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Generating Natural Language Descriptions with Brain Activity Data Evoked by Video Stimuli
using Deep Learning
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Quantitative analyses of human brain activity based on language representations, such as semantic categories
of words, has been actively studied in brain and neuroscience. This study attempts to generate natural language
descriptions for human brain activation phenomena evoked by video stimuli by employing deep learning. Due to
the lack of brain training data, the proposed method employs a pre-trained S2VT (end-to-end sequence-to-sequence
model to generate captions for videos). To apply brain activity data to the video captioning model, we train a model
to learn the corresponding relationship between brain activity data and video features. As result of experiments,
we have not yet been successful in generating appropriate sentences. We will further devise the architecture.
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Fid 5 BRSFE & AT % video captioning Fik& U
T, Venugopalan & [Venugopalan 15] (2 & > CTIREI N2 E
TV (S2VT) Zf#fH L7-. S2VT i3 sequence-to-sequence €7
)V [Sutskever 14] 2L TH Y, stacked LSTM IZ&>T%
NEAREE LTW5. stacked LSTM Tl¥, 7 Convolutional
Neural Network (CNN) 2 &3 7L —A4Z ¢ D RGB H4H
L < & optical flow [Brox 2004] D % Z i (encode) U,
ETDT L — A#m&ﬁiﬂt%k*ﬁTO@F@%M@b
TXER%T 5. Encoder TIE, Bl &127 L — L DR
&% time step TAJITHZ LT, @jﬁﬁ‘b ﬁﬁ%%jﬁ’i’ﬁiﬁi
THILEMRIZLTWS.

% Eli%, CNN IZ VGGNet [Simonyan 15], £® CNN DA
J1& U T RGB Hif§, 72 2 D stacked LSTM ZfHHL, &)
=R R SFHIICET IV & L e,
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BILIlE o TEFNDESLET 5.
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step 2. BSEHT— 9 M SEHMED TR
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*1  https://github.com/chenxinpeng/S2VT
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| OB -BIX | @BIEEIT — X R
F—KREv b MSVD BRI & B ISR T — X
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FNTY XL Adam SGD
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epoch : 1000 epoch : 100
J§1=v MK % J& 1000 62,552 - 6,000 - 4,096
A B KAV hOE— FAZIE T

F 2: B 5 LR U 72 SIS Dl

A hamster is eating.

A man is slicing a potato.
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IZBWTETILOD encoder D AFIA% 80 time step TH 5 Z
EMs, lcipro v ORHMEZHNITES LD, £F
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