
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).  

Table 1: Accuracy on true labels. 
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The learnware paradigm (Zhou 2016) attempts to change the 
current style of machine learning deployment:

Handling Unseen Jobs

Figure 1: Uploading phase.

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

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

Excess Risk Bound: our job selector converges to the optimal one.

Convergence: estimation of weights converges to the true values.

v Unseen-job assumption: The testing distribution 𝒟!"#$ is a
mixture of those of the uploaded jobs 𝒟!"# and an unseen
job 𝒟!"$ , as 𝒟!"#$ = ∑%&'( 𝑤%𝒟!"% +𝑤)𝒟!") .

Figure 2: Deploying phase.

RKME: !𝜇!KME of original data

Previous studies: user’s job is well covered by learnware market. 
This work: consider the existence of unseen parts in user’s job.

The classification error of final prediction can be decomposed as

v Term A: error of the job selector over the 𝑖-th job. 

Risk Decomposition: the job selector’s error has three parts

Intuition: #𝜇# can be used to approximate 𝒟!# .
Technique: kernel herding.

v Term B: 𝑤% , 𝑤), the proportion of jobs in the testing data.
Intuition: the proportion of #𝜇# in 𝜇%& can be estimated.
Technique: mixture proportion estimation.

v 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.
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Learnware paradigm:
Reuse previous efforts

[Zhou, FCS 2016]

Current style: 
Learn from scratch 

A Learnware = A well-performed pre-trained model
+ specification explaining its purpose and/or specialty

Sharing the previous efforts by maintaining a platform containing 
various learnware primarily developed for different jobs.

How to design specification?
• Reduced Kernel Mean Embedding [Wu et al. 2020]: 

approximate the original data by a small set of  weighted samples.

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. 

The pre-trained models can perform well on their own job, we 
only require to minimize 𝑅(𝑔), the error of the job selector.

How to assess their values？

RKME is a nice specification
• Capture sufficient information
• Protect data privacy
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