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Issues on Off-Policy RL

e Current off-policy RL algorithms suffer from several issues:

/1. Instability in Q-learning unseen (s,a) — high error
Q(Sta a't) — Ty mgXQ(St-l-la CL)

‘ error propagates '

-

2. Balancing exploration
and exploitation
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Can Ensemble Improve Off-policy RL?

e Current off-policy RL algorithms suffer from several issues:
e Ensembles have been studied to handle them

at = mgX{Qmean(sta a) + )\Qstd(sta a)}

exploit explore

UCB exploration [Chen et al., 2017]

Shared network

Limitations
Bootstrap DQN 1

[Osband et al., 2016]

No method to handle error propagation
2. Most prior work has studied in isolation

[Osband et al., 2016] Osband, 1., Blundell, C., Pritzel, A. and Van Roy, B., Deep exploration via bootstrapped DQN. In NeurlIPS, 2016.
[Chen et al., 2017] Chen, R.Y., Sidor, S., Abbeel, P. and Schulman, J., UCB exploration via Q-ensembles. arXiv preprint arXiv:1706.01502, 2017.



https://arxiv.org/abs/1602.04621
https://arxiv.org/abs/1706.01502

SUNRISE

e \Weighted Bellman backups based on Q-ensembles
e Unified framework to combine several techniques that use
ensembles
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SUNRISE: Actor-critic version



Weighted Bellman Backup
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e Reweighting Bellman backup can handle this issue
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Weighted Bellman Backup

e Error propagation issue in Q-learning

unseen (s,a) — high error

Q(Sta a't) — Tt meaaXQ(St-l-la CL)

‘ error propagates '

e Reweighting Bellman backup can handle this issue

w(s,a) (Q(s,a) — [r(s,a) + 1O (s, a)])
oot )

Some confidence score about target value

4 How to quantify the uncertainty on target value? ]




Weighted Bellman Backup

e Main idea: uncertainty estimation using ensembles [Osband et
al., 2016, Lakshminarayanan et al., 2017]

e Definition of confidence score

w(s,a) =0 (—Qsta(s, a) *Z) +0.5

Temperature

o Small variance: weight — 1.0
o High variance: weight — 0.5

e Weighted Bellman backup: w(s,a) (Q(s,a) — [r(s,a) +7@(8',a')])2

[Osband et al., 2016] Osband, I., Blundell, C., Pritzel, A. and Van Roy, B., Deep exploration via bootstrapped DQN. In NeurlPS, 2016.
[Lakshminarayanan et al., 2017] Lakshminarayanan, B., Pritzel, A. and Blundell, C., Simple and scalable predictive uncertainty estimation using deep ensembles. In NeurlIPS, 2017



https://arxiv.org/abs/1602.04621
http://papers.nips.cc/paper/7219-simple-and-scalable-predictive-uncertainty-estimation-using-deep-ensembles

UCB Exploration

e Main idea: utilize uncertainty estimation for exploration
e UCB exploration based on Q-ensemble [Chen et al., 2017]

4 )
at = maa'X{Qmean(Sta a') T )‘Qstd(sta a)}

exploit explore
N P P Y

e We further extend to continuous action space and apply to
more advanced off-policy RL algorithms

[Chen et al., 2017] Chen, R.Y., Sidor, S., Abbeel, P. and Schulman, J., UCB exploration via Q-ensembles. arXiv preprint arXiv:1706.01502, 2017.



https://arxiv.org/abs/1706.01502

Experimental Results
[SUNRISE + Rainbow on Atari]

Game Human Random SimPLe CURL  DrQ | Rainbow SUNRISE
Alien 71277 2278 6169 5582 7614 | 789.0 872.0
Amidar 1719.5 5.8 88.0 1421 973 118.5 122.6
Assault 7420 2224 5272 6006  489.1 | 413.0 594.8
Asterix 8503.3 2100 11283 7345 6375 | 5333 755.0
BankHeist 753.1 14.2 34.2 1316 196.6 97.7 266.7
BattleZone 37187.5 2360.0 51844 14870.0 13520.6 | 78333  15700.0
Boxing 12.1 0.1 9.1 1.2 6.9 0.6 6.7
Breakout 30.5 1.7 16.4 4.9 14.5 2.3 1.8
ChopperCommand ~ 7387.8  811.0 12469 10585 6466 | 590.0 1040.0
CrazyClimber 35829.4 107805 62583.6 121465 19694.1 | 254267  22230.0
DemonAttack 1971.0 1521 2081  817.6 12222 | 6882 919.8
Freeway 29.6 0.0 20.3 26.7 15.4 28.7 30.2
Frostbite 43347 652 2547 11813  449.7 | 14783 2026.7
Gopher 24125 2576 7710 6693 5984 | 3487 654.7
Hero 308264 1027.0 26566  6279.3  4001.6 | 3675.7 80725
Jamesbond 302.8 29.0 1253 4710 2723 | 3000 390.0
Kangaroo 30350 520 3231 8725 10524 | 1060.0  2000.0
Krull 26655 15980 45399  4229.6  4002.3 | 2592.1 30872
KungFuMaster 227363 2585 172572 14307.8 71064 | 86000  10306.7
MsPacman 6951.6 3073 14800 14655 1065.6 | 11187 1482.3
Pong 14.6 -20.7 12.8 -165  -114 -19.0 -19.3
PrivateEye 69571.3 249 58.3 2184 492 97.8 100.0
Qbert 134550 1639  1288.8 10424 11009 | 646.7 1830.8
RoadRunner 78450 115 56406 5661.0  8069.8 | 99233 119133
Seaquest 420547 684 683.3 3845 3218 | 396.0 570.7
UpNDown 116932 5334 33503 29552 39249 | 38160  5074.0

10

[SUNRISE + SAC on OpenAl Gym]

\ Cheetah Walker
PETS 2288.4 + 1019.0 282.5 +501.6
POPLIN-A | 1562.8 4+ 1136.7 -105.0 &+ 249.8
POPLIN-P 4235.0 +1133.0 597.0 & 478.8
METRPO 2283.7 + 900.4 -1609.3 + 657.5
TD3 3015.7 4 969.8 -516.4 4 812.2
SAC 4474.4 + 700.9 299.5 +921.9
SUNRISE 4501.8 &= 443.8 1236.5 4+ 1123.9




Experimental Results
[SUNRISE + Rainbow on Atari]

Game Human Random SimPLe CURL  DrQ | Rainbow SUNRISE
Alien 71277 2278 6169 5582 7614 | 789.0 872.0
Amidar 1719.5 5.8 88.0 1421 973 118.5 122.6
Assault 7420 2224 5272 6006  489.1 | 413.0 594.8
Asterix 8503.3 2100 11283 7345 6375 | 5333 755.0
BankHeist 753.1 14.2 34.2 1316 196.6 97.7 266.7
BattleZone 37187.5 2360.0 51844 14870.0 13520.6 | 78333  15700.0
Boxing 12.1 0.1 9.1 1.2 6.9 0.6 6.7
Breakout 30.5 1.7 16.4 4.9 14.5 2.3 1.8
ChopperCommand ~ 7387.8 8110 12469 10585 6466 | 590.0 1040.0
CrazyClimber 35829.4 107805 62583.6 121465 19694.1 | 254267  22230.0
DemonAttack 1971.0 1521 2081  817.6 12222 | 6882 919.8
Freeway 29.6 0.0 20.3 26.7 15.4 28.7 30.2
Frostbite 43347 652 2547 11813 4497 | 14783 2026.7
Gopher 24125 2576 7710 6693 5984 | 3487 654.7
Hero 308264 1027.0 26566  6279.3  4001.6 | 3675.7 80725
Jamesbond 302.8 29.0 1253 4710 2723 | 300.0 390.0
Kangaroo 30350 520 3231 8725 10524 | 1060.0  2000.0
Krull 26655 15980 45399  4229.6  4002.3 | 25921 30872
KungFuMaster 227363 2585 172572 14307.8 71064 | 86000  10306.7
MsPacman 6951.6 3073 14800 14655 1065.6 | 1118.7 14823
Pong 14.6 -20.7 12.8 -165  -114 -19.0 -19.3
PrivateEye 69571.3 249 58.3 2184 492 97.8 100.0
Qbert 134550 1639  1288.8 10424 11009 | 646.7 1830.8
RoadRunner 78450 115 56406 5661.0  8069.8 | 99233 119133
Seaquest 420547 684 683.3 3845 3218 | 396.0 570.7
UpNDown 11693.2 5334 33503 29552 39249 | 38160  5074.0
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[SUNRISE + SAC on OpenAl Gym]

\ Cheetah Walker
PETS 2288.4 + 1019.0 282.5 +501.6
POPLIN-A | 1562.8 +1136.7 -105.0 &+ 249.8
POPLIN-P 4235.0 +1133.0 597.0 & 478.8
METRPO 2283.7 + 900.4 -1609.3 + 657.5
TD3 3015.7 4 969.8 -516.4 4 812.2
SAC 4474.4 + 700.9 299.5 +921.9
SUNRISE 4501.8 4+ 443.8 1236.5 4+ 1123.9

1. Consistently improve the
performance of previous off-policy
RL methods



Experimental Results

[SUNRISE + Rainbow on Atari]

Game Human Random SimPLe CURL DrQ | Rainbow SUNRISE
Alien 7127.7 227.8 616.9 558.2 761.4 789.0 872.0
Amidar 1719.5 5.8 88.0 142.1 97.3 118.5 122.6
Assault 742.0 2224 527.2 600.6 489.1 413.0 594.8
Asterix 8503.3 210.0 1128.3 734.5 637.5 533.3 755.0
BankHeist 753.1 14.2 34.2 131.6 196.6 97.7 266.7
BattleZone 37187.5 2360.0 51844 14870.0 13520.6 7833.3 15700.0
Boxing 12.1 0.1 9.1 1.2 6.9 0.6 6.7
Breakout 30.5 1.7 16.4 4.9 14.5 2.3 1.8
ChopperCommand ~ 7387.8 811.0 1246.9 1058.5 646.6 590.0 1040.0
CrazyClimber 35829.4 10780.5 62583.6 12146.5 19694.1 | 25426.7 22230.0
DemonAttack 1971.0 152.1 208.1 817.6 1222.2 688.2 919.8
Freeway 29.6 0.0 20.3 26.7 154 28.7 30.2
Frostbite 4334.7 65.2 254.7 1181.3 449.7 1478.3 2026.7
Gopher 2412.5 257.6 771.0 669.3 598.4 348.7 654.7
Hero 30826.4 1027.0 2656.6 6279.3 4001.6 3675.7 8072.5
Jamesbond 302.8 29.0 125.3 471.0 272.3 300.0 390.0
Kangaroo 3035.0 52.0 323.1 872.5 1052.4 1060.0 2000.0
Krull 2665.5 1598.0 4539.9 4229.6 4002.3 2592.1 3087.2
KungFuMaster 22736.3 258.5 17257.2 14307.8 7106.4 8600.0 10306.7
MsPacman 6951.6 307.3 1480.0 1465.5 1065.6 1118.7 1482.3
Pong 14.6 -20.7 12.8 -16.5 -114 -19.0 -19.3
PrivateEye 69571.3 24.9 58.3 2184 49.2 97.8 100.0
Qbert 13455.0 163.9 1288.8 10424 1100.9 646.7 1830.8
RoadRunner 7845.0 11.5 5640.6 5661.0 8069.8 9923.3 11913.3
Seaquest 42054.7 68.4 683.3 384.5 321.8 396.0 570.7
UpNDown 11693.2 5334 3350.3 2955.2 3924.9 3816.0 5074.0
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[SUNRISE + SAC on OpenAl Gym]

\ Cheetah Walker

PETS 2288.4 +£1019.0  282.5 +£501.6
POPLIN-A | 1562.8 & 1136.7  -105.0 4=249.8
POPLIN-P | 4235.0+1133.0  597.0 £478.8
METRPO 2283.7£ 9004  -1609.3 £+ 657.5
TD3 3015.7 £ 969.8 -516.4 + 812.2

SAC 4474.4 £+ 700.9 299.5 +921.9
SUNRISE 4501.8 +£443.8  1236.5 +1123.9

1. Consistently improve the
performance of previous off-policy
RL methods

2. Outperform previous SOTA
model-based RL methods



Conclusion

e Ensembles can be used to prevent error propagation in
Q-update
e Several techniques can be fruitfully integrated

e For more details,
o Please check out the paper: hitps://arxiv.org/abs/2007.04938

o Code: https://github.com/pokaxpoka/sunrise

Thank you for your

attention!
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