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Levine. "Model-agnostic meta-learning for fast
adaptation of deep networks," International
Conference on Machine Learning, 2017]
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13



Gradient-based X 5 FH ©) NTT

A BIR— hESS & Ex

7 FRISANILY

DARLEICE D KFTEZABBICHEINAAT
¥R =1 —3ILRY B (x, §;0) EHTRED

<

BAY @ = f(x,S;0) FRISANIL
INT A— : —
7' Finetune A7
RAVFE
| """" 185 A—%
DEE N DEE N Rk T




Black-box adaptation X 7 F# ©) NTT

Black-box'&2— 1 —3SILRY bf(x,S;0) THIR— FESSAD
BaezE'ET) UL
e Foreach X&FEZINRv D

1.
2.

4,

HRDd&Y>TID

BDRIAMBSHR—REE S = {(x, y)}ETTVUESE Q = {(x,y)} ZH>
JU>T

DTVESICHTDIEK LO1Q) = Y (x,)eo LU (X, S;60),y) ETDHIEC
VL(O|Q)ZETE

DESECKD IR OHBINSA—SFZEH 0 = 0 — BVL(O|Q)

SNAIL [Mishra, Nikhil, et al. "A Simple Neural Attentive Meta-Learner." International Conference on
Learning Representations. 2018.]

MANN [Santoro, A, et al. "Meta-Learning with Memory-Augmented Neural Networks." 33rd International
Conference on Machine Learning, ICML 2016.]

Neural Process [Gordon, Jonathan, et al. "Convolutional Conditional Neural Processes." International
Conference on Learning Representations. 2019.]
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[Gordon, Jonathan, et al. "Convolutional Conditional Neural
Processes." International Conference on Learning Representations. 2019.]
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shot learning." Neural Information Processing
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° %ﬁﬂ;%;) l/ with differentiable closed-form

solvers." International Conference on
Learning Representations. 2018]
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arXiv:2010.04360, 2020]
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Meta-learning from Tasks
with Heterogeneous
Attribute Space
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Introduction ©) nTT

Neural networks require many labeled data.

Meta-learning learns how to learn new tasks with small
labeled data.

Existing meta- Iearnlng methods assumes the attrlbute
spaces are the same across tasks.

_____ b@dj

We propose a meta-learning method that can learn from
tasks with heterogeneous attribute spaces.

JPG

22



Our model: Overview

Input: Support set § = {(x,,, ¥,)}Y_{, query x

©) NTT

Output: predicted response y for x adapted to §
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Our model: Inference network
1.

Calculate initial attribute and
response vectors using support
set

. N N
1 1
Vi = 0y <Nz f\_/(xni)>; ¢ = Jc <NZ fEO’m’))
n=1 n=1

Calculate instance representation
using attribute and response
vectors and support set.

I ]
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vectors using instance
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Our model: Prediction ©) NTT
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Our model: Prediction ©) NTT
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Training ©) NTT

Input: Data from tasks with heterogeneous attribute spaces

For each training epoch:

1.

uosc W

Randomly sample a task

Randomly generate support and query sets

Predict query set by our model using support set
Calculate loss between predicted and true query sets

Update our model by stochastic gradient descent

1
Da
ta
4
5 predicted response

Training datasets 34



Experiments with synthetic data ©) NTT

e Data

« 10,000 tasks generated by 1-dimensional linear and nonlinear models,
and 2-dimensional nonlinear model with random parameters.

 Results

* Our method appropriately learned unseen tasks with different
dimensionality using 5 labeled instances.

Red: Labeled instances, Blue: True response, Green: Estimated response 35



Experiments with OpenML data

e Data

* OpenML: open online platform for machine learning

©) NTT

» 59 tasks with various attributes: #instances 10-300, #attributes 2-30

« #labeled instances per task: 3

 Results

» The proposed method achieved the lowest error compared with existing
meta-learning and regression methods.

Method MSE | Method MSE | Method MSE
Ours 0.788 + 0.011 | NP+FT 0.907 £0.013 | KR 0.828 + 0.021
DS 0.896 = 0.011 | NPAMAML 0.845+0.012 | GP 1.113 £ 0.112
DS+FT 0.887 £0.011 | Ridge 1.179 = 0.038 | NN 1.107 £ 0.028
DS+MAML 0.854 £ 0.011 | Lasso 1.281 = 0.024 | Mean 1.347 4+ 0.025
NP 0.845 +0.012 | BR 1.544 + 0.134

DS (deep set), FT (finetuning), MAML(model-agnostic meta-learning)
NP (conditional neural process) were trained using 59 tasks.
Ridge, Lasso, BR, KR, GP, NN (neural net), Mean were trained using target tasks.
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Conclusion ©) nTT

* We proposed a neural network-based meta-learning
method that learns from multiple tasks with different
attribute spaces, and predicts a response given a few
Instances in unseen tasks.

« QOur work is an important step for learning from a wide
variety of datasets, and use the learned knowledge for
new tasks.

 Future work: use different types of neural networks for
calculating latent vectors, e.g., attentions.
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