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Solving tasks sequentially to learn tuning parameters
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A meta-strategy

Assume that we have an upper bound on the generalization
error of a strategy when used with hyperparameter \ on task
t:
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A meta-strategy

Assume that we have an upper bound on the generalization
error of a strategy when used with hyperparameter \ on task
t:

Idea : use online optimization algorithm to minimize the L,'s...

Online Proximal Meta-Strategy (OPMS)

A — Xe|l?
Aep1 = argmin {Et()\) + u} .
A 2w
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Example : tasks are online prediction

Sequential regression tasks t = 1,2,..., T
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Example : tasks are online prediction

Sequential regression tasks t =1,2,..., T
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Example : tasks are online prediction

Sequential regression tasks t = 1,2,..., T
(1} @ X¢1 given X R
o predict ye1 : fy,,(xe1) oss function /.
@ y;1 is revealed For short,
] Update 0{-71 — 9t,2
Q@ o X, given Cei(0) = Uyeis fo(xei))-
o predict yez : fy, ;(x2) Objective :
o y;2 revealed
e update Oy — 0:3
© o x:3given n o
o predict y;3 : fy, 5(xt3) Z £i(04,7)
o y: 3 revealed =1
shlipcateif-siibes as small as possible.
0 ...
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Example : online gradient algorithm (OGA)

0t7,'+1 = Qt,i - nvgt,i(etﬂ') J
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9@,’4.1 = Qt,i - UVft,i(Qt,i) J

Regret bound for OGA

If each ¢, ; is convex and L-Lipschitz,
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Example : online gradient algorithm (OGA)

9@,’4.1 = Qt,i - UVft,i(Qt,i) J

Regret bound for OGA

If each ¢, ; is convex and L-Lipschitz,

& nnl® 10 — 6.
2:i(0: ) f l, (0 ’ )
Z t,i\Ut, ||3|T<B {; t, ( ) + 5 T o

(. J/
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Meta-learning for OGA
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Meta-learning for OGA

Online Proximal Meta-Strategy (OPMS)

A=A
At+1 = argmin {Et()\) + u} .
A 200
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Meta-learning for OGA

Online Proximal Meta-Strategy (OPMS)

A=A
At+1 = argmin {Et()\) + u} .
A 200

(7]t+17 9t+1,1)
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= argmin min E lei(0) + +
%,ﬂ IIHIISB{ - ti(0) 2 2n

2

i=

+

[V = 0eall” + (1 — ne)?
200 '
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The big question :

Question : what do we win? J
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Standard : learning in isolation
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Guarantees for our meta-strategy
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Simulated examples
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Simulated examples
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But |

» Bayesian |
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Where is Bayes 7 ?
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Bayesian inference
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Learning the prior
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Online variational inference

@ B.-E. Chérief-Abdellatif, P. Alquier, M. E. Khan (2019). A generalization bound for online
variational inference. ACML.

Online variational inference :

i—1
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Online variational inference

@ B.-E. Chérief-Abdellatif, P. Alquier, M. E. Khan (2019). A generalization bound for online
variational inference. ACML.

Online variational inference :

i—1
. K(q,,
Je; = argmin {uT S Vo Fogy, [es(0)] + 20T } .

neEM =1 n

Regret bound :

th: ] 7)4Ln IC(q#, )}

DB, [ei(0)] < uigAfA{EM ;
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Online variational inference

@ B.-E. Chérief-Abdellatif, P. Alquier, M. E. Khan (2019). A generalization bound for online
variational inference. ACML.

Online variational inference :

i—1
. K(q,,
Je; = argmin {uT S Vo Fogy, [es(0)] + 20T } .

neEM =1 n

Regret bound :

n

k . n4L n_, K(qu7)
Z;EGqu,i[gt,i(e)] S u'gL{EGNq th: ] £ .

2
If g, =N(p,1)and 7 =N(m, 1), K(q,,7) = M
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