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1 MM RE R 5HEAR

1. HEMKZHIRIFESEX

BAIVEE McCulloch 5 Pitts (1943) #2HH “M&n” MM, BE
F i B R IR AR 2 e T AT N . R M4 ClE R A
AR, HMERCES TR

MRWEMERZ X : HRKEHERT (unit) 4K, STk
—HSEHUR BN, G IBCRAATIE L R Ja o B bR

2. “REEI” 5MEKEM

RE (deep) ME: UM% ZHARZH, W2 R “URPESES]” fRAY
(deep learning), BEWE H 2 M JF 46 EHE H 2% ) B F & FIRHIER TR

RONMERRIZEES: LEERRE (one hidden layer) 17715 M
%, it LRPAE AT R R

3. 5iZEEVARLLE

52T IMACR A A sigmoid 82 T H, (HAPZE M4 H
KILRE ST . BB F TR TR AEARAR ;#2025 D)5 3 6
TR THFAE, Bz DAIA] ) 0 SRR TN 22 STRHIE, X — I FE R 3R

T~F>] (representation learning).
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M2 2% (B A B TC R TR It BTSRRI — A
B, PR HHHT IR, R&FE— Nt HitEd R T
@ FoE, FIomAMEEATIACRA, FIA M BT

n
z=b+ Z W4 x;
=1

Hrf, wANERE, » NRARE, b ARE. N T &, w8
FH 1) 8 3R 7R 2 IMBUR A 2
z=w-T+b

@ Z TR, LTSI 2 N — AL R R f(2),
RO y:
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i UL PR BUE FEsigmoid BRI, DR far H B 2 X TR (0, 1)

1
1+e z

I ARF, oy AR TR E, CR_AMEMKSHE—THEATT
BB &ML . BR 1 sigmoidpR %, S REUL B Etanh (UERIE]
R fReLU (EIEZMHETT).

y=o(2) =

A neural unit, taking 3 inputs x, x3, and x3 (and a bias b that we represent as a
weight for an input clamped at +1) and producing an output y. We include some convenient
intermediate variables: the output of the summation, z, and the output of the sigmoid, a. In
this case the output of the unit y is the same as a, but in deeper networks we’ll reserve y to
mean the final output of the entire network, leaving a as the activation of an individual node.
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FoAt B0 R

1. tanh (RUHRIE IR0

ef— e ®

e+ e *
tanh PRECEFIE I, BAREEAS w RN AT i, ARAE T etk fE R i
T P T H 5
2. ReLU ({2IEZkMH&7T)

y = tanh(z) =

y = ReLU(z) = max(0, 2)

Ljsigmoidflitanh AN A, ReLUMIBHBEAE IE X (B 46241, RIbEEH 2L
WA HR M, JCHGREMN S BRI Z GO, BEIE IRl 2.
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2. & BT

The sigmoid function takes a real value and maps it to the range (0,1). Ttis
nearly linear around 0 but outlier values get squashed toward 0 or 1.

1.0,

0.5

0.0

y = tanh(z)

=10 =5

0 5 10
z

(a)

y=max(z,0)

10,

-5

-0 10

s
o
|
o
ER=
o

(b)

|3 ] The tanh and ReLU activation functions.
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3. 7E (XOR) &t

SE{ (XOR)
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3. 7E (XOR) &t

Minsky 1 Papert (1969) iF#] | BENMRZ BT IAITEEBANE

SefET B R B, ldn, BRI (— PR ) AN T ) AR T LA P AR
PRECANDAIOR, (HTCVETTHXORME . — M8 R B BAER W T

AND OR XOR
xl x2|y x1 x2 |y x1 x2|y
o 0 |0 O 0 |0 O 0 |0
0 1|0 0 1 |1 0 1|1
1 0 |0 1 0 |1 1 0 |1
1 1|1 1 1|1 1 1|0

1. RHHL (Perceptron)

Perceptron J&—Fh & 1 AT TTAERY, & P28 N 25 ) e - S 3
Z—. 'EH Rosenblatt {£ 1958 g, FEHIT —0FAEH. AWML
P (O AR R AL AE i 2 e i TAE 75, NG S BRI 4l
KFES—1EE (RE) #HiTHE, RFELLERERRERL.

o, MR w-z+05<0
V= I, R wrz+b>0
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3. 7E (XOR) &t

AL S R 2 E R S KBRS BATZE, BEREE
FROREEMERT Sy BIRE . 1, AND I OR 451 B (112 485z B mT DUd i B
LB N ERoR 1 3 — B BANDAORZ A bR H K — 2R S
(TS EA LT Z).

X) %
\1 \l
130 X130
-1 0
+177 e
(a) (b)
The weights w and bias b for perceptrons for computing logical functions. The

inputs are shown as x| and x> and the bias as a special node with value +1 which is multiplied
with the bias weight b. (a) logical AND, with weights w; = 1 and w, = 1 and bias weight
b = —1. (b) logical OR, with weights w; = 1 and w; = 1 and bias weight » = 0. These
weights/biases are just one from an infinite number of possible sets of weights and biases that
would implement the functions.
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3. #E( (XOR) ]

{EXF XOR IXFARLNE T 73 1), B —RORREIN IR ok, {3 ]
Z MO AT DU . DRI, M 2N B — i 2 ST A
R ANHE S B 22 I 28 T A B

a) Xl AND Xz b) Xl ORXz C) Xl XORX2

The functions AND, OR, and XOR, represented with input x; on the x-axis and input x on the
y-axis. Filled circles represent perceptron outputs of 1, and white circles perceptron outputs of 0. There is no
way to draw a line that correctly separates the two categories for XOR. Figure styled after Russell and Norvig

(2002).
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3. #E( (XOR) ]

{5 FH 9 )2 ReLUAH 22 JC AR HRXOR i) i

BEIR AN EFINLICIETHE XOR, (B AT LLIE I 22 J2 W28 R AR 1RaX — il
o N2, HPIESET ReLU B0 s B #0242 T fif ok XOR
W, N ER AP R = AN ReLUM A TG, 1 EARE T — AW 471
AR A L T

XOR solution after Goodfellow et al. (2016). There are three Rel.U units, in

two layers; we've called them Ay, hy (h for “hidden layer”) and y;. As before, the numbers
on the arrows represent the weights w for each unit, and we represent the bias » as a weight
on a unit clamped to +1, with the bias weights/units in gray.
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H 8 (XOR) ] &

X h2
1 O 1 o .7
0 %) 0 > @ .
0 1 0 .- 1 21
a) The original x space b) The new (linearly separable) h space
The hidden layer forming a new representation of the input. (b) shows the

representation of the hidden layer, h, compared to the original input representation x in (a).
Notice that the input point [0, 1] has been collapsed with the input point [1, 0]. making it
possible to linearly separate the positive and negative cases of XOR. After Goodfellow et al.
(2016).

RN, 2R TR, AR M 2R A A B2 A AT
TR AR AT O F I Z A T 73 R RS (a]. BRlt, M Ex LB AE T
Bid RSB FE ST MABIRNFHER K, ﬁﬂff&?ﬁ??]ﬁuﬂ‘ﬁﬁ
REAE, AT e T B — RN E I T3 XOR BRI . 3X — AR IR FE
)W 02— (B, representation learning, ?%/T%Z)o
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4. RGP ZE I 2%

BRI M2 (Feedforward Neural Network): ZMEHEZAE
Hik, KA ENMNEZENRETTHEEZEE, A REAE. 5205 HE
2GR F— 2, MR R R R EHER .

Input layer Multiple hidden layer Qutput layer
£ £
/ L

AU 275 7 58 E A B Ao 2 2 APl (MLP, Multilayer Perceptrons),
HSERR b, BARHHEE 48 1 SR T AR 5 IR AL ) 17 B BR R B, 1 A A
T 2 M0E s (IReLU. sigmoid®5) #EAT 558 24 i AR 2R AR e .
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4. RGP ZE I 2%

1. BiiEM4 (Feedforward Network) EX

B8 E — 2 R R4, T8 NS BRI A0 D E A
B ZR R oS EckE E—ERrA R, AT INBCRA, JfEd
AN ROE R BAL B, MRS T — R 2B ICE AR i 4
.76 (neural unit). FRAERIETHN LS 2 2%/ (Fully-Connected),
HY, iz /= R oTE S b — R P BT IE

input layer hidden layer output layer

A simple 2-layer feedforward network, with one hidden layer, one output layer,
and one input layer (the input layer is usually not counted when enumerating layers).
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4. WSR2 9%

2. MLEHEIREEH

— ™ SR (PR 28 o — 2T R

- IR (Input Layer): FZURIEFHIERE « € R™, FlAISCAs
KA EER BRI A . F LEMEs AR R R

- 852 (Hidden Layer): ZfHZMZEHIZ 05, HEAMMEIT
MR, AT N AT IIBCR AN I S pR . ol /Z 18 i AR
FEEE W AMRE b B ANSIR RN RIR . BRI AT DA

@ M. AR

9
zj = Z Wiiz; + bj,
=1
HEEMHHREE 2= Wa+ b
@ FELRMWIE: NABIERE o (A4 sigmoid. tanh. RelLU %),
BRI ZBOE S h=o0(2) = o(Wz+ b).
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- I E (Output Layer): HRAEFREZ %0 B3 T & M. %
HE BN TR S MR, B — 0 AT 5518 A — A 1
M2 0 AL WA Z AN, g e — MR m. UEnk
A, EREGZERR he R™ BRI NEZH /= Uh, FHiEd
softmax PR — L ARER 70 -

exp(%) n
=wm o YER™, yi=1.
k1 ©Xp(2%) ZZ:
[ N D NN SEN g s /N o N b ey e A VP D R
GIIENARCSURER
h=o(Wz+b)
z= Uh
y = softmax(z)
Hp weRmxmo pe R, Ue R™*™, ¥l ye R™ 2 Y, v = 1o

2025-02-01
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4. RIBRARLEIIL

3. S5iZEEARX AR

—EM%: S TEEEE CoREUZ, R Hi4-softmax).

ZEMLE: AR A S5 B 5N REE R AR,
T BT KR ERE, R HZ R R K.

FNMOA: PR GEHEIH) BITCERGEZ BT 580 E
JERIAR S T AR S 70 SR A Z NN 1 3R 145, R4 m] 22 > R 0%
PREL FORJZ T B3 il BT R R SRR HSRHE: SR
WE (REME) BEKSERR, BEANKR. BIEREHNES.
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4. T2 2%

£ RIS E

XFTURBEA A N 2%, A — BRI R R n] LLS AR . s G in s
Z )2, MZRRNS % ] B B AR IRHER R, IITTHE 2 AT 55 (P RE
B— ZTHE D IR A4

- WA Z MR 2[d = Wi - ai — 1] + b[4]

- LS R AL a[d = g[1] (2[4)

- WA y = a[n], Ho n AMEREEE

1. E—HBARFTSRER

ONFEEE

- DRSS L] MEES: B0 ENRANZ, B 1. 20 E05
SN R A H 2

- BERABCEEERCE W], B R EILIEN]: HjRE A A
TG

zjzhang (HZNU)
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SRR 2%

@ Wik 5 e A &

- a[d FoRE | EREBGE (activation), H o[0] R IE x;

- i) TR | JEAENE AR LR B BT 2 AR A B
Ad = Wi al[i-1] + b[4.

O SRR

- B EALEA R AR R B g[d] (), a2 H I ReLUBKtanh, it
JE A5 2N i softmax

Wk, VRPN TR RN 2% T R AT 4 — A

fori=1.n:
z[z] = W[i a[i-1] + b[4]
ali] = g[d(<[1])

y=a

=

o gRI R B 28t (o SR A D o
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4. RIBRARLEIIL

2. Logits 5 softmax

- A E R g B2 n] F RN “logits”, Bl softmax 2 A ¥
InmEE.

- 18It softmaz(z[n]) Klogits VA — AR 73 A, HELZ 50 RAESS

3. EEMBUERNLEN

- AL AR 2R EBOE (BCEOE R0, NMHER 2 E M
Her] L& I — IR A AR e
L0 = W (D ) 15 — (1 D) g (WO 1 4) = Wy

PR T Z Z M IRIERE S, BN RZ MR,
- ﬁtﬁ*ﬁjﬁf%F’ZlEﬂgl)\ﬂEﬁ%ﬁ@ﬁ (1 ReLU. tanh %), A fg
FIERAB IR IR EE
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4. RGP ZE I 2%

4. RETRY “REMIMN" Bk

N TR, AR E A — MECALH) “ RN ao AL E

- ERF RN ) SR AT I — 4 = 1:

- A i B b RS N 3 2% R UL RE A W, 0]

EREEED = o( Wa+ )N h=o(Wz), HAzC & =1,
FH¥b & T WHERE RS — 51,

[JTLRE] Replacing the bias node (shown in a) with xq (b).

zjzhang (HZNU) 2025-02-01



JS2FH T A5 R £ BEAT SCA 2 73 2R

zjzhang (HZNU) 2025-02-01 26 /57



5. N HIRT R 48 HEAT SCAR 2 70 2R

1. BRI BITRM 4%

M—ANTRT BRI Z 1 I BT 4R, BV B R R 2K 888 B N
— MG BREUZ AT Z% o B NRRAE T DL T T bR E4F1E,
-

- aps SORYHRORE TR

- @ IETHNANE R HP B TR

-2z IR SAEFHEE “no”, WML, HII~0, 2%,

HIHZE y nTUAEBAT A (O RMERIEm A A E B, sE A
F05 O BARRIET . SO AN SO o B B AR T A R s X N 1
IR
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5. N BT 45134 T SCAR % 32k

A Al R - /N I
r= [z, 2,..., 28] (BEDa AT TRFHIRHE)

h=o(Wz+b)
z= Uh
y = softmax(2)

Hor:
- o RN &
- W A EHEE,
- b R E A&,
- o FEWIE R (B sigmoid B ReLU),
- U e 2 AE HE
-z RS R, 40T softmax FEAL NMER A 3.
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5. N HIRT R 48 HEAT SCAR 2 70 2R

2. EEMFERRTFES]

AT R VAR I BRGRUZ AT AR R 2% BE S ROR R IR 2
A ARANE AT HOG R o X AEAT 2% RE il B A3t 2 > A1 3 S5 I, i AMX
AT 2R PR . XFF, IS AU RS NI 2L A, T2
HIE 2 R AR HOR S B R AR

dessert wordcount X
=3
positive lexicon x
was words = 1 2
great countzoé" no X,
Input words X h
[nx1]  [dyXn] [y x1] [Bxdy]  [3x1]
Input layer  Hidden layer Output layer
n=3 features softmax

|30 MIl] Feedforward network sentiment analysis using traditional hand-built features
of the input text.
zjzhang (HZNU) 2025-02-01




5. N HIRT R 48 HEAT SCAR 2 70 2R

3. FHERTHES]

HAl, KEZHNLPASH, ANFEAHT T8 rRrE, T2 omiR
B2 51 B B s A TR E . B, SRl R R AT DOl R N (an
word2vec B GloVe) K% 2], IXEeiik NGBS HE B id] 2 [8] A8 SUAIE o
X TAB BT, FRE X 2% 2 2 2] B ATl X S A R B R SUE S
FEARTE bR SCHEWT H B R .

embedding for
dessert— “dessert”

embedding for
wasT  ewas”

embedding for
great— “great”

Input words

h
[dx1] [dpxd] [dx1] [Bxdp]  [3x1]
Input layer Hidden layer Output layer
pooled softmax
embedding
JAPIC AN Feedforward network sentiment analysis using a pooled embedding of the in-

put words.
zjzhang (HZNU) 2025-02-01




5. N HIRT R 48 HEAT SCAR 2 70 2R

4. tLERIE

FEAC ST, 388 200 2 A 8] (iR NI S — DM EEA R R
e a7 2O B ik (pooling) BRI, Blln~FHuttl. B&H—4
H 2 A H ISR, AR e(w), e(w2), .. ., e(wy,), FJLAIE
LR BT B B RN SRS S8R A5 B2 SR B AR R R

1
Tmean = ,71 Z e(wz)
=1

XA ITIERES A RO X AP E R EG R — B R EERRR, FT
Ja B 73 RS

HAt b A B 7Pk, b w] DUE A H bt e 5Emg, ek
At (max pooling). Kb ST FEEENYERL 1 HAE, LA IR SR
TR B AFAE . IR el Al 75 U B TR T 2 A e U A RE

R U5 2% L T 1 IR BT SENLP2» AT S5, B el
A RERR, BRFLRITFHENEDUIIE, JF HAEW E It
SCARHE ZAE A X PP ITVE INLPAT 5 34 17 5K R T R AR
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5. N HIRT R 48 HEAT SCAR 2 70 2R

FEZ ARG T, WBERIR AR, HAY m+Sigmoid 50
i +SoftmaxfE D g 44
sigmoid(z) = 1 +1e_z — softmax([0,4]) = [/(1+¢7), &*/(1+¢7)],
EXUHT Ki+Softmax AT & [ 4 —2 0 RIS | Mt B, thyesepk
7R A I EUE 5 TR

zjzhang (HZNU) 2025-02-01



6. VIR R 2%

@ I ZRiRL i 2%
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6. VIZRAZ M4

1. EEERE S BkRiE

HIN: BEARHERIE o (AT DL A B ).

FRAGHIL: 5 S KM B

EiF: REFARORE W RIRE o (SRS 0), M
YRAE T AT RS T B0 R

ML SR

@ & XPURMEL, MR 5y MZER;

@ THEBURAN T % S HIR L 5

©® AMBLE TR (BCHARRD SAEH L.
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6. VIZRAZ M4

2. ML EHH (Loss Function)

Z oy R A ik (Cross-Entropy Loss), 5% [A| )58 4 —
B, MR E § e RE, FHARZN one-hot A& y):

K

Lep(ihy) ==Y wrlogir = —logfe (c NIERZ)
k=1

UK MR SEER e NE, ST 5 softmax Hint EREECAE A

3. #EitE (Gradient Computation)

- RMTERE R Iméﬁ, Al EER R E w; 3R, 1521251
EEEANEG AR 20D — (g — )

- X FIRIZEMLS, FEEETGEN (chain rule) ¥R ZE R ML IER %
EZH.

XEEEL: RERIEEE (Backpropagation), L AN “1HE
K7 s SR B AGE I, S SE R — T R, RS E
AR S, F— G MLk, R,

zjzhang (HZNU) 2025-02-01



6. WNZRANE M 2%

115 & (Computation Graph)

L M BTSN R I SR Bam AR
T8 S5HmL CBHEHD.

2. WALk PSR T RE, BRI RESUR L

3. JE ALk MR RA AT, RO AR IL ERBRIE (Rt
BE x ARHBEIL), FAAF BN RED S HU 3 4L

4. ZHCEH: LIBRRL N BN,

6&9—7725,

Hrpn NI,
TSI BL— AN T B R R AR IR 8 A = 2 9, SR TR S T

AR HOL/ 0z (R{ER I, far = B — A sigmoid s B/ A 3G
PRALRIARZE TC

zjzhang (HZNU) 2025-02-01



6.

13T E]  Sample computation graph for a simple 2-layer neural net (= 1 hidden layer) with two input units
and 2 hidden units. We’ve adjusted the notation a bit to avoid long equations in the nodes by just mentioning
the function that is being computed, and the resulting variable name. Thus the * to the right of node wlllll means
that wllll] is to be multiplied by x|, and the node 11 = + means that the value of z[!/ is computed by summing

the three nodes that feed into it (the two products, and the bias term b,m).
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6. VIZRAZ M4

2.80E3E (forward pass)

= Wil ol0) 4 pl1]
[” = ReLU (M)
= Wi gl 4 52
am = ()
y=d?

-d% =g z’%iﬁ‘ﬁ)\ﬁi
- WL B R — R R E AR B, T T 1 i L
- SRJE I ReLU AELRIEAS BIRRHUE BOE ol

SR Rl FEL. LM EE A2, B sigmoid (o) MR
s AR s

- B = o) BT IES (B RIZEAD TSR o

zjzhang (HZNU) SCAAZ YR 2025-02-01



6. VIZRAZ M4

EEfE %
® XX fEHH%k (cross-entropy loss):

Leg(iy) = —[ylogy+ (1 —y) log(1 — )]
= — [ylog d+(1-y) log(1 — a[z])]

X A& 4138 Gsigmoid ) BT EIAR, FIAERZ B2 H b
@ ZHERBFH:

d
d—za(z) =0(2)(1 - 0(2)),
d
o tanh(z) = 1 — tanh?(2),
d 0, z<0
— ReLU ’ ’
Az (2) = {1, 2> 0.

FEIR ML AR, 7 E XL )R *B*%F;ﬂéf“ﬁﬁ’iﬁfﬂ'ﬂ
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6. VIZRAZ M4

® HEREN (chain rule): K Joxt it ol BRI, 5% HI X T
15 2R B A 3

g ) — 42 _
0z dal?l 0z a4 y
oL dlog al? dlog(1 — al?)
g = —gE t -9 —5p
8log a[ I dlog(1 — a) ,

oL y 1 _ Yy 11—y
g =+ 0= () =~ (g~ 1)

Fil Flsigmoid B $ A S, AT4R22) — ol2)(1 — ol?)

zjzhang (HZNU) SCAAZ YR 2025-02-01



6. VIZRAZ M4

W ZRem s

1. EEEESEIERL

- B MGk REBCEE REEIEGRN, 228 22
SERIEAFALAL A LU AL R B R H R A5 2 .

- FEHLANIE: 5B RAAR AR REYIEIA 0 AN,
PREE N 28 54 R B I E VR4 Ja NEOREHLE, DUSTRONRRIE, PRIE& R
SR T AE VISR RE 2 2 BAS [FIRFHE .

2. MiAFREL (Input Normalization)

- ¥EVEFE. FEE—: HEARE (EURN) FRY4EE =245
PME FBRUREZ, AT IR ZRU S, Jlb i BT 2k /R e RV

3. IEM{t (Regularization)

- Dropout: & I IEMEIAR 2 — . FERRSECEEH, DR
p BENL “BRg” SRk (R M E ), Fxh KRR oo
AT SR ZEREEN T A TN KL S, ReA AR
I A KBS (Hinton et al. 2012; Srivastava et al. 2014).
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6. VIZRAZ M4

4. BEHEEAM (Hyperparameter Tuning)

-BEBHEN: 5MESE (BE W. WE b AFE, @SHakE
. 2]Z n. mini-batch K/ L4 (280, R ZE R0 BumREek
B, IENIfE RS (dropout FUf]. RLEZR AT 2.

- BRRES . HSECA @B N MG EEY ), MHRAET
KA (devset) ERGHR (WML VISR LA, B
RIS AR TR

5. RUEETH

- AL GHLERRE R (BGD) FIBEALESEE T % (SGD) 4b, BIAR
Werid % ) Adam. RMSprop. AdaGrad % BEENFIERGE, L
bl s, WIS TF TSI R TIEE.

6. TTHEERSEHME

- HEEB RS PRERE S IHELE (41 PyTorch. TensorFlow)
A0TSR B B BT I AL %, S 2 T LA ARSI FE 1)
L. FIHGPUFHAT IR MR H, A KMRSE T AR 22 [0 285 1 VIl 5
M, FIRMESR ORI 2 GPUFN A A s ZR I S HF

zjzhang (HZNU) 2025-02-01
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1. F8%EX

BRSO T weener, -y weer PEHRA, TR — N1 w, B8R
oA o KPS n-gram 15 H AL, #0RE T A BRA R B 3C
ﬂéj&'fu P(wt ’ wiﬁl):

P(wy | wi—1) = Plw | we—Ng1:0-1)

5N-gramiZ S 1REALL TR S

- A A A SRR, BRSSP R B Sn-gram T2 AL ;
- NERARBUHEL REALBE RIS, Rfin-gram g 5
- TS P =

- GRS YIgE. THE R
- AU n-gram BRI EMU. AR
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MANRRSRNZ

1. ETR3ia4m3
SRR MG S wyy FIEKE N
2. TAHERANZEN

AN E e RV, )

ek = Exp g

BT B B

V| 1 one-hot [A] & x;_jo

(V] 1 1
d E X 5 = d H
3 vl
€5
Selecting the embedding vector for word V5 by multiplying the embedding

matrix E with a one-hot vector with a 1 in index 5.
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3. BHERREIRANE

F N AP R R B IZ AP, S EI4ERE Y Nd 1)1 &
e=[e; N ...; € 1]

BIEEIR RO BRI T

- FIAHET N — 1 NaE Baim N PHEE NN

- ERGEEM— 2 softmax Hirth, AlivH N — N E FINER A7 s

- IE CRRIESE SRR A2 HELE R et n-gram BRI 2 {L RE

AIEHEIE T ESIENEAATUCE W T (UEHKE N =3 Afl):

e = [Bxi_s; Bx; o; Bxi 1],
h fy U(We+b) 9
7 = Uh7

y = softmax(z)
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@» p(aardvark|...)
©) @
o E | @—r(col.)
@ !
-
cll © 1 *’ p(fish...)
E i® :
N
\
2 : © j
E e W h U @—— p(zebra|...)

X axv| 3dxl dyx3d  dyx1 1Vixdy y

[VIx3 VIx1
input layer embedding hidden output layer
one-hot layer layer softmax

vectors

Forward inference in a feedforward neural language model. At each timestep
1 the network computes a d-dimensional embedding for each context word (by multiplying a
one-hot vector by the embedding matrix E), and concatenates the 3 resulting embeddings to
get the embedding layer e. The embedding vector e is multiplied by a weight matrix W and
then an activation function is applied element-wise to produce the hidden layer h, which is
then multiplied by another weight matrix U. Finally, a softmax output layer predicts at each
node i the probability that the next word w; will be vocabulary word V;.
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h = J(We—l—b)
Hrh We RW<Nd e R, o ATHL ReLUZEEZR M R 55 .
2. M B RR ST

z = Uh, UeRIVxh

3. Softmax J3—1t

o } IV
PN P!

y = softmax(z) = [
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Fo R SRR I R SR

BisE (self-supervision)IZAViZ L BIE: DURIGIERTF YA SR
NEEAE T, ERNEZ ¢ AR — A w, BRI TR B
o gk Hirt i/ MURBIN ESE T —MARN TR ZE
1. H#E2JI5H
0= {E W, U, b}

- E: AR HRE;

- W, b: MR Z B FRGEZ A E 5 W & ;

- U: FRs)Z 250 2 IR,

2. MABRTINGSFE

- AR E IR AT ZRIA] A & (4l word2vec) R4S, )]
2 W, U, b;

- B ILE R E S B, SHhikGEETEE—EREERRR
A, BEEESTUNMESIRRR.
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3. kR : XX (Cross-Entropy)

- AN, DU — /MR IERZEA, SRS TS R £
XFEULISR  (negative log-likelihood) 5%k :

Log = —logp(wt | we—n41, ..., we—1) = —log ;

Horp g AR IE AR TR AR

4. HBETHERSRER EEE

O AL RABAEE T s ME Bl k.

@ RZE R ALK e H B N EECR T, B
R AL E U, W, b, JhEMNFFE E.

©® ZHHEH: LAFIGEENLEEEE FEENB, B A 20N:

d|—logp(w | ---)]
o0

03+1 =0, -n

Horp g IR,
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input layer embedding hidden output layer
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JIQTENYWALE] Leamning all the way back to embeddings. Again, the embedding matrix E is
: g y g g g
shared among the 3 context words.
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BRI ZRifu iR 4

1. BENLRIAE AL BT RS 4L 6.
2. wPEEL X EARZ ¢
-}y £ SRR one-hot [ EIFLIRARERE E 455
- PATHTAERE, THERRRUZ M S softmax MEER A
- MR EL ST — AN B A SR R
- WHE AR, TR SR
- ISLFHBR T SR 6
3. IAARENEL, 19 B WeRE s RN R —MA S SR, AT M
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B fast Text A7y A5 7Y
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9. fastText XA 432 HY

fast Text/&Meta AV 5T FIBAEE 1Al ] 2= R SCAR 2R T H,, H
SRR s . m AL, JOHAE A AL EE R B b SR AN 2 2 Fr e .

Document classes O .

Softmax

Hidden linear layer

Document vector

Word Word Word
[ [ ] [ ]
vector Xl vector XZ VECtOTXN
| Document |

] 1: fast Text U A /) BB 4EH
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9. fastText XA 432 HY

1. XAFRITE: B UARTRTA B L n-grams FIRA A& IEAT
P, 193 AR BAR R R

N
1
h= N 5 Vword;+ngrams;
=1

Horp N 2SR i i E Uword;+ngrams; FEH i AR RS n-grams
A (BEFED.

2. MDEER: K LE—DRBKCALRAE b AR —NEMNR
(AR D, TR logit 7 4L

scores = BTh

3. MR RITE . BERMEE R logit /) FUE i softmaxdilyih R EU L
247

escore]-

P(classj|text) = K scorer

Hrp K 2 EFH
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THE END
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