..‘!ﬁ%;.h‘n
2* ° NEURAL INFORMATION
%eje., PROCESSING SYSTEMS

RRC

Wenjun Ding", Jingling Liu', Lixing Chen?, Xiu Su', Tao Sun?, Fan Wu', Zhe Qu'

1.0Observations on Generalization Error
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It can be observed that, under two different inner-level
optimization processes—gradient descent and proximal
descent—the generalization error exhibits two distinct

Qpendencies on the number of inner-task update steps y

2.Contributions

» We summarize six mainstream meta-learning algorithms and extract their
structural features. Based on their inner-processes, we classify these
algorithms into two frameworks: GDF and PDF, and develop two definitions
of on-average stability, respectively. Accordingly, we establish a quantitative
relationship between innerlevels and the generalization error in convex and
non-convex settings.

»  Our results reveal the influence of the inner-levels Q on generalization error. In
particular, we identify a trade-off relationship in GDF, whereas PDF
demonstrates a beneficial relationship in its generalization bound. The
primary reason for this difference lies in the term introduced by the inner-
process. For example, in convex setting, the term for GDF, O(Jf"), increases
with Q, whereas the term for PDF, 0(#), decreases with Q. These findings
help to design a more efficient inner-process of meta-learning.

» Based on the generalization results of GDF and PDF, we further derive the
generalization bounds for six meta-learning algorithms and analyze their
implications. In general, note that the meta-objective F(w) plays a crucial role
in reducing the generalization bound. Motivated by this, we propose a new
meta-objective F,.,(w) and prove F,,(w)<F(w), thereby enhancing
generalization performance. Extensive experiments confirm the efficiency of
the proposed objective.
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3.Results

Algorithm 1 GDF and PDF

1

2: Choose arbitrary initial point w” € W;
3:fort=0toT —1do

4:  Randomly choose the task i.
5. Inner-Level: wf. ; = w,
6: forg=0,1,..,Q—1 do
7

)

: The set of datasets S = {S;}, , outer iterations 7', inner-levels (), regulation A.

Analysis.
>

On the Stability and Generalization of Meta-Learning:

In GDF, the first term of the bound increases with Q,

worsening generalization, while the second term
decreases with Q,indicating a trade-off.

In PDF, the adverse effect of Qon the first term

disappears, whereas its beneficial effect on the

B W0 =0, —aVE(u . 5) second term remains.
9:  end for
10: Frame. Algorithm Convex Non-convex
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4.Experiment
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(c) Convex PDF. (d) Non-Convex PDF.
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