/) H(Pw[()'ﬁ* o O'.llt_k:*] < 7'):|’
((rl 1 y)~Dy,

(a9 ,0l)~nDy




i PPE

* Methodology

iE % B SR S A AR B BUFFERZ;M A (morse) H#LIE
SKIE buffer?E 75 /%, J£i#1d Mixture Distribution Query>Ki%E 44

o NI AHA E M4 1T (Morse Neural Network)

e Proximal-Policy Extension

max [E [My(s,a)l,

H. >3 a "\/','\"'( H. )_: )

s.t. Dgr, (N (g, )N (pr, X7)) <€

e Mixture Distribution Query(balance the ood data and
normal data)
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i OPAL

* Methodology

AN R PR AR S 5] Sl ek A o A, FFAI T EBIE I B query SRBE, MWEAHUTAHE I FE LS E
S ENEIEZRIPHE/REYNEN TR TR

« BTHEA! « E3h%¥ ] query
Z * Disagreement
ex T S
pseT . * Information gain
P(r; <7 |6 : (1)
(T TJ|) epore +exp219
SET; SET;
AN R

* Ensemble
* Bayesian Dropout




i OPPO

* Methodology

HITERE BRI, DL BT AR L, BEF2A ] SRS T G 75 ) 2528 ek 8, A
MyCAR 1 reward 15 S 20 7] @,

— - : —————————————————————————————— \\
. Labeled 1) Ie() m(a, 7,5, 2) oo
:ofﬂme data | P — " — ik
T = ey Y o — =P =1
— L \ = Lum | 2,
Uﬂ \ =2 | |
:d . - IRRARRNRARARRNENE \ C;-). :
| T - - -—> Z~ x\‘, - — Lumm EAN
' || & |
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i OPPO

* Methodology

z := Iy(7): Context encoder, A=RKENLZE) LN S5 A1F(BERT)

min E [é'(z*, z") — {(z*, z_)], (7)
z*,1q (7-1'»,7-‘)' sy)N’D\f

o BLRBIEERFEPIL
o i FHIM$R 2K 5 oA

z*: FRAEAT MBS, ASSRInMERE, Wl ek & mE o« SERE(RIEEL IR
FUMARLE, AR IEREARSED, MRS, JyRIgSE (A S . EHIFI
AT N, T E 2 5 BN 4% 25 . EI ik

min Lpy = IE[max(éﬁ’(z*,z’L) —.é.’(z*,z')+7n,())]. (8)

m(als,z): ZRHENE, BRI 4 KL ) context ¢
1T B4 22 ) context(GPT)
min Lyy = E [é‘ (Lg(7), Ig(72)) + € (T, Tz)], (6)

w,1g T~D(7)
Tg~m(2z)




QUERY

* Methodology

online offline

Uniform sampling & ATLHX Disagreement p (1-p)
Uncertainty-based “plog p - (1-p) log(1-p) Information ST 35T ) 0 -
sampling PIogP P}IOELTP Gain Queries I3
Cover:.;\ge-based Pt

sampling

Hybrid sampling SEANHE fcoverage




i MOTIVATION

1. B&querydh Z X178 R 118, BABIREAR T E & EMHE Tonline KUt E XAK, H
T BERESEEAREESHEE L, FTLURIEquery I BEE EREE F B E R EE,

AEILELE%:
* Dataset-based coverage query
* Uncertainty-based reward model training

e Offline RL algorithm

2. PPEH I 4 B S 2E il OOD Tbuffer fUHzE, @i IIACKFEIE R K coverage ) H (I AT
fermhERE, offline n] DAs A HidE 1 5 /7 V25 BC & ooDA I L M B EMA w5 . (BR=

consistency)




