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Bandits (= MDP with a Single State)

"THE MULTI-ARMED BANDIT DILEMMA:
'EXPLORATION vs. EXPLOITATION
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Mulu-Task Bandits

Solving multiple bandit instances (“tasks”) simultaneously

- Task similarity: The tasks share some “common structure” => faster learning!
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Multi-Task Gaussian Linear Bandits

d

There are M bandit instances, each parametrized by €. € |
The user interacts with M instances simultaneously as follows:
fortr=1,2,---

o Choose arms {X;;},cu for each task i € [M] simultaneously

 Observe the task-wise reward r,; ~ N ({x;;, 0,), o)

Question. How to formalize the “common structure” across ¢/;'s?



Two Approaches to Multi-Task Linear Bandits

Frequentist Approach. The parameters lie in a common low-dimensional space!

/ N T

d-dim task vector  d X k linear projector k-dim latent task vector

Yi,t ™~ W(<Xi,ta Hi>9 52)

Bayesian Approach. The parameters are sampled from a common prior
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A New Problem Setting :)

Question. Can we combine those two approaches?

Yes! Low-rank Hierarchical Gaussian Linear Bandits (Lr-HGLB)

-Start from the Frequentist model

-Place independent priors on B and w,_, i.e., tull hierarchical Bayesian model for the

low-rank structure as well
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Lr-HGLB

The environment is sampled as follows: with a
known rank k <d,

o . ~Ny(ugp2,) (referred to as hyper-prior)

k-dim latent task vector

o \Wi’* ~ N (u,,2,), 1i.d. over i € [M]

d X k linear projector

. \Bm’n LR A R e gl L e e s

d-dim task vector

e N0, = Bw;. 1y; ~ N((x00,),02)



Interaction Protocol, Bayes Regret

Interaction Protocol. At the beginning, sample an environment. Then, fort = 1,2,---

* Choose arms {x;;},cu for each task i € [M] simultaneously

 Observe the task-wise reward r,; ~ N ({x;;, 0,), o)



Interaction Protocol, Bayes Regret

Interaction Protocol. At the beginning, sample an environment. Then, fort = 1,2,---

* Choose arms {x;;},cu for each task i € [M] simultaneously

 Observe the task-wise reward r,; ~ N ({x;;, 0,), o)

The performance of an algorithm Is measured via
total Bayes regret [14]:

BReg(T) := lz Z(x — X, 0, )l = argmzic)l((x 6:),

where the expectation E Is taken with respect to

the randomness of the environment and the algorithm.



Thompson Sampling for Lr-HGLB
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Thompson Sampling for Lr-HGLB

In such Bayesian bandit scenario, natural algorithm is Thompson sampling:

 Sample an environment from the current posterior

e Choose arms {Xx;;},cy for each task i € [M] simultaneously, greedily from the
sampled environment

o Observe the task-wise reward r,; ~ /' ({x,;, 0., 6°) and update posterior

But, the joint conjugacy of (B, {w;};c5) fails! => intractable to sample/update

B —> t 1 < Wl .  =>posterior dependency between B and w; ,
) ’ ’
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Gibbs Sampling to the Rescue!

Still, we can utilize the product structure, namely, coordinate-wise update:

* Conditioned on B, each w, has a closed-form Gaussian posterior

* Conditioned on {w;}, /1, B has a closed-form Gaussian posterior

In Bayesian statistics, this is known as Gibbs Sampling
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Gibbs, Low-rank Hierarchical Thompson Sampling

for t=1,2,.. do
Sample b, ~ NV (i, £¢) and set B, « vec™*(b,)
Sample u, ~ Qr = Ny (@, Zp);
fori=1,2,..,M do
Task-wise posterior of w's:

e (550 BIVLB) ™, S+ BT
Sample W, ; ~ Nk(ﬂfi:z?fi)?

Choose action: x,; < argmax(B/ x, W, ;);
XEA

Receive a reward Ty ;

Update task-wise matrices:
T . .
Veeri < Vi + XXt 4, Ve+1,i < Vei T TeiXei

Hyper-posterior: denoting A,.,; = (BtTVHUBt) -

M —1
- g ~1
=1

g . i 1 o
Bev1 < Ziyq (quﬂq g z(zo o5 UzAtH,z‘) At+1,z'BtT}’c+1,z'>

Posterior of vec(B):
-1

z?+1 ( ledk 1 U_ZZ(W“WH) & Vi 1)

M
Bev1 < Zi (UB Uglae +07* 2 Vec(ytﬂ thl))

=1



Gibbs, Low-rank Hierarchical Thompson Sampling

jor i — 172  do

g |

Sample b, ~ Ny (fif,5F) and set B, « vec™(b,) Hyper-posterior: denoting A,.; == (B/V,.1:B,)
N =1

Sample p; ~ Qy = Ny (fAy, Zp); 5 o x-14 i(z 1 o2ZA )—1

fori=12,..,M do Posterior of w’s, conditioned on B L= q 4 vRELIEL

Task-wise posterior of w's:

ﬂ?’i = ZW (Zo Ue + Bt }’u)

- = . 1 =
Rey1 < g (quﬂq + Z(Zo T 02A5+1,i) At+1,iBtT}’t+1,i)

Sample W, ; ~ N (@, £%); Posterior of vec(B):
Choose action: x,; « argmax{(B!x, W,;); . -
’ XEA ’ ZtB+1 ( Op Zldk T U_ZE(WHWH) ® Vit l)
Receive a reward 1;;
Update task-wise matrices: . . N
Verri « Vi + XeiXes, Ve+1,i < Vei T TeiXei e < 2w (GB fab il Z i thz))
L=

Posterior of B, conditioned on w.s



Gibbs, Low-rank Hierarchical Thompson Sampling

for t =1,2,.. do Sample environment from current posterior . s
Hyper-posterior: denoting A, = (B{V;+1:B:)

M
zt+1 2 (251 it Z(ZO g UzAt+1,i)—1)
=1
Task-wise posterior of w's:

M
i & i —1 "
E’:Zvi . (251 i BZVt igt)_l, | | . Bevr < Zivr (quﬂq g Z(Zo 1 UZAHLL’) At+1,iBtT)’t+1,i)
. ) ) ’ =1

=1

Sample W, ; ~ N (2, E); Posterior of vec(B):

=3

Choose action: x,; « argmax(B{ x, W, ;);
XEA

M

SB =5 = ~  A~NT

D (UB lyp +0 Z(Wt,iwt,i) X Vt+1,i)
i—=1

Receive a reward r,;  Sample actions simultaneously

Update task-wise matrices:

M
T Hiyr < Og “Uplax + O ZVeC Yit+1,iWei
Virri < Vii + XeiXes, Ve+1,i € Ve,i T TiXei e t+1< B 4 ( i t,l)
=

Posterior of B, conditioned on w.s
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 Oracle HTS vs. HTS vs. GibbsLr-HTS (ours)

* We consider two choices of tempering hyper parameter c € {0.01,0.05}
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Figure 1. Empirical Bayes regret curves for the considered algorithms.



Thank you for your attention!

In summary:

1. Low-rank Hierarchical Gaussian Linear Bandits: A new setting that takes a
Bayesian approach to multi-task linear bandits with a shared low-rank structure

2. Gibbs, Low-rank Hierarchical Thompson Sampling: Preliminary algorithm that
combines Gibbs sampling with Thompson sampling

3. Preliminary experimental results

Future Directions.
1. Rigorous Bayes regret upper bound

2. Is this the “right” algorithm? How to set the tempering hyperparameter?



