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A.Samuel (1959)

fleld of study that gives computers the ability to
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T.M.Mitchell (1997)
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- ST = BN (inductive reasoning)

2 i/] _\,/Jm

B 85

—b8FB 58 @908



4. JRIANA PR E2—LDIESE . BFHESP

- WS T = IB#MHERE (inductive reasoning)

;_i/j _\,/Jm $ B3

—b8FB 58 @908



4. JRIANA PR E2—LDIESE . BFHESP
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- WS T = IB#MHERE (inductive reasoning)
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* F v hLDF|T (Occam’s razor)
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“All models are wrong, some are useful.”

19784 George Box (¥i5t%%)
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George Box, ‘Science and Statistics’, (1976)
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y(x,a,b) = ax + b
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LERE (likelihood)
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HeeiflEE (universal approximation theorem)
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2. FBFE DL 3 ? ! loss landscape
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2=

DENEROBSHOLHE (FH. S8 ) 135D
REET )0 Eh>TLE ) - BhErEEER

1[0

2 85%0.78 2820.26

RNEIFEZ S 7 b internal covariate shift




3. Ny F#181t batch normalization d—

X ZCTERBOEIZ. FY - PRAE—RBIEIE L L) IIF
BTNy FRIBILE) e AN 3

'L F1) - pEiE—Ef, tDEIzsE

* R, ABLEE Y 7 F D3/ Ny FREREEDO TR LRE TS
STIIMDMERATALEES N TWE Z e b o TV 5,



4 RBSZVOKOREELNE : RHBEE

ETNDOREY FIf2Z r T, IREREBIZE T 2 HEIE) LEHE
DBOIIFENL HNKE—L DAL

385 4 — & 30,85 4 — &
GCBLES) CBRES)

Mg 1 ? [K.Belkin, Acta Numerica (2021)]



4 REFEBHROAZELGHE | REBFE

ETNDOREY FIf2Z r T, IREREBIZE T 2 HEIE) LEHE
DBOIIFENL HNKE—L DAL

[— 3000 ReLU 1earuves]

() (b) f (©
J/NT A — XK 30/ X2 A — & . 3000/ X — &
CBDEE) CBEES) CRAE. B BIregime)

[K.Belkin, Acta Numerica (2021)]



57— %70 F T4

X512, 2y FPO—28EDTYA4 vHED LEIEAIMESRD
(DL )H)LTb) ¥EAB L. FEFBDONILEED &
Y 2T3Z MRS NTL 3, [Chiyuan Zhang et al., ICLR 2017]

— Transformer ® 13|



5. Transformer



Transformer ¥ BAASENIE

BLDODY TR MEHRIPEMHDAATLZEEZDORIER Fa1/EH 720
(ZDOXEIZHT AthisoE=EK~RZ b, etc)

/ / / /
<1 2 <q <4

this IS a pen



Transformer & BAASEENIP
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OpenA| GPT [Radford et al., ’18]

Generative Pretrained Transformers
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GPT-2 [Ranford et al., ’19]
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GPT-3 [Ranford etal., "20]
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https://www.wired.com/story/cerebras-chip-cluster-neural-networks-ai/
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this report contains no further details about the architecture
(including model size), hardware, training compute, dataset
construction, training method, or similar.
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4. PyTorch
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6. Keras
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Py Torch
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TensorFlow 2
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HuggingFace Transformers

Transformer®E TN 521K D224 75 Y, A7A,
PyTorch/TensorfFlow/JAXF .
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class MyNet(torch.nn.Module):

def init (self):

super(MyNet, self).__init__ ()
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def forward(self, x):
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return X
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Torch.nn.Module?Z 5 & & #¥x3k L . BOETINEDT SR
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class MyNet(torch.nn.Module):
def init (self):
super(MyNet, self). init ()
sefl.densel = torch.nn.Linear(2,10)
sefl.dense2 = torch.nn.Linear(10,1)
def forward(self, x):
x = self.densel(x)
X = torch.relu(x)
x = self.dense2(x)
X = torch.sigmoid(x)
return X
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model = MyNet()
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LIF o B8O ETE *iteration@# /5 1F#e H RS

model.train()
for i in range(iterations):

y_pred = model(x_train)
loss = criterion(y_pred, y_train)

optimizer.zero_grad()
loss.backward()
optimizer.step()
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LIF o B8O ETE *iteration@# /5 1F#e H RS

model.train() 52+ — F
for i in range(iterations):

y_pred = model(x_train) JB1=%#5. 5157 2 D183
loss = criterion(y_pred, y_train) S =015

optimizer.zero_grad() 5157 > 7 25T, B %+ o) HME
loss.backward() & &)

optimizer.step() /<o <4 — 2 &3



