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The Learning-To-Learn Problem

> Z =X xYdataspace, ¥ = {x eR: ||x| <R}, YCR

» A meta-distribution p sampling tasks p over Z, parametrized by

wy, € arngg(iinRu(W) Ru(w) = Eeyyop L((x, W), y)
we

0:YxY — Ry st l,y)is L-Lipschitz and convex for any y €
» A parametrized family of online algorithms
Ay ={Z = (@i ~ n" > AnZ) € RS, h e H)
» Aim: find Ay € Ay with small expected excess risk
E(An) =& =Eu~p Ezopn [Ru (Ah(Z)) - Ru(Wu)]



The Family of Learning Algorithms

We consider A, = wy, the average of the iterations of SGD applied to

w)+ 5w |

Algorithm 1 Within-Task Algorithm

Input )\ > 0 regularization parameter, h bias, p task
Initialization ~ w,() = h
For k=1ton

Receive  zx = (xk, yk) ~ 1

1
Compute sy = ux + )\(Wh(k) — h), ug € O0({xx, Wh(k)),yk) and v = o

Update w,ktD = wh(k)

Return  (w,(0)iE1, w ZWh

— VkSk



Advantage of Using the Right Bias

Theorem 1. Let wy, be the output of Alg. 1 with an appropriate A. Then,

2(log(n) +1)

E(wp) — &, < Vary, 2RL .

1
Vard = 2 By lwy — ]

» Advantage of h=m =E,.,w, (oracle) w.rt. h=0 (ITL) when

1 1
Vard = = B,y [[w, — m[2 < 5

m= 5 Ep~p ”Wu||2 = Var%

» Since m is not available in practice, we estimate it from the data



A Proxy to Estimate the Bias

Proxy: &(Wh) = Eyuwp Ezpn Ry (Wi(2)) m E(h) = Eyep Ezyn L7(h)

L2(h) = min & 3™ ({0 w), i) + 5w — P 1)

» L7 is a convex and Lipschitz upper bound

2R21%(log(n) + 1)
An

Ezepn Ryu(Wn(Z2)) < Ezepn Lz(h) +

» Denoting by wx(Z) the minimizer in Eq. (1),
VLz(h) = =A(Wn(Z) — h)



A Fully Online Meta-Algorithm

We apply SGD to £ approximating the gradients by the last inner iterate
v = —A(W,S(”jl)(z“)) - h(f)) ~ VL0 (D)

()

Algorithm 2 Meta-Algorithm

Input v > 0 step-size, A > 0 regularization parameter, p meta-distribution
Initialization  h*) =0 € R?
For t=1toT
Receive iy ~ p, Z() ~ pu?
Run Alg. 1 with Z(®) and h(®) and compute V(®) as in Eq. (2)
Update  AtTD) = p(t) — A (®)

;
- 1
Return (h()) ! and hy = - ; h®

6



Theoretical Guarantees

Theorem 2. Let ht be the output of Alg. 2 with an appropriate ~. Let wy,, be the
output of Alg. 1 with bias h = ht and an appropriate \. Then, in expectation w.r.t.
the sampling of the datasets

4(log(n) + 1)) 1
— )7

log 1
E [E(w; )] — &, < Vary 4RL Og(';)Jr + ||m||RL\/2(1 + p

» When T — oo, we retrieve the oracle (= advantage w.r.t. ITL)

» The approximation error on the meta-gradients does not affect



Test Error

Experiments
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