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Outline

» Constrained Reinforcement Learning
= Ensure safety in RL
= Incorporate constrained objectives
= Algorithms
= PPO-Penalty
= PPO-Lagrange
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Motivation

= Constraints
= Prevent catastrophic events
= Ensure safety
= Take into multiple objectives with bounds

= Examples:
= Autonomous driving: minimize arrival time such that P(collision) < 8
= Routing: maximize throughput such that latency <
= Robotics: minimize path length subject to
environment obstacles/boundaries
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Constrained Reinforcement Learning

Agent

Cost,

Cost
y State Action
Cost, Reward

Environment

Goal: Learn to choose actions that maximize rewards
subject to bounds on costs
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Constrained RL

= Definition
Actions: a € A
Rewards: r € R
Costs: c® € R

= unknown model

Cost model: Pr(ct(i) la;_1,5¢)

—

Discount factor: 0 < y < 1. (discounted: y < 1, undiscounted: y = 1)
Horizon (i.e., # of time steps): h (Finite horizon: h € N, infinite horizon: h = o)

= Goal: m* = argmax, E|Y1—oy'r

such that E; [Z?:(, ytc,fi)] < B;Vi
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Constraint Types

Deterministic Probabilistic Expected
Instantaneous ¢ < BVt P.(c;: <B)=1—€Vt E [c] < BVt
Cumulative .
zy =P Pr ZVtCtS,B >1-€ Ern Z)/tCt <p
t t t
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Algorithms for Expected Constraints

Penalty methods

Lagrangian relaxation

Lyapunov methods

State augmentation
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Penalty Methods

» Constrained MDP
w* = argmaseEa[Siseytr

such that E; [Z?:O ytcgi)] < [;Vi

= Penalized MDP

n* = argmaxgEn[Sisoytre] + 5 penalty (Er |[Biovtc®| - i)
= Barrier: penalty(x) = log(—x)
= ReLU: penalty(x) = ReLU(x) = max(x, 0)
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-
PPO with ReLU penalty

Alternate between:

( g (A|S) . )
9 E - 6,014 (A1S) (Gr = V(). >
«—argmax Es.y, gm,  Min
0 old old : e (AlS) . ) _
\cllp (nedd(als), 1—¢1+¢€)(G, VW(S)))

0 « 6 — Y, a;VgReLU(Err, [G0] - B)

Where: VgReLU (Ey, [Ggfg] —B) =1 (Ene Goa| - ﬁ) VoEr, G4
| (Eng _Gc(,lg_ — ,8) Eng [Zn Gc(,lr)lve log g (Anlsn)]
~ | (agg — ﬁ) dn Gc(,?LVe log g (an|sn)
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PPO with a Replay Buffer

Initialize Ty and ¥}, to anything
Loop forever
Loop for each episode
Generate episode sy, ag, 7y, S1, 41,11, ) SN—1, Ay—1, Ty—1 With g
Loop for each stepn = 0,1, ..., N — 1 of the episode
T'Tl < ZN ' nytrn+t
Add (sp, an, Gy p, logmg (ay, s,)) to replay buffer
Loop for each training epoch

Sample a minibatch of experiences (Sn: Ap, Grpy T, (A, Sn))
wewtay, (Gr,n - Vw(sn)) VvV (Sn)
Lppo = min{ 7o(%n|5n) ( (sn)) clip( 7o(%n|Sn) ,1—€,1+ e)( (Sn))}

g ld(anlsn) 7Tt9old(an|5n)
0 <0+ aVgLppg
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PPO-Penalty

Initialize Ty and ¥}, to anything
Loop forever
Loop for each episode
Generate episode sy, ag, 7y, S1, 41,11, ) SN—1, Ay—1, Ty—1 With g
Loop for each stepn = 0,1, ..., N — 1 of the episode
Gr,n < thv 01 nyt T+t
G(l) yN-1-n ¢ thzt Vi
Add (S, an, Gyp, log g (ay, s,)) to replay buffer
Loop for each training epoch

Sample a minibatch of experiences (Snr An, Grp, T, (A, Sn))
wew+a, ( - (Sn)) wVw (Sn)
LPPO _ min{ ﬂe(anlsn) ( (Sn)) Clip( 7T@(an|5n) 1—¢,1+ 6)( (Sn))}

76 ,,4(AnlSn) 76 01q(An|Sn)’
0 <0+ aVyLppo

Loop over collected episodes
00— 1(6S) — B;) BNZE G5 Vglogm(aylsy,)
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Lagrangian Relaxation

= Constrained MDP

n* = argmax, E;[Y 1o vir:]

such that E; [Zt Oytc( )] < B;Vi

Sl
L
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» Lagrangian relaxed MDP

h

2 Vtrt

t=0

min max E;
Ai20Vi w




PPO-Lagrange

Initialize g, ¥}, and V(m Vi to anything; initialize A; « 1 Vi

Loop forever
Loop for each episode
Generate epiSOde S0, A0, 70,51, 1,71, --» SN—1» aN_l, N=-1 with TTo
Loop for each step of the episoden = 0, 1, . -1

Grn(_ZN - nytrn+t: Gc(r)l(_ZN - nthT(H)_tvl-
Add (Sn: an, Gy, G( )Vl g (ay,, Sn)> to replay buffer
A< A+ ay, (Gtg’lg — ,Bl) Vi
Loop for each training epoch

For each (sn, ap, Gy, G ¢ )Vl Tg,,4(An, sn)) in minibatch sampled from replay buffer

wew+ay (Gr,n - Vw(sn)) VwViw (Sn), ¢(l) < (p(l) + @ 50 (G(l) ngl()z)) V(p(i)v l()l) (sp) Vi

Lopo = min {222 T8 By (6rn — o) cliv (2 78 By 1 = €1+ ) (6o = )
@ _ me(anlSn) () ()
LLag 76,414(@n|Sn) (G V‘p(l))

0 <0+ ayVy (Lppo Y softplus(; )LLag)
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Experiments

Figure from “Benchmarking Safe Exploration in Deep Reinforcement Learning”, arxiv
e CPO == PPQO e== PPOQO-Lagrangian === TRPO TRPO-Lagrangian
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Figure 7: Results from benchmarking unconstrained and constrained RL algorithms on all Point level
1 and 2 environments. Dashed red lines indicate the target value for a constraint-satisfying policy
(AverageEpCost curves) or approximately constraint-satisfying training run (CostRate curves).

EY:

CS885 Winter 2025 - Lecture 10 - Pascal Poupart PAGE 14 WATERLOO

b ;5:{} UNIVERSITY OF



