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Background

m Goal-conditioned RL (GCRL) encourages agents to reach multiple goals and learn general policies

ChebotarY et al. Actionable models: Unsupervised offline reinforcement learning of robotic skills. ICML 2021
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® Current GCRL algorithms require intense online interactions (dangerous & expensive)

ChebotarY et al. Actionable models: Unsupervised offline reinforcement learning of robotic skills. ICML 2021



Background

m Goal-conditioned RL (GCRL) encourages agents to reach multiple goals and learn general policies

= Solution: learning goal-conditioned policies from offline datasets

ChebotarY et al. Actionable models: Unsupervised offline reinforcement learning of robotic skills. ICML 2021



Formulation

m Offline Goal-conditioned RL (GCRL)
« Goal-augmented MDP: (S, A4, G,P,1,y)

 State-to-goal mapping ¢: S—G,



Formulation

m Offline Goal-conditioned RL (GCRL)
« Goal-augmented MDP: (S, A4, G,P,1,y)

 State-to-goal mapping ¢: S—G,

1L, llgGse) —gllz<e

* Reward function: r(S¢, ag, g) = {0 otherwise

« Objective: learning goal-conditioned policies from offline dataset D = {(s¢, a;, g,1¢)} to
maximize

](T[) — Eso,g,n [Zlio=oykr(5t+k» At +k» g)]



Challenges

m Distribution Shift

 Learning with offline dataset D only guarantees predictions on the data distribution
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e« Overestimation on OOD actions

B"Q(s,a) =7(s,a) + VIEp(s'ls,a) [[En(a’ls’) [Q7(s", a)]]
T = arg mT‘?X Es~pn(als) [Q(s,a)]

Fakoor R, et al. Continuous doubly constrained batch reinforcement learning. NeurlPS, 2021.



Challenges

m Generalization

* GCRL needs to reach multiple goals rather than overfitting to a single one

® Multi-modality

* In the offline dataset, there are generally multiple valid trajectories from a state to a goal, which
may hinder learning a good policy

m Sparse Reward

* When the data is collected by random policy, there is little learning information for offline GCRL



Solving Offline GCRL via Supervised Learning

® Goal-conditioned Supervised Learning (GCSL)

* Relabeling data similar to Hindsight Experience Replay

* Imitation learning on relabeled data

JGC’SL(7T) = E(St,at,¢(8i))NDrelabel []‘Og ﬂ-(a’t |St1 ¢(Sz))]

Collect policy rollouts

Relabel goals

[(887 a87 B) te (S%,a%, B)] ]

((s6, ap, A) - ., (s, ap, A)]

[Ny =7 """ 3y \"I7IT7T =7l

Behavioral cloning on relabeled data

meax E(s,a.g)w'D lOg 7r9(a|s, g)
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Ghosh D, et al. Learning to Reach Goals via Iterated Supervised Learning.

Iterate process

ICLR 2021




Revisiting GCSL

m GCSL alleviates OOD actions and sparse rewards naturally

JGC’SL(T") = ]E(St,at,qb(Si))NDrelabel [lOg ﬂ-(a’t|st7 ¢(SZ))]
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Revisiting GCSL
m GCSL alleviates OOD actions and sparse rewards naturally

JGC’SL(T") = ]E(St,at,qb(Si))NDrelabel [lOg ﬂ-(a’t|8t7 ¢(SZ))]

m But GCSL only considers the last-step reward and weights
all relabeled transitions equally

E[logm(als, g')] — E[r(st,ar, g)]

= We tackle this problem via weighted supervised learning

E[wlogn(als, g")] ammmmm  E[Xy'r (s ar9)]

Ghosh D, et al. Learning to Reach Goals via Iterated Supervised Learning. ICLR 2021
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= Weighted Goal-conditioned Supervised Learning (WGCSL)
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= Weighted Goal-conditioned Supervised Learning (WGCSL)

Jwees,(m) = E g~p(g) 1t~y (:|9)t~[0T]i~[t T] [Wi,tIOQﬂe (aglst, ¢(Si))]

" W; ¢ includes 3 parts:

(@D Discounted Relabeling Weight (DRW): y!~t

Theorem 1. Assume a finite-horizon discrete MDP, a stochastic discrete policy m which selects
actions with non-zero probability and a sparse reward function r (s, at, g) = 1[¢(s¢) = g|, where
¢ is the state-to-goal mapping and 1(¢(s;) = g| is an indicator function. Given trajectories T =
(s1,a1,+ -+, 87,ar) and discount factor v € (0, 1], let the weight w, ; = v, t € [1,T),i € [t, T},
then the following bounds hold:

Jsurr () > T - JwaesrL(w) > T - Jaeswn(w),

where Jgyrr (T) = FEgmp(g)rmmy(-|g) [ZLI log 7(ay|s, g) Z;it vl 1[e(s;) = g]] is a surro-
gate function of J ().



Algorithm

= Weighted Goal-conditioned Supervised Learning (WGCSL)

Jwees,(m) = E g~p(g) 1t~y (:|9)t~[0T]i~[t T] [Wi,tIOQﬂe (aglst, ¢(Si))]

" W; ¢ includes 3 parts:

(@D Discounted Relabeling Weight (DRW): y!~t

@ Goal-conditioned Exponential Advantage Weight (GEAW): exp.;;, (A(St, a;, gb(sl-)))

Exponential advantage weight is a commonly used technique in offline RL

Tyl = arg nrllax Eacr(.s)[A™ (s,a)]
e

s.t. Dy (n(-[s)[ma(-ls)) < e.

Wang Q et al. Exponentially weighted imitation learning for batched historical data. Advances in NeurlPS,2018



Algorithm

= Weighted Goal-conditioned Supervised Learning (WGCSL)

Jwees,(m) = E g~p(g) 1t~y (:|9)t~[0T]i~[t T] [Wi,tIOQﬂe (aglst, ¢(Si))]

" W, includes 3 parts:
(@ Discounted Relabeling Weight (DRW): y!~t
@ Goal-conditioned Exponential Advantage Weight (GEAW): expey, (A(se, ar ¢ (s1)) )
. 1, A(s ,a ,cp(s-)) > A
Best-Ad Weight (BAW): € (A(s,, ar, ¢(s;))) = & St PR
3 Best-Advantage Weight ( ) e( (s¢, a cp(sl))) {Emm’ o

BAW selects the data to alleviate the multi-modality problem

In our implementation, €,,,;;, = 0.05

Curriculum learning: A is set as N percentile of advantage values, N gradually increases from 0 to 80



Algorithm

= Weighted Goal-conditioned Supervised Learning (WGCSL)

Offline Dataset Relabel Goals Value Function Approximation
Weighted Supervised Learning
1 [ ) Iy _ ] r_ r_ H
< Spa, 71 =09 B spa, 1 =0,9"= ¢(sy) [ 2
. ! A ! ! !
] 2 Sy, 5T, =0,9 Sy a,1y=1,9" = ¢(s3) ménE [(rt +yQ(st41m(Se41,9),9) —Q(span, g )) ]
; .\.S _ S3,a31r3=0,9 Sample |[S3, as,r3=0,9" = ¢(ss) Train
4 N = _— ! = ! = > i —
) S4,04,74 =0, 9 S4,04,74 = 1,9 ¢(ST) mgXE [yl tlogﬂg(at|sp ¢(51)) - €XPeyip (A(St: at:¢(5i))) . E(A)]
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Iterate




Experiments

= Experimental Settings

« Ten sparse reward goal-conditioned tasks

« Offline datasets are collected by online-trained HER agents (namely ‘expert’) and random policy (‘random’)

e 2x%10° transitions for 4 harder tasks and 1x10° for others

Data Set PointReach PointRooms Reacher SawyerReach SawyerDoor

Random 1.33 1.32 1.25 2.26 4.30
Expert 32.22 29.11 27.56 30.93 27.01
Data Set FetchReach  FetchPush FetchSlide FetchPick HandReach
Random 0.71 3.19 0.16 1.76 0.00
Expert 36.69 31.35 1.58 17.44 0.50
1o 4
°
|| + |
CTL
(a) (b) (©) (d) ©) (g) (h)

Figure 3: Goal-conditioned tasks: (a) PointReach, (b) PointRooms, (c) Reacher, (d) SawyerReach,
(e) SawyerDoor, (f) FetchReach, (g) FetchPush, (h) FetchSlide, (i) FetchPick, (j) HandReach.



Experiments

= Experiment Results

—— WGCSL —— GCSL —— Goal MARWIL —— Goal BC —— Goal BCQ —— Goal CQL
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« WGCSL outperforms other baselines consistently

Task Name WGCSL GCSL g-MARWIL g-BC g-BCQ g-CQL HER
PointReach-e 44.40 +0.14 39.27 +048  42.95 +o.15 39.36 +048 40.42 +057 39.75 +033  24.68 +7.07
PointRooms-e 36.15 085 33.05 +0s54  36.02 +o0.57 33.17 +os52  32.37 +1.77  30.05 +038 12.41 4859
Reacher-e 40.57 020 36.42 +030  38.89 +017  35.72 +037 39.57 +0.08 42.23 +0.12  8.27 +4.33
SawyerReach-e  40.12 +029 33.65 +038  37.42 031 3291 +031 3949 +033 19.33 +045 26.48 +6.23
SawyerDoor-e ~ 42.81 +023 35.67 +0.09  40.03 +0.16  35.03 £020 40.13 +075 45.86 +0.11  44.09 +o.65
FetchReach-e 46.33 +0.04 41.72 +031 45.01 +o.11 42.03 +025 35.18 309  1.03 026 46.73 +o0.14
FetchPush-e 39.11 +0.17 28.56 +096  37.42 +022  31.56 +o61  3.62 +096  5.76 +083  31.53 +047
FetchSlide-e 10.73 +1.09  3.05 +o0.62 4.55 +1.79 0.84 +03s 0.12 +0.10  0.86 +0.38 2.86 +2.40
FetchPick-e 34.37 +051 25.22 +085  34.56 +054  31.75 +1.19  1.46 +0.29 3.23 +252  24.79 +4.49
HandReach-e 26.73 +120 0.57 +o0.68 0.81 +1.59 0.06 +0.03 0.04 +004  0.00 +0.00 0.05 +0.07
PointReach-r 44.30 +024 30.80 +1.74 7.67 +1.97 1.37 +0.09 1.78 +0.14 1.52 +026  45.17 +0.13
PointRooms-r 35.52 +080 24.10 +o0.81 4.67 +0.80 1.43 +0.18 1.61 +0.17 1.29 +037  36.16 +1.16
Reacher-r 41.12 +0.11  22.52 +0.77 15.35 +1.95 1.66 +030  2.52 +028 2.54 +017 34.48 +38.12
SawyerReach-r  41.05 +0.19 14.86 +327  11.30 +2.12 0.58 +0.21 1.36 +014  1.18 0290  39.27 +2.16
SawyerDoor-r  36.82 +320 25.86 +1.12  25.33 +1.46 373 +083  9.82 +108  4.36 086  28.85 +1.99
FetchReach-r 46.50 +0.09 38.26 +024  30.86 +849 0.84 +031 0.19 +004  0.97 +023  47.01 +0.07
FetchPush-r 11.48 +1.03  5.01 +o.64 3.01 +o71 3.14 +025 3.60 +042  3.67 +0.65 5.65 +0.64
FetchSlide-r 2.34 +0.28 1.47 +o0.12 0.19 +o.11 0.25 +0.13 0.20 +029  0.15 +0.09 0.59 +0.30
FetchPick-r 8.06 +o0.71 3.05 +0.42 2.01 +o.46 1.84 +0.17 1.84 +o058 1.73 +o0.17 3.91 +1.29
HandReach-r 5.23 +055  3.96 +o0.31 0.00 +0.00 0.00 £000  0.00 +0.00  0.00 +0.00 0.00 +o0.01
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« WGCSL can even learn reasonable policies from random datasets



Experiments

m Ablation Studies

—— WGCSL —— GCSL + BAW —— GCSL + GEAW —— GCSL + DRW —— GCSL
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- BAW, GEAV, DRWV are all effective on top of GCSL

 Learned policy can be improved by combining all three weights.



Experiments

m Value Estimation

HandReach-expert

HandReach-expert

D
o

. — T~y Tt —— g

(92
o
5.
1
I
\

N
o

N
o

Estimated Value
w
o

— WGCSL
10 -~~~ HER 5
0 —-~ DDPG 0
0 10000 20000 30000 40000 0 10000 20000 30000 40000
Training Steps

Training Steps

DDPG and HER exhibit large estimated values

WGCSL has a more robust value approximation



Summary

= We propose WGCSL, a weighted supervised learning method for offline goal-conditioned RL
= We provide a benchmark and offline datasets

m WGCSL outperforms current approaches significantly in learning efficiency and performance
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m WGCSL outperforms current approaches significantly in learning efficiency and performance

Please refer to our paper for more details and analysis of our method
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