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Submodular Reinforcement Learning
Introduction

e Additive rewards

T = (v1,v2, V6, V7)
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Submodular Reinforcement Learning
Introduction

e Additive rewards
T = (v1,v2, Vs, U7)
F(r) = r(v1) + 7(v2) + 7(ve) + r(v7)
Whatif 7= (v1,v2,ve,v2)
F(7) # r(v1) + r(ve) +7r(ve) + r(ve)
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Submodular Reinforcement Learning
Introduction

e Additive rewards
T = (v1,v2, Vs, U7)
F(r) = r(v1) + 7(v2) + 7(ve) + r(v7)
Whatif 7= (v1,v2,ve,v2)
F(7) # r(v1) + r(ve) +7r(ve) + r(ve)

® Non-additive rewards

F(1) = r(v1,v2,vs)
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Submodular Reinforcement Learning
Introduction

* Additive rewards
7 = (v1, V2, Ve, V7)
F(r) =r(v1) 4+ r(v2) + r(ve) + r(v7)
Whatif 7 = (v1,v2,v6,v2)
F(1) # r(v1) + r(v2) + r(ve) + r(v2)
¢ Non-additive rewards
F(1) = r(v1,v2,vs)

e Submodularity: A set function F : 2¥ — Riis
submodularif VA C B C V, e € V\B, we have,
F(AU {6}) F(A) > F(BU{e}) — F(B)
F(e|A) > F(e|B)
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Submodular Reinforcement Learning
Introduction

e Additive rewards

7 = (v1, V2, Ve, V7)
F(7) = r(v1) 4 r(v2) + r(ve) + r(vr) vg vo|  wig| v
Whatif 7 = (v1,v2,v6,v2) ‘
[}
F(7) # r(v1) 4+ r(v2) + r(ve) + r(v2) vy vs| A g oy
¢ Non-additive rewards Iﬂ; @
H .
F(7) = r(v1,v2,v6) Yo v1 02 v3
e Submodularity: A set function F : 2¥ — Riis
submodular if VA C B C V, e € V\B, we have, v
F(Au{e}) — F(A) > F(BU{e}) — F(B) D

— F(e]4) > F(e|B)

¢ Diminishing returns: Value decreases if similar states
visited previously
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Applications

Informative path planning
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Applications

Informative path planning Bayesian D-experiment design

Fr=o(U FD/ ) F(r) = H(yT)I - {i(mf)
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Applications

Informative path planning Bayesian D-experiment design Item collection
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Beyond classical RL
Relation to Submodular RL
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Beyond classical RL
Relation to Submodular RL
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Submodular reinforcement learning framework

® The environment is modelled using a Submodular MDP (SMDP)

which is a tuple formed by (V, A, P, p, H, F').
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Submodular reinforcement learning framework

® The environment is modelled using a Submodular MDP (SMDP)
which is a tuple formed by (V, A, P, p, H, F').

e Agent’s policy: 7(an|7o:1)

. Trajectory distribution:

(t;m) = p(s0) H m(an|T0:n) P(Shy1|Sh, an)
h=0
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Submodular reinforcement learning framework

® The environment is modelled using a Submodular MDP (SMDP)
which is a tuple formed by (V, A, P, p, H, F').

® Agent’s policy: w(an|T0:r)

¢ Trajectory distribution:

f(rsm) = p(so) | | m(anlr0:n) P(sht1lsn,an)

* Objective: ©* =argmax Y f(r;m)F(r)
N—— ———
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Submodular reinforcement learning framework

® The environment is modelled using a Submodular MDP (SMDP)
which is a tuple formed by (V, A, P, p, H, F').

® Agent’s policy: w(an|T0:r)
. Trajectory distribution:

(m;7) = p(so) H (an|m0:n)P(Sht1|Sh, an)

* Objective: ©* =argmax Y f(r;m)F(r)
well T ,

=J ()
How well can one approximate the SubRL objective?
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Submodular reinforcement learning framework

e The environment is modelled using a Submodular MDP (SMDP)
which is a tuple formed by (V, A, P, p, H, F').

® Agent’s policy: w(an|T0:r)
® Trajectory distribution:
f(r;7m) = p(s0) H 7(an|T0:n)P(Sha1|sh, an)

h=0

e Objective:
well

= argmaxz f(rym)F(T)
N

=J ()
How well can one approximate the SubRL objective?

Theorem (SuBRL hardness, informal)
SuBRL is NP-hard to approximate up to any constant factor.
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By reducing SubRL to a known hard-to-approximate problem — Submodular Orienteering Problem.
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Algorithm: submodular policy optimization (SusPO)

* Objective: 0* € argmax J(mg), where J(mg) IZf(T; o) F(T)
€O -
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Algorithm: submodular policy optimization (SusPO)

* Objective: 0* € argmax J(mg), where J(mg) IZf(T; o) F(T)
€O -

® Marginal gain: F(s|o.;) = F(70.; U {s}) — F(70.;) (Greedy approach)

ETHzirich ETH Al CENTER

5/7



Algorithm: submodular policy optimization (SusPO)

e Objective: 6™ € argmax J(mp), where J(mg) Z f(r;mo)F
6co
® Marginal gain: F(s|o.;) = F(70.; U {s}) — F(70.;) (Greedy approach)
Theorem (SuBPO)

Given an SMDP and the policy parameters 6, with any set function F,

H-1
Vol(mo) = E ;velogmwsz > Elsjalrog) —b(ro-:) (1)

=% marginal gain
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Algorithm: submodular policy optimization (SusPO)
e Objective: 6™ € argmax J(mp), where J(mg) Z f(r;mo)F
6co
® Marginal gain: F(s|o.;) = F(70.; U {s}) — F(70.;) (Greedy approach)

Theorem (SuBPO)

Given an SMDP and the policy parameters 6, with any set function F,

Vo (me) = f( : ZVelogﬂe(aJSz ZFSJ+1|TOJ b(70::) (1)

J=e marg/na/ gain

Can SusPO perform provably well?
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Algorithm: submodular policy optimization (SusPO)

® Objective: 6™ € argmax J(mp), where J(mg) Zf T;m)F
0ce

® Marginal gain: F(s|o.;) = F(70.; U {s}) — F(70.;) (Greedy approach)

Theorem (SuBPO)

Given an SMDP and the policy parameters 6, with any set function F,

Vod(mg) = f( : Zve log 7 (ai|s:) Z F( SJ+1|7'03 b(70:1) (1)

J=e marg/na/ gain

Can SusPO perform provably well?
® For dynamics similar to bandits, it recovers optimal approximation ratio of (1 — 1/e)
® For rewards function with bounded curvature, it guarantees constant factor approximation
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Experiments

Bayesian D-experiment design

F(r) = H(y-) — H(Z/T'f)
I(y-;f)
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Experiments

Bayesian D-experiment design Informative path planning

F(r) = H(y-) — H(y-|f)
~—

I(yrif) se€T Disk

Mudoco Ant Car racing
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Experiments

Bayesian D-experiment design

F(r) = H(y-) — H(y,.|f)
I(y-;f)
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F(r) = min(jr N gl d:)
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See you at our poster,
Wed 8th May, 4:30 PM,
Spotlight @ICLR 2024 !!!

Thank you for your attention !!!

ETHzirich  ~ emna CENTER

Scan for paper !!!

717



	Introduction
	Problem definition
	SubRL: Theory and Algorithm

