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Constrained Sequential Decision-Making
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» Framework: Reinforcement Learning

» Add constraints on the utility



Example: Pandemic Control
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Example: Pandemic Control
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» InRL, the agent needs to explore the unknown environment.

» Exploration is costly.



Safe Exploration

» Objective #1: maximize the long-term reward.

» Objective #2: maintain the long-term constraint satisfaction.



Environment Model

» (episodic ) Constrained MDP /CMDP (§,A,H,P,7,9)

X1, s Xy @ ~ T (| X)), 70 O, an), g (X, ap), Xpgr~ Pr(e | xp, ap)



Environment Model

» (episodic ) Constrained MDP /CMDP (§,A,H,P,7,9)

X1, s Xy @ ~ T (| X)), 70 O, an), g (X, ap), Xpgr~ Pr(e | xp, ap)

» Find an optimal policy n* that solves,

maximize 1 (x1)
T
subject to 71(x1) = b
By
» Vi (x1) = Eg|[ X = 17a(xp, an) | X1]

> ngl(xl) — n:Z’ﬁ': 19n (xR, ap) |X1]



This Work

Can we design a provably sample efficient online policy optimization

algorithm for CMDPs in the function approximation setting ?



This Work

Can we design a provably sample efficient online policy optimization

algorithm for CMDPs in the function approximation setting ?
» Online episodic constrained MDP(S,A,H,P,r, g)
7T {nh( | )}h_l’ k:1,2,...,K



This Work

Can we design a provably sample efficient online policy optimization

algorithm for CMDPs in the function approximation setting ?

» Provably sample efficient

K K

Regret(K) = Z (V,Z,TI (xq) — V,Z,Tf (xl)) Violation(K) = Z (b - ngf (xl))

k=1 k=1



This Work

Can we design a provably sample efficient online policy optimization

algorithm for CMDPs in the function approximation setting ?



Linear Function Approximation

> Kernel feature map :S X A X § > R%
]Ph(xllx)a) — (l/)(x)a;x’)) 9]1)

> Reward/utility feature map ¢:S X A —» R%2

m(x,a) = (@(x,a), 6,,) and gp(x,a) = (@(x,a), ;)

» Special cases: finite CMDPs, linear mixture kernel, etc.



This Work

Can we design a provably sample efficient online policy optimization

algorithm for CMDPs in the function approximation setting ?



Lagrangian-Based Policy Optimization

» Saddle-point problem

maximize minimize L(m,Y) = () — Y(b —Vg7f1(x1))
T Y =2 0

» Primal-dual update
mk  — GradientAscent(nk_l,Yk_l,V,TL(nk_l,Yk_l))

Y® « Gradient Descent (nk_l, yk=1 v, L(m*1, Yk_l))



Lagrangian-Based Policy Optimization

Saddle-point problem

maximize minimize L(m,Y) = VT (x) — Y(b—Vgﬁ(M))
[ Y =20

Primal-dual update
% « Gradient Ascent (nk_l Y=L v okl Yk_l))
Y®¥ «— Gradient Descent (nk‘l, yk=1 v, L(m*1, Yk‘l))

Used in AC (Borkar, et al.,’05), RCPO (Tessler, et al., ’19),
dualDescent (Paternain, et al.,’19), NPG-PD (Ding, et al., ’20), et al.



L(n, Yk_l)

Approximate Lagrangian

» Local approximation in TRPO/PPO
-1 H -1 _
vET G+ ) {0mT ) (- ) C ) )
H

Vr7,T1 (x1)

Vg7?1 (x1)

~y
~y

k-1
Vi (x1) + z

h=1

< Qg,licl_1(xhi')' (T[h _ T[flf_l)(' |xh) >



Approximate Lagrangian

L(m Y1) = vm T (k) — YRl (b _ Vg’ff'l(xl))

+ 2:2 1 < (Q;ﬁ',fl + Yk‘ng,z_l) (en, ), (= 10 1) C lxn) >

» Local approximation in TRPO/PPO
-1 H -1
VEC) m VET G 4 ) (08T ), (- )G ) )
lIl_I=1

Vi)~ VARG 4 ) {0 o), (= TG L)



Primal-Dual Proximal Policy Optimization

» Primal update

H

- 4 k-
m* «— argmax z < (Q,’f}h R 1Q§,h 1) (Xp,), R (¢ |Xh)>

T h=1

_ %Z D (ﬂh(' |xp), Ty |xh))
h=1



Primal-Dual Proximal Policy Optimization

» Primal update

H

- 4 k-
m* «— argmax z < (Q,’f}h R 1Q§,h 1) (Xp,), R (¢ |Xh)>

T h=1

_ %Z D (ﬂh(' |xp), Ty |xh))
h=1

» Dual update

Y¥ « Proj (Y""—l +1n (b — Vg’ff_l(xl)»



Primal-Dual Proximal Policy Optimization

» Primal policy update

H

7 — argmax Z<(Q,'f;1 + YR (), (- |2 )

/A h=1

) —ZD G e, L C )

» Dual update

Y¥ «— Proj (Y"‘l +77( -V, 1(x1)))



Policy Evaluation With Optimism

» Upper confidence bound (UCB) exploration

k - k k
Orpn = @ urh + (¢r h) wrh + Iy + 1, 2 h

» Least-squares temporal difference

k—1
ufy, — argmin Y (r(xh, af) — (e, @) + Al
U =1

. 2
Wl argmin > (Vi (i) = $EaGehap) @)’ + Aol
w



Our Result

» Algorithm: Optimistic Primal-Dual Proximal Policy Optimization

Primal-dual proximal policy optimization + Optimistic policy evaluation



Our Result

» Algorithm: Optimistic Primal-Dual Proximal Policy Optimization

Primal-dual proximal policy optimization + Optimistic policy evaluation

» Regret and constraint violation guarantees

Regret(K) = 0(d H?*>T) Violation(K) = 0(d H?>°+T)

v’ d? H®/€e? - polynomial sample complexity
v No any strong requirements on sampling models

v No explicit dependence on state space size |S|
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