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: AHESIA £7|21El "M (value-based, non-optimism exploration)
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Figure 1. We study how to efficiently bootstrap value-based RL algorithms given access to a prior policy. In vanilla RL (left), the agent
explores randomly from the initial state until it encounters a reward (gold star). JSRL (right), leverages a guide-policy (dashed blue line)
that takes the agent closer to the reward. After the guide-policy finishes, the exploration-policy (solid orange line) continues acting in the

environment. As the exploration-policy improves, the influence of the guide-policy diminishes, resulting in a learning curriculum for
bootstrapping RL.
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Figure 1. We study how to efficiently bootstrap value-based RL algorithms given access to a prior policy. In vanilla RL (left), the agent
explores randomly from the initial state until it encounters a reward (gold star). JSRL (right), leverages a guide-policy (dashed blue line)
that takes the agent closer to the reward. After the guide-policy finishes, the exploration-policy (solid orange line) continues acting in the

environment. As the exploration-policy improves, the influence of the guide-policy diminishes, resulting in a learning curriculum for
bootstrapping RL.
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Figure 1. We study how to efficiently bootstrap value-based RL algorithms given access to a prior policy. In vanilla RL (left), the agent
explores randomly from the initial state until it encounters a reward (gold star). JSRL (right), leverages a guide-policy (dashed blue line)
that takes the agent closer to the reward. After the guide-policy finishes, the exploration-policy (solid orange line) continues acting in the
environment. As the exploration-policy improves, the influence of the guide-policy diminishes, resulting in a learning curriculum for
bootstrapping RL.

8/12



- Algorlthm TaskS 2tZot=H 2R 2= +d 1 (7HHE)

52| moving averageE Tt tolerance =&2 E7|™ CtZ guide step T

\/
“ Pseudo-code (moving average: 3 for grasping, 5 for D4RL / tolerance: L& 3 9t ECH (FHH2Z K A| X))
/
Algorithm }/Jump—Start Reinforcement Lcarmng/ cimimo| 7102 BoHA L MKE S5 ZF()
l: Input:’/éuide-pnlic:y ¥ | performance threshold 3] task hc:-ri-/01|0|7£57r £ 7ol ZoiH Y WtR| 2tH S HEY
zon H, a sequence of initial guide-steps@zﬁz, -+, Hap)l Guide-policy7t SIS taskZ 1003] $=345) 2 &
where H; € [H] forall i < n. Zb elopch ARMK WQUE ARL o B

2: Initialize exploration-policy from scratch or with the guide- 25| value-based method®| Tt

Exploration-policy nolicy 7€ «— 79, Initialize Q-function () and dataset D + &.

>

ot

1 2Z0 M= A

—
o O =
= EFOH_I_—_'L-?

J

0% HO

x7|3} ‘
3: for current guide step h = Hn, Hy, -+ , @) do o HY o R0 AISSHE guide-step
4. Set the non-stationary policy m1:.4 = 77, The1.1 = 7°
5: Roll out the policy m to get (trajectory

{(s1,a1,7), - ,(sa,am,rm)}; Append the trajectory to
the dataset D. )
%, (Q < TRAINPOLICY (7, (), D) «—— Exploration-policy YC0|E
if EVALUATEPOLICY () > [ then
Continue T~ oo
end if

- end for

EE 2t=2 3t exploration-policy?| 452 =0l

=2 )
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- Experiments

(exploration-policy: from scratch)

Cold-start 8=

Environment Dataset AWACT BC! oL 10L IOL+JSRL (Ours)
- - - Curriculum Random
antmaze-umaze—v0 Ik 0.0F0.0 0.0 0.0 F0.0 0205 1561190 | 104196
10k 0.0 + 0.0 1.0 0.0 + 0.0 55.54+12.6 | T1.74+ 145 | 52.3 4+ 26.7
. . . . 100k 0.0 £ 0.0 62.0 0.0 + 0.0 742+ 25.6 | 93.7+4.2 92.1 + 2.8
o Companson with IL + RL baselines Im (standard) || 93.67 +1.89 | 610 | 64.33+4558 | 97.6+3.2 | 98.1+14 | 950+ 3.0
animaze-umaze-diverse-v0 Tk 0.0F0.0 0.0 0.0 F0.0 0.0E0.0 31180 10148
. O =0 AL 10k 0.0 + 0.0 1.0 0.0 + 0.0 33.14+10.7 | 72.64+12.2 | 39.44 201
o OfflinedatasetO| MBS I 4 &2 d=s 100k 0.0 4 0.0 13.0 0.0 + 0.0 29.9+23.1 | 81.34+23.0 | 82.34 14.2
Im (standard) 46.67+3.68 | 800 | 0504050 | 5304305 | 88.6416.3 | 89.8 + 10.0
. - antmaze-medium-play v Tk 0.0F0.0 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0 0.0+ 0.0
« Vision-based 2tE0AME =L (fig. 3) 10k 0.0 + 0.0 0.0 0.0 + 0.0 0.1+ 0.3 16.74+12.9 | 3.8+5.0
100k 0.0 + 0.0 0.0 0.0 + 0.0 32.84+32.6 | 86.7+3.7 | 56.24 288
Im (standard) 0.0 + 0.0 0.0 0.0 + 0.0 92.8+27 | 911439 | s7.8+42
antmaze-medium-diverse-v0 Ik 0.0F0.0 0.0 0.0F0.0 0.0E0.0 0.0F0.0 0.0F0.0
10k 0.0 + 0.0 0.0 0.0 + 0.0 0.0 + 0.0 16.6 +11.7 | 5.1+ 8.2
100k 0.0 + 0.0 0.0 0.0 + 0.0 15.74+17.7 | 81.5+ 188 | 67.04+17.4
Im (standard) 0.0 + 0.0 0.0 0.0 + 0.0 92.44+45 | 931431 | 8634509
animaze-large-play-v0 Tk 0.0 £0.0 0.0 0.0 £0.0 0.0 £ 0.0 0.0 £ 0.0 0.0 F 0.0
10k 0.0 + 0.0 0.0 0.0 + 0.0 0.0 + 0.0 0.1+ 0.2 0.0 4 0.0
100k 0.0 + 0.0 0.0 0.0 + 0.0 2.6 + 8.2 36.3+16.4 | 17.7+ 13.4
Im (standard) 0.0 + 0.0 0.0 0.0 + 0.0 624+ 12.4 | 62.9+11.3 | 486+ 10.0
antmaze Targe-diverse v0 Tk 0.0F0.0 0.0 0.0F0.0 0.0F 0.0 0.0F0.0 0.0F£00
10k 0.0 + 0.0 0.0 0.0 + 0.0 0.0 + 0.0 0.1+0.2 0.0 4 0.0
100k 0.0 + 0.0 0.0 0.0 + 0.0 414104 | 3444230 | 2244154
Im (standard) 0.0 + 0.0 0.0 0.0 + 0.0 68.3+89 | 683488 | H83+6.5
door-binary v0 100 0.07 £0.11 | 00 0.0+ 0.0 08+38 04+18 0.1+02
Ik 0.41 +0.58 | 00 0.0 + 0.0 05+15 0.7+ 1.0 0.45 + 1.2
10k 1.93 + 2.72 0.0 | 12.24 42447 | 106+ 14.1 43484 | 2234116
100k (standard) || 17.26 +20.09 | 00 | 82841994 | 502425 | 2854195 | 2434+ 115
pen-binary—v0 100 313+ 443 | 00 | 31.46 £ 999 | I88F11.6 | 243+ 121 | 2901F7.6
Ik 1.4341.10 | 00 | 5450400 | 3014102 | 367479 | 46.3+6.3
10k 2214+1.30 | 00 | 51.36 +4.34 | 384+11.2 | 44.3+6.2 52.1+ 3.3
100k (standard) 1.234+1.08 | 00 | 59.58+1.43 | 65.0+2.9 62.6 + 3.6 60.6 + 2.7
relocate-binary-v0 100 0.0F0.0 0.0 0.0 F0.0 0.0 0.0 0001 0.0F0.0
Ik 0.01+0.01 | 00 0.0 + 0.0 0.0 + 0.0 0.0+ 0.1 0.0 4 0.0
10k 0.0 £ 0.0 00 | 1.18+2.70 0.2+ 0.3 0.6 + 1.6 0.54 0.7
100k (standard) 0.0 + 0.0 0.0 | 4.4446.36 8.6+ 7.7 0.0 4 0.1 4.74+4.2

Table 1. Comparing JSRL with IL+RL baselines on D4RL tasks by using averaged normalized scores for DARL Ant Maze and Adroit
tasks. Each method pre-trains on an offline dataset and then runs online fine-tuning for 1m steps. Our method IQL+JSRL is competitive

with IL+RL baselines in the full dataset setting, but performs significantly better in the small-data regime. For implementation details and
more detailed comparisons, see Appendix A.2 and A3
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«» Warm-start vs. Cold-start

»  Guide-policyE exploration policy@| 7|2} 2 AME3H S [M{2fe| H|

Task2t offline data =0f| L2t ds 2217}t CH&

JSRL: Random Switching

JSRL: Curriculum

Environment Warm-start Cold-start Warm-start Cold-start IQL
pen-binary-v( 2718777 | 29.12+£7.62 | 25,10+ 8.73 | 24.31 +£12.05 | 18.80 + 11.63
door-binary-v0 0.01 £ 0.04 0.06 £0.23 1.45+4.67 | 0.40+1.80 0.84 £+ 3.76

relocate-binary-v0 || 0.00 £ 0.00 0.00 == 0.00 0.00 £ 0.00 0.01 +0.06 0.01 £0.03

Table 3. Adroit 100 Offline Transitions

JSRL: Random Switching

JSRL: Curriculum

Environment Warm-start Cold-start Warm-start Cold-start IQL
pen-binary-v() 47.23 £3.96 | 46.30 £ 6.34 | 34.23 +7.22 | 36.74 £ 7.91 | 30.11 £ 10.22
door-binary-v0 0.15 £ 0.25 0.45+1.22 | 044£089 | 0.68+1.02 | 0.53+1.46

relocate-binary-v0 | 0.06 + 0.08 0.0 +£0.04 | 0.05+0.09 | 0.0440.10 0.01 £ 0.03

Table 4. Adroit 1k Offline Transitions
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«% Curriculum vs. Random switching (Everyday Robots Xt A E&|0|E{?)

* Indiscriminate Grasping: O{lHet 271& &0 & reward Al S

* Instance Grasping: 582t 55 & 0{OF2t reward M|

Jm

Mo Y2 SN RO L

o
Environment Demo AW-Opt BC QT-Opt QT-Opt+JSRL  QT-Opt+JSRL Random
Indiscriminate Grasping 20 033+£043 0.19+0.04 0.00+0.00| 091 +0.01 0.89 + 0.00
Indiscriminate Grasping 200 0934002 0234£000 0924002) 0.9240.00 0.92 4+ 0.01
Indiscriminate Grasping 2k 093+£0.01 0401006 0.92+0.01 0.93 + 0.02 0.94 + 0.02
Indiscriminate Grasping 20k 0934004 0924+000 093+000| 095+0.01 0.94 + 0.00
Instance Grasping 20 0444005 0.05+0.03 0294+0.20| 0.54+0.02 0.53 £ 0.02
Instance Grasping 200 0444004 0.16+0.01 0444004 | 0.5240.01 0.55 + 0.02
Instance Grasping 2k 0424+0.02 030+0.01 0.154+0.22| 0.524+0.02 0.57 +0.02
Instance Grasping 20k 0554001 0484+0.01 0.27+0.20| 0.55+0.01 0.56 + 0.02

Table 2. Limiting the initial number of demonstrations is challenging for [L4+RL baselines on the difficult robotic grasping tasks. Notably,
only QT-Opt+JSRL is able to learn in the smallest-data regime of just 20 demonstrations, 100x less than the standard 2,000 demonstrations.
For implementation details, see Appendix A.2.2
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