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Lecture overview

@ Manifold learning

NLDR with DNNs
t-SNE and UMAP on DNNs
designing tailored embeddings

Jonker-Volgenant assignment
© Meta learning

thinking in distributions

the distribution of all data...

...and of all tasks

definition

the meta learning support set

metric, optimisation and model-based

€© Looking forward

meta learning datasets
large-scale generative models
machine reasoning and risk
take away points
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Manifold learning NLDR in DNNs
Definition: NLDR in DNNs Example: bottleneck features in LeNet

Feature vectors in deep neural class LeNet(nn.Module):
networks (DNNs) capture abstract degup_e;ztgﬁgseg%%) init_ 0O
patterns which are interesting to self.convl = nn.Conv2d(l, 6, 5, padding=2)
analyse. self.conv2 = nn.Conv2d(6, 16, 5
self.fcl = nn.Linear (1655, 120)
; self.fc2 = nn.Linear(120, 84)
We Can_use nonlmear_ self.fc3 = nn.Linear(84, 10)
dimensionality reduction (NLDR)
algorithm, such as t-SNE and UMAP def forward(self, x):
J . h x = F.max_pool2d(F.relu(self.convi(x)), (2, 2))
to examine these patterns. x = F.max_pool2d(F.relu(self.conv2(x)), (2, 2))
x = flatten(x)
The deepest (bottleneck or x = F.relu(self.fcl(x))
penultimate layer) features are - i - Zérfflf‘f(gg%;')fcz(x))
often the most interesting. return X
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Manifold learning example t-SNE and UMAP on DNNs

Usage: t-SNE [1] or UMAP [2]

import torch
from sklearn.manifold import TSNE

# f = features for whole dataset
f = torch.randn(1000, 84, 1, 1)

# specify embedding to 2D

g = TSNE(2).fit_transform(f.squeeze())
print(g.shape) # returns (1000,2) UMAP 2D
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Manifold Iearning designing tailored embeddings

n-classes (CCE loss)
Example: tailored embeddings

The embedding space can be
controlled by additional constraints,
such as reconstruction term, additional
losses (classi caiton, regression).

What will the 2D embedding be like for UMAP 2D
the following architecture?
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Manifold Iearning Jonker-Volgenant assignment

Example: Jonker-Volgenant

A visualisation trick is to minimise an
assignment cost to optimise the layout of the
embeddings. The Jonker-Volgenant
algorithm can be used for this, giving:
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Meta learning thinking in distributions

Acommon lie... 99.7% test accuracy !
..is that test data """ train data (no!) (your boss and the investors are happy)

Pdata Pdata

Ptrain Ptrain

7120



Meta learning thinking in distributions

62% test accuracy 51% test accuracy
(but closer to the truth) (even closer to the truth)
Pdata Pdata
Ptrain Ptrain
roll up
your
sleeves!
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Meta learning thinking in distributions

Generative models (e.g. domain adaptation, transfer and meta learning)

izt existing/public Pdata
data
Ptrain Ptrain
testing
domain

transfer is a
challenge
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Meta learning the distribution of all data
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