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A simulation study of pathophysiology in semantic dementia based on
a semantic vector space learning model using deep learning techniques

Abstract: In order to obtain a basic pathophysiological knowledge of semantic dementia (SD) , we proposed
a semantic vector space learning model which integrates visual and language information and performs se-
mantic related tasks using deep learning techniques. Previous studies have shown that in SD patients, there
is brain atrophy in the temporal pole which is considered to be involved in the integration of higher-order
sensory information, and they consequently show impairments in semantic judgment such as word recogni-
tion and object naming. These indicate that the SD symptoms may be caused by damage in the integrative
functions of sensory information. The proposed model maps visual and language information to semantic
information using deep learning techniques, and we verified the performances of the modeled functions of the
temporal pole by executing meaning related tasks from the point of the constructive approach. After learning
the cognitive tasks used for diagnosing cognitive dementia, we conducted destructive experiments of semantic
vector space in the proposed model. The simulation results show that the decline in task performances are
well correlated with the behavior of actual SD patients. This suggests that the proposed model gives one

explanation for the pathogenesis of SD.
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Fig.1: A hypothesis of semantic expression in the cerebral cor-
tex[4].
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Fig.4: Example images of CIFAR-10.
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Tablel: Parameters used for learning.

Activation Function ReLU
Learning Rate 0.01
Momentum Coefficient 0.9

L2 Regularization Coefficient 0.0002
Mini-Batch Size 100
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