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§1.1 FEENAE

BEE N T3 EE (artificial intelligent, AD FEARFIAWIERE, &F0 AL 25 C2E DN T8
ARG (HR /MR T AR, 9 AT PR AN RiEPUE . iR 7 AT Jil. /] AL P2dh. Al
V6 DATR BE 5% SRR FUAINY 55 B 92k Al, SRUREE % )i OB SR . SRR AL e | o 2 o T K B4
TRAMFMIRS & T, 22 FFEI FoRM . DI e& Rr L giR 2. AL F
BIRT P, GEBIT S5 RNA .

§1.2 LIEEND

APEEEQETFLTE. FREED. FRE S = KA s S8R 7 FRIRE S
TR RS, TTIRAE S8R T 2 Uk i o 2 i RO R N ZRAN TR AR 5%, iR 2 ST BBl 12
T ERAINEZF SIFIEA A, Bl FEiR, el Shals SRV, sStnE. MAREE.

§1.2.1 F4REA

LT ERLEP AP v4, 45 TensorFlow. PyTorch. Sklearn &5, H i iy 2 e B
AT REAOS APT BYHIN .

§1.2.2 FriiEE
RR=pi v GOl AKD)
HEL

BHACH. BREEESE
(¥ AT BERIR 55

FP AT DU 24 B B BEAT AR 55 i SR LA 2 S LT B BT 248, AP E 28
ZJE AT BLE FRGE R R LA I SR S, Rk SR B AR, W AR AR I HE SO
SRR, RIS LA, WA G BN ST ISR . RSB e e A
P il “NGIran” BIMT IRl it . RN ZRoe Bhia, o2 AR RUM B R PR RE SR AR . %
REHLEE R IR R R

AT EROAT M IEH NS E LS, W REIGAE. BRE
U JT I AR S5, AT AR P AR YE B B2 KR B OO SRS i 2 v
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BT AR LR

(e = S R B 5 IR e FE TN < 3 D A TR L BT T A B S T DY A SRRt T g,
e o 2 v X U R Dh B
B REEIRIER

BREE GRS MNIST F5A5IE. R4 Hbstaill. BB E. AR . &
RERIMBRAE R B SO R SRR, P R DAAE A AR T AR IR R, SRAS T 45 2R
BARES LIEIRR

HAME 5 A HE B (Natural Language Process, NLP) RERES T TN M) NLP #K, fFEL
ARG PIAEEIIE. e AR 15 LR MG RS SUARER. AVE e iite, £%
FIH Transformer #5815, Hi2 £H o 2] v 5000 AR 55

BEEEER
BHEIE S HHVE & R BEE S A A (Text To Speech, TTS) % GEEE A (Automatic Speech
o "

(=]
Recognition, ASR) Difg, & REE S & ok FH P AN SCAR G OBeE i, fg 1 2R 0 )] Lok
J AR TR SR R

ray

H iR
ARERALSE 15 AL R ) S5 A 7 2 AE 55 F VI 25 A0 TR0 D e

§1.2.3 HMRES)
FNR S SRR B E T R A ) BB S) L BB RS SR ISR RINLAS

2] IRV TRERI UM . TP AT DA AR 1 g A% SEATLES S R RIS (0 i A R AR
PAE 76 B BN £ Sl iR
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§2.1 Tensorflow
§2.2 PyTorch
§2.3 Sklearn

§2.4 HttZHFFRRE
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FFIRE S

AREEATG PRIV R MR B R ST IR AR 7 H BN TN 59

§3.1 [EIAFN

[ 4 — M E R A AT AR R 2 DG R i%,  H H RS AR AR — A BRI
fi.

[T AEAR 2 (5 AR RIS, Bl KA. HURAR ar 700 7 b O R 0000 A7 o0
SEHATIZ N . A G R B RIE R R R RN A TN R A
e S M TN <5 DO A SR T [, RS2 A R O, T (B S M A &
T H SRR,

§3.1.1 BREETN
R
IR P T T 7 26 IR 0, BURE A gk B DALt R SR B R 2
514 | WVHT 1 | WDIR_1 | WSPD 1 | WDIR_2 | WSPD 2 | WDIR | WSPD
AN [ t-1 HAIBE | t-1 HZINE | t-1 BZNE | t-2 BZINE | t-2 BZDE | e | SaiNE
BEXE | float float float float float float | float
Fo3.1-1 IR P TR TR () A i R B

JZEAIHL (Multi-Layer Perceptron, MLP) BIFTHUs 5e AT 55, BB Hgid tn B -1 %, S A B0HR
it z-score(B1) HEATIA—4k, ARIFHABUBAIHLER, Bai AR BN, 5 IS AT
B, B E AT IR,

z(x) =

—
g

(3.1)

AP RIS B SRS A BT, IRYE B € OB HE T, [N e D8R T A
R s BT DL E R AR s AT T .
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3.1-1 SR B E XN Z SR EFIHL

REIZR

YIS B AT, R SRR S SRR TR . S, IR, WOR R Bk
RS, F B RS, WTUGER FE BRI, R B4, MBS

MLPH#EEL—)l|%
WTHE I
3% I“r
EIE=0 |-"
SR tanh

REHRE mae

siEser | EEEH | mEmaEe
(REEREOAN ISR E)

el FHEIER

3.1-2 R E AR ZR S

FALE 0. SRS UIR5a UR , B GOKR M2 AR 2E S SR K b 198 4%, nEBA-gpiR. wte,
RS 2] T — ANk B BOE S BN A R .

=R FigilE Jlig=m E8iEiR MSE0.0204 MAEO0.1006 R:0.9816

B 3.1-3 R ERAIZRAE bR

RRE TN
B SR B E SCM RS AT TN AN AE 1 & B Se I 2R OB R AT U 2, BLRT B
YRR (FEB.A-d) Ml FI P — AR, TR AL, SRR B AR, E

] SRAT IR et P A T AE
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MLPEIJI| &R Fmy

WVHT 1 I 1.79

WDIR 1 I 22.0

WSPD 1 I 9.1

WDIR 2 I 28.0

WSPD 2 I 8.8

WDIR I 30.6

WSPD I 7.6

s | TaliE: 1.8118582

3.1-4 /] B I ZREEAL TR

§3.1.2 EEWEMTN

W5 O T e T2 S LRSS BNA 2 —, AZAR 55 75 B 79 A5 55 A0 A SR AR AL
AT RE MR, fie 2845 B RENS TN B3 0 B I VAR o A S5 PPN SR AR 22 TR Z (Root Mean
Square Error, RMSE)@]

n

RMSE(y) = | > (yi = 9:)? (3.2)

i=1

REGE

M TRHEE LR L, THAMRZ MHRAE . ML AR, BB Se AT R 2 A2
PEPUALE . RAGAH A SR BRI T . R ARG i 5%

L FERM. 5% [0 LRSI GrLivArea” 961, 4TENHLS 55 R i "SalePrice” )7 A

B -5

700000

600000

500000

ice

400000

SalePri

300000

200000

100000

1000 000 1000 4000
GrLivArea

3.1-5 GrLivArea 5 SalePrice 7340 &
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Density

o B N W B

AR A BB AL EIZRIT, AT DA R PSR PR AN B . (B, L ARRAE B
AN, ERIETUE BB BB R 3 DUHESR .

. BRECEANIE . XU (K ALHEAT 4007, AR Bk e kA B -, itk

FFHE ARz A RE J, BRI R >30% BIRHIE (PoolQC, MiscFeature, Alley,
Fence, FireplaceQu) M2, %5 54014,

HAERIE  BRERE

0 PoolQC 0.995885
1 MiscFeature 0.962963
2 Alley 0.937586
3 Fence 0.807270

FireplaceQu 0.473251
LotFrontage 0.177641

[0 I =

3.1-6  FE{EGR A LA

CERSEIRTE . T RIAR A S B SR ERIRFAES, 2 HIRIBORTE None {6, HFEAKL. H7e T

TR, BRI ETE L

. EASHESH. W F HARME SalePrice, HH B 77 BIRIE MR 8B, 77 0 & 05 1E

A AT, AHT BT A

le—6 Probability Plot

600000 A 4
4

o N @

w

400000 A

Ordered Values

200000 1

01

1] 200000 400000 600000 800000 -3 -2 -1 0 1 2 3
SalePrice Theoretical quantiles

3.1-7  SalePrice HJHE J7 AN IEZASMER 2041 B

PR, SRS ST A AL AL FT, AT 5 RORHE A A BB -d, T LA & TE A -
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Probability Plot

12 135 e
1.0 13.0
0.8 § 12.5
z g
g 0.6 = 12.0
o 4
0.4 4 -OE 115
11.0
0.2
1054 @ .’
0%0.0 16.5 11|‘0 lll.5 12'.0 12|.5 1§.0 13:‘5 —'3 —I2 —Il tI) ]I. é é
SalePrice Theoretical quantiles
3.1-8  Xt#ik)5 SalePrice FIE /7 BIFN IE A MEZR 404 &
5. FFAESRAGRID N T B RHE, & E AT IR Y (one-hot), 7 ReE A2 Bl AT LR
Sl FRVRFAE o

RS, P& RH xgboost AT [RIHEAL . xgboost(eXtreme Gradient Boosting)
e —FhEET GBDT WIS, RASN. RIGEHBRERR AL ERIEIZIE. 5 R E0IRE 2
ZHINH . BRI ESEES, KSR RIA xgboost B, 2 B IA M543 21 2547
R

A%
AR T P LR GRS SRR Th e . TP U s sn bR

B X £
eta FIER 0.05
max__depth MBS KIRE 10
subsample FEHLRALLES] | 0.7
colsample_ bytree REFLEHESIE | 0.8
num_ boost_ round EREE 1000
early_ stopping_ rounds | $2EIZR1E1IZ | 200

*® 3.1-2 TN A S H U ]

=BT

Rl AR08 B ISR AT 000N, B Rl DGR #4811 5 S I 2Rl RO R BEAT 00 . T3
DB 8 T e s A7 N 1) L 4 s 0 i R A% A 2 i B B, R SR AE 7R E S i
EAf, P ERGR IR B T BRI HE % S
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§3.1.3 FxRHEEFHUN
RAE
REU)IZR
RELTT
§3.1.4 BRETUN
REGE
REIZK
RRETI
§3.2 EHiEREIEG
Plas ot (Machine Vision) /& A TR BEUER & e s 1) — N B B0 5, H AT IEAL T AW
B AE AR B . B RE MR AL B4R — S T TH SN LAY N 25 PN 3715 1) B R AR BN 73
PR, ARG — AL BB ABOR U, (BRI SGRLEALSE K — T+ BRI
B EMG AL B T EERORE G, BEE HARRBIA 2, H AR AR B 4 3
BRI JEER, BEEREES: SIHRORIIAWT R, I FIR FEA 220 2% 56 A AT 55 BN & RiE
TRAL BRI ) T -
FEAR R, P EIETHREMEMEEEAR, LI T LA TER EHR R R TRE . AF5 LAl n] i

FEREL (MNIST F54kp2K. BIASCFRA), AR, BReE B E . AR sl &
REPIR A A (G SO 7 IR A R BB ) ST, AT DABRIEAR $f8 75 SR 2R BT 5 (1 45

§3.2.1 MNIST FE&x5H3

MNIST FE %54k B 2 B E K ArE S5 H AP /LB (National Institute of Standards and
Technology, NIST). ZEA 60000 MEA, XA 10000 MEA . AL IH—b)E, FiKE
Fr KN RAH R . %8R40 Yann LeCun 25 A4E37. FEB.2-GRR T 3040 RE A B O 5 5 Y
FER

3.2-9 MNIST #u¥s &~

RAE
AT AESS AR T A, FATRAL I8 LeNet-5 K58 MNIST F5AIRGIES . LeNet-5 MZ%45

winEB.2-1dp) R
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C3: f. maps 16@10x10
C1: feature maps 54: f maps 16@5x5

INPUT
20x32 6@28x28

Full coane(:Uon | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

B 3.2-10 LeNet-5 M%&) 2]

R
PP AT A AR I E 2 5T RAE AR B AT B I 25

BB

FE PV RT LLASE PR F V115 CR R LIEAT Tt T DA 0 T 5 TS 154 A AR 47 0
T 7 o B 2- Lo

CNNEIIgEE— 7 A x CNNF) Il A8EE—Fl A X
e SRR sime S
EHST | FOME: EiSN | FOME:

3.2-11  MNIST il i

§3.2.2 BEARXFIRH

He2E A7) (Optical Character Recognition, OCR) s& 48 X SCA TR G SCAF 1T 20 iR
AR, SRECCF KA E SRR . TRRIE G R S # A TR A, H USRI RGR L.

RANE
FEEM TITEELZ OCR TA tr, M/ RS LA, BT S 2 A s

RE)IZ
AR H ISR

REU T

FIP A SCREL, CFEARTHESR, RERK R, Ao Ep.2 135 R



16 ¥ 3% JRKEEA

M. fE8&), NERWES iR Al 7
<7 ﬁ
QA& -Eﬁ

=T -
SUR i FEER

3.2-12  OCR iR 55k

§3.2.3 B

YOLO(You Only Look Once) F 51| 5i%R FH #0028 ELEE TN it 3 SR AN IR, S
S )3 O MDA DN o AZTTVE IR R ARG I 5576 1 H A DX S A K 5] F00 e [ U i R, i
BPLBREA I PR R P i 8 B A HERA 3 o 5 K] YOLOvS HEZRAE Dy H A i 2 (¥ S At AR 2 o

REE
YOLOvS % 4 Ktn .2 135w,

B e

¥
-j”‘“
n——
B

== T-Tm-w =

e i—nd

SPPE =— CBS “-i 8BS —
L ‘
/

3.2-13  YOLOvV5 Mg 451K

H TR LR (https://github.com /ultralytics/yolovs), “F& EEHIH 1 H AR
BB,

1EA)I12%
Wi YOLOvS HIFFEACHD, FRATTRT LA T i b ARG AR S b AT I S5 S BA R 484, it
52T T yolovhn MM LE KA COCO HidlE4:, BATCH A/NK 128 HIRHL A2

python train.py --data coco.yaml --cfg yolovbn.yaml --weights '' --batch-size 128

ALY GRAEIS A AR LL AR, T S A SR OE B 8 I 2%


https://github.com/ultralytics/yolov5

§3.2 #EH#HEH 17

RS
5 SR R A 280 0 YOLOVS BRUIEAT U, P P @it B AL A 1, 4% YOLOVS
WRLRIBAS, HEAT B RRR IR B0 . B A 258 e -3

Model size(pixels) | Speed(ms) | params(M) | FLOPs@640 (B)
YOLOv5n 640 45 1.9 4.5
YOLOv5s 640 98 7.2 16.5
YOLOv5m 640 224 21.2 49.0

YOLOv51 640 430 46.5 109.1
YOLOv5x 640 766 86.7 205.7

% 3.2-3  YOLOvV5 AJkfiA b HHR 7> 24
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) YOLOvSx % B H 34T 4 #1025 et B .2 1 4P

& 3.2-14 YOLOv5x kil 4 5

§3.2.4 HuEBSE

BIG 2 FIBOR R H T TR U A TSR 2 —, W2 N T TSN (3% S e 2L
Xt ERFAT R RE T E], DS B EGE T A R, DMETILE S B S Z R R AR . K
B BRI 293 i o BIFISEG] 7 155

AR S, FEAR—FREBRA R T oo (R IR SR . T AR R AR ) 2 RSP A B RE A HEL
K2, 5T A AR g o AR R R AT B R 2 FUBOR, AT BURHE AR A FL 3t ) 2 8] 7
ATEATRUER E . BRI, A7 & DURIRR Rt R IR GO, St 1O IR e BB 20 FUAR 55 -

REE

U-Net s&—F U B2 Encoder-Decoder AR FHE 4%, Fe )i N H T BI7 BUR /0%, J5R5E
IO AIE B FLAE FLAD 3k 1 B G o B A LU R, S SIE S o B B S AR 43 E (R B Bt R A
e 4 2t B 2- 1] B) e

61 64
128 64 64 2
input
i output
image ‘
ai?le "1 "1™ 1™ segmentation
8 map
HEE g
HER
¥ 500 I
256 128
= B
B K =L Sl El
¥ 26 2 - t
él 1 et 2 1 A = conv 3x3, ReLU
T TT4E = =+ copy and crop
¥ 512 sz w024 512
el o[ i # max pool 2x2
X T g3 B 4 up-conv 2x2
¥ = conv 1x1

& 5]

3.2-15 U-Net [/ 2% 4514 5]
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B Sl AR AT R AR R, B A R BT R, SR AR SRR AT EORAE,
et 1 x 1 B AREAT 45 R IH
REU)ISK

1. BIEEZ. U-Net BIHI45 7535 MM & 5 G AARE IR, FEMAT zenodo b iITFIEIE
BOCRAEERAE (4] Skahs, FUREImEB.214FTR, FRvEEUR AR ORI AL

3.2-16  U-Net ¥#5 401

2. RENNG . H KRG BB EAT B 1 0, I anBEALER S ELRE . BEALIE I e s . BEALEL
WRBEH A, IR AR R TS BB R R K TR 32 BEER,  fomo R BMEATEAL RO ol 42 A
SRR A2 BN o IR BL DiceLoss 1FE SRR, S LEAR Il R ST 1)
fabr.

REL T

OB TN 45 Sk B T, SR R, RO G A, BE AT SRR
SRS RIS R . BB RCR i ER.2 13 %=

Image Ground Truth Mask Predicted Mask

3.2-17  U-Net 2 EPDGAR KIS

§3.2.5 AR

NARSEE S A, Human Pose Estimation, F8IE ] —8 NARSCHE S, WiskEB. BF. <
Tk, FARNAEHELR. MNMESCHE SN ST EN R EENH 2 —, LRSS S A 5
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fifl, FTRAREATAT IR AMIBRER . S EMOCHT L. L IRAG I B AR IR RE, N ARSGHE A I
BRI A7) D o S e R = 2 S B S A

3.2-18 4 \RIHE AR (5]

REE

MMPose f&— 3T PyTorch PIFFREEMGTH TR . 2T MMPose [FHFEHELL, FRATAT LA
T B B — A AR OB s R R . I RN T AR 5 -
REIIZR

FEIEFE T MMPose 7 KT ZRIE A5 @A 55, MMPose MEZAR SR {42k 1 A A e
AT RO BE RIS, BT

python tools/train.py ${CONFIG_FILE}$ [optional arguments]

REVTT

FE AT L A A P AT T B T ) 8t PR 2- 1

3.2-19 T gs SRR

§3.2.6 BEEHER

AR SOA A O B 1) BRI 2 S AT 55 22— R IRIX — ] JUY) £ 77 5 VAE(Variational
Auto-Encoder), DRAW (Deep Recurrent Attention Writer) PLIZAERXTHLMZE (Generative Ad-

versarial Networks, GAN) &,
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ERIE
FuseDream #&—/M4 4 CLIP(Connecting Text and Images) 1 GAN [ FFJ5 SCAS A pl B 5 1 7Y
1. SERERHARGHESR . GAN Bibkigs i F FB.2-20p7

Thiis fTovier hat smali, ronnd violer This flonwer has smail, reund viole
petals with o dark perpie center ¥ i= (rl: z,5(t)) petals with o dark purple center

\ -;tmnu.;:m
i | ke

| Discriminator Network

Generator Network
3.2-20  AE R N 4% 45 ) P

A SR BIL 28 B E PR 3 2R, — A R AR (Generator), — N2 (Discrimi-
nator Network). AE RS A543 52 S 8007 fan N RO EICHE A i SR AR 2eahs o A B AL A 55 2
FUWTZE 58 1) S 15 AL AR s DA I 1

2. CLIP #&#R. CLIP W3 4 FR & Contrastive Language-Image Pre-training, HJ—FhJEF%}
2% 3T SCA- MG T R0 . R FEB.2-200 %, CLIP 434 Bi ML Text Encoder
Al Image Encoder, HH' Text Encoder FHRIEICARIFHIE, FTLLKH transformer £AY; i
Image Encoder FRHEH B RHE, AIRA CNN B,

1. Contrastive pre-training

pepper the Text
ssssss pup Encoder 1 1 1 1

T ) Ts Tn
I1 I'J.TT ITITZ IT .TJ ITITN
— Iph | Ll IpTy - Iy
= m
’ 4 1
N i Image
\ L G- et | e | | |
&
— Iy It InTp IyTs InTn

3.2-21 CLIP £#/ (6]

RE)IZ
UIZRIHZ I 0~ 2D SR AT
1 JE O EE R RENL SN, AT BRI .
2. i CLIP MEATHROOR S BB IARUE , REESE SR 8dE, 19 CLIP HEHRE.

3. ¥ CLIP A REAF B I —F 0 B IE N GAN B, BT ISR, BRI A 1 FI 2R
BIG-GAN #E, 7EfIHNEREZ G, WY N SCAR AT ORI,
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RRE T

PNy, BB RE, o S F . Rl

(a) A photo of a blue dog. (b) Sun rises from sea. (c) A small flower blooms on the cliff.

3.2-22 ARG

§3.3 HAIESAIE

HARE S 43 (Natural Language Processing, NLP) &5 AR 2 5 N T8 ge 4+ i — A~ 5=
BT Ao TR R T AT AL BT I B AAE S AL, RS THENERE . B
HEFEFRT R EE . BRE S BT S IE AIEANE T SO R VIASEIE, Pl g
AWAEEZFES, ARG BRePlas NS L 7 HEW M. P& USRS N
i, 225G SR TR 2R 4 AR AT A% .

§3.3.1 MXAFRERDHE

ARG FRAT S5 NLP AR5 R B EERR I S o SCARE R 2R — MR fa IR SCAR 2, i SOA
TR NS (B THAR) BR=28 (AR Rty T #K)

FE G SUARNG B AT 5 — MR T 0o 1] Al R 45 A TextCONN S84 28 ) 25 155 3 S B
Ak, BAE &M Transformer TRUIZRBIAY PN, FETHIGBALEATHLA (Fine-Tune) [1)3CA
Iy RSN R AT GBSO BB ER A 1 X 7 2.

1R E

1 Bert % Transformer MY HE(T B0 T 0 46 46 Mt T 1IR3 230, T sC Sk — AR T
FEA, MRS P OB A, FHOIL ISR IR AR ORI . X T SCA S I4E %, BERT
BURAESCARIEA —A [CLS] 75, ZIdIZiRl, %4055 LA ) BIRBOC AR IE X R, FHH%
R T i 5 55 ) 53 2545 R
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Class

Label

=

EEES
E[CLS] E1 Ez Ex

e O i ¥ s s i
[CLS] Tok 1 Tok 2 Tok N

Single Sentence
3.3-23  Bert XA 1]

HERAIN, KA RoBERTa 1E AR TUIZREER, AHELT Bert, RoBERTa 35 % Kl
SRACHE AR K (R TR RS (1R AT T 25

REIZR

B SRR RAES I E F R, H P R B ZRBE AR E R 5, @B SRS,
SPRMETE RS, TR R

REITM

P AT AR SRS, 1 65 T2 ERORBEAT TN, [ P 3% ] 000 5

§3.3.2 #lEEF

WLEsEH P (Machine Translation), &R HTFHEHLIE—F HIAE S BN D — M ERE S M
o AN R — O R RO B e b A, B TR B T 22 R AT Bl e . Ik, B
H IR LA 25 Mg tiD 25- D 2% (Encoder-Decoder) #5741 &, i FH X SRAR T 52 Al L 25 B0 34T 55
TR F T

REGE

VSR T AT 52 S A B WL Transformer BRI 485 FBIRL . S5 Kyt
1B.3-24 % -
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Output
Probabilities

Add & Norm
7
| Add & Norm J<—
Gdtlte Mo Multi-Head
Feed Attention
Forward ) Nx
N | Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
L L
\———] J )
Positiqnal ® ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

3.3-24 JEFE/IMLHIE Endcoer-Decoder #%Y [§]

B AR IR AN T -

1. wi%#% Encoder. 1 Jaillid 7 m) & 567 B bk [ SCBUR, SRJ5 2B x 4> encoder
A~ encoder FLEFEFEE JIHLHI (Attention) 2. EIH—4k (Layer Normalization, LN) FIHj 75
LM% (FFN) 2.

2. fiiS 8% Decoder. fERLESGFESC/E NI, [EIRHZER LMY, 23T Attention 2. FFN
EREHA—A G, 15 20 NAL B AR 14 A

REIZK

FECFH P BIIGEAL, H P AT LE S UIZRERL, Bl 5 RS0 B  “JR +
Tab + 307 Bk A EAL (O, BT UEFAE R IEM) .

=BT

R AT DU B EMZRARR, S A SCARETRI R, tn] DU TP & M0 Zerh R oe iy, fa
N R SCRFRAT RS ML AR 93
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§3.3.3 [AiLIERE

R
REVZR
R TT
§3.3.4 JBXILE
i LULAC 2 NLP SUSRM RS —, BH H AR FIW g ) il 2 75 30k 17 AR (R S U 8

VB SCULEC TR TSR R G BREM . WRGI%. CAREES . S CRILREARA 485
(Bag of Words). TF-IDF. Jaccard #i[#. SimHash 5805, F 2T 1240 TILE, EHK,
25 B TN ZRASE 7R PR P2 A 228 19X 2% ARS8 Dy 38— S A

REE

AR Bert 19 [SEP] SRS, T DU AIGBHEE — 2, RIGHET [CLS] T/ K KR
AR R 75 ELA MBS X, M — MR B TS, G AHE S i T EIB.3-2e

Token id | fas] e ta) ) (5] i) 21 2) (se7]
0 1 ) 1 ]

L1 1 1
e | ) ) B 0 0 W B B W

[t:

& 3.3-25 FEIHLEI Endcoer-Decoder #57Y

BRI

I FH B S BT I 51 SCAR R — B bR LR ARt 1/0 SRFERMAL/ ML £ tokenizer
Ja28 N B bert BIEIAN . IR EREUESF cross_entropy, MALE%IEFE Adam AT,
FERY T

FH P 75 D T 500 N AR5 P00 (4 7 B ST AR, AR i i 3R B L Tl &5 2R

§3.3.5 XAERK

WAL TAHMER, ARET BRES PSR FH . RN R, BRGS0
FISCAREBAT S X AT DU THLS R S RS fF . WrlRER. B AERS . TEk, WA
ZRASNHBINGE, R RO TR TR 2 UH R . A SR IR SOARE
RO S5 23T E S A (Language Model) FIBENLRAEMI SCELLS .

R E

TR A, DL [V 07 SR AT AR 1 AT R 2 RS I3
Reliz, BTN ¢ i 2000 TR B ¢ i DR 0 S AT M T [ A
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fEasas 5 S AP R I s, @R T RLOE B S T R T e AR I S
7, HEMEFHERT<EOS>BLFIRAKE.

3.3-26 FR[iEF B

REU)IZK

IR AR R, FeR i NEZHA??HI SR EMEMEFTHE., AT XESE KRBT
FARY, KA TEMM A segment id SRIX L4075 .

RET

PRI, AL E BRIy SO RS, IFRGERER, FEMRAD 2 R N BENLRAE, B ERE
B SR

§3.3.6 IER%

RN G RF LI T R B — R NAES T B (task-oriented) X i & Gt A AEAE 55 3 1) Y
(non-task-oriented) X% R4, (S MAE RG2S E T —EWMES HbR, @i TG B il H
78 (slot filling) HI77 3051 SRETERG: ARAESS T XS 16 R 40— o2 LRIy H 19, FIH Encoder-
Decoder A1, BT REWIRXEEREAT IS, FET 49000018 DL ESCNE, BaEREIEN

e

7

1R E

AT AT 55 B AT E R GEME AT & B BEXHE RS, AR T M SC A AT S, XHE
ESHTAMES, — IR AT AR S T UK 4y, — A RSO 5 3 4 b e B i
V. R T B  Transformer S5 HHHTHON, HM% kT EB.3-2dFR
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et 2 fet fE2
g - R F—J%

Tokenlds: (CLS| R |z |k | T |13 |SEP| [z [ |SEP| Iz | T |I& SEP & | ff | % I SEP

Segmentlds:‘o‘o 0|00 0’0‘1‘1’1‘0 0 0‘0‘1‘1‘1‘1‘1

EEHE (GPT)

(1

iR

7 |1 ser| 1 | m ser uz.ug sep| @ dF | % | M sep

3.3-27  INEIHLEE AR LK (9]

fz | R

TR B N SCAS 72 B SR R i I %, ¥ AEA)TE R [SEP) £55 0 B8 T, [EII DAANE () Segment Id
PERUE NG X 5, RIS AR A B 4aid i) NEZHA {F R TIZRE8Y . 55T Bert
I AL AR, T Bert MIAERATSS, AL [CLS] MHHIEALR, M2 decoder 4T
figehd, PR R R (Beam Search) BiHi 28R (Greedy Search) 5577 2ok 45 S WL 21 g

]

BRI

FEET LCCC g [10] M1 GPT R AT 1% LS H— BB il il %,
— BT AR AT DOB I SRR IR 2 SR, AR AL & —R) Bl 2 ) g e i A — ) H FR S
A, PisEAHEH TR, B SCARR TR s THE BRI,

RE TN

BB SCRE PN Z A0, F P @ i D se il -6, P G147 845 B 5 e It .

§3.3.7 AESH

FE I R EAE S5 R ) T TR A BRI R USRS Ry Z TSR &, L R
PIAMESS

1. 73803550 (Constituency Parsing): 70 M6 TR, 45 B —ARA o 28 G5 RPN AR E2 45 75
) A o

2. WAFR)E T (Dependency Parsing): 40 M1a) 7 i i 2 B FKAFR R, AR BHiREKRAT
R AN IRAT RV

B3 a)iE 53T (constituent parsing) & HAWE 5 A 1 —NEREGAT S, ERMES RS E— 4]
¥, AT AR SR AIER . BliNgs € R “The little boy likes red tomatoes .”, ‘& HI4
A B3 29 R -
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The little boy likes red tomatoes

SO
— =
NP o VP @ @

s
@m @ ®NP

g likes

The little bo
Y ©)] A/\ ®

red tomatoes

3.3-28  Syntactic tree[]

WAFANE TR N T T A s ANy, BIEL 8. 520 @ IRy #h, DLEABATZ a4k
FRA, WEFRR. SIERRE. AT LKA i Gy — R 77

REDE

FAHET HanLP HEZE [@] R T AL T IR S, HanLP & TH R A8 P2 B 10 2 18 Fh 5 SR 5
S T HAL, #F PyTorch Al Tensorflow HEZE,

REU)IZK
HEZRE 13 T TN B05, R AS 75 ARl 1 1 2k

RRE TN

FE P NS TR0 7, RTE 43T 52 i 9 [ B e 43 AR 2 IR 1 = B, 2 B3]
bdpr=

FORERFERLAGMERTR, WRERKLZBNZERAKERERR.

3.3-29  {KAFFIIEM
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§3.4 THEEIBE

FUIARTE SRR 3 EAFER G S A B R A AR, T IEE M. BIEahSE, BE AT
R AR R RAHENE 5T, T REE SRR ARED R E. T RS
HHAFEAEREFESLIE (Vector Signal Processing, VSP). BENESIRF (Automatic
Speech Recognition, ASR). BAEE 412 (Natural Language Processing, NLP), UL .iE&
A (Text to Speech, TTS). iXJIMEHHI AL 7 — D EBHITEFIZE (Voice User Interface)
R4, et T EpB.A-sdFR

EIHREE
ERASES
. REEE, &
1. FEE GRS
2 #=mE
5. ek
5 eE EEEER Enconss =AY -
e BifEEmE wa

e RS

:/{ y

.
=)
e

NLP B#AESIME

§3.4.1 BEZRH

T RN B PO Oy B ARE S SO IIEBOR, EE RIS, oA | 3 5 AR A
HATEHERGOIEFLORA . PLAMiE . fHa N5,

B RZRG AL, BERMANTH O = {01,...,0,}, FHREATRMIFATS W =
{Wh, ., Wy}, BDFHREISMEE P(W|O) S KR F . 5P as B T A2 43 A SR B R0 5 45
R, BEA RS 2 IR BE (5 25 (End-to-End) kR JEARR, REK A A1E 5B o —14,
HEEE P(W|O).

R E
R 1 PO B BRAL DL R AP IR

1. FHESEH . RAAE SR BUR AR TE T FIIEAR 5 e OV LER BE U0 BRI, 5 205 0 A A K A 1 e
fE+ FBank(Filter Bank) FFEHEEUNIME /R {5135 240 (Mel-scaleFrequency Cepstral Coefficients,
MFCC) REH B

2. BT HURSE . B IR PR R AL (Frame), —WUEERE 2 H—/NBOE S 40 ASR Hi 1)
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PR E SR OB ™ A 1), A B 5 U RT DURE S Dy DAy B AL i ) B 2 BRIt 0 248 22 [ 7€ A
A2, AHESFEVT, LOENANFE RSO, BinE R, 7 W AT

3. B . %G5 AU A NS F AR Gy AR, B A AR R A P RS B AR B R R iy
W SRR SE S S S A RE: i 5B T AR A E R i P(W0), HH
77153 T n o (n-gram Grammar) 3 RNN. ¥ 21 1 75 72 7] DU A IEF2 i 4328,
(Connectionist temporal classification, CTC) B(3& Attention H/5i%.

FRAY)IIZ%

FEH H WeNet 22458 R AE A8 R A AR (I Zx A0 Tl C B, HAFE A conformer 4% 45 1) F
CTC/attention loss B &ALV, B&G—MR A/ JERE Z AT K. G fZu T

L BiRESR. B Zaa R AHMER wav.sep M1 text PIASSCHFS

% | wav_id wav__path 544 | wav_id text_ label
| id001 | /path/to/id001.wav | id001 | text of id001.wav
3 3.4-4  wav.scp %< 3.4-5  text

2. 2B cmvn $HE (RTE) . 2RI I E 77 23— (cepstral mean and variance normalization,
CMVN) &%, FTX 225 H— 1k

3. AR token WIXTRIAE . W HHENUICE BB ALY, i DURR 208 5 0 H LA L
F USRI F RIS R A5 <blank>, RFFHFF<unk>, FHIITUR /R FHF <sos/cos>BIT
BHEUE B, B AR ECREO R A T, XA token.

4. ¥9i& WeNet AIHAAVEIERN . wenet BT ELL json 1R I RAL B A SCARKI G —
BamgA, B key, value fl txt =/ ME{EXTHE, ~EIATT:
{"key":"id001", "wav":"/path/to/001.wav", "txt":"A B F MK XAHNE"}

5. fRBNZ . F Hrun.shid B BIABEAT V2% .

REITN

WP EA% wav HHOCHE)E, PGB RBHJE R BZBOCR NS, JRR SO R 2 5 .

§3.4.2 BEER

BRETE S G (TTS) ZECT R e AL BB FRINER, BIASCA, faiplas ] B
FENTIIEIE . IR, MR TTS. AR TTS SFIZH O AR AL

REGE

AR T 3T Tacotron2 FREAYYIZR T TTS #iM ., Tacotron & Google Brain # Hi %t 1) ity
IR TTS IREFZE M ZERIAL, Tacotron s&2—Mi5 A Attention AT FFF 51 (Sequence-To-
Sequence, Seq2Seq) AERAEAL . A < SCAFH], EEHE > BT #4712k, Tacotron?2
& Tacotron WIEER, fEH 7 LSTM MEENE 1 EKE) CBHG #&5, Hf HAfH WaveNet [
FEEAE T Griffin-Lim &%,
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BRI

Tacotron2 AR 40 JESCIE & A R, N ZRET XS b SRR, o 5 B0 Bt 2t AT 44
ELAIE, .

L XA SCAR WA [ A 7, S AAa] B2 e rh BAIal 0 05 QDL RC 36 5, 35 B0A DL RS 23, A
TR P SRBUZD T I PR

2. MFHCE ip HhkSE, ERRIEMNEA O, BN PEE

3. TR R T HALTORPEF S, BTl e i B, fevril s sl s gt S .
Hn b se pla,  BIAl 8 ST BAIAS EAT A -1 25
REVTT

P Al DA SR, R DU A PR AT S . & BUR [0 S SR T AR & LR
AT PL N AT AR A

§3.A HBIEHURAIRR SO

§3.A.1 [EVIFM

EREETUN
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