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BCI (Brain-computer Interface) + Al (Artificial Intelligence)
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nature
neuroscience

Technical Report | Published: 30 March 2020

Machine translation of cortical activity to
text with an encoder-decoder framework
Joseph G. Makin &, David A. Moses & Edward F. Chang

Nature Neuroscience (2020) | Cite this article

3849 Accesses | 1 Citations | 818 Altmetric | Metrics
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Linearizing encoding model
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WAZE: BR
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Decoding accuracy
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Buildings
RO
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FFA
LOC
RSC
Highways &\ PPA
Industry
Mountains "

Walther, e Journaly of Neuroscience, 2009.
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(1) Measure brain activity for an image
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(2) Predict brain activity for a set of images using receptive-field models \,
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\»\/\N 1203 H3R15K: 92%
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Set of Receptive-field models Predicted voxel
images for multiple voxels activity patterns

Response

Kay, Nature, 2008. -16-



(s R HELHBE—ESPA (Identification)

(1) Measure brain activity for an image
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(2) Predict brain activity for a set of images using receptive-field models \,
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Kay, Nature, 2008. -17-
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fMRI signals
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X X X X
Multi-scale
image
~— + + representation
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contrast pattern

Miyawaki, Neuron, 2008. -18-
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Target image
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natural

image
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Hybrid
method

Semantic  Structural

Reconstructions Encoding Models Image Priors
Naselaris, Neuron, 20009. -20-
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Target image Reconstructions with natural image prior G
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Type of brain
activity

Pixel luminance

Neurons

Local contrast
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L

Object categories

-<— Haxby 2001

1 2002

% / Vorels

Grating orientations

Type of decoding

= Classification

touch, move, eat,
hear, smell, — |dentification

Semantics — Reconstruction

Kay, Nature Neuroscience, 2009.
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Kay, Nature Neuroscience, 2009.
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Hasson, Science, 2010.
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Hu X, IEEE TMM, 2012; ACM Multimedia, 2010.(F{EF £ 8T RIER) -27-




2T

1l

I
Gl

NThEE S| FRIMR(E!

I & (=Pt RS ?Ii

ig4: BRARXBUMASTNRBERERRE
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Hu X, et al., IEEE Trans. on Multimedia, 2012
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3 +
memory testing stage
ROIs Percentage

attention 0.1010

Lspeech 0.0575

Ik ,g Y >j ji E ;s 5 ?m l.semantics 0.0505
ot} 3 = T execution 0.0502
emotion 0.0467

BfgAICIZAYRRX

ﬁi: = 1 Z é. inhibition 0.0432
uga.attention 0.0394

L.orthography 0.0324

uga.emotion 0.0321

uga.decision 0.0319

Han J, IEEE Trans. on Image Processing, 2013; Han J, IEEE Trans. on Cybernetics, 2015
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