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constrained MDP: [Sutton 2018]

constrained MDP &j%: CDP[Achiam 2017], RCDP[Tessler 2018]
meta-gradient RL: [Xu 2018], Self-Tuning AC[Zahavy 2020]
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Safe RL and Constrained RL
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Safe RL and Constrained RL

° AREYXBAT, BREANKEMEYEER, ARMIFTEXRTRPREHNR
K, MHEMIFEX TR EEEITAFRIRE.
° P Safe RL RYMRIR B EE
EFRUAN: MT RL WAELEIR. LR RNARES
feRRFiLTE

e Constrained RL: fRIBEREMRIREMER, £ RL MALERERFMLR. BE

AIRTA .
max Jf = E[Z vtr
st. Jg = E[Z’ytc,-,t] <Bi fori=1,..,K
t=0
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Constrained RL &%

* B& 1: Reward Shaping, GBEIBFREFIZEHN rn— Ace, HH XN FILIEE.

o BiR 2: EEKBMHEE (1). HERASHLRTE, BT ERBE BirmEL
FARTIYIET, CPO[Achiam 2017] A BHrFIARMEH — R FIMMREI. &
H&R R EHE TR RIS @ @I TR -

o B& 3: kFEX@IEE (2), BUAKRB—NEARESML B
RCPO(Tessler 2018] #£ Advantage AC EiXHIEM E A\ #0 6,,0, iIZE T AR
FHNEE (two timescale), fRIEEZ—EREBIIHEIBIRRBNATE. &R
BEHMEXERIZET. TENEEFHREANGHNRLEIEE.

minmax - J7—A-(Jc — f) (2)
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RCPO Framework

Algorithm 1 Template for an RCPO implementation

1: Input: penalty ¢(-), constraint C(-), threshold «, learning rates n; (k) < n2(k) < ns(k)
2: Initialize actor parameters 6 = 6, critic parameters v = vy, Lagrange multipliers and
A=0

3: for k=0,1,... do

4: Initialize state sg ~ p

5: fort=0,1,...T7T—1do

6: Sample action a; ~ 7, observe next state s;y1, reward r; and penalties ¢;

7: R =1 — Aper vV (A, s¢;01) > Equation
8: Critic update: vp41 < v — n3(k) {B(Rt — 17()\, st;0))%/Ovk| > Equation
9: Actor update: 6,11 + Iy {Ok + ng(k)V(;V(A, s) > Equation

10: Lagrange multiplier update: Apy1 < Ix [Ap + (k) (J& — )] > Equation
11: return policy parameters 6

ik LaAViDA
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Advantage AC RCPO

Algorithm 2 RCPO Advantage Actor Critic
The original Advantage Actor Critic algorithm is in gray, whereas our additions are highlighted in
black.

1: Input: penalty function C(-), threshold « and learning rates 11,72, 73

2: Initialize actor (:]-;0,) and critic V (-;6,) with random weights

3: Initialize A=0,1 =0, so ~ ;1 > Restart
4: for T =1,2,...,Tnae do

5 Reset gradients df, + 0, df, < 0 and Vi : d\; < 0

6: tstart =1
7
8
9
10

while s; not terminal and t — tsiart < tmaz dO
Perform a; according to policy 7(a|s:; 6p)
Receive 7, si41 and penalty score Cy

t—t+1
0 , for terminal s,

L fi= V(s,0.) , otherwise
12: forr=t—1,t—2,...,tstart do
13: R4+ 1, —X\- CA'T+'\/H > Equation
14: dby < dbp + Ve, log m(ar|s-;0,) (R — V(sr;6y))
15: d0y < db, + (R — V(sr;0.))? /00,
16: if s, is terminal state then
17: A+ —(C — ) > Equation
18: t«<0
19: 50 ~ L
20: Update 6., 6, and A
21: Set A = max(X,0) > Ensure weights are non-negative (Equatio

({] % J"% [&: Advantage AC RCPO .
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Meta-gradient RL
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Meta-gradient RL

o f&Bf) meta object, X{5R{LE SPGB SEHITAE.

* EX n ABSE (0 v, FIZE, reward shaping RHEIBSEIE), 0 HEK
23 EIFEPSE (Ebin AC &k critic 0 actor IS8), BLSH I HWE
HreREy £

0 =0+ fir,0.m) = 0+ 020 ()
* 5IN5 0,7, 7" #BXRJ meta object S (', 0", ), WEAIIFE] J XWHTFESH »
T
8./’(7‘,9,77):3](779777)% (4)
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Meta-gradient RL (cont'd)

o Hikiniz
1. BEELHAE n, EAHRIHRE 7|<$$ BEIFE v, EAX 3) BEFRIESE 0 H 0.
2. FREHENSE 0 FHEHPIT 7/, & meta object S (77,6, 7'), FAKX (4) EFBSE 1.
3. EEEFIS.

° ENIEM: HRMAEFERRLFIEENSHE 0 ZITFINER, EEETT
IR J P B S M EE B S B SREGEIFRIIERE

° XEER 0 Hi J 0y, BE » BidREEHE (0') BHXIRFA meta object.
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Meta-gradient RL (cont'd)

o {EMEIE TD(\) &Eik, 7 Atari LBHTT K. FTHHESINESEAITINEF
~ FA bootstrapping parameter \.

8(1t) = Rev1 + (1 — M)vo(Str1) + v Ag(Ter1)

n Human starts No-op starts
v=099 ~=0.995 =099 ~=0.995
IMPALA {} 144.4% 211.9% 191.8% 257.1%
Meta-gradient {A\} 156.6% 214.2% 185.5% 246.5%
7'=099 4 =099 ~' =099 ~ =0.995
Meta-gradient {7} 233.2% 267.9% 280.9% 275.5%
Meta-gradient  {v, A} 221.6% 292.9% 242.6% 287.6%
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Balancing constraints and rewards with meta-gradient

* 2T D4PG hRZ&HK) RCPO &i%: RC-D4PG

® soft constraint meta-gradient method: Metal
.« T

CEEES Al
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RC-D4PG

ERRNSHEFRTEM RCPO T2HERE, KHIEFEEH offine Hik.

Algorithm 3 Reward Constrained D4PG (RC-D4PG)

1: Input: penalty c(-), constraint C(-), threshold £3, learning rates oy < a, < «vg,, max. number
of episodes M

2: Initialize actor parameters 6, critic parameters 6., Lagrange multipliers A = 0

3: for1...M do

4: Sample episode penalty .J7 from the penalty replay buffer

5: A= A—a1 (J&E - B)]+ > Lagrange multiplier update

6: Sample batch (s;, az, 7, S¢41, ¢ ) g from ER

7.

8

Vo.=0,V0, =0
fort=1...T do

9: Ry =1 — Aey JC’YQ(%\, St41,At41 ~ TTarget(St+1); Oc)
10: V0. += ag, d(Ry — Q(A, 8¢, a4;0.))? /00, > Critic update
11: Vo += a9, E[VaQ(st,a¢) Vo, o, (5t)|as=r(se)] > Actor update

12: 0.+ 0. — %> Vb,
130 0y 0o+ %> V0,
14: return policy parameters 6,,

hQikF LAVDA
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Metal

* Motivation: FEIFZMENAIFEHR, —FAEERARFASIERERZM,
At Agent AHEER—EREENARN e RMH—LERFHITH: B—F
H, —HAATHARZEEEHEFRESRAEATITE, MUAEEIZE
23R %) A FAR -

RCPO &EixA LR hard constraint ik, & JL > [ B, Hi&EEERT A\ &
AT ATIEINE AR, BEtt, FE—F soft constraint &k, FEXHBIEIEAR
AT B S ERITT \ (EAET TR MRS

* Metal 7£ RCPO FEAIEZRAP A N\ WEIHIRMTESE o, B N WEIRE.

{# F Meta-gradient BiEBREMMIAZ o, WTEAZ N B LEEF RS

éz@ﬁ o
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Metal (cont'd)

Algorithm 1 Metal

1: Input: penalty ¢(-), constraint C(-), threshold 3, learning rates oy, v, , (g, , @) max. number
of episodes M

2: Initialize actor, critic parameters 6, and 6., Lagrange multiplier A = 0, meta-parameter n = a

3: for1...M do

4: Inner loss: inner loss XTJ'F_‘IZ RC-D4PG

5: Sample episode penalty J7 from the penalty replay buffer o o

6: N [A—aqexp(ar) (B — JE))+ > Lagrange multiplier update *Eg: y z ﬁIJE'q: A H"]E
7: Sample a batch with tuples (s, a;, 7, ¢;)7._; from ER and split into training/validation sets Z S
8 Accumulate and apply actor and critic updates over training batch T}, by: %ﬁ ﬁk EH eXp(OO\) Ij&/TF_ o

9 V0.=0,v0,=0
10: for t=1...Tirain do

11 Ry =1 —Neo+ “/Q(A/\«, St41; 01 ~ Tr(se41): 0c) outer loss J XT_I'F_‘IZ
12: VO. += ap, 0B — Q(N, 8¢, a1;0.))? /00, > Critic update .
13 Vo, 1= ag, B[V aQ (50 a0) Vo, 1o, (50)]ar —n(or)] > Actor update meta-gradient IR meta

14: 0, 6. — ﬁ >V,

150 O« Oa+ 5 D Vb,

16: Outer loss: Compute outer loss and meta-gradient update using validation set Ty,qzidate:
LZACACVELCN) > Meta-parameter update - Theorem 1

object

17: o) —ay—ay By
18: A= N, 04 0,0, < 0., a\ < )\
19: return 0, 60., A

LT | LAViDA
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o ZESCIS A, outer loss #{ZRI MHIIE B A critic loss, BJFE
0. = 7 (Oé)\).)\ = )\/(Oé)\) HTJ'E,‘J Leritic

Lcritic(ec, )\) = (r(s, a) — )\C(S, a) + "}/Qtarget(s, wtarget(sl)) — ro(s, a))2

o SLISIBEEMNN5ER: average episode return R FM penalized return
Rpenahzed =R- :‘imaX(O,fé )o ,J:P K ?Eliﬁjj 1000,

e SLISIFEE: Domain, safety coefficient

o BiE: Metal, RC-D4PG, RS-D4PG

Bhix LVl
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Algorithm Rpenalized R max(0, J& — B)
D4PG 43270 £ 11.99 927.66 0.49
Metal. 677.93 + 25.78 921.16 0.24
RC-D4PG 478.60 + 89.26 648.42 0.17
RS-0.1 641.41 £ 26.67 906.76 0.27
RS-1.0 511.70 &+ 15.50 684.30 0.17
RS-10.0 208.57 £ 61.46 38542 0.18
RS-100.0 118.50 £ 62.54 31493 0.20

Table 1: Overall performance across domains, safety coefficients and thresholds.
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LG AN[E domain TREERIERE

Safety coefficient 0.3, largest /3 only
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SELG: AN[E safety coefficient i& & & & iERITHERE

I ‘ I Metal R RC-D4PG R D4PG R RS-0.1 R RS-10 R RS-10.0 R
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IS o
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HEE o BIHHISMNEES, EMBEERESAEIIR.
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