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I Background PEII‘NP_E

policy: m(als)

(actor)

Agent

state s,

state value function: V (s)
reward 1,

value function
state-action value function: Q(s, a)

(critic)

action a,

MDP=(S,A,R,y, P, py)

state S;,q

S: state space A: action space

reward 1,1

Policy: max J () — M Envirorment R:reward fuction  y:discount factor

P: state transition function s, . ~P( |spa,)

po: distribution of initial state s,~pq(s)

Objective: J(m) = Eg < pya~n(|s),s~P(|s,a) [Xt=ovr(spap)]
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T - Vi(s) = IE"a~1'c(-|s) [Q(s,a)]
V(S) = Exyarmpel ) ¥7(50,80) IS0 = 5]
t=0

T ) -
Q"(s,a) = Est.at~pn[z Yr(se ar) |so = s,a0 = aj
t=0 )
- Q'(s,a) =r(s,a) + y[Es'~P(-|s,a)Vn(S)
Bellman function
Vn(s) Qﬂ(sr a) = T(S, a) + yEs’~P(-|s,a)IEa’~Tt(-|s') [Q (S" Cl')]

— IIE:a~7'c(-|s) [r(s,a) + VIES’~P(-|s,a)Vn(S,)]

policy evaluation: use trajectories of w to evaluate Q and V
policy iteration

policy improvement: use Q and V toupdate n e.g m.,(als) = argmax, Q™ (s, a)
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Disadvantage of RL : sample inefficiency

~  loss_V =MSE_loss(Eqr(.()[7(s, @) + YEgp(|s,0)V ™ ()], V(5))

main reasons

~  The trade-off between exploration and exploitation

Because of the large amount of interaction with the environment, RL is not suitable for
some high-risk environments, such as autonomous driving and healthcare.
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(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement learning
|

e - o . -

rollout data {(s:, a;,s!,7;)} rollout data {(si.a;,s},7:)} {(si,a;,8;,71:)}
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rollout(s) rollout(s) rollout(s)
f k41 f k41

datacollected once == == == == = |
with any policy training phase

The main idea of offline RL is keeping pessimism, that is, learning a policy which is close to the behavior policy.

TD3+BC:

T = argmax E(S,Q)ND[Q(S, m(s))] > T= argmax s o)p [)\Q(S,T(‘(S)) —[(W(s) — a)zﬂ

T
v
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Boosting Offline Reinforcement Learning with Action Preference Query

« Some actions in the dataset are of low quality, which could cause erroneous estimate problem.
» Action preference queries are easier to obtain in real-world environments.

* In some high-stake scenarios, limited online interactions can be inaccessible when online fine-tuning.

i Start Location

¢ Target Location

® Optimal Action
Collected Action

@ Current Action
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unqueried

. _ doo .
unqueried = g:lg‘lie(é querig d ___ Dataset/Buffer
e E“ _ome — = Training
| R\ | Y I
1 —_— .
Action Pseudo Adjusted <«— Interaction
Preference & Query Policy ® Rollout Data
ue &’ N .
Query & v N\ Consltramt ) ‘Eivionmen
Agent
o €9
- Mm RankNet & m Preference Model
(b) Offline-with-Action-Preferences
1. Action Preference Query
while training, query the preferred actions according to ranking criterion
ranking criterion l; = (m(s;) — a;)?
. o - *
the preferred action ~ a; = G(s;,a;,7(s;)) = argmax Q*(s;,a)

GJE{G,?;,W(SQ;)}
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2. Pseudo Query with RankNet
a query dataset D, = {(sg,ar, ™" (sx),ax) | K = 1,2,---, M}
ranking function  f,

RankNet 0k = [r(sk,ar) — fr(sk, 7" (sx)))  Pr=e%/(1+e%)
Ok = O(Ok) = —Pklong — (1 — Pk)log(l — Pk)

pseudo query  G(s;,a;,7(s;)) = argmax f.(s;,a)
a€{a;,m(s;)}

3. Adjusted Policy Constraint

w = argmaxE(, g | AQ(s.7(s)) — (n(s) ~[a)*| — 7= argmax B0y [AQ(s, w(s)) — (w(s) ~[a)’]
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Proposition 3.1 (Perfect .preference case). Consider the Algorithm 1 Offline-with-Action-Preferences

case with perfect preferences, i.e., ¥(s,a), the state-action Require: Offline dataset D, query dataset D, training
value function Q* (s, a) used for the action preference query  steps Nirain, query intervals Mipie,, query limit Kioga).

is accurate. Then wg and T satisfy: Ensure: Policy 7 after optimization.
~ Initialize policy 7 and RankNet f,..
n(ws) — n(mp) (7) Let the preferred actions a; = a;,a; € D.
~ Eaun (@7 (5, 74(5) = Q(s,m4(s)] 2 0. fort =1— Nin do
Update the policy 7 by Equation (6).
Proposition 3.2 (Imperfect preference case). Consider if t mod Mo = O then
the case where preferences probably have errors. De- Select % samples from the offline dataset
note the accurate state-action value function as Q* (s, a) D according to the ranking criterion.
and the faulty funcnon as Q (3 a) Then VQ* satisfying Conduct action preference query by Equation (2).
(Q*, Q*) < &,D (Q*, Q*) < o, it holds that Add queried samples into the query dataset D,,.
for epoch =0, 1, - - -, until convergence do
~ =~ Nk (L Train the RankNet f, with the query dataset D,
1(75) — n(n5) 2 Ban | Q" (s, 75(s)) 5 e ey
)% ~ - end for
Q" (s, (S))} s ol Oz)pm ’ Conduct pseudo queries on the rest of the samples

_ in the offline dataset D by Equation (4).
where p., = sup{pr,(s),s € S} € |:|SD|(11_'Y) : liv] end if

(|Sp| denotes the number of different states in D). end for
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ParN.C

Dataset Offline Online Online-Mix _ Offline-to-Online OAP
halfcheetah-random-v2 1114 1.3 19.2 £ 4.1 283 £ 2.1 St 1.9 2404+ 1.6
hopper-random-v2 S/ = 1ib 145 +125 101 +04 86L£12 8.8 £ 1.8
walker2d-random-v2 1.8= 1.5 1.04+£25 22415 7.7 +8.0 8.4 5.1
halfcheetah-medium-v2 48.1 £0.2 192 £4.1 48.1 £0.2 492+ 0.2 564 +£43
hopper-medium-v2 55,8 1.2 145+ 125 584+ 1.7 571.8£20 82.0 +£6.6
walker2d-medium-v2 832405 10 & 2.5 792 +99 83:.1 0.9 5500 1 1.2
halfcheetah-medium-replay-v2  44.9 £+ 0.1 192 +4.1 46.0 £+ 04 483 +03 534 +19
hopper-medium-replay-v2 57.2.4 192 145 + 125 484 1+ 3.4 763+ 133 985 125
walker2d-medium-replay-v2 81.14 238 1.0 £ 2.5 76.7 £ 14.1 85.6 £ 1.7 84.3 £ 2.7
halfcheetah-medium-expert-v2 854 + 3.3 192 +4.1 822 +52 945 +0.6 83.4+53
hopper-medium-expert-v2 88.71+29 145+ 125 970+ 7.6 102.5 +£45 8591+ 6.6
walker2d-medium-expert-v2 1109 + 0.6 LO+25 110.1 0.8 110.8 =04 e -+ 0.6
Gym Average 564 +2.2 11.6 - 64 a2 3.0 63.2+29 649 +33
antmaze-umaze-v( 044 +12.7 0 0 72.8 + 36.8 904 +52
antmaze-umaze-diverse-v( 51.0 4+ 16.8 0 0 62.5 4+ 312 oy 4+ 19.0
antmaze-medium-play-v0 1.4 +0.8 0 0 0 62.0 =10
antmaze-medium-diverse-v( 10419 0 0 03+04 St - 23.3
antmaze-large-play-v0 0 0 0 0 0
antmaze-large-diverse-v() 0 0 0 0 94 4+ 84
AntMaze Average 24.6 + 3.7 0 0 226+ 114 48.6 +£11.0
pen-human-v1 848 +11.2 43+74 8.5 &= 104 7914 14.5 101.2 +11.5
pen-cloned-v1 56.2+16.3 434+ 74 572 %295 66.8 + 11.1 i 4+ 13.0
Adroit Average 70.5+ 13.7 43+74 32.8 +19.8 7294 128 874 +12.2
Average 483 + 3.8 74+ 46 37.6 =43 520 - 64 62.2 +6.5
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Score (trained policy)
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what if queries were focused instead of spaced

PHI‘N [: PSRRI TR
Dataset OAP OAP (inf) OAP (w/ RN)
HC-r 24016 220+14 110411
Hop-r 8.8 £ 1.8 132 £7.4 8.1 £0.8
W-r 31251 2320 1.9+ 0.9
HC-m 56.44+4.3 592 415 48.2 + 0.3
Hop-m 820+ 6.6 928 £4.1 459+ 1.5
W-m 85.6 + 1.2 86.6 £ 0.3 84.8 2.4
HC-mr 534+£19 51306 28.4 £+ 3.1
Hop-mr 98.5+25 101.9+2.0 31635
W-mr 84.3 + 2.7 849 +99 74.8 £ 5.5
HC-me 83.4+£5.3 84.1 3.2 843 £ 5.3
Hop-me  85.9 £ 6.6 92.2 + 8.2 80.6 & 2.6
W-me 111.1 £0.6 1094 £ 1.5 111.0 £ 0.4
Avg. 64.9 - 3.3 66.7 = 3.5 509 +2.3

necessity for RankNet
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