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John J. Hopfield

Geoffrey E. Hinton
“for foundational discoveries and inventions

that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES

THE NOBEL PRIZE
IN CHEMISTRY 2024

Hassabis

“for protein structure prediction”

Jumper

“for computational
protein design”

R 1 < it &)
%;‘é p  AphaGo & Z3E) &S gL
i LISP I ., AR
a AT 22 e o 2 KA
E* -x 71% AG )
P Alpha R -
DARPA -8 % Fold  i#4L
PO o A B R
i an X o oA 0w
2% 25 %, B » -
e v Em A BZ= 2021
R e AP R Y 4k
gﬁ My il #
" 99%
~
2XHE 1% A nt 2R ik 2 R E RN
1986 1991 2016 2024



BRREFSJESR

O 5 5 FRER R B 1
O BaitETE
O Fc4£CPUFRNIGPULTI H

<4 PaddlePaddle

I ! Microsoft
+ ‘» CNTK
TenSOi-' Chalﬂer "
O Caffe?

/& PPPPP

PYTHRCH m




15123 o) 2% B il



L
EIEEFIIR

FHI 22 P 4%




ZIEIRRI IR P 2%

0% E#Z T AT LURRR AR 2 14 53 2K (e & .

OF LANHEZNBERNEW TEIRNERLGH, BEHETS T—EHEAETT
0%, HEXAGFEREER, BAFEBERERK, XMEMIRAZERR
R4

Wﬁ%:‘\(
"@"O"ﬁ A\

IN
i1

0w

RS

UROR

a\a\

X R




HZ MBS SRIEL ATz

O LA3E R m 48 /9451

PN NI e =1 fa & =2 i tH = i

BB R =R ER



HZ MBS SRIEL ATz

O b BRI
HZMERIIAR T KA @AME Va5 b, AMEFERFBIBER LT ML EH
AR

—fgms, BIYARIEAIEZFRE, 7O AHsoftmaxed .




WZ TR ]
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O 281 (mini-batch)

MINGEIEFFEINIER —2R9EIE (nini-batch) . BErERE(/) \mini—-batchBy¥5 5 ek
HEVE

O %2 GHE&HE)

AT B Pmini-batchBYIRKRHE, FTEKEHZFMTN
R B ER N R Z R [E),

O %3 (EFESL

R ES YA E G R TRUNEF.
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outputs
y1 d Al

yo d,A0

input layer hidden layer output layer

!4
Label = face
! Label = no face
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BB N4 (Automatic Differentiation, AD)
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EIRZ M 2%

y EFOMZ L& (Convolutional Neural Networks, CNN)
» — TR TR FRLR Y 2%
S WE AT EF (Receptive Field) EIHLEITIIR HEY
yVEMRHERGT, —TTHEXTHRAZHEEBEMMELNFEXE, RBX
X35 A R R A BE WS HURIZ AR TT -
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» EERERE
MNEHE
» 25 [B) A (8] _E BOOR SR A
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.2 Affine ReLU = Affine ReLU Affine ReLU Affine |+ ReLU Affine Softmax

IR E M R 1)

O CNNFFitE T ConvolutionE
Pooling E. CNNEIEBIZEIZINFZ
Conv {ReLU |- Poding—| Conv | ReLU - Polig—— Cony - ReL.U - Affine  ReL,U | Affine  Softmax “Convolution-ReLU-(Pooling) .
OfFEWMENERERT AT
“Affine-ReLU” fH&.

OxEFENMEESERTZETH
EFRHZ L 1514 “Affine-Softmax” AL e
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O LeNet B RHE4E F1994%, ST LRERE, F1998EHHE AleNet-5, 2HITF

S =15 51 By

%, EAEENERENELE, RRESERRWEER.

O 70 “INFEAYCNN” F8EE, LeNetBJLNAIEIA: (1) LeNet{EHsigmoidiR#E, MINTE
HICNNF P EZEF AHReLURH; (2) [RiGAILeNet I {F FH F3#¥ (subsamp | ing) #E/)\ 8]
BB K/, MINZEAJCNNMax;ti it 2 E 7

INPUT
32x32

Convolutions Subsampling Convolutions  Subsampling Full connection

C3:f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

6@28x28
Co.layer Fg: jayer OUTPUT
{20 84 10

S2: f. maps
6@14x14

| Full connection | Gaussian connections
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Fashion—MNISTZ#{3E

[ -

O Fashion-MNISTRI IR E I FME A M Z 5L HBWIISTHIEEST S —H.

O RZAHFZFEIECKLANE TFashion-MNISTEIES 1O, HEIREZEER.

2FR i p HAHE XMEXA) §i% MD5RKIET
train-images—idx3-ubyte.gz JJI&ENEIE 60,000 26 MBytes T#  8d4fb7e6c68d591d4c3dfef9ec88bfad
train-labels—-idx1l-ubyte.gz JlZEMEFIFFE 60,000 29 KBytes  T%, 25c¢81989df183df@lb3e8aaad5dffbe
t10k—-images—idx3-ubyte.gz M ENEE 10,000 4.3 MBytes T%, befdecab320f06d8554ea6380940ec79

t10k-labels—idx1-ubyte.gz MR ERZESIFRZE 10,000 5.1KBytes T#  bb300cfdad3cl6e7al2a480ee83cd310
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for step, (b_x, b_y) in ¢ > (train_dataloader):

b_x, b_y = b_x.to(device), b_y.to(device)

@ m | N | _batChi)”Zi-lJ:\ model.train()

@ 1%_%%@1%;@ output = model(b_x)

pre_lab = torch.argmax(output,

loss = criterion(output, b_y)

optimizer.zero_grad()

@ 1;;& lgiiﬁ%ﬁéiﬁ loss.backward()

optimizer.step()

train_loss += loss.item() * b_x.size(0)

train_corrects += torch.sum(pre_lab == b_y.data)

train_num += b_x.size(0)



LHEE-

RAP

D j:ygl\gi @%‘f& (g:,u Ii’;ﬁIEE for.‘ step, (l?_%(, b_y) in en o (val_dataloader):

b_x.to(device), b_y.to(device)

ﬁﬁ*l&é\) model.eval()

output = model(b_x)

O F0 1 F fa e

pre_lab = torch.argmax(output,

loss = criterion(output, b_y)

val_loss += loss.item() * b_x.size(D)

val_corrects += torch.sum(pre_lab == b_y.data)

val_num += b_x.size(0)
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19 train loss:0.3188 train acc: 0.8839

19 val loss:0.3376 val acc: 0.8763
WZRFIEIEFE TRRORT (8] 2ma4s

0.9 —&— Train loss —&— Train acc
—m— Val loss —m— Val acc
0.85 A
0.8
0.7 0.80 -
2 e o
- S 075 -
0.5
0.70 1
0.4
0.65 4
0.3 T T T T T T T 1 T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 0.0 > 5 5.0 75 10.0 12.5 15.0 17.5

epoch epoch



STISLER (AlexNet)

19 train loss:0.2296 train acc: 0.9161

19 val loss:0.3029 val acc: 0.9034
WZRFILEIEFRE FAYAT 8] 307m12s

0.92 4

0.55 4 —&— Train loss —8— Train acc
' —&— Val loss —&— Val acc
0.90 -
0.50
0.88
0.45 ~
0.86
@ 0.40 - ]
g s
0.84
0.35 ~
0.82
0.30
T T T T T T T T T T T T T T T T
0.0 2.5 5.0 1.5 10.0 125 150 17.5 0.0 2.5 2.0 1.5 10.0 125 150 17.5

epoch epoch
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