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INTRODUCTION A architecture of the predictive coding model
e Reading can be modeled with a Convolutional Neural Network (CNN) [1] input convl conv2 conv3 conv4 conv> lexicon fully connected
e The N400 can be modeled with predictive coding (PC) [2] oredictio SORMI |
e Can we model the entire evoked response using a CNN with PC? (convotUtion CzﬁleEN semantics
e Can we achieve enough realism to obtain a signal that resembles MEG data? KUNINGAS
VAHINGOITTUA
LINNA —> —>
METHODS - e — [l 6
e We built a deep CNN with predictive coding mechanics, starting from pixels, - < < RAVINTOLISA
passing through a lexicon (2430 Finnish words) and ending in abstract 512x2X7 gg”ﬁ'é\'EESNTI «— «—
semantics (sparsified word2vec vectors) (A) 256x4x14 P AUTAINER
e Training data: 1M bitmap images of words (varying typeface and size) Srediction 128x8x28 VARINEN
® MEG data was collected from 20 participants in a repetition-priming de-convolution) 4% 16X56 POIS |
paradigm (B) fLSSURKLLSUSI 1500 units
e The stimuli were presented to the model using the same exact sequence as 64x224 pixels | 5048 Uhits
during the MEG experiment, including stimulus on/off timing and the 32x32x112 2430 units/words

fixation cross.
e The total prediction error within each model layer simulates the
components of the evoked response (C)
e PC cycle duration was set to 3.7 ms, retina-V1 delay was set to 90 ms.
e Linear regression was used to map model layers to cortical locations (D)
e For each cortical location, the mixture of simulated responses is compared
to the actual MEG timecourse (E).

B experimental paradigm and experimental conditions
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C total prediction error in each layer of the model (normalized between 0 and 1)
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D mapping between each layer and locations across the cortex

E comparison between real MEG evoked responses and simulations {b

REAL S I M U LATE D layer contributions RESU LTS

e The model produces very evoked-like

responses, with early responses being fast

and later responses being slow.

e The repetition priming effect is only seen in

later layers because of the 300-ms gap,

which is enough to reset the early layer, but
not the late ones.

e Layers are mapped to cortical locations in a
manner that follows the ventral stream.

® The mixture of evoked response resembled

the actual MEG timecourses (F), making a

direct model-brain comparison possible.

e Experimental effects were mostly replicated.

e Differences between model and brain remain,

e.g. the model responds too much to

uppercase letters.
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