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Learnware Paradigm Handling Unseen Jobs Theoretical Analysis

Previous studies: user's job is well covered by learnware market.
This work: consider the existence of unseen parts in user’s job.
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The learnware paradigm (Zhou 2016) attempts to change the
current style of machine learning deployment:

LEARNWARE MARKET

Theorem 1. Let k(x,x) < 1 for all x € X and the binary loss function v is bounded by By, > 0
and is L-Lipschitz continuous.> Then, for all g1, ..., 9c, gu € G. We have

Ry(g) — Ru(g®) <

oG et h)

go.gucg 0w (8) is the optimal classifier minimizing the expected risk Ry

% Unseen-job assumption: The testing distribution D5, is a

mixture of those of the uploaded jobs D%, and an unseen where g* = arg min
C over G.
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Excess Risk Bound: our job selector converges to the optimal one.

Theorem 2. Let k(x,x) < 1 forall x € X. Let the kernel k, and distribution Di,, pY satisfy the
Our Approach X

separability condition with tolerance 8 and margin o > 0. Let v € [ 40;\ , 4)\ ] vmin{N, M, N;} >

: e : 48+/10g(1/5

Job Selector: train a classifier g: X ~ {1, ..., C,u} to assign each —_
sample a job and we make the final prediction by f(x) = f,x) (X).
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Current style:

Learn from scratch

job DY, as DI =

and [1; € C. We have

Ai— A <0 ! ,
vmin{N, M, N;}
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Learnware par'adlgm:

Reuse previous efforts

A Learnware = A well-performed pre-trained model - © °Q e . O QQ ] 1
+ specification explaining its purpose and/or specialty - L6 © — flo A 25 — AT =X < 88hi/a+0 (\/min{N, 7 Nt}) ‘
. . e .. X firX =Y - . estimati ' .
Sharing the previous efforts by maintaining a platform containing —— g:% = 1] s Selector/ *iz x predlchon/ *i::; s Convergence: estimation of weights converges to the true values

various learnware primarily developed for different jobs. [ positive [ negative [Junseen

The classification error of final prediction can be decomposed as

Uploading Stage Learnware Market Deploying Stage

= .ﬂ: g/' ® 9 =iy 5 Epte [Lo1(f( | < E ED 1(f;(x) #y)] + R(g), Figure 1: Uploading phase Figure 2: Deploying phase.
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Our main focus: How to reuse models?
« Challenge: Potentially useful learnware could be very few.

« One should identify which models to reuse, and know how
to reuse them.

Intuition: the proportion of [i; in u;, can be estimated.
Technique: mixture proportion estimation.

“ Term C: error of the job selector over the unseen job.

Intuition: dist. of the unseen job hides in that of the testing data.
Technique: expected risk rewriting.

% Our method achieves comparable performance with RKME-
basic under instance-recurrent assumption and outperforms all
the contenders under unseen-job assumption.

< The gap between ours and ours-oracle and the gap between
ours-oracle and oracle also validate the efficacy of our method.




