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Attention-based models combine brain and

artificial-general-intelligence for industrial applications
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Abstract: Recently Attention-based neural network is successfully applied to various tasks such as machine translation,
caption generated from the image, the caption generation from video, speech recognition, generation of image from the
caption. But those models are lacking in versatility.

In this paper, we review the various attention-based neural models, and propose a generalized model of attention-based
neural models using the knowledge of the brain and artificial general intelligence.

s — Neural machine translation by jointly learning
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1 : Neural machine translation with soft attention
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Teaching Machines to Read and Comprehend. [3]
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Show, Attend and Tell: Neural Image Caption
Generation with Visual Attention. [2] -
to England X visited England
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3 . Attentive Reader.
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2 : Neural image caption generation with visual
attention.

Reasoning about EntaiIment with Neural Attention
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A wedding party taking pictures

:: Someone got married
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Qg =—F - 4 : Recognizing textual entailment using two
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Ask Me Anything: Dynamic Memory Networks for
Natural Language Processing. [6]
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5 : Dynamic Memory Networks
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Semantic memory module:
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Input Module:
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Question Module:
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Attention with Intention for a Neural Network
Conversation Model. [12]
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6 : The attention with intention (AWI) model.
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Neural Programmer: Inducing Latent Programs
With Gradient Descent. [7]
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" What is the sum of elements in column B whose field
in column C is word:1 and field in column A is word:7?"

Type Operation | Definition
g
Aggregate Sum sumy[j] = '; row_select, _[i] * table[i][5].Vj = 1,2,...,C
M
Count count: = Y row_select:—1[i]
Arithmetic Difference | diff, = .s‘c;izr,tmtpmfl_3 — scalar_output,

Greater 9:[1][7] = table[][j] > pivot,,¥(z,7),i =1,..., M,j=1,..., (e}

Comparison Lesser 1:[i][j] = table[i][j] < pivots,¥(3,5),i=1,...,M,j=1,...,C
Logic And and, [i] = min(row_select,_[1], row_select, _5[1]),Vi = 1,2,..., M

& Or or[i] = max(row_select;_;[i], row_select;_»[i]),¥i =1,2,....M
Assign Lookup | assign assign[i|[j] = row_select,_[i],V(i,5)i = 1,2,... ., M,j =1,2,..., C

Reset Reset resel,[i] = 1,Vi = 1,2,..., M
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(&
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LP
Lateral Intraparietal Cortex)

(Visual Area V4)

Bottom-up Control of Attention
Attention is grabbed by salient stimuli: stimuli that
have high intrinsic value (such as a fast moving
object).

Automatic highlighting of salient stimuli:

Pulvinar
& Thalamic Nuclei

Top-down Control of Attention

Atention is guided by intemal values and goals, allowing one to select
stimuli that are relevant to the current task.

o .
., TN -,
Top-down signal originate in frontal cortex and flow towards

R _1 %
posterior cortex:

This is liely due to competitive interactions within FEF&

acortical region (see Figure 2) and flows in a — P P— MT a2 — vt
bottom-up manner: LPFC al Area) ]
LIP—» LPFC—» FEF o 20T Buftslo ot s, PNAS 2010

Current Opinion in Neurobiology
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Goal-Driven Data Prioritizer (GDDP):
Novelty-Driven Data Prioritizer (NDDP):
Experience-Driven Process Prioritizer (EDPP):
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10 : Attention driven cognitive architecture
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