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t = 3 X3,4

X3,4

t = 4 X4,3

X4,3

t = 5
t = 6

X5,3

X5,3

X6,2

X6,2

X7,1t = 7

X7,1

t = 8 d1(t) = 1 d2(t) = 2 d3(t) = 3 d4(t) = 5

t = 8

i1(t) = X7,1 i2(t) = X6,2 i3(t) = X5,3 i4(t) = X3,4

da(t) : # time instants ago arm a was previously observed w.r.t. time t
ia(t) : last observed state of arm a w.r.t. time t

t = 5



P4 P1 P2 P3

Arm 1 Arm 2 Arm 3 Arm 4

agent 
0
1

1
2

2
3

3
4

4
3

5
3

6
2

7
1

t
a
Xt,a X0,1

X0,1t = 0
X1,2

X1,2

t = 1
t = 2 X2,3

X2,3

t = 3 X3,4

X3,4

t = 4 X4,3

X4,3

t = 5
t = 6

X5,3

X5,3

X6,2

X6,2

X7,1t = 7

X7,1

t = 8 d1(t) = 1 d2(t) = 2 d3(t) = 3 d4(t) = 5

t = 8

i1(t) = X7,1 i2(t) = X6,2 i3(t) = X5,3 i4(t) = X3,4

da(t) : # time instants ago arm a was previously observed w.r.t. time t
ia(t) : last observed state of arm a w.r.t. time t

t = 5 d1(t) = 5 d2(t) = 4 d3(t) = 1 d4(t) = 2



P4 P1 P2 P3

Arm 1 Arm 2 Arm 3 Arm 4

agent 
0
1

1
2

2
3

3
4

4
3

5
3

6
2

7
1

t
a
Xt,a X0,1

X0,1t = 0
X1,2

X1,2

t = 1
t = 2 X2,3

X2,3

t = 3 X3,4

X3,4

t = 4 X4,3

X4,3

t = 5
t = 6

X5,3

X5,3

X6,2

X6,2

X7,1t = 7

X7,1

t = 8 d1(t) = 1 d2(t) = 2 d3(t) = 3 d4(t) = 5

t = 8

i1(t) = X7,1 i2(t) = X6,2 i3(t) = X5,3 i4(t) = X3,4

da(t) : # time instants ago arm a was previously observed w.r.t. time t
ia(t) : last observed state of arm a w.r.t. time t

t = 5 d1(t) = 5 d2(t) = 4 d3(t) = 1 d4(t) = 2
i1(t) = X0,1 i2(t) = X1,2 i3(t) = X4,3 i4(t) = X3,4



P4 P1 P2 P3

Arm 1 Arm 2 Arm 3 Arm 4

agent 
0
1

1
2

2
3

3
4

4
3

5
3

6
2

7
1

t
a
Xt,a X0,1

X0,1t = 0
X1,2

X1,2

t = 1
t = 2 X2,3

X2,3

t = 3 X3,4

X3,4

t = 4 X4,3

X4,3

t = 5
t = 6

X5,3

X5,3

X6,2

X6,2

X7,1t = 7

X7,1

t = 8 d1(t) = 1 d2(t) = 2 d3(t) = 3 d4(t) = 5

t = 8

i1(t) = X7,1 i2(t) = X6,2 i3(t) = X5,3 i4(t) = X3,4

da(t) : # time instants ago arm a was previously observed w.r.t. time t
ia(t) : last observed state of arm a w.r.t. time t

t = 5 d1(t) = 5 d2(t) = 4 d3(t) = 1 d4(t) = 2
i1(t) = X0,1 i2(t) = X1,2 i3(t) = X4,3 i4(t) = X3,4

d(t) = (d1(t), …, dK(t))



P4 P1 P2 P3

Arm 1 Arm 2 Arm 3 Arm 4

agent 
0
1

1
2

2
3

3
4

4
3

5
3

6
2

7
1

t
a
Xt,a X0,1

X0,1t = 0
X1,2

X1,2

t = 1
t = 2 X2,3

X2,3

t = 3 X3,4

X3,4

t = 4 X4,3

X4,3

t = 5
t = 6

X5,3

X5,3

X6,2

X6,2

X7,1t = 7

X7,1

t = 8 d1(t) = 1 d2(t) = 2 d3(t) = 3 d4(t) = 5

t = 8

i1(t) = X7,1 i2(t) = X6,2 i3(t) = X5,3 i4(t) = X3,4

da(t) : # time instants ago arm a was previously observed w.r.t. time t
ia(t) : last observed state of arm a w.r.t. time t

t = 5 d1(t) = 5 d2(t) = 4 d3(t) = 1 d4(t) = 2
i1(t) = X0,1 i2(t) = X1,2 i3(t) = X4,3 i4(t) = X3,4

d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))
AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯
arm pulled at time t

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

action space {1,…, K}

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

ℙ((d, i, a) → (d′ , i′ )) = (Pσ(a))da(i′ a | ia)transition probabilities

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



d(t) = (d1(t), …, dK(t))

i(t) = (i1(t), …, iK(t))

(d(t), i(t)) ⟶ At ⟶ (d(t + 1), i(t + 1)) ⟶ At+1 ⟶ ⋯⋯

MDP

arm pulled at time t

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

  lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound

ℙ((d, i, a) → (d′ , i′ )) = (Pσ(a))da(i′ a | ia)transition probabilities

AN MDP

P4 P1 P2 P3
X0,1t = 0

X1,2t = 1
t = 2 X2,3
t = 3 X3,4
t = 4 X4,3
t = 5
t = 6

X5,3
X6,2

X7,1t = 7



CONVERSE:  LOWER BOUND



LOWER BOUND
C = (Pσ(1), …, Pσ(K))

  lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound



LOWER BOUND

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)

C = (Pσ(1), …, Pσ(K))
  lim inf

δ↓0
inf

π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound



LOWER BOUND

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)

T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

C = (Pσ(1), …, Pσ(K))
  lim inf

δ↓0
inf

π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound



LOWER BOUND

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)

T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

C = (Pσ(1), …, Pσ(K))
  lim inf

δ↓0
inf

π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound



LOWER BOUND

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)

T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

C = (Pσ(1), …, Pσ(K))
  lim inf

δ↓0
inf

π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound

ν(d, i, a) ≥ 0 for all (d, i, a)

∑
(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) = 1



LOWER BOUND

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)

T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

C = (Pσ(1), …, Pσ(K))
  lim inf

δ↓0
inf

π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)characterise or bound

ν(d, i, a) ≥ 0 for all (d, i, a)

∑
(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) = 1

C1,3,2,41,2,4,31,2,3,4

1,4,3,21,4,2,31,3,4,2

3,1,2,42,1,4,32,1,3,4

4,1,3,24,1,2,33,1,4,2

3,2,1,42,4,1,32,3,1,4

4,3,1,24,2,1,33,4,1,2

3,2,4,12,4,3,12,3,4,1

4,3,2,14,2,3,13,4,2,1

Alt(C)

best arm = 1 

best arm = 2 

best arm = 3 

best arm = 4 

{



T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

SOME OBSERVATIONS -  1

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)



T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

νϵ(d, i, a) kCC′ 
(d, i, a) ≥ T⋆(C) − ϵ

SOME OBSERVATIONS -  1

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)



T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a)

min
C′ ∈Alt(C) ∑

(d,i)∈𝕊

K

∑
a=1

νϵ(d, i, a) kCC′ 
(d, i, a) ≥ T⋆(C) − ϵ

# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

lim inf
δ↓0

inf
π∈Π(δ)

𝔼π[stopping time under π]
log(1/δ)

≥
1

T⋆(C)



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

K

∑
a=1

ν(d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) ℙ((d, i, a) → (d′ , i′ )) for all (d′ , i′ ) ∈ 𝕊



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

K

∑
a=1

ν(d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) ℙ((d, i, a) → (d′ , i′ )) for all (d′ , i′ ) ∈ 𝕊

(d′ , i′ )



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

K

∑
a=1

ν(d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) ℙ((d, i, a) → (d′ , i′ )) for all (d′ , i′ ) ∈ 𝕊

(d′ , i′ )
flow out



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

K

∑
a=1

ν(d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) ℙ((d, i, a) → (d′ , i′ )) for all (d′ , i′ ) ∈ 𝕊

(d′ , i′ )
flow inflow out



# times (d, i, a) is observed up to time n
n

⟶ νϵ(d, i, a)  as  n → ∞ ∀ (d, i, a)

SOME OBSERVATIONS -  1

K

∑
a=1

ν(d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) ℙ((d, i, a) → (d′ , i′ )) for all (d′ , i′ ) ∈ 𝕊

(d′ , i′ )
flow inflow out

flow constraint 



SOME OBSERVATIONS -  2

MDP

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)



SOME OBSERVATIONS -  2

MDP

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

countably infinite T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)



SOME OBSERVATIONS -  2

MDP

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

countably infinite T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)

da(t) ≤ R ∀t, a



SOME OBSERVATIONS -  2

MDP

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

countably infinite T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)

da(t) ≤ R ∀t, a

{ν(d, i, a) =
K

∑
a′ =1

ν(d, i, a′ ) for all (d, i) : da = R}



SOME OBSERVATIONS -  2

MDP

state space 𝕊 = {(d, i)}

action space {1,…, K}

state at time t (d(t), i(t))

action at time t At

countably infinite T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)

-max delay constraintR

da(t) ≤ R ∀t, a

{ν(d, i, a) =
K

∑
a′ =1

ν(d, i, a′ ) for all (d, i) : da = R}



MODIFIED OPTIMISATION

T⋆
R (Pσ(1), …, Pσ(K)) = sup

ν
min

C′ ∈Alt(C) ∑
(d,i)∈𝕊R

K

∑
a=1

ν(d, i, a) kCC′ 
(d, i, a),

subject to
K

∑
a=1

ν(d′ , i′ , a) = ∑
(d,i)∈𝕊R

K

∑
a=1
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T⋆(C) = sup
ν

min
C′ ∈Alt(C) ∑

( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) kCC′ (d, i, a)

ν(d, i, a) ≥ 0 for all (d, i, a)

∑
( d,i)∈𝕊

K

∑
a=1

ν(d, i, a) = 1

(d′ , i′ )
flow inflow outK

∑
a=1

ν( d′ , i′ , a) = ∑
( d,i)∈𝕊

K

∑
a=1

ν( d, i, a) ℙ(( d, i, a) → ( d′ , i′ )) for all ( d′ , i′ ) ∈ 𝕊

flow constraint 

Ergodic state-action occupancy measures

ν(d, i, a) = μ(d, i) ⋅ λ(a | d, i)

??



ACKNOWLEDGEMENTS

- Srinivas and Vincent for their enthusiasm  

- National Research Foundation, Singapore, and DSO National Laboratories 
for the generous sponsorship (award no: AISG2-RP-2020-018)

Srinivas Reddy Kota 
ksreddy@nus.edu.sg 

https://sites.google.com/view/srinivas-reddy-kota/home 

Vincent Y. F. Tan 
vtan@nus.edu.sg 
https://vyftan.github.io/ 

mailto:ksreddy@nus.edu.sg
https://sites.google.com/view/srinivas-reddy-kota/home
mailto:vtan@nus.edu.sg
https://vyftan.github.io/


ACKNOWLEDGEMENTS

- Srinivas and Vincent for their enthusiasm  

- National Research Foundation, Singapore, and DSO National Laboratories 
for the generous sponsorship (award no: AISG2-RP-2020-018)

Srinivas Reddy Kota 
ksreddy@nus.edu.sg 

https://sites.google.com/view/srinivas-reddy-kota/home 

Vincent Y. F. Tan 
vtan@nus.edu.sg 
https://vyftan.github.io/ 

THANK YOU!

mailto:ksreddy@nus.edu.sg
https://sites.google.com/view/srinivas-reddy-kota/home
mailto:vtan@nus.edu.sg
https://vyftan.github.io/


ACKNOWLEDGEMENTS

- Srinivas and Vincent for their enthusiasm  

- National Research Foundation, Singapore, and DSO National Laboratories 
for the generous sponsorship (award no: AISG2-RP-2020-018)

Srinivas Reddy Kota 
ksreddy@nus.edu.sg 

https://sites.google.com/view/srinivas-reddy-kota/home 

Vincent Y. F. Tan 
vtan@nus.edu.sg 
https://vyftan.github.io/ 

THANK YOU!

Questions? Let’s talk!

Contact:     karthik@nus.edu.sg 
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