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Definition of Meta Learning Algorithm

* Generally speaking, meta learning is a mechanism that uses the
information extracted from several observed tasks to improve the
prediction performance of the learner on the unseen task.

 Any method that adjusts the parameters of an algorithm based on the
experience made with other learning tasks can be regarded as a meta
learning algorithm. --Maurer (JMLR 2005)
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Assumptions of Meta Learning Theory

* The goal of single task learning is to select from the hypothesis space H a
hypothesis h to minimize the expected loss of task P on sample space Z = X X Y:

erp(h) = [y .y (h(x),y)dP(x.y)

* The goal of meta learning is to select from the hypothesis space family H a
hypothesis sEace H that contains a good solution to the task P sampled i.i.d.
from the task environment (. Thatis, meta learning focuses on minimizing the
transfer risk on a novel task of a good hypothesis space H :

erq(H) = [, infren erp(h)dQ(P)
e The training (n, m)-sample z € Z™*™is constructed by sampling n tasks from

environment Q independently and then sampling m data from each task
independently, the empirical risk on the (n, m)-sample of a space H is:

erz(M) = S infreq €y ()

 Meta learning theory aims to bound the gap:  |€7z(H) — erg(H)| ’ =

)



Existing Model Complexity Bounds

e Covering number bound on transfer risk (Baxter JAIR 2000):

Theorem 3 Let (P, Q) be an environment on the separable metric space Z = X x Y. Let z be an
(m, n)-sample generated by the process described in Section|3.1| Let H = {H} be any permissible
hypothesis space family. Then for any H € H, € € (0, 1), with probability at least 1 — § over z,
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 When applying the above covering number bound to analyze deep neural
networks, Baxter derives a parameter-count-based generalization bounds.

e Bounding covering number with Pseudo-dimension V.

e Since Pseudo-dimension V is of order O(WIlog(W)), where W is the number of total parameters of deep
neural network, hence Baxters bound is linear of W and is vacuous when analyzing the
overparameterized deep neural networks.
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Our Task Relatedness Measurement

A novel task relatedness measurement called “almost II-relatedness”:

Definition 3 (Almost 11-Related Tasks) Let 11 be a set of transformations w : Z — Z and let
P, P, be probability measures on Z = X x Y. We say that P, P, are almost 1l-related probability
measures\tasks, if the following conditions are satisfied.:

(1) 3N, N, C Z such that P(N) = P;(N,) =0, and

(2) 3m € 1I, w is a one-to-one mapping from (Z\N, P) onto (Z\N,,P,). YA C Z\N,A is P-
measurable if and only if m(A) = {7 (z, yj|{$ y) € A} C (Z\Ny) is Py-measurable, and

(3) fgmx_h.- 14dP = _|" Z\N; Lr(a)d Py, where 14 is the indicator function on the set A, and

(4) the image w(N') is a Py-measurable set, and the inverse image n~'(N,) is a P-measurable set.

e The almost II —related task environment:

Definition 5 (Almost 11-related Environment) In meta learning set up, an environment (P, Q) on
X = Y is called an almost 1l-related environment, if there exists a common probability measure
Pon X =Y, such that for any measures I; € P(i € I,1 is the index set), P and F; are almost
[1-related in the sense of Definition|[3]




Our Task Relatedness-Based Bounds

e Our task relatedness-based covering number bound on transfer risk:

Theorem 3 Let (P, Q) be an almost 11-related environment on the complete separable metric space
Z = X xY. Let z be an (m,n)-sample generated by the process described in Section |3.1] Let
H = {H} be any permissible hypothesis space family. Then for any H € H, € € (0,1), with
probability at least 1 — § over z, we have
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 We extend the above bound to the representation learning setting:

€7 {H} - ETQ( | =

Theorem 4 Let (P. Q) be an almost 1l-related environment on the complete separable metric space
£ =X x Y. Let H = {H} be the set of hypothesis spaces of the form H = Gof, [ € F. Then for
any H € H, any () < € < 1, with probability at least 1 — & over z, we have
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Proof sketch: show that N(e +e. Bp.dy) < Ne. F dip, or NV (e.G7.2m). and .-t-“rf.gr.ﬂmpg.-t-f:;e.gf._i*m}“'
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Our Spectrally-Normalized Bound

e A parameter-count-free bound for meta learning with deep neural network:

Theorem 5 Let (P, () be an almost 11-related environment on rhe mmpferf separable metric space
Z = XxY. LetH = {Ha} = {Gofa: fa € FoA= (A, Ap), | Aills < 53, [A] =M [Jo1 <
b;,i € [L]} be a hypothesis space family where each H 4 is ﬂ'f rheﬁ:rrm Ha =Gofyg = {gaf_,q( ) :
g=0cW,W e R¥>4_||WT |2, < 8}, where o is an element-wise function with Lipschitz constant
6. Suppose thar 3b > 0, for any » € X C R ||T||g < b. Suppose that the loss function [ satisfies
two conditions: (1) when cmnpmed with g, g,g( y) is an o- szschrr function w.r.t. the norm |-,
Vfixedy € Y; (2) ¥ fixedv € R, fixedy € Y, Vg = oW, g’ = coW' € G, 38 > 0, such
that |gi(v,y) — gi(v,y)| < B|Wv — W'v|y. Then for any Ha < H, for any 0 < € < 1/8 with
probability at least 1 — & over z, we have
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* We further apply the above spectrally-normalized bounds for regression/binary
classification/multi-class classification problems within the meta learning framework.




When Two Tasks are almost II-related?

 We show that our proposed task-relatedness notation actually corresponds to the “almost
isomorphism” between two measure spaces induced by the probability measures.

Definition 7 (Almost Isomorphism) Let (£, A, p) and (Z2, B, v} be two measure spaces.

(1) A point isomorphism 7 of these spaces is a one-to-one mapping of Z1 on to Zo such that por ! =
v and m(A) = B. That is, VA € A, w(A) € B, and vice versa.

(2) (£, A, p) and (Z2, B, 1) are called almost 1somorphic if there exist sets Ny € Ay, N2 € B,
with p(N1) = v(N2) = 0 and a point isomorphism m of the spaces Z,\N, and Z:\N- that are
equipped with the restriction of the measures p and v and the complete o-algebra A, and B,

* The task-relatedness condition is satisfied when the sample space is a complete separable
metric space.
Theorem 6 Let (P, Q) be an environment on the complete separable metric space Z. Then for any
atomeless P;, P; € P(i # j,1,j € I), the probability measure spaces (£, B;, F;) and (£, B;, P;)
are almost isomorphic. In other words, the two measures P; and P; are almost 11-related.
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Takeaways

» By proposing a novel task relatedness concept, we provide a meta learning bound of

1 . :
order O(W) , and further derive a parameter-count-free spectrally-normalized bounds

for meta learning with deep neural networks.

»We rigorously demonstrate that the proposed task relatedness corresponds to the
almost isomorphism between measure spaces of two tasks, and such relatedness
assumption is satisfied when the sample space is a complete separable metric space.

»0ur ongoing works include providing sharper meta learning bounds with non-i.i.d. task

environment assumption or even without such environment assumption. ’ﬁ
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	�Task Relatedness-Based Generalization Bounds for Meta Learning
	Contents
	Contents
	Definition of Meta Learning Algorithm
	Assumptions of Meta Learning Theory
	Existing Model Complexity Bounds 
	Contents
	Our Task Relatedness Measurement
	Our Task Relatedness-Based Bounds
	Contents
	Our Spectrally-Normalized Bound
	When Two Tasks are almost Π-related?
	Contents
	Takeaways
	幻灯片编号 15

