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Imagenet classification with deep convolutional neural networks
A Krizhevsky, | Sutskever, GE Hinton - Advances in neural ..., 2012 - papers.nips.cc
Abstract We trained a large, deep convolutional neural network to classify the 1.3 million
high-resolution images in the LSVRC-2010 ImageNet training set into the 1000 different
classes. On the test data, we achieved top-1 and top-5 error rates of 39.7\% and 18.9\%
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Input Context Output Choice

sensory evidence 0 1 motion context
1 0 color context

PFC motion 1 line
motion chaloed attractor 1 attractor
color choice 2

color
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Mante et al., Nature, 2013
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“Reinforcement learning is learning what to do — how to map situations to
actions — so as to maximize a numerical reward signal. The learner is not
told which actions to take...but instead must discover which actions yield the
most reward by trying them.”

— Sutton & Barto, 1998
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Mastering the game of Go with deep neural networks and tree search
D Silver, A Huang, CJ Maddison, A Guez, L Sifre Nature, 2016 - nature.com

The game of Go has long been viewed as the most challenging of classic games for artificial
intelligence owing to its enormous search space and the difficulty of evaluating board
positions and moves. Here we introduce a new approach to computer Go that uses ‘value
Cited by 1057 Related articles Al 39 versions Cite Save
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statistics of natural tasks
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The applcation of ideas from computational reindorcement
leaming has recenty enabled dramatic advances in behavic
and neuroscentfic research. For the most part, these
advances have nvolved Nsights conceming the algorihmy
underlying leaming and decision making. In the present ank
we call attenton 10 the equally important but relatively
neglected queston of how probiems in leaming and decisl
making A ntemally represented. To anticulate the signifcer
of represantation for rendoecement leaming we draw on th
concopt of eMcent Coding, B3 Covelcped In Percepson
research. The resulting Pornpective exposes & mnge of ng
poNis for Dehavioral and neurcecientiic resesrch, highight
I partcular the need for research N0 the statistical structun
natrakshic tasks
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Discovering latent causes in reinforcement learning
Samuel J Gershman', Kenneth A Norman? and Yael Niv’

Effective reinforcement leaming Ninges on having an appropriate
slate representation. But where does this representation Come
from? We argue that the brain discovers stale representations by
trying 1o infer the klent Caussl structung of T task at hand, and
RSNONING SACH IAten! CAUSH 10 A SODArAte State. In this DaDr, we
review soversl mpications of this itert Cause ramewors, witha
focus on Paviowi dticning. The fra rk SUQPeets Tt
condtionng i not the scquisition of assaciations between cues.
and cutcomes, but rather the acquisiion of assocations
betwoen atort couses and cbservablo stimul. A btort couse
Interpretation of condtioning enables us 10 begin answeorng
questions that have frustrated classcal theories: Wiy do
extnguished responses sometimes retum? Wiy do stimul
presented in compound sometimes summate and sometimes
do not? Beyond conditioning, ™ principles of latent causal
inferonce may provide a genenl theory of structure leaming

@ CrosaMark

extend a familiar category to incorporate this unusual
example, of to postulate 3 novel categoey. We refer to
the process of parsing expericnce into groups of delincas-
ng the boundancs of geacralization among cxamplcs as
strctury fearmvag, The idca is that thas passing process
attempts to follow the true causal structure in the world:
Expericnces that are all instances of the same cause
should be grouped together and generalized over, while
expericaces that are duc to different underdying causes
should be separated in our mind, Recent work has begua
to umravel the cognitive and ncural mechanisms support-
ing structurc Jcaming (sco |2,3) for revicws), Our focus
here is on the role of structure in reinforcement Jearning.

Structare leaming is fundamental o reinforcement learn-
ing because these algorithms rely on a repeesentation of
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Biologically plausible learning in recurrent
neural networks reproduces neural
dynamics observed during cognitive tasks
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Abstract Neursl activity during cognitive tasks exhibit lex dynamics that flexibly encode
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have been proposed as a model of cortical computation during cognitive tasks. However, existing
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