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RL: Reward Good Behaviors, Punish Bad Behaviors

View from inside the tokamak Plasma state reconstruction

AlphaGo Humanoid Locomotion Tokamak Control
Google DeepMind, 2015 - 18 Radosavovicet al., 2013 Degrave et al., 2022


http://www.youtube.com/watch?v=eFoBfFhwo18

This Work: Simulated Robot Control

acrobot hopper humanoid

position, velocity — motor torques

DMC: Tassa et al., 2018 DeepMind Control Suite - gifs from https://github.com/facebookresearch/drgv2 3
MuJoCo: Brockman et al., 2016, https:/github.com/openai/gym - gifs from https://gymnasium.farama.org/environments/mujoco/



https://arxiv.org/abs/1801.00690
https://github.com/facebookresearch/drqv2
https://github.com/openai/gym
https://gymnasium.farama.org/environments/mujoco/

DoubleGum

e Bridges gap between reinforcement learning theory and practice
e New algorithm: effective, computationally efficient, simple to implement



RL Algorithms Reinforce/Repeat Behavior that are Rewarding
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RL Algorithms Reinforce/Repeat Behavior that are Rewarding
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RL Algorithms Reinforce/Repeat Behavior that are Rewarding

Transition s;11 ~ p(- | s¢,a4)

Reward Ty = T(St, ag, St_|_1)
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RL Algorithms Reinforce/Repeat Behavior that are Rewarding

Transition s;11 ~ p(- | s¢,a4)

Reward r; = r(s¢, at, St+1)
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RL Algorithms Maximize Expected Return

max E G(so,ao,sl,al,...sn)
T pr(80,80,51,a1,...8n

n
Where pTr(SO,G'OySlyala"' H DP\St+1 | staa't (at | st) and G(807a0’31’a15'°'8n) :Z’)/t'rt



RL Algorithms use a Q-Function to Maximize Expected Return

max E G(so, ag, 81,01, - - Spn)
T pr(80,20,581,a1,...Sn
Where pTr(SO,G'OySlyala"' H DP\St+1 | staa't (at | st) and G(807a0’31’a15'°'8n) :Z’)/t'rt
t=0 t=0
Q" (s¢,a¢) = E G(8¢, Gty 8415 O 41y« - Sn) Measures quality of actiona_tins_t

pw(5t+laat+1---3n
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RL Algorithms use a Q-Function to Maximize Expected Return

max E G(so, ag, 81,01, - - Spn)
T pr(80,20,581,a1,...Sn
where Px (50,0, 51,01, ..5n) = p(so) [ [ P(se41 | seae) w(ae | s1) and G(s0,00,51,01,...8) = Y _7'Ts
t=0 t=0
Q7 (s¢,a¢) = E G(8¢, Gty 8415 O 41y« - Sn) Measures quality of actiona_tins_t
Pr(St+1,at+1...Sn
= E E E G(St, A4, 8441,0441,---Sn) (Markovian Probability)

p(st+1lst,at) m(at+1]st+1) Pr(St41,8t+1,..-5n
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RL Algorithms use a Q-Function to Maximize Expected Return

max E G(so, ag, 81,01, - - Spn)
™ p‘l\’(sUaG'O,Sl)a'la"'Sn
where Px (50,0, 51,01, ..5n) = p(so) [ [ P(se41 | seae) w(ae | s1) and G(s0,00,51,01,...8) = Y _7'Ts
t=0 t=0
Q7 (s¢,a¢) = E G(8¢, Gty 8415 O 41y« - Sn) Measures quality of actiona_tins_t
p,,(st+1,at+1...sn
= E E E G(St, A4, 844150441, --Sn) (Markovian Probability)
p(st41lse,at) m(aty1|se41) Pr(St+1,at41,...8n
= E E E [rs + YG(Sts1,0441,---8,)] (Additive Return)

p(st41lse,ae) m(aty1[ses1) Pr(St41,at41,...5n)
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RL Algorithms use a Q-Function to Maximize Expected Return

max E G(s9,00,81,Q1,---Sp)
™ p‘lr(s()aG'O,slaa'la"'Sn
where Px (50,0, 51,01, ..5n) = p(so) [ [ P(se41 | seae) w(ae | s1) and G(s0,00,51,01,...8) = Y _7'Ts
t=0 t=0
Q" (s¢,a¢) = E G (8¢, Gty 8415 O 41y« - Sn) Measures quality of actiona_tins_t
p,r(st+1,at+1...sn
= E E E G(St, A4, 8441,0441,---Sn) (Markovian Probability)
p(st41lse,at) m(aty1|se41) Pr(St+1,at41,...8n
= E E E [rs + YG(Sts1,0441,---8,)] (Additive Return)
p(st+1]8¢,a¢) m(at41]|9t+1) Pr(8t41,at41,...5n
= E e + 7 E E G(St+1,0¢+1,---Sn)| (Expectation Independences)
p(5t+1|3t7at) Tl'(at+1 |St+1) Pn(3t+1,at+1,m3n
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RL Algorithms use a Q-Function to Maximize Expected Return

max E G(s9,00,81,Q1,---Sp)
™ pﬂ'(sOaa07slaala"'sn
where Pr (80, @0, 81,01, - - - $n) = P(S0) Hp(st+1 | st,a:) m(as | s¢) and G(80,a0,81,01,---8n) = Z“ytn
t=0 t=0
Q7 (s¢,a¢) = E G(8¢, Gty 8415 G419« - Sn) Measures quality of actiona_tins_t
p,r(st+1,at+1...sn
= E E E G(St, A4, 8441,0441,---Sn) (Markovian Probability)
p(stt1lst,at) m(att1]se41) Pr(St41,at41,...8n
= E E E [rs + YG(Sts1,0441,---8,)] (Additive Return)
p(st+1]8¢,a¢) m(at41]|9t+1) Pr(8t41,at41,...5n
= E e + 7 E E G(St+1,a¢41,---Sn)| (Expectation Independences)
p(5t+1|3t7at) |- Tl'(at+1|3t+1) Pn(3t+1,at+1,m3n
= E Ty + 7y E Q" (St+1,0¢+1) (Substitute () Definition)
p(st+1|st,at) | m(at+1]se+1)
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RL Algorithms use a Q-Function to Maximize Expected Return

QW(St, at)

= E Ty + 7y E Q" (St+1,0¢+1) (Substitute () Definition)

p(st+1]st,at) m(at4+1|st+1
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QW (8t7 a’t) =

QW(S7 (J,) =

Self-Consistency of the Q-Function

E "rt + Y E QW(SH_l, at+1)]

p(st+1]st,at) m(at41|St41

E |rtv E Q(s.a)

Syntactic Sugar
p(s’|s,a) |: w(a’|s’) ] ( y g )
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Q" (s¢,a¢) =

QW(S7 CI,) -

Q*(s,a)= E

p(s’|s,a)

= E

p(s'|s,a)

Self-Consistency of the Q-Function

E 'rt + 7

p(st+1|st,at)

o
p(s'[s;a) w(a’[s’)

rin B @

[7‘ +ymax Q* (¢, a,’)}

E

T(ar41|St41

|

Q" (st+1, at+1)}

r+v E Q7(s,d )] (Syntactic Sugar)

( because 7*(a | s) is determined by max Q™ (s, a))
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Self-Consistency of the Q-Function

Q" (s¢,0a¢) = E 'Tt + oy E Q" (841, at+1)}
p(st+1]st,at) m(at41|St+1
Q™ (s,a) = ( ]IE | {7’ + v (]E| )Q”(s’,a’)] (Syntactic Sugar)
p(s’|s,a w(a’|s’

Q*(s,a) = E [r—i—’y E Q*(s’,a’)]

p(s’|s,a) w*(a’|s’)

= IfIE | [7‘ + ymax Q* (s, a,’)} ( because 7*(a | s) is determined by max Q™ (s, a))
p(s’|s,a a’ a

Proof Sketch: induction with base case: mgx Q*(soo—la a) = mgx ( IE )T(Soo—l, a, Soo)
PlSoco|oco—1,0
and inductive step: Q*(s,a)= E [7‘ + v max Q* (s, a’)}
p(s’|s,a) a’
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Deep RL Approximates Optimal Q-Function with NN

Q*(s,a) = ( I?: | [r + v max Q*(s’,a’)} (Bellman Optimality Equation)
p(s’|s,a a’
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Deep RL Approximates Optimal Q-Function with NN

Q*(s,a) = ( I?: | [r + v max Q*(s’,a’)} (Bellman Optimality Equation)
p(s’|s,a a’

[7‘ +7%@XQ9(3’aa/)])2

min Z (Qg(sz, a;) —

p(S’IS a;)
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Deep RL Approximates Optimal Q-Function with NN

Q*(s,a) = ( I?: | [7" + v max Q*(s’,a’)} (Bellman Optimality Equation)
p(s’|s,a a’

2
meinz (QO(siyai) - K ["“ + VHE}X Qé(sla a/)])

p(s’|si,ai)

QO(Sa a’) + €9.5,0 = E [’l" + ’Ym%X Qé(sla a'/)]

p(s’|s,a)

€9.s.a ~N(0,0)

Note after presenting: Make it clearer that this MLE interpretation of the MSE loss applied to
Q-learning is my interpretation (from many), and that this is not presented in the papers that
applied MSE to Q-Learning [Riedmiller, 2005] and [Ernst, 2005]
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Deep RL Approximates Optimal Q-Function with NN

Q*(s,a) = ( I?: | [r + v max Q*(s’,a’)} (Bellman Optimality Equation)
p(s’|s,a a’

p(s’|si,ai)

2
meinz (QO(siyai) - K ["“ + ’YHE}X Qé(sla a/)])

Qo(s,a) +egsa= E [r + v max Qg(s', a’)] =y a

p(s’[s,a) a’ Z 08
&

€9,s,a ™~ N(0,0) 20'6‘

2 0.4]
=2

Modelling Assumption of MSE does goi

not match empirical behavior! S — |
—4 -2 0 2 4
TD Error
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Deep Q-Learning has an inaccurate noise model
We present a theoretically-grounded noise model leading to better performance

= |4 205 b
Z 0.8 R7
8 qg 0.41
0.6
5 50.3
£ 04 > S 0.2
= =
g 02 o 0
i3 i3
0.0 - - 0.0 - . r . :
—4 -2 0 2. 4 — 0 1 2 3 4
TD Error Standardized TD Error
Standard Noise Model Our Noise Model
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1. Introduction

2. Derivation

3. Results
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1. Introduction

2. Derivation

a. Of noise model
b. Of algorithm

3. Results
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Noise Model Derivation Outline

L(Qy(s,a),Q*(s,a)) (Objective)

26



Noise Model Derivation Outline

L(Qy(s,a),Q*(s,a)) (Objective)

=1L (QQ(S,CL),

E [r +ymax Q* (s, a’ )] ) (Bellman Equation)

p(s'[s,a)

27



Noise Model Derivation Outline

L (Q9(37 a’)? Q*(S, a))

=1L (QQ(S,CL),

=1, (Qg(s, a),

E

p(s'[s,a)

E

p(s’|s,a)

[r +ymax Q* (¢, a’)D

[7‘ + vnze}XQg(s’,a')D

(Objective)

(Bellman Equation)

(Bootstrapping)

28



Two Components of the DDPG Baseline Algorithm

Q" (s,a)= E [T + 7y max Q*(SI,G')]—b One Neural Network:

p(s'|s,a)

2
min } (QO(Siaai) - E [r +7rr}16}XQa(8’>a’)D

p(s’|si,aq)

DDPG: Deep Deterministic Policy Gradients [Lillicrap et al., 2015] 29
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Two Components of the DDPG Baseline Algorithm

Q" (s,a)= E [7“ + 7y max Q*(Slaa')]—b One Neural Network:

p(s'|s,a)
2
min Z (Qg(si, a;)— E [r + 7y max Qa(s, a’)})
1

p(s’|si,aq)

Two Neural Networks:
2
Critic learns Q-Function: meinz (Qe(si, a;)— B [r++4Qs(s, 7T¢(3/))])

p(5'|8i,ai)

Actor learns to maximize Q-Function: ~ max > Qolsi, m(s:))
i

DDPG: Deep Deterministic Policy Gradients [Lillicrap et al.. 2015] 30
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Noise Model Derivation Outline

L(Qo(s,a),Q*(s,a)) (Objective)
=L (Qg(s, a), : ]|E | [r + ymax Q* (s, a’)]) (Bellman Equation)
p(s’|s,a a’
~L (@0, B [r4ymexQed)])  Bootstrapping
p(s’|s,a) L a’

=L, (Qg(s,a), E -'r +~v E Qg(s’,a’)]> (Actor)

p(s']s;a) | m(a’[s’)
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Noise Model Derivation Outline

L(Qo(s,a),Q*(s,a)) (Objective)
=L (Qg(s, a), : ]|E | [r + ymax Q* (s, a’)]) (Bellman Equation)
p(s’|s,a a’
~L (@0, B [r4ymexQed)])  Bootstrapping
p(s’|s,a) L a’

=L, (Qg(s,a), E -'r +~v E Qg(s’,a’)]> (Actor)

p(s']s;a) | m(a’[s’)

Quantify Noise Induced by Each Approximation
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(Objective)

(Bellman Equation)

(Bootstrapping)

(Actor)
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(Objective from noise model)

(Bellman Equation)

(Bootstrapping)

Actor
( ) 34



Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go,a(5) — go(s) = Q"(s,a)

9a.0(),90(-) % G(0, B(-))

(Objective from noise model)

(Bellman Equation)

(Bootstrapping)

Actor
( ) 35



Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go,a(5) — go(s) = Q"(s,a)

0.20

0.18

0.16

0.14

0.12

0.10

0.08

0.06 -

0.04

0.02

0.00

9a0(-),90() X G

\ f(x, u=0.5, p=2.0) ——

\ f(x, u=1.0, =2.0)

\ f(x, p=15, p=3.0) ——
f(x, u=3.0, p=4.0)

Notation
Parameters

Support
PDF

CDF

(0, 5(-))

Gumbel(y, B)
M, location (real)
B > 0, scale (real)
zeR
le—(z+e"’)

T —p

where z =

e_e*(wfu)/ﬁ

(Objective from noise model)

Extreme Value Theorem: max z; ~ G(a, 8) , 2; ~ Noise
(2

(if zunbounded)
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Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go,a(s) — go(s) = Q" (s, a) 94,0(),90(-) ~ G(0, B())

[Thrunand Schwarz, 1993]: Qy(s,a) = Q*(s,a) + 2.5 a »

Ours: QO(S’ a’) - Q*(Sa a) - ga,@(s) + 99(3) )

(Objective from noise model)

29,s,a ~ Noise
iid

9a,6(),90() ~ G(0,5("))

37


https://www.ri.cmu.edu/pub_files/pub1/thrun_sebastian_1993_1/thrun_sebastian_1993_1.pdf

Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go,a(s) — go(s) = Q" (s, a) 94,0(),90(-) ~ G(0, B())

E

p(s’|s,a)

[r +ymax Q (s, a’)]

(Objective from noise model)

(Bellman Equation)

(Bootstrapping)

Actor
( ) 38



Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(5,0) + g0.(5) — 9o(s) = @*(s, ) ges()>90() 2 G0, B()) (Objective from noise model)
= I[lz | [r + ymax Q* (s, a’)} (Bellman Equation)
p(s’|s,a a’
= Iflﬂ | [r +ymax [Qo(s',a") + g, (8') — gg(s’)]] (Bootstrapping)
p(s’|s,a a’

Actor
( ) 39



Assumption: Two Heteroscedastic Gumbel Noise Sources
max [Q(s', @) + go,a (') — 9o(s")

max [Qq(s',a') + go,a(s") — go(s')] = max [Qo(s',a) + go,a(5")] — ga(s') (Independence of a’)
e a Typo: should be g_{\theta, a'} here

40



Assumption: Two Heteroscedastic Gumbel Noise Sources

II}IE}X [QO(S/’ a,) = 96,a’ (3/) - 99(8/)]

max [Qo(s’,a’) + go,a(s") — go(s")] = max [Qo(s',a’) + go,a(s")] — go () (Independence of a)
e a Typo: should/be% {\theta, a'} here
= B(s") logZexp (Qgﬁ? ;)a > + gy(s") — ga(s’) (Gumbel Max-Stability)
s
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Assumption: Two Heteroscedastic Gumbel Noise Sources

H}IE}X [QO(SI’ a,) = 96,a’ (3/) - 99(8/)]

max [Qq(s',a') + go,a(5") — go(s")] = max [Qo(s',a) + go,a(5")] — go(s') (Independence of a’)
e a Typo: should,be% {\theta, a'} here
= B(s") logZexp (Qgﬁ?s:)a > + gy(s") — ga(s’) (Gumbel Max-Stability)
/ /
= B(s) logZexp (Qaﬁ(? :)a )> (Distributions Cancel)
s
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Assumption: Two Heteroscedastic Gumbel Noise Sources

H}IE}X [QO(SI’ a,) = 96,a’ (3/) - 99(8/)]

max [Qq(s',a') + go,a(5") — go(s")] = max [Qo(s',a) + go,a(5")] — go(s') (Independence of a’)
a a Typo: should,be% {\theta, a'} here
= B(s") logZexp (Qgﬁé;)a > + gp(s") — go(s’) (Gumbel Max-Stability)
__ A Qo(s',a') S
= B(s )logZexp B() (Distributions Cancel)
= (IE| )Qg(s', a') + B(s") Cmy || pol (Soft Q-Learning Identity)
me(a’|s’
1 I, !/
where pg(a | s) = 7 OXP (ng:s/)a )>

43



Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go.a(s) — go(s) 9a0("), 90(") = G(0, B()) (Objective from noise model)

‘ (Bellman Equation)

= i [T’ﬂma}X[Qe(s’,a’)+ge,af(s’)—ge(s')]] (Bootstrapping)

p(s’|s,a)

max [Qo (s, a) + go,a(s") — go(s)]
a Typo: should be g_{\theta, a'} here

- Els’)Qo(s', a’) + B(s") Cmy || pol

g (
where pg(a | s) = %exp (ng:;;)cbl)>

Actor
( ) 4z



Assumption: Two Heteroscedastic Gumbel Noise Sources

Qo(s,a) + go.a(s) — go(s) 9a0("), 90(") = G(0, B()) (Objective from noise model)

‘ (Bellman Equation)

= i [T’ﬂma}X[Qe(s’,a’)+ge,af(s’)—ge(s')]] (Bootstrapping)

p(s’|s,a)

max [Qo (s, a) + go,a(s") — go(s)]
a Typo: should be g_{\theta, a'} here

a’ \

- Els’)Qo(s', a') + B(s") Clmy || po]

g (
where pg(a | s) = %exp (ng:;;)cbl)>

Qo(s,a) +90.a(s) —go(s) = E |r+v E Qo(s',a)+B(s")Clmy || pg]:| (Actor)

p(s’|s,a) m(a’ls")
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DoubleGum Noise Model

Qo(s,a) + go,a(s) — go(s) =

E

p(s’|s,a)

r+y E Qs a") + B(s") Clmy || pe]

w(a’|s’)

I

where py(a|s) = 7 ©XP (

24)

9a,0(), 90() ~ G(0, B(-))

|
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1. Introduction

2. Derivation
a. Of noise model
b. Ofalgorithm

3. Results
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Noise Model -> Loss Function

Qo(s,a) +go,a(s) —go(s)= E |r+v E )Qe(S’,a’) + B(s") Clmy || po]

p(s’|s,a) w(a’|s’

48



Noise Model -> Loss Function

Qo(s,a) +go,a(s) —go(s)= E |r+v E )Qe(S’,a’) + B(s") Clmy || po]

p(s’|s,a) w(a’|s’

LHS = Qo(s,a) + go,a(s) — go(s) , 90,0(), 90 (-) = G(0, B(-))
= Qo(s,a) +1p,a(s) , lo.a() = £(0, B(-)) Logistic Distribution



Noise Model -> Loss Function

Qo(s,a) + go,a(s) —go(s) = E [7“+7 E Qe(s a') + B(s") Clmy || po]

p(s’|s,a) w(a’|s’

LHS = Qg(s,a) + 99,11(5) - 99(3) ) gO,a(')aQO(') ~ g(O,ﬁ())
= Qo(s,a) +1p,a(s) , lo.a() = £(0, B(-)) Logistic Distribution

RHS= E —r+7 Qe(S a)+5(3/)(c[7f¢||pe]]

p(s’[s,a) | 7r(a’|s

~ E |r+y E Qos,d)+ 5<s'>c]

p(s'[s,a) | 7r(a’|s’)



Noise Model -> Loss Function

Qo(s,a) + go,a(s) —go(s) = E [7“+7 Qe(s a') + B(s") Clmy || po]

p(s’|s,a) m(a’|s")

LHS = Qo(s,a) + go.a(s) — go(s) , g6.0(-),96(-) = G(0, B("))
= Qo(s,a) +1p,a(s) , lo.a() = £(0, B(-)) Logistic Distribution

RHS= E —r+7 Qo(s, a)+5(3/)(c[7f¢||p9]]

p(s’|s,a) [ 7r(a’|s
~ : IE|_<Z ) r+- = )Qg(s ,a') + B(s") c] Scalar hyperparameter c
p(s'[s,a) [ w(a’|s’
LHS = RHS

Qo(s,0) +loa(s) ~ E [7‘+7 Q') + B ¢

p(s’[s,a)

51



The DoubleGum Algorithm

Qs(5,0) +loals) » P(S'les a) T fyvr((}%s/)QG’(sl7 a/) + 5(3/) ¢ lO,a(') ~ [’(Oa ﬁ())
1. chyperparameter determined at beginning of training and fixed

2.

Learn \beta and q using generalized method of moments

52



The DoubleGum Algorithm

Qo(s,a) +lga(s)~ E |r+v E Q(s',a)+B(s')c lo.a(-) = £(0,8(-))

p(s'|s;a) w(a’[s’)

1. chyperparameter determined at beginning of training and fixed
2. Learn\betaand q using generalized method of moments

lo,a(5)  loa() ™ £(0,8(-))

~ noa(s) | ne’a(.)%N(O,ﬁ(?%)



The DoubleGum Algorithm

Qo(s,a) +loa(s)=| E |r+y E Qs a)+8(s)c

p(s'|s;a) w(a’[s’)

lo,o(-) % L£(0, B(-))

1. chyperparameter determined at beginning of training and fixed
2. Learn\betaand q using generalized method of moments

lo,a(5)  loa() ™ £(0,8(-))

X nga(s) , ne,a(°)i’i‘(’1N(0,5(°)%>
Moment-Matching loss function:
T 3 1
(Q9(37 CL) o

min |log Bp(s, a) 3 72 By(s.a)

y(s,a)

54



The DoubleGum Algorithm

Qo(s,a) +loa(s)=| E |r+y E Qs a')+p(s)c le,a(')ii’gﬁ(oaﬁ('))

p(s'|s,a) w(a’ls")

1. chyperparameter determined at beginning of training and fixed
2. Learn\betaand q using generalized method of moments

lo.a(5) 5 loa(-) ™ £(0,8()) \/
~ ’I’Lg’a(s) y ng,a()iN(O,ﬁ()%> / \
Q

Moment-Matching loss function: ?
min |log Bs(5,0) = + — — 1 (Qo(s,a) —[5(5.a))2 5,2
0 g P\ S, \/g 7T2 /BQ(S,CL)2 o\°) Yis, ’
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Empirical Validity of DoubleGum Noise Model

«» 0.8 172} 24
5 5 0.4

Q06 A 0.3 — 1.6
2 2 =

S 0.4 S o 7. 0.8
3 Q™

0.2 Tl 0.0
= S >

M 0.0 = 00 0.8

4 3 0 2 4 1 0 1 2 3 4
TD Error Standardized TD Error

p(s'|s,a)

C

00 02 04 06 08 10
Timesteps (in millions)

—— Hetero-Logistic (Ours) Qo(s,a) +1lpa(s)~ E [r + 7 (I[;El /)Qg(s’, a') + B(s) c}

Homo-Normal (DDPG)  Qo(s,a) +€p,50 = E [7‘ +ymax QG(S/,GI)]

p(s’|s,a)
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The DoubleGum Algorithm

Qo(s,a) +lga(s)~ E |[r+v E Qs a")+B(s")c

1.
2.

p(s’|s,a) w(a'|s’)

where g o(*) A L£(0,8())

c fixed hyperparameter determined at beginning of training
Learn\beta and q using generalized method of moments

57



1. Introduction

2. Derivation

3. Results
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Four Simulated Robotics Suites

DeepMind Control Movement, Joints + Control Meta-World Box2D
(DMC) (MuJoCo)
Locomotion Locomotion Manipulation Locomotion

peg insert
side

_—

window close

DMC: Tassa et al., 2018 - gifs from https://github.com/facebookresearch/drqv2
MuJoCo: Brockman et al., 2016 - gifs from https://gymnasium.farama.org/environments/mujoco/

Meta-World: Yuetal.. 2019 59
Box2D: https://gymnasium.farama.org/environments/box2d/



https://arxiv.org/abs/1801.00690
https://github.com/facebookresearch/drqv2
https://github.com/openai/gym
https://gymnasium.farama.org/environments/mujoco/
https://arxiv.org/abs/1910.10897
https://gymnasium.farama.org/environments/box2d/

Baselines

DoubleGum: Qq(s,a) +lga(s)~ E |r+v E )Qe(S’,a’)+ﬁ(8’)C , lo.a(-) % L£(0,5())

p(s’|s,a) wp(alls!



DoubleGum: Qu(s,a) + lg,q(s) =~

DDPG: Qo(s,a) + €,5,0 =

E

p(S’Is,a) i

E

p(s'[s,a) |

Baselines

r+~v E Qg(s a') + B(s")

mp(a’ls’)

r+v E  Qq(s, a)] '

Ty (a’|s")

}  loa() 5 £(0,8())

€0,s,a 1’1\(’1 N(07 ﬂ())
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Baselines

DoubleGum: Qg(s,a) +lg,q(s) ~ }lrl N (E| Qo(s',a’) +5(8’)6J , lo.a() L0, 5(-))
s'|s,a) | me(a’|s’
DDPG QQ(S,CL) = €0,s,a — - ;}F’ ) F= (E| /)QG(S , @ )] y €0,s,a 1’l\("j-/\/’(oaﬁ())
s']s,a) | we(a’ls
TDS: QO@ (S’G) + €6,5,a = ( }}% ) T +’7m1n (E| /)Qoi (3’)@,/)] , e {1,2} y €6.s,a lfl\gN(Oaﬁ())
p(s’|s,a) | i we(alls
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Baselines

DoubleGum: Qe(s,a)+le,a(8)%p(s}%a) _T+7M(£E|g Qo(s', a)+5(8’)6J , lo.a() ™ L(0,8()
DDPG: Qi) +anea= B [r+a B Qo) . (o BN 0.50))
TD3: Qoif(s;0) +eo50=_E | :7“+7mlmw¢(£E|S,)Qo (s, a)] : i={1,2}, eoua~ N A())
SAC: Qlss)tenna= B [rdr B Qole'a)+Hn| L cona® N0.50)
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DoubleGum:

DDPG:

TD3:

SAC:

Qo(s,a) +1pa(s) =
QG(Sa CL) = €9,s,a —
QOi (Sa CL) + €0,5.0 =

QG(Sa CL) + €0,s,a =

E

p(s’[s,a) |

E

p(s'[s,a) |

E

p(S’ls,a) i

E

p(s'ls,a) |

Baselines

r+v E Qg(s a') + B(s

wp(al|s’)

r+v E  Qq(s, a)] '
7y (a’ls")

r+ymin  E  Qp, (s, a’)

1 mwg(a’ls’
o(a’l

)el
| .

r+~v E Qe(é’ a)+H[7r¢]] ,

mp(a’ls’)

lo.a() ™ L(0, B())
€0,s,a 1’1\(’1/\/‘(07&())
.= 41,2} ,

€6,5,0 ~ N'(0, ()

Evaluation mode of DoubleGum: hyperparameter c=-0.1 fixed across all tasks

€9.s,a 1”13 N(Oa 5())
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IQM

0.60
0.45
0.30
0.15
0.00

Benchmark on 33 Continuous Control Tasks, 4 Suites

0.4
= &= —— DoubleGum (Ours) ==== "TD3
Q o2 —— DDPG ---- SAC
0.1
0.0
0.0 0.2 0.4 0.6 0.8 1.0
Timesteps (in millions)
DMC MulJoCo MetaWorld Box2D
0.25 :

0.20
0.15
0.10
0.05
0.00

00 02 04 06 08 1.0

00 02 04 06 08 1.0 00 02 04 06 08 1.0

Timesteps (in millions)

IQM: InterQuartile Mean +- 95% stratified bootstrap Cls. An aggregate metric, from [Agarwal et al..2021] 65



https://github.com/google-research/rliable

IQM

Varying hyperparameter c

0.4 —_ c=-05
0.3 —— ¢ = —0.1 (Default)
> -
O 02 =il
e
— =
0.1
— = 0.5
0.0
00 02 04 06 08 10
Timesteps (in millions)
MulJoCo _— MetaWorld Box2D
0.60 ; - i
08 0.24
0.45 0.6 i
0.30 0.4 0.12
0.15 0.2 S 0,06
0.00 pol =1 0.00 /
00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0

Timesteps (in millions)



Varying c changes pessimism/optimism of target

QQ(Sa a) &5 lg,a(S)

Q

p(s'|s,a) w(a’[s’)

DMC: acrobot-swingup MuJoCo: Hopper-v4 Box2d: BipedalWalker-v3  MetaWorld: button-press-v2
1500 1500 450 1600
Q
"g 1200 1200 300 1200 S
‘é’ 900 900 p
%D 600 - ; 150 800 -
= 300 300{ 0 : 4001
0 — ” i il 0
0 20 40 60 80 100 0 20 40 60 8 100 0 20 40 60 80 100 0 20 40 60 8 100

Timesteps (in millions)

c=-0.5 c=-0.1 ¢=0.0

c=0.1 c=0.5

Figure 2: The effect of changing pessimism factor ¢ on the target ()-value in continuous control

E |r+y E Qp(s,a")+B(s) c] where lg.a(") ~ £(0, ("))
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Baselines: adjusting pessimism per suite

DDPG: Q(s,) +e00= E [rw E ,)Qe<s’,a’)] , €9,5,0 ~ N (0, 8(-))
p s |s,a ﬂd) a’ s

TD3: Qo,(5,0) + €050 = : ]IE ; [r+7min (E| )Qoi(S’,a')] , i={1,2} , €vsa S N(,B())
p(s’|s,a v me(a’ls’

Typo: should be \beta \mathbb{H} here

Best of DDPG/TD3
Apply Twin Networks to SAC

FinerTD3:i=1{1, 2, 3, 4, 5}, select j*" smallest value ‘-



IQM

Benchmark on 33 Tasks: Adjusting Pessimism Per Suite

Tuned per suite

0.5
04
s 03 —— DoubleGum, best ¢, (Ours) —— SAC (best w/wo Twin)
@ o0 —— Best of DDPG/TD3 FinerTD3 (best pessimism)
0.1
0.0
00 02 04 06 08 10
Timesteps (in millions)
DMC MuJoCo - MetaWorld Box2D
0.60 - '
0.8 0.24
0.45 0.6 0.18
0.30 0.4 0.12
0.15 0.2 0.06
0.00 0.0 0.00
0.0 02 04 06 08 1.0 00 02 04 06 08 1.0

Timesteps (in millions)
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DoubleGum: simple, efficient, effective!

e Noise in Deep Q-Learning is shaped by two heteroscedastic Gumbel distributions
e Accounting for these distributions yields SOTA aggregate performance (AFAIK)

e Stable training across 33 continuous control environments

Questions: dythui2+drl@gmail.com
Code:; https://github.com/dyth/doublegum

Thanks to Profs. Aaron Courville and Pierre-Luc Bacon + wider Mila community!
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