Backgrounao

e (Goal of reinforcement learning: given the ability to interact with an environment,

o maximize expected reward
o minimize number of interactions (sample efficiency)

e Algorithms can be split into two categories:
o Model-free RL: Take actions in the environment, and learn a policy which

generalizes and the most successtul actions
o Model-based RL: Learn a dynamics model of the environment, then learn a

Dolicy that succeeds in the modeled environment (p/anning)

e Since dynamics is a much richer signal than reward, model-based RL is typically
more sample-efficient. But relying on a model comes with many challenges:
o Approximation error: the learned model puts an upper bound on performance
o Exploiting inaccuracies: the planner is adversarial to the model
o Accumulating errors: small modeling errors accumulate quickly
o Mode collapse: lack of trajectory diversity causes blind spots

e Uncertainty-aware hybrid model-free/model-based approaches show promise in
remedying these issues

Q-Learning Model-based Value Expansion
(Feinberg et al. 2018)
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Sample-Efficient Reinforcement Learning with
Stochastic Ensemble Value Expansion

Jacob Buckman, Danijar Hafner, George Tucker, Eugene Brevdo, Honglak Lee
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Stochastic Ensemble Value Expansion (STEVE)

STEVE dynamically adjusts model usage based on
uncertainty; other options are fixed and inflexible

77D T Mean TD-A Ta "

For a maximum horizon H, we actually have H+1 distinct
candidate targets: 7;"WVE, TMVE TMVE L TAVE

TMVE = SN\ | Q)( 50 , a)

TOT1T2T3 TOT1T2T3 TOT1T2T3 TOT1T2T3

Minibatch
Minibatch
Minibatch
Minibatch

e ...

Estimate uncertainty by variance under an

ensemble, and construct a target by an H H -

' . . . ) P 2

inverse-variance weighted sum of candidates: TSTEVE — ) wTMVE =) > =T l—7°
i=0 : g %3

Results

Humanoid-vl

7000 T—<7evE-DDRG (H=3)

STEVE-DDPG (H=1)

Toy Environment + Oracle Dynamics Model Toy Environment + Noisy Dynamics Model Humanoid-v1 s MVE-DDPG (H=3) «w STEVE-DDPG (H=2)
we DDPG we—— STEVE-DDPG [H=5)
8000 - e Ensemble MVE-DDPG (H=3) MVE-DDPG {H=1)

2000 { — ﬁll-l\-/EEV(E H(L-I5=5) 2000 - 6000 § we== Mean-MVE-DDPG (H=3) we MVE-DDPG {H=2)
- TD Learning (Model-Free)

| ) j e 6000 TDL25-MVE-DDPG (H=3) == MVE-DDPG {H=>5)

! - ; we TDL75-MVE-DDPG (H=3) 4
— \\ 1000 ><\_\ 4000 ﬁ: 000 P

1\ ! ——. sk SN T

] O _- ; 4 :

Error
Error
Score

0 - oL
T T T T T T T T I T T 4000 4
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000 0 20 40 60
Updates Updates Hours g
o
. v 3000 -
RoboschoolHumanoidFlagrun-vl
HalfCheetah-v1 Swimmer-v1 Hopper-v1 750 2000
20000 - ot A " G _
15000 - 2001 | o ]
@ i ——— @ e il | & 2507 1000 -
O 100c0- g e C 100¢ i
‘% 50CQC g il ‘% ‘ 0
: 50 5 e - "l — —— — i_: I T T T
¢ 0 20 40 60 0 1
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5 Hours '
Environment Steps ™ Environment Steps i Environment Steps " 0 1 2 3 4 5
Walker2d-vl Humanoid-vl BipedalWalkerHardcore-v2 Environment Steps leb5
300C
2500 6020 = — ——— HalfCheetah-v1 Swimmer-v1 Hopper-vl Walker2d-v1
o 0 . i AL g 100 g 100 g 100 @ 100
Pt A  anio - I I @ IS
S 15001 PN S S -5 3 5 5 2 e
A 100c | TR " A T 501 T 501 T 501 T 501
o o o o
500 | — -1%0 = — £ £ \’*—\__\_\_&\ S =
U ‘ [+] f/ -130 o\o 0 T T T O\O 0 T T T o\o 0 T T T °\° 0 T T T
0 1 ' 2 3 4 5 3 1 ] 2 3 a 5 11 1 2 2 1 5 : El- Ztt 31e6 ° El‘r Ztt 31e6 ° Eli n 2tt 31e6 ° El'r ztt 31e6
EnV' ronment Steps EnVlronment Steps 120 Environment StepS nvironment steps nvironment steps nvironment steps nvironment steps
RoboschoolHumanoid-vl RoboschoolHumanoidfFlagrun-vl Humanoid-v1 BipedalWalkerHardcore-v2 RoboschoolHumanoid-v1 RoboschoolHumanoidFlagrun-vl
o 100 o 100 o 100 o 100
1509 - o =) g o
1000 o [ﬂw/——\ § 5 — g ~—— § -
i o —— STEVE-DDPG (H=3) T 507 g 50 g 50 g 50
S S B —— MVE-DDPG (H=3) E = = £
wn J<\’-\ \'J N =300 1 o T T DDPG °\° 0 T T T °\° 0 T T T °\° 0 T T T °\° 0 T T T
_s00 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
-1000 Environment steps 1e6 Environment steps 1e6 Environment steps 1eb6 Environment steps 1e6
100 4 . Y
1 ¢ 3 B 5 0 1 2 3 4 5
Environment Steps  ** Environment Steps



