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Reinforcement Learning
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Efficient Learning from Multiple Tasks
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Transferrable Structures

e Transferrable structure in policies/solutions
o Learning prior policies using KL-regularised RL:
m [Teh et la NeurlPS 2017] [Galashov et al ICLR 2019] [Tirumala, Noh et al
ArXiv 2019]
o Neural probabilistic motor primitives
m [Merel, Hasenclever et al ICLR 2019]

e Transferrable structure in environments

o Meta-learning with neural processes:
m [Garnelo et al 2018 ICML] [Garnelo et al 2018 ICML WS] [Kim et al ICLR

2019] [Galashov et al ArXiv 2019]
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Markov Decision Processes
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KL-regularised Reinforcement Learning
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KL-regularised Reinforcement Learning
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KL-regularised Reinforcement Learning
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KL-regularised Reinforcement Learning

e Distribution p(w) over tasks w:

mhax Z p(w) [Eyzw |:i y' (rw(st’ a,) + alog 7] 5) ) /

=1 AR

ﬂj;(at | St) X JZ'O(CZt | S;)CXP(QCVK(% | St))

m*(a,|s;) = arg max Z pWE, [ Z vy log my(a, | St)]
7[0 W "

S Yee Whye Teh




Information asymmetry in KL-regularized RL
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Introducing Structure via Latent Variables

trajectory

n(7) = J]Z'(T | 2)dz

rl/a\tent variables

goal conditional policy temporal correlations — e.g. options



Hierarchical Structure in Policy and Prior
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Hierarchical Structure in Policy and Prior
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Hierarchical Structure in Policy and Prior
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Neural Probabilisitic Motor Primitives
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Transferrable Structures

e Transferrable structure in policies/solutions
o Learning prior policies using KL-regularised RL:
m [Teh et la NeurlPS 2017] [Galashov et al ICLR 2019] [Tirumala, Noh et al
ArXiv 2019]
o Neural probabilistic motor primitives
m [Merel, Hasenclever et al ICLR 2019]

e Transferrable structure in environments

o Meta-learning with neural processes:
m [Garnelo et al 2018 ICML] [Garnelo et al 2018 ICML WS] [Kim et al ICLR

2019] [Galashov et al ArXiv 2019]
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Model-based Reinforcement Learning
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Model-based Reinforcement Learning
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Model-based Reinforcement Learning
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Specifying Stochastic Processes

e Gaussian processes are typically described via marginal distributions:

f (1) p(ee)\ [(K(zi,21) K(zi,a2) - Kz, a)

f(z2) " p(z2) K(x2,21) K(z2,22) -+ K(z2,2¢)

f(@) p(a) K(wy,21) K(wg,@2) -+ K(xg,34)
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Specifying Stochastic Processes

e (Gaussian processes can equivalently be described via its conditional
distributions:

flae)|f(z) =91, f(@e) = we
~N (M($t+1) T Kt—|—1,1:tK1_;1;1,1;ty1:t7 Kit1t41 — Kt+1,1:tK1_;7;l,1;tK1:t,t+1)

e In general, stochastic processes can also be described using a
consistent family of conditional distributions:

P(f(2t+1) = Y1l f(21) = 11, .-
for training sets {x14, y1:t} and test sets {Xt+1, yt+1}.

-»f(fl?t) — yt)
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Learning Neural Stochastic Processes

e Use a neural network to parameterise the conditional distributions.
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Learning Neural Stochastic Processes
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Few Shot Image Classification
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Few Shot Image Classification via Meta-Learning
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Optimization Perspective on Meta-Learning
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Optimization Perspective on Meta-Learning
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Optimization Perspective on Meta-Learning
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Probabilistic Perspective on Meta-Learning
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Variational Auto-Encoders
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Probabilistic Model for Meta-Learning
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Neural Processes
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Neural Processes

Task = Function on 1D space.

Given training points, use neural
processes to predict mean and std of
function values at other locations.
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Mean return
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Image Super-resolution

Task = Image = Function on 2D space.

Bottom half prediction Super-resolution




Image Super-resolution
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Adversarial testing of RL agents
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Adversarial testing of RL agents

M

M7p87pg

Pg

Goal position

Powerful

T(M,ps,pg|A) RL Agent

<

Start position

Ds

Bayesian min (M A
Optimizaion M ,p;,p, ( 7p87pg’ )

(M, PsyPgs A) ~ p(T) - training & holdout samples (agents, mazes, positions)

il Yee Whye Teh




Bayesian Optimization performance
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Examples of performance decrease

Bayesian optimisation iterations
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Summary

e Prior knowledge/inductive biases are necessary for fast learning.
o Knowledge about what is in the environment
o Knowledge about how to solve tasks
e Sources of prior knowledge:
o Features, losses, architectures
o Data augmentation
o Data from other modalities
o Related tasks
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Thank You!
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Recommender systems

Obijective:

For given user {4, approximate its rating function fu : Z — R given the observed context Z,, C [




Recommender systems

Obijective:

For given user U, approximate its rating function fu : L — R given the observed context Z,, C I

(Iu7 Ru) ~ p(T)— training & holdout samples

1G(Z;) = ( (r\Z\C’)) p(r\ |C)[ (p(r\i\C’))] C'=CU {Z;,7:}

/

Bootstrapping from the model’s predictions
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Results on MovielLens: RMSE

MovieLens 100k

Model 20% of user data 50% 80%

SVD++ 1.0517 o 1.0217 ° 1.0124 °
Multitask MLP 09831 e 09679 e 09507 e
MAML 0.9593 . 0.9441 ° 0.9295 e

NP (random) 0.9359 ° 0.9215 ° 0.9151 °

NP (Info gain)

0.9288 o —

0.8829 o —

0.8557 ¢

MovieLens 20m

Model 20% 50% 80%

SVD++ 0.9454 o 0.9454 0.9452
Multitask MLP 0.8570 'Y 0.8401 ° 0.8348 °
MAML 0.8142 ° 0.7852 ° 0.7780 °
NP (random) 0.7982 ° 0.7684 ° 0.7570 °
NP (Info gain) 0.7932 e 0.7366 e 0.6857 o
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