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I Motivation: Online Model Selection

Problem: choose among a set of
learning algorithms

—— LR
——— LR(t)
—— NN(1)
—— NN(2)
———NN(2,2)
——N(1,1,2)
——1N(2,2,2)

wi(Ni )
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I Motivation: Online Model Selection

Problem: choose among a set of
learning algorithms

Performance of each algorithm
increases on average

At each round, you can assign a unit
of resources (e.g., computational
power, samples) to a single algorithm
Goal: find the “best” learning
algorithm
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wi(Ni )

—— LR
——— LR(t)
—— NN(1)
—— NN(2)
———NN(2,2)
——N(1,1,2)
——1N(2,2,2)



I Multi-Armed Bandits (Lattimore and Szepesvari, 2020) 2

Agent plays an arm
Le[K]={1,...,K}

Arm I;
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I Multi-Armed Bandits (Lattimore and Szepesvari, 2020) 2

Agent plays an arm

Reward R; Lie[K]={1,...,K}
 ——
Environment generates a reward
Arm I; Ry ~ vy, (tv th,t)

with expected reward p;(t, Ny, +)

If the (expected) reward depends on the (Seznec et al., 2020)

number of pulls to the arm N;; = Y_ 1{[; = i} = rested arm y;(N; )

We will focus on the rested setting
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I Rising Bandits (Heidari et al., 2016) }

Non-Decreasing Assumption = “increase of
total return”

%i(n) = pi(n +1) — pi(n) >0

0 2,000 4,000 6,000
Time t / Pulls n
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Non-Decreasing Assumption = “increase of
total return”

%i(n) = pi(n +1) — pi(n) >0

Concavity Assumption = ‘“decrease of marginal

returns”
0 2,000 4,000 6,000

Time t / Pulls n

7i(n +1) —7i(n) <0
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I Rising Bandits (Heidari et al., 2016) }

Non-Decreasing Assumption = “increase of
total return”

Yi(n) = pi(n + 1) — pi(n) =0 o

Concavity Assumption = ‘“decrease of marginal
returns”

0 2,000 4,000 6,000
’Yz(n + 1) _ ’Y’L(n) <0 Time t / Pulls n

Goal: find a policy 7w* minimizing the policy regret (Dekel et al., 2012):

R(r, T) = max J (r, T) — J (m, T) J(r [ M (Vi ]
€[T]
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I Estimator Construction: Deterministic Case

Idea: exploit the concavity assumption to get an optimistic estimate of y;(t):
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Estimator Construction: Deterministic Case

Idea: exploit the concavity assumption to get an optimistic estimate of y;(t):

t—1
wi(t) = &(\,/ 1)+ Z yi(n)
—— n=N; t_1

(most recent payoff)

(sum of future increments)
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Estimator Construction: Deterministic Case ¢

Idea: exploit the concavity assumption to get an optimistic estimate of y;(t):

t—1
i) = wi(Nig—1) + Z vi(n) < wi(Nig—1) + = Nig—1) vi(Nig—1 —1)
e B —— [ ———
=Nj 1
(most recent payoff) 77\ = (most recent payoff) (most recent increment)
(sum of future increments)
pi(n)
A
R e L A
[ |
"““

Py |
05 ~1 ¥i(Niji—1—1) : =
' | | e 3
1i(Nig—1)<! = i

| | . |

| PN
 e——— >
— ‘ >
Nit—1—1 Nip t n
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I Estimator Construction: Stochastic Case

Problem: we observe only noisy versions of the expected reward p;(n)
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Estimator Construction: Stochastic Case

Problem: we observe only noisy versions of the expected reward p;(n)
Idea: average over a window of h pulls (h < [N;¢—1/2])
Bias-variance trade-off choice

Nit—1
1 v R; , — Ry,
~h O— i,l i,l—h
o (t) = 7 E < Ry, + (t—1) — )

I=Nj+-1—h+1 . —
(estimated payoff) (estimated increment)
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Estimator Construction: Stochastic Case

Problem: we observe only noisy versions of the expected reward p;(n)
Idea: average over a window of h pulls (h < [N;¢—1/2])
Bias-variance trade-off choice

N1
1 < Ry, — Ry, ,_
~h O— i,l i,l—h

I=Nij1—h+1 \ NS R
(estimated payoff) (estimated increment)

Add a bonus term to account for the rewards concentration 3% (¢, ;)
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Estimator Construction: Stochastic Case

Problem: we observe only noisy versions of the expected reward p;(n)
Idea: average over a window of h pulls (h < [N;¢—1/2])
Bias-variance trade-off choice

Nit—1
1 J R; , — Ry,
~h O— i,l i,l—h
o (t) = 7 E ( Ry, + (t—1) — )

I=Nij1—h+1 \ NS R
(estimated payoff) (estimated increment)

Add a bonus term to account for the rewards concentration 3% (¢, ;)

Play the optimistic arm I; € arg max;c al(t) + Bh(t,6,) = R-ed-UCB
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I Regret Analysis

Under the assumption that:

u the window is linear in the number of pulls h = |eN;;—1| and € € (0,1/2);
m the confidence term is set to 0y =t~ and o > 2;

for every q € [0, 1], the expected regret of R—~ed-UCB is bounded by:

R(R-ed-UCB,T') < O( + >
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u the window is linear in the number of pulls h = |eN;;—1| and € € (0,1/2);
m the confidence term is set to 0y =t~ and o > 2;

for every q € [0, 1], the expected regret of R—~ed-UCB is bounded by:

wl—=

R(R-ed-UCB,T) < O <K(0T)§ (alogT)3 + >
€

"

(problem independent)
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Regret Analysis

Under the assumption that:

u the window is linear in the number of pulls h = |eN;;—1| and € € (0,1/2);
m the confidence term is set to 6; = t~% and o > 2;

for every q € [0, 1], the expected regret of R—~ed-UCB is bounded by:

wl—=

R(R-ed-UCB,T) < O <f(oT)§ (alogT)3 + 1K_T2q€‘r q(l - QG)ITJ ,q>>

(problem independent)

(problem dependent)

= Y(M,q) accounts for the “increasing profile” of the expected reward

M—-1
YT(M,q) := max 10k
0.0 = mgs 32 0
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I Conclusions

What we have done and is not in the presentation (come to our poster!)
Restless setting
Experimental results

What to do next?

Regret lower bounds
Applications to federated learning
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Thank You for Your Attention!

o
EY
0

7

Contact: albertomaria.metelli@polimi.it

Code:
github.com/albertometelli/stochastic-rising-bandits
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