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Motivation

Conditional Neural Process (CNP), Latent Neural Processes (LNP) and Hybrid Neural processes (HNP)
attempt to combine the best characteristics of Gaussian Processes and Neural Networks.
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Fig 1: Comparison between Gaussian Process, Neural Network and Neural Process

Model Architecture
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Fig 2a: Data pipeline for Neural Processes Fig 2b: Exarr'lp les of {Cly, TN } drawn from an
arbitrary Stochastic Process
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Fig 3b. Mathematical formulation of

Fig 3a. Architecture diagram of CNP, latent NP. model architecture.

Training and Loss Functions

Conditional Neural Processes, which seek to learn useful embeddings, are optimized by
minimizing the negative conditional log probability of the outputs of the context and target
points, given the context points and input target locations. For a conditional stochastic

process Qy:

L(0) = —Et.p|En(log Qo(f(z1)|C, zT)]]

Latent Neural Processes, which seek to learn a latent distribution over the embedding space,
are optimized by maximizing the ELBO of the log probability predictive distribution:

log p(f(T)|T, C) 2 Eqgom) | Y logp(F(x)|z @) — log =0, T)
xeT p(z\C)

~Eqiom | ) logp(f(2)|z,2) — Dxr(a(2C, T)|la(2|C))

xzeT

Since NPs are neural networks, the loss functions are optimized with gradient descent
using Adam.

1D Regression

CONDITIONAL AND LATENT NEURAL PROCESSES

The University of Cambridge, Advanced Machine Learning

n_context = 2

n_context = 5

n _context = 10

n_context = 20

\\-_,_—ﬂ"f-—‘

1 W\_—.H________;--—--__

—

A

—— Mean prediction
True function
Standard deviation

\-*'“\/

T T T T T
-2 -1 0 1 2

\,/ o

2

T
-2

T
=1

T
0

T T
1 2

Fig 4: Comparison between GP, CNP and LNP on the 1D-regression task (fixed kernel parameter)
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Fig 5: CNP pixel mean and variance predictions on images from MNIST.
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Fig 6: CNP pixel mean and variance predictions on images from CelebA.
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Varying Kernel Parameters

n_context = 2 n_context =5 n_context = 10 n_context = 20

RPNV VAV =l YAl
o - ), | | EE—— —
3 AT || e || || N

T T T T T
— /—\‘/
—— Mean prediction

True function
Standard deviation

| N\

- | PR "\/‘\/,ﬁ |

T T T T T T T T T T T T T T T T
-2 -1 0 1 2 -2 -1 0 1 2 -2 -1 -2 -1 0 1 2

Fig 7: Comparison between GP, CNP and LNP on the 1D-regression task (varying kernel parameter) -
data was generated using a Exponentiated Quadratic Kernel with length varying between 0.1 and 1.0
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Fig 8: LNP pixel mean and variance predictions on images from MNIST
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Fig 9b: Combining two images, sampling the
CNP result can yield either parent image
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Fig 9a: Sampling from one half of the image only,
forcing the NP to extrapolate the remaining half
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Fig 10a: Latent distribution over standard deviation in LNP Fig 10b: Latent distribution over standard deviation in HNP
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