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A LOGICAL CALCULUS OF THE
IDEAS IMMANENT IN NERVOUS ACTIVITY

WARREN S. MCCULLOCH AND WALTER PITTS

. FroM THE UNIVERSITY OF ILLINOIS, COLLEGE OF MEDICINE,
DEPARTMENT OF PSYCHIATRY AT THE ILLINOIS NEUROPSYCHIATRIC INSTITUTE,
AND THE UNIVERSITY OF CHICAGO

Because of the “all-or-none” character of nervous activity, neural
events and the relations among them can be treated by means of propo-
sitional logic. It is found that the behavior of every net can be desecribed

BULLETIN OF
MATHEMATICAL BIOPHYSICS
VOLUME 5, 1943
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Piyychological Review
Vol. &5, No. 6, 1958

THE PERCEPTRON: A PROBABILISTIC MODEL FOR
INFORMATION STORAGE AND ORGANIZATION
IN THE BRAIN?
F. ROSENBLATT
Cornell Aeronautical Laboratory
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Linear Separable Data with Decision Boundary and Margin
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Frame: 200, Accuracy: 1.00, Loss: 0.0000
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Frame: 200, Accuracy: 1.00, Loss: 0.0000
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Frame: 100, Accuracy: 0.75, Loss: 1.5000
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One-Layer Neural Network Visualization
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One-Layer Neural Network Visualization
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One-Layer Neural Network Visualization
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Frame: 0, Accuracy: 0.56, Loss: 1.0839
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Two-Layer Neural Network Visualization for MNIST

28 X28=784t" 7 )LD
o(H), 1 (B) FEEHTEE @ 0

First MNIST Image (Binary) 12

=

£
g
RINEIEST K
SKE KA L5
XX S ReF

L RRER
< RO
EXAIAK

7N

ZE CMNISTT—XE v biZ
256ERMED 7L — X — ILEGR

BRlDT-HDIL—IL %
TF—2HhHLBETEN




— O wmm — R\
7 ) 7
LeNet, Le Cun et. al.,1998
AlexNet, A.Krizhevsky el.al. 2012

Two-Layer Neural Network Visualization for MNIST

LeNet AlexNet
1z @ | Image: 28 (height) x 28 (width) x 1 (channel) || Image: 224 (height) x 224 (width) x 3 (channels) |
U
2 L | Convolution with 5x5 kernel+2padding:28x28x6 | | Convolution with11x11kernel+4stride:54x54x96 |
L J, sigmoid JReLu

| Pool with 2x2 average kemnel+2 stride: 14x14x6 || Pool with 3x3 max. kernel+2 stride: 26x26x96 |

\ Convolution with 5x5 kernel (no pad): 10x10x16 \ \ Convolution with 5x5 kernel+2 pad:26x26x256 \
3 | sigmoid J ReLu

NG : : : .
NN Y | Pool with 2x2 average kernel+2 stride: 5x5x16 | [ Pool with 3x3 max.kemel+2stride: 12x12x256 |
RS ZL | fatt
REIRSEX XX — : e T :
IR {ﬁ‘s A \ Dense: 120 fully connected neurons | [ Convolution with 3x3 kernel+1 pad:12x12x384 |
%‘A‘: % . . | sigmoid - U ReLu _
74 \ Dense: 84 fully connected neurons | [ Convolution with 3x3 kernel+1 pad:12x12x384 |
| sigmoid V ReLu
e \ Dense: 10 fully connected neurons \ \ Convolution with 3x3 kernel+1 pad: 12x12x256 \
J ReLu
7 Output: 1 of 10 classes | Pool with 3x3 max kernel+2stride:5x5x256 |
| flatten
5 \ Dense: 4096 fully connected neurons |

\ ReLu, dropout p=0.5
Dense: 4096 fully connected neurons

\ ReLu, dropout p=0.5
\ Dense: 1000 fully connected neurons

. |

Output: 1 of 1000 classes
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A. M. Turing (1950) Computing Machinery and Intelligence. Mind 49: 433-460.

COMPUTING MACHINERY AND INTELLIGENCE

By A. M. Turing

[ propose to consider the question. "Can machines think?"
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https://aismiley.co.jp/ai_news/what-is-the-turing-test/
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ELIZA > (PLEASE TYPE IN ALL CAPS) WHAT'S YOUR NAME DEAR ?

AMLIT
> HI, I'M ELIZA. WHAT DO YOU WANT TO TALK ABOUT 7
CAN T TALK ABOUT MY PROBLEM 7
SURE. .. ¢
JE TO ON GOING EXAMS IN COLLEGE, I HAVE A LOT OF STRESS.
PLEASE RELAX A LITTLE. SLEEP WELL.
THANKS FOR YOUR ADVICE.
NO MENTION.
> BYE
> BYE AND KEEP IN TOUCH. ..




People cannot distinguish GPT-4 from a human in a
Turing test 5 %;:2405.08007

Cameron R Jones Benjamin K. Berpen
Department of Cognitive Scienoe Department of Cognitive Science
UC San Dhego UC San Dhego
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ELIZA vs. ChatGPT
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ChatGPTIZ T — X TEE L 7=Al

GPT=Generative Pretrained Transformer
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BIR+EBE2RA | 7— LA 1948:MCP Neuron
1956:Perceptron
1966:Eliza

%5E‘|JAI 0) E%f% (NZOZOE) 1986:Neural Network Model

F— 2 CIlET 35K Back Propagation
AAE T - L— LA EET S 2012: Deep Learning (Alex Net)
FBIRAIT — L 2014:Alpha Go
2017:Transformer

2020:GPT3
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