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Success stories of RL
Video game

AlphaZero, Silver et al., 17 OpenAl Five, '18

Automated trading Chip design
~~
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< | &
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Crypto trading bots, 20 Al chip, Azalia et al., Google, 21
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Constrained RL

Automated vehicles Industrial robot

Keysight Siemens

Applications Goal Constraints

Automated vehicles | Reach a destination | Fuel/Traffic rules
Industrial robot Manufacture products No damages
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Framework for constrained RL
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Constrained policy optimization

maximize Vi(p) == Egonup [V (50)]

T

subject to Vg“(p) = 50~p[V7r(50)] > b

Altman, CRC Press '99
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Constrained policy optimization

maximize Vi(p) == Egonup [V (50)]

T

subject to Vg“(p) = 50~p[V7r(50)] > b

Altman, CRC Press '99

4

non-convex objective VT (p)
non-convex feasible set {m |V (p) > b}

Ding, Zhang, Basar, Jovanovi¢, NeurlPS '20
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Constrained tabular policy optimization

B DIRECT TABULAR POLICY

mo(als) = bsq, 0 € O

181, 14] < oo
0 = {9 € R‘SIHI | Za’ Hs,u/ =1, es,a’ > ()./VS € S}
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Constrained tabular policy optimization

B DIRECT TABULAR POLICY

mo(als) = bsq, 0 € O

181, 14] < oo
0 = {9 € R‘S‘HI | Za’ Hs,a/ =1, es,a’ > (),VS € S}

B PARAMETER OPTIMIZATION

Himize 1
minimize V; (p)

subject to V™ (p) > b
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Lagrangian method

B SADDLE POINT PROBLEM
maximize minimize L(6,\)
9o A>0
L0, \) == V,™(p) + ANV, (p) — b) — Lagrangian

Existence of saddle points

Non concave (¢) and convex ()

Question: convergence of first-order methods?
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Policy gradient primal-dual method

0" = Po(0+ m VeL(0,)))

AT = Pa(N =2 VAL(6,)N))

Po, Ppn — projections

* VoL(0,)\) — policy gradient (PG)

VoL(O.N) = VoVi(p) + A ViV[(p)
N—— ——
PG for reward PG for utility

* VaL(0, ) :==VI(p)—b
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Related work

B ASYMPTOTIC CONVERGENCE

* Average-reward case: policy in spherical coordinates

Abad, Krishnamurthy, Martin, Baltcheva, CDC '02

* Average-reward case: direct policy, actor-critic
Borkar, SCL '05

* Discounted-reward case: general policy, actor-critic

Tessler, Mankowitz, Mannor, ICLR '19
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Finite-time performance guarantee

B OPTIMALITY GAP

1 x ¢ |Al]S|d3,
thﬂ(‘/r (P)_V}()(P)) S Tia
B CONSTRAINT VIOLATION
T—1
1 ' |Al]S|d3,
T;(b‘@()(m) S T

doo = ||d}" /plloe — distribution mismatch
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LS Al]S] d2,
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Finite-time performance guarantee

B OPTIMALITY GAP

T-1
LS A]]5| &2,
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B CONSTRAINT VIOLATION

T—
1 |Al]S]d2,
72 (=V0) s — 7

—_

t=0

doo = ||d}" /plloe — distribution mismatch
* m1 ~ 1/|A], no ~ |A||S|d2, /\/T — stepsizes
* Vf(w > V* — initialization

x O(1/e*) — iteration complexity for e-optimality
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Two pillars
B OCCUPANCY MEASURE
QUGq = thpﬂ(st =s,a; =alsy~p)
t=0

Q = {¢" e REIM| 3, c 4T =vP])gf = p.q" = 0}
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Two pillars
B OCCUPANCY MEASURE

[ee]
IGa = ZVtPW(StZS,Gt:MSONP)

Q = {q" e RIS (I —vP])qT = p,q" > 0}

* V™ (p) = (¢",7), V] (p) = (¢", g) — linear functions in ¢™

B STATE VISITATION DISTRIBUTION

dy(s) = Z VP (s; = 5|50 ~ p)
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Convergence in constrained optimality measure

\ Key property: linearity in occupancy measure ‘

Borkar, PTRF '88 & Altman, CRC Press '99
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Convergence in constrained optimality measure

\ Key property: linearity in occupancy measure ‘

Borkar, PTRF '88 & Altman, CRC Press '99

maximize V0 maximize (¢",r

xim 7 (p) ximize (g7, 7)

subject to V™ (p) > b subject to  (¢™,g) > b
0eoO = q € Q

one-to-one correspondence my + "
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Step #1: linearity in occupancy measure & smoothness

13/16



Step #1: linearity in occupancy measure & smoothness

1 1
‘/;"(H_ ) + )\(t)vg(t"" )

= <q(t+1), r + )\(t)g>

> maxi[l[r)nli]ze al (g + A0g) [+ (1 — ) (¢, r+ AXDg)
a€lo, e

—a? Ld%,

quadratic objective
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B AVERAGE PERFORMANCE

T-1
. . 1 1
V(o) 7 v,ft)(p)H(mp)—TZ%‘”(p)) S T
t=0

any A€ [0,C],C >0
Vilp) = b

g
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B AVERAGE PERFORMANCE

any A€ [0,C],C >0
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Step #2: linear programming & strong duality \
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B AVERAGE PERFORMANCE

any A€ [0,C],C >0

Vo) = b
Step #2: linear programming & strong duality \
B CONSTRAINED OPTIMALITY MEASURE
* i I 1
I, Vo)~ Vi) +Cx [b-VT ()], 5 Fim
—_— N’

optimality gap

constraint violation
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Summary

B POLICY GRADIENT PRIMAL-DUAL METHOD
* finite-time performance guarantee in tabular case

* model-free algorithm & sample complexity
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Summary

B POLICY GRADIENT PRIMAL-DUAL METHOD
* finite-time performance guarantee in tabular case

* model-free algorithm & sample complexity
B FUTURE DIRECTIONS

* better rate and dependence on problem parameters

* general policy
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Thank you for your attention.
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