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From brain responses to algorithmes:

advances in parsing the computational architecture of
perceptual decision making with MEG and machine learning
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« Artificial intelligence has sought to solve a similar
problem in visual processing

* Deep neural networks (DNNs) can label images
very accurately
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* Correspondence has been found in terms of the
representations employed by brains and DNNs

Jugd H &
5 o7
S oo
S @

Laura Gwilliams | New York University | @ GwilliamsL YaminS et al. p 2014



aY
X’
o

-

—

Al and neural convergence

o

- ‘\
Y \
o N

* Not so surprising, given that aspects of DNNs
are modelled on vision neuroscience

“ There is more to characterising a system than
simply knowing the representations it uses:

+ Architecture

* Computation
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Research Question

What is the computational
architecture of perceptual
decision making?
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Roadmap

What is the order of operations performed
on the sensory input?
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Parallel Analysis
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Roadmap

What is the order of operations performed
on the sensory input?
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Roadmap
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What are the underlying computations? §&
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What are the underlying computations?
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Roadmap

What are the underlying computations at
the decision stage?
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Roadmap

@. How are the stages linked to one another?
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¢+ Linking processing stages

* Human performance varies on a trial to trial
basis
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Linking processing stages
* Where does this variation come from — during which
processing stage?

* Are processing delays propagated through the system?

Architecture Delay
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Linking processing stages
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Linking processing stages
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Linking processing stages
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Discussion

+ Behavioural delay can be linked to a processing
delay from the decision stage onwards

* Processing stages are sequentially linked

population 1 population 2 population 3 population 4
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Conclusion

e b What is the order of operations performed
" on the sensory input?

c b What are the underlying computations at
the decision stage?

€ How are the stages linked to one another?
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