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Abstract  During the past several years, online advertising has achieved huge success in the
industry. As one of the most exciting advances in online advertising, real-time bidding (RTB)
has attracted a lot of attentions from both academia and industry, especially in the fields of data
mining and machine learning. Different from the traditional contract-based ad delivery, in RTB
the publishers (such as websites and mobile apps) can sell their ad impressions through public
auctions and advertisers can evaluate the auctioned impressions and bid for them. Therefore, in
RTB publishers can sell more impressions and make more money and advertisers can optimize
their budget efficiency by allocating the budget to all of the available impressions based on their
values. This paper focuses on the research progress of RTB for display advertising. Firstly, we
briefly introduce the ad delivery process, the functions of main participants, the pricing models
and auction mechanisms in RTB. Secondly, from the perspectives of demand side platform
(DSP), supply side platform (SSP) and ad exchange (ADX), we detail the key problems in
RTB, as well as the existing research methods, theories and models. Specially, DSP plays a
critical role as the agent for advertisers, where we introduce three topics, i. e. user response
prediction, bidding strategy and budget (pacing) management. Among them the first two topics
are the most popular research areas. For user response prediction, there are three structures that
are widely used in prediction models: the first one is shallow structure, the second one is deep

neural network, and the last one is the hybrid structure. We introduce the representative models
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based on the above structures and evaluate their prediction performance based on a real-world
dataset. Bidding strategy is used to decide the bid price for an impression on behalf of the advertiser.
In this paper, we introduce the widely used linear methods and the latest nonlinear and reinforcement
learning based methods. Empirically, we compare the characteristics and performance of some
typical bidding strategies. The goal of SSP is to provide services for publishers. Besides reserve
price optimization, a new task has emerged, that is, how to dynamically allocate ad inventory
between the offline and online (i. e. contract-based and RTB-based) sales channels to maximize
the publishers’ total profits. Briefly, we introduce the latest research progress on this issue.
Auction mechanism is one of the most important components in ADX and the sealed-bid second
price auction is the most widely used auction mechanism in RTB systems. In this paper, we
introduce three typical second price auctions, i. e. Vickrey auction, generalized second price
(GSP) auction and Vickrey-Clarke-Groves (VCG) auction, where GSP is adopted by many
famous RTB systems, such as Google and Baidu. However, second price auction has been
questioned by publishers and advertisers because it provides spaces for ADX cheating. So we
supplement the latest progress on the first price auctions and header auctions. On the other hand,
ad fraud has become an inevitable problem in RTB, so we summarize the main advertising fraud

types and detection methods in this paper. Finally, the future research trend of this direction is

prospected.
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I RS T A R OIS R — 2D A R ) i 1 7E FNN 4 A JZ 5] A Z B R4k 240 A i AR 7
A IERE R AT I & R - B ST S on e RORBETHIE A RUZ 105 B R X R T B N
EN Ay AR o] AN i I = A Ay s PNN (Product-based Neural Network).

Tt ZH TR SCRTT A A S R e A \
AT R A LR S5 SR b _ken
158 i BT L5 T 1 T 23, onl b omghumg

L5 b4 HT L M T R 2 45 M CTR Tl 2 Cloosie) Ceame
B AT AR TR Tl S ) T 1 oo TE Ceunm e
7+ L 1 B 007 T o 5 ol o e o 33 A S— ¥
U 1 RE AT SR A A R A 4 T 1] DR Ot R 1 BIF 5T QO
s B FUAT S SR 4R R B ) 19 SRS A SCST] - BOT®
DL T 1000 4 e RHIER] HEE2 SN
3.1.3 FETIREMAM AR TS Bl 4 FNN g

TR WS (deep learning) KBS L £ SCHRCA5 T NN f 36l 1 Bty — B0 54 oy
E&?%T*&j(ﬂ‘]iﬂ:%’““’ ’ ##%U%Eﬁ%%[yl\ #?Egﬂ %ﬁi}ﬁ%% E]/‘J CTR }Jﬁwﬂu ;i;ﬁ ﬂv{%&f}\é@ IX_XJ é%
BIMMRES ZE) T REMRE. HETRABTEN  (Deep Interest Network, DIND . o5 i i 4E A [ 45
BURETR EL v 22 B %5 (Deep Neural Networks DNND i oy {3 o $5 7 25 7 UL B 25 00 28 00 R 0 £
SIAE] CTR AR . B 5265 DNN O CTR g b 58 P 3 sh 47 435 . AT FH P 9 5 s 47
PO 7 28 2 SCHR 20 148 th i B T IR FA LI 2 s 2 140702 0 B BT DA S B e R BR B
[ 2% f55 7 FNN ( Factorization machine supported FE S RO b 3 Rl 22 (B AR 38 A () 2 B g A
Neural Network) , @& 4 frzn. 7 FNN AL ESERM i semk[45 1% 7 =k (3) B 78 B9 multi-hot 4
FM BB AT BN 2545 B SRR AE B9k A I 5= 985 R 1) 7 P I SE T 2 At 6 s FpL g 2 > 48,
AR v AL B R AE XS L AR 1) B PE 4 Ccontact) PR AL RS S 2 M E N L HERTE R 0;
ER A A B — A T RZ BRI 2 R 2 HE— LM X T 2 BRI ] 4R 25 2 AR A
BeJE R sigmoid™ B FHE I CTR. FNN 45 89t fk (SUM Pooling) J5 3% » N 5 Brzw. S8 )5 1%t

I:;::;:l W UE
[ PReLU/Dice(80) |
‘

| PReLU/Dice(200)

[
yooo-rooo\ e

00 G

P fiff A A
A A
j‘z*
o
N N 4
BT N AL
L
[mimwe] | [womss] [OENe) [oEXNe]
x 3 ‘ e e
s (OO [0-0 ©--O OO 00 ™™ wmwe

OO 06 O OO O O

LA i1 Rt
IR
Il 5

N 1B 5 RFAE

R SCRHIE

TR BE 6B M 45 DIN
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P AT g 5 e ) & 19 S B P 22 5 o i 10 P 2%
PR AR 1) S V7 2% B o 0B ) 4 A9 AN [ i 2 A L O I
FIAEZ I HLE] 42 7 A S HoT. X AR A
Ti] H55 2 B AL B8 P A 1o i A D A Y S Y —
R AR B I R oad A b A W7 B2 8. DIN #6580 %
LA AR 7 A% T ol 22 ) 2% v 8 o P S Bt 1 — A R AT Y
it U SR L Z5 BB L R T R — TR R A ) B R 5 %
o TR R m I AL A R AE 19 15 8 B e A 1R 3R AR 1
TR JZ AL (LR, FMD) (1% 50 4 GE.
[0’...,1,...,1’...’()] (3)

goods_id = { B AbSE WKy, BLAR 2 T 1 4 )

3.1.4 BEFRA BRI &

%F DNN f§ CTR Fiil 75 %€ 32 # F DNN Xf
1 B 2 R AIE A A2 98 B 7 5 SR Google BYFFE N B
i S KR BLAE CTR B A, G B R AE o J2 4k %
FEML Ul AR T — R RE % Al A K B A
1 B REAE Y A 45 R AN 6 BT R A 4 R Y
Aeih (deep #83) & — A& 3 PNFRJZH DNN, £
M (wide #8430 J& 2 T 2 2% 8 09 J7 0 #8148 2F 17
“SCRR G AR B AR B 4 A RRAE. X R [ B R TR
B 1 I REAE A AR R B Wide & Deep.

Logistic Loss ‘

\ ReLU(256)

\ ReLU(512)

‘ Cross Product

Transformation

\ ReLU(1024)

‘ Concatenated Embeddings (~1200 Dimensions ) ‘

‘Embeddings Embeddings| [Embeddings| [Embeddings|
Age #FEngagement User Device |... User Impression|
g sessions Demographics Class Installed App App

Continuous Features

Categorical Features

[# 6 Wided.-Deep # 7!

Wide&-Deep f AR U T 4 A8 1% 1) 100 1 BE
TBEAYRAKHE T T3 M RRE TR, S 7 52 UK B R Ak
1 B Sh2H 4 SCHRLA4 ] PE#F St T DeepFM 25,
H 5 Wide&-Deep M 22 5 £ B 76K B R ) wide
oy FM R 5 —Fp 3k T Wide&-Deep (1)
Bt 2 Deepd-Cross #ARIN ¢ 3@ 1 % wide 5 43
Bl Cross W%, LLSEEE A 2, 8 20 A B i 4%
TIEAE 3L, DT Jie B 4 fiE 3k FE 20 G 3 S0 $000 14 RE
B DA B SR T B 1 K. SCR[A7 1% Deep@-Cross £
RUPEAT 1ot AR B SEdE th Cross M 45 1) it 52
PR — ke m I 2, B A BEOEZ 19 s #0 2 da
AR [ 5 B bR 1A% 550 O HARIE 4 & 2 78 L FF
KA (bit-wise level) 47 . B[R] — ¢ iE 358 19
AR EPRAR TR W SMHEHG. WIEE R
H—F8r 19 TR 45 32 B W 2% (Compressed Interaction
Network, CIN) 3/t Cross W%, & LA B 7=
TE ] O] B AT AR G 5 A & ik — 2D CIN AN
DNN 285 . 453 2 — N5 1 il 5 B8R xDeepFM.

xDeepFM A ZRHE T AR, BE T LR 50 2 > — 5
T JRE P R I 5 L AT LR Rt 2 > AR B R B
fiE Y22 ..
3. 1.5 JLRITF SRR KON HE

1o B A RL S5 4 R AR SRR RE T VRRAE f A
B R 5 T3l R RHE TR LA 7 X 2 A 1
PORTT S AEAT BAS AR L. T RU R B CTR HU Y WF
FUIA R T B PR AR AL TAR BRI Y 33 P T T
XFF CTR FUI L Y R4 AR 1 45 Ak A0 35 20016 4 Ak A
Or SRR AE CRL A 2R A O ) 4 1 40 28 4 Il 2 A fiE
e T [0 05 5000 7 DAL R T 2 A 20 £ Cone-hot) X
JEUAA A 2 A Ak B 2 A o A A 5 ) B CO/ D)
fiE 1) . X T 2 B L 2 50 Ak B (FFML R
A8 o T8 R o AR B R A 1) R A B R
T X R = > R TR 0 SRR ey 4 i e AT 1)
Hehi A ) DNN Aofis 6 15 2 802 J% BE AR 3 o I
i R B R A WSS D — A [ 4 1 1B 4 SR
9 4 A 1] s R BORE AR AS v BLRRAIE 9 R A i
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1 ABCIRTBMARNES
IR0 2 Ay FRAE# > fig FRAE 4 A TE FEh e TR
LR LR 1By one-hot T
M FM 1Br+2 B one-hot N
FFM FFM 1Br+2 [ one-hot N
AFM FM+ Attention 18 +2m one-hot N
GBDT+LR GBDT+LR KBy + =5 By one-hot N
FNN DNN 5 B A T B PFHE (FM B0 460 N
PNN DNN(Product layer) =i A ] 1 BF R (FM T 4 AN
DIN DNN(Attention) 5 5 A ] B4 B A U N
Wide&.Deep LR-+DNN KB + =5 B A PR (A Y148 + one-hot T
DeepFM FM+DNN KB+ # B WA Il 3 D2 (3K G 45D + one-hot =21
Deep&.Cross Cross+DNN B+ =5 B A ] DF 2 (B A N
xDeepFM CIN-+DNN EB + & B A 7] PFE (A U 25) +one-hot N

PR AAT 9 DNN AL 4K, A BF 5T & 2%
KRR 1) = DR A A B 7 U5 A BIR 2 R R
H B SCER 29 1. HE— 2R L FRAE R A 1] 2 1 2
2 Ko AP A — P FM g a7 I 25 s 5
— PR ALY R AL 5 AR S8 A
k.

BRI AR S CTR I A o5 5 22 19 F 9% s
— H RV E TS AL TR IO R A
HIMER E R B R Z 2 B B HA k2 S
TR Yl A AR v LR 5| A [ BB A H Y
FRAE R T X AE AR 1 REAE KRR AIE 8] B9 5¢ B (feature
interactions) {2 BT 2% 31 , BER A4S G 404 2 2
FE J7 B, fe 2410 T00 I Pk BB B AP LR HBE > — B
FREAE A5 8., R 38 5 5 2508 o - 30 i R AR TR Ok
1 B BOCE B0 A A FRAE s FM U FEM , AFM 45 78 5
BT ¥ A A FEN{E S .GBDT+LR Fl H
GBDT 3k i ¥ A 2 ¢ fiF M 4H & %5 1E s FNN, PNN,
DIN J2& F| FH TR B 0 28 ) 45 ok % ) & B 41 & R AE 1Y
{2 s Wide&. Deep . DeepFM i il & 10 8 [ 2
2K B AR B A AE 4 A A9 £ B Deep&.Cross,
xDeepFM AV [f] Bif 2% 2] % B F1 =5 B AR A1 19 15 )2« 1
38 205 9 25 ) 2 ) Fe ) o 21 Y B R AR AR B
R, A SCKs 2L A 19 CTR S A A ) 24 Sy sl 7 B
JN PS5 B E AT A 5T 2 2 2 AR 25 R ) T
SEELE N AR A SR AE TR a8 JER T
A CTR Wil 7 %1 Criteo A 8dls #£C L 1 1 A
Xt H L 3 LR AUC {5 8 BF #4845 AUC i #K
6B T A A, WD KR Wide& Deep 5574,
D&.C /R Deep&.Cross # Rl 521 45 5L g /R 1 B —
SERYTE U B 2F o) IR IO 1 B A S A0 TR 2 4
g LR il FM 7 %, H 255 T FFM, & 2 [/
FEM R 1% 24 > A [a] 45 AF 380 19 45 AE 78 47— B 45 A1 40
AR i 22 R B AR A 2 2 e )L 22

FEM 12 B 2% BEMAR 3 0 s 2 TRl A 454 19 T 6
P8 TN 1 E A 2 G T P — 8 R R Y A 1 RE L 91
Wide&-Deep #l DeepFM. & UL T T 1L
B A A TR A 22 W 28 19 07 S8 R SR T A TR
P A% JBE Mt 22 1 245 5 4 (R )2 SO B )2 19 A B D)
AIREAS TR T S A B A 45 R R AR B AR . KT R
o 2 T S A 0 AR A3 AT TS i A

O Kby
Qijjﬁ r-————T— - - " j 7777777777777 |
F | e
wETE g
it n @ Ol O @O O] ~ 000 @
EREnEal FHEIR2 RN

B 7 CTR T A 59 25 44

3.2 WU KRR

T8 RTB 32 H . 2R J5 - 6 20 45 R AL
SATE BRI B AT 15 S S bR A% L
FoabR As 5C R 28 16 30 15 e A R i, LU K
JO TR A AR DI A SR s R R RO B
A% 0 I RE. FE5E A S T © 2R R SE AR

FAL BT S YA 0 B O LSS R A R R A

@  Criteo 2 JF % 4% 4. http://labs. criteo. com/2014/02/down-
load-kaggle- display-advertising-challenge- dataset/
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PR g, B 4 BT 45 SR R AL 2 @ X 5 e g
{1 L5 M B R AR, X (4D TR L X L eCPT 327 11
By R E, CTR R it %, CPC FoR i
B 30 B AR B T [F)—AS T 45 36 gl s i 72 A M (B2
AHIF A o BRI 1 B 322 0F B T 4 SR R AL 23 g 0 28
st v A SR s B R AR X — R AT
eCPI=CTRXCPC 4
SRTITE RTB 5 T 5t 18 50 5K 75 FAEE B J7 #F
FEAEA R, B (O 2 0 o IR R i
G0 B A T 19 B A A S0 R AR A TR B R AR T
BRIBF R FERNT & RRILSEE B EAR
1. HETHEFEE @8 X ARG B AR F 0 T 37 54
TSR R L AR X L e LR R R T A
553 43 A T i 4k 2% ) (Reinforcement learning)
16 RTB 4 o i 7 T S8 J5 %8 Fe 20 A 1 SR L A 5
W 1 455 A5 B S A 48 T T 37 A0 A 0 A 1) SE A R R
(bid landscape) ] &,
3.2.1 [k
T8 B SR B BIE 5 T R AN R S —
LI T B9 ARAR ) 8, an =X (5) Fr s AR 0 A1 4
DA IE 5K S Je O A 50k Rl e A A X B2 KPT(Key
Performance Indicator) il # M )45 15 09 A & 2 LN
4 (revenue) B¢ A (profit) , Horp o RoR 4516
Bl KRN ESOR R T R LS ¢ R AR R
B ey FoRTETG S ;) AT R A Y 9% L A2 56
TR A o RS SN BUCE R B,
TR TGS ) R AR RRILS R A R
ANASZ P O BOR T TR AN 2 =1,
I 2 =0, 1 R R 68 B Enila
BA. AWK RIRTET G305 1A R 9
AL B AN RE O LR B T 5 08T 5 T A g (R
{18 5 KA - BT 508 BIF 8 A R oK 5 & Bk
KRR G AR B B B s 7 oAk B b 4 40 SCrk
[49 JAIL50].
max KPI (5

bidding strategy

s. t. cost << budget
Hit KPI=>v,x,; 8 KPI= ) (v; —c;)ay.
iel icl

5.2.2 MR

SCHRLS 2 ZUEWITESE A% 3 BHA 2 . A
5 b BRAA SZ W) A ARG I SE Al R R SR
PR, 7E RTB B 3 T [/ — AN 45385 3
FU A (A AR ) 1 IR 2 i A T
5 JE 7R B2 B 309 Bt 2 3l R A1 SR ) i

A SRS SCHRIS T 3 T ax — JEUBK 32 10— A 1 i 3
T AR 1 2 B A SR L an =X (6) Jr
RGXE OGO RRT TS X R AL
R AN 0D KRR T G 3l 5 B ZERE A5 L th REEE
MHEBE @ GyDRA—DHOIHE T, plelusing)
FRXS TS Rz W w5158
PG KA AR E, [p(clusa. ) IR
W8l j BCENZ T w X5 R H Al ) 5 R L2 a
AR S R AL R
JO, @ (5,i)<<0.8
bGai)=2bGY XD (Gai)s 0.8 (j,i)=<1.2 (6)
12><b(j), O Gai)>1.2
plclusisg)

E.[pCclusasj)]’

SCHRLS2 T8 Se 5 T 17 50 B0 At v s i 248 100 A5
RUF o b5 f A% T DU 45 AL, AR J5 51 A — A R
53 FH (bid efficiency cutoff value) ¥ 45 p(x;),
KD PR ZAG bR 5T 5 R 2 ¢ /YT i
pCTR Cep) 5P i 4 pWP (x) A K. X T 5
NEER ) R L2 BRI S R LS
AN CTR A bR 4 46 ARG o(x) s R
Q) KT 45 BIAH T 5 15 3l A e BP0 i b
¥ pWPxo) it 5 WA 647 A

o(x,))=pCTR(x.)/pWP(x)) 7

3.2.3 ARZAEH M Hms

H T A 0 5 8 2 A I 20 R LA RS i T
G e FEsh A o8 a4k T R R ML X R e T
595 Bl 0 LSS (A AR R 5 T 2l Y I AR A K
b, Jy A WF 58 TR LM A A R e ST
DAL TR R, 1) 422 1) P8 5 48 3 2 05 ¥ R R R
MG HEAT T sk ) n SCERC 14 TR 15 ], AR SCER( 14
L IR (8 R . eCPIG . ) Fom B T 4515 3 j
) BRI R L2 - BB AR L R 0D
eCPIG DL HESh j WM RN T o ().l
1 SEI R o« (G IB BN 1 Sl s CRIRED fe KAk
AR B T e BRI AR (R S5 K A6t A [ A
AR — A~ L Pk L TR) A SR S R WY AT D) o
LG Al Sy o) A8 TR) et B 208 e A A L DL B Ak
a(G) s FEMEHEA B o0 S0l A2 ) D BRI 8 3 07 1 1Y A
JEHR RS R 1Y o () 52 SR IT 2. O 1 AT e
R T W S R GRSy — RO w4 R
T BBl T =24, 88 J5 78 B A B o () 3
FEER

Hrp o (,i)=

b(j,0)=eCPI(j:i)—a(j) €))
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SCHRLLS 55 (14 10 R AR 8L 7R 2R A 1 28 5
FERk b 580 i B S A IR B N T ¢ (o An () Jir
X L Do JEBEE AT A 1 3 R 1 MU ) R
PLE I SEE M A% L 0 (o W KR )™ 5 36 S 7E I B ¢ 1Y
WA BIE T & S e B ¢ i B CTR p 4y
{8 0,5 HAEA B B CTR ¥1E 0, 1 HLAE. 1FE#
Kt KA S € BRI 19 sl WA D Atk H AR 1 e
A FIHLMS B H R B HEN AR b0 LI 0(0)  FRE 1L
P FR 7 vk A G PID 45 1 25 R 7K A 445 1 45 %
BT ¢ (OREATHOFT a5 H SR H Y 0, (0.

b, () =b()exp{$()}, b(zt):bo-i 9

SCHRL16 4 s —FioT i AR G i 1 7 i ok o
et 2 3 =R Q10 fr R L itk B AR B KAk s ity
YB3 B N Ron £ A 20 0T Re 8 0E 47 52
FREURE, B g ) 5 0 sl i T L 0 J2 T A R
w(b() &AM 0(O) JG W bR %, py (0) 3 CTR 1y
H0E 5 25 8 oA B 38 ORI B A% B H 2R A A5 21 H A
BREL 6(0) 5 BAbR BT w(b(O) 56 R eI HERE |
VR 38 20 D7 50 B4 4 58 i A eR B w0 (0 (0)) 9T
K wb(@) =b(O) /(c+b(O) h4 Wi b o6 EL - it
Ja ATARE) O (o) 1 A AR B, X B S T A
R RARR MR M HA R FEAET UG 1w bs
ORI BRSO A 58 1 ) 480 1L O Hoax s
e WA, I AN BB S 9 R 1.

b O orrs =

Mgnme}J0(xhu@ﬂ€h0,x%x)pﬁx)dx(10)

b(O)

. t. NTJ' b(O(x) ) w(B(OCx) +x) +x) po () dx <B

AN )T bR i 35 AR kg 2 ST A0 A 1] BESK i
A SR SCHRLS0 J48 H RTB v fi 3 7 1 = K
etk (1) CTR W 5 (2) ] & Ren Ml i T 540 48
LA B 5 (3) T Fe L 52 bm A . R 22 it i
TR A =Pk o3 91 A g i 7 8] RBOR g 5 4R T SR
50 JH9AE A S = A [l 2 2 VI AH 5 1Y & 44> ] et
ST SRR A5 T 16 3l Y R R I AR S BE A B
HE. g A 52— R 2 2] SEARHE AL R =
A PEAE Sy — A RO 8l S = AR RS
DA AR T2 BT 4 1 Wi i 1Y Je R Ak,
3.2.4 BT RALSE ) B AN N

[ 2% 51 4k 2% >J (Reinforcement Learning, RL)
TEWE R | e SR 4T A Rk JE Y RL A F 52 Wk
1T REWTEE B SCTE Hui g 2 2 W T itk
IR L AP A Al P 3 S5 AR 2016 4R, SCHR

[55 )8 ek it A 2= > 51 A RTB 9 ) f SR g
R N O N s s e DN |
Bk AE RTBF &, il TRASNE . A 25 SRk,
BT am AL o 1Y H SR © 22 i 0 SR F 5 Y
A SN T R AL A 2T 1 AN SR AR S B 5 Y
—EALTEN A R RS A R A A
SR AL AT SR AE

RL 7 AR 3 3 5 KA BE 1K (agent) I
B RAS 1 BRR i DL 2= ) R f8 a5 2 B AR i
PR RL Ja) 8058 5 R A 5 2R 77 9 ok 3R 7
(Markov Decision Process, MDP) #F 47 # #£. ¥
MDP € X A— NPT H (S, A, P,R), X B S IR
MFR B UL B4R 454 4+ s, € S %7 agent 15 ¢
W2 Ak B R 255 A O agent T $HAT SIAE 4R &
a, € A RIR agent 7E ¢ W ZI T R B S AE s P R4k
SRR p (s |5 a) RIR agent TEART 5,
PATEE o, F R BUHOIRAS s, o ABER ;s R 3Ro8 LI
B AR R, (s;va) =E[R,.y |ssa JE£ R
agent FEARZS s, PRAT BIAE @, J5 B9 2D s SR 7 2ok
A ) B G A5 0] 1) — A B A R agent AR
s e BEBNAE a, B9 WA OC R IRAT I S A OF DL &
PG Isona) B RGBT — IR A, W] ) 45 52 ok B R 58
A R, Cs, s a,) 3 B G0 5 5 W 2 B AL 1) U0 AR 4%
m(a,|s) Cagent TEARZS s, B HENME o, LR PEHE D)
VB ISR SR 2 0 1Y AR H IR S e B B 1E o, =
m(s) TR RL g AP B R B0 AR S R B V)
AR -SIEERE Q) . /Bl Fms e RE” I
DL R AR i RS- E” B B ). ¢ T RL A
AN A 0] 2% SCHRLS7 .

SCHRESS o di b i e SR F 37 ol RIL [
AT SR AR 7 28 BR8] 9 s (RIS
TG Bl A — A & R B Y R AT R e SR AR
(S A} AP ARG D) H AR S & 48 X 4132 3
S5 (9 4 WL AL 4G B[] ) 4 B b5 2 80 (B s
(] 280 UG 20 A5 L TSR o R4S e L 4 S
IBE 58 G KV AN S 45 5L SR (AL 95 5B S AR
B s R Pl ) AR ERAS s AT BIE o 55 R BB R
A& e BTl L B 0 AR AT A BURE A BRAR (R R
RTB £ 4.

_[s] bid request x
Bidding Agent [a] bid a

[s] remaining volume ¢ - -

[5] remaining budget b ‘[r] auction win, cost &

[s] state

Environment | [a] action
r] reward

A4

[r] user click »

B9 TR T B e SRS AR




10 4] XU B IR 2 - SCI 3 A 78 s ) o HR Y BL AT AT 9 B it e 1821

X R AT R L2 AT 2 58 M oKk 1 2]
et AL — N & i B Cepisodic episode) : i %
X —AN" 4 3 episode W 3E T A>3 4 il K . 54
e IR B RHE 0o xRS B A
TR SR AL A T RS ] (b x ) KR X H
1€ {0, TYFRRFI R ST R AR . 0€ {04+, B}
FR A WU 5 agent MRS 2 1R 2 P
a, €10,,0) s PLOFRBMRE (abox)) BB E T —
AR AL 4 B 15 B s T 2 AN 00 L 1155
mAAD Frs.

BRAFHASE «

pla, s (tsb,x,) s (t—1,6—6,x,1)) = p. (x, 1 )m(5»x,)
r(a,»(tsb,x,),(t—1,0—8.x,-1))=0(x,)

BA AR (1D
pCa(2abax) s =120, D= p, (x,- ) D m(5sx,)

ra,(tsb,x,),(t—1,b,x,-1))=0
G B AR A2 R I y 0Cx,) , I 4 AR

St o A8t X BUE E AR TGN pe (xo10)
FORT A TE MG R R ] i xR B R
Boom(8,x,) RN AL 45 FRAE 1) B x, 19 55 F 7
ik o MIHE R 2 B PR K. 0 (x,) 7 38 M i 2R 1 R 1E
] 5 A x, IR R 385 A0 SR B R AT AR 32 L U 3R A
IR O ANAE B, AT R A5 410 32 2 0R A5 T17 3 e A%
KT agent B A a, Forp 0 Co) R Y R 2
sl x ) PATINAE a, 5 He B BV HT RS AR, r (o)
FR Y HR S AT S IS A 1 2 0

MR8 SCHRLSS TR R . 76 RTB Ay o, S g
moAE T E L BN EAIRES s€ S BIFIME o € AL
PR ER sa=n(s). RYERBE 7, 7T LU RS AE
BRI V™ () BDMCIRZS s IF I 2 BOR W 0 04T B A
73 300 AR =X (12) fiR . BN 7E RTB 2
PLE R BO oAk B br o i s i RE R AR AR ) i
AN LR B IS A AT REAS KA il BRLG  — A
Rk A B DX BRI 1 = 1L S AR A R R
LN V() =max V7 (o) R Bl 3w 7 (o)
W AD FroR. i T2 T AR Y 38 SCHR R 3h
AR 7 oK o (o).
V(s) :Z,u(n(s) 05057 (r(m(s) ss,5H)+HVT( ) (12)
' ()=

argmax | > (x(s) 15557 (r(x() 1505 HV ()} (18)

s'es

RTS8 TR MR AL 2 T HE AT 06 i 3o A

R — A~ TR A7 BR A L R AT R o 3R A AR R TR T
BRLSS 1. E RS T #EB (S, (A}, P.R.C. V), X
BURA TR £ T 5 R L& e il ok 0y s i R
0(x) . S=0, FIETIIR R M RSB R P JE
0 o 238 0 ABE 238 5 B R BIC,  ST T Y HR S R AT
BN 5 23l Creward) TG SR A AR JPE 5 A T A o 32 5
C(sya) KR agent TEARDS s M a 19 W A (il
ith#6) sV FoR AT 4 B /R WL 38 M i oKk i 143
BEL . 36 SR Ak 2 5 Ak 2% 2) (Batch-RL)PY A 56
TR R A 5 B T SR S A B IRAS  SEAR A A%

RS A SR R S T A BORL Y RL Jr
SR RTB Hh s BE (0 sh 25k R L S S0OAR w57
YA BT R R S e A% 1o AL R S 2 19 1 i
PSR Sab . BRI SN R S ' Y
L6011 #4555 SOk (55 TAH L, ARl Z Ab7E F RS
SCREE ¢ T4 R R HL 2 B AH OG5 B SR 88 2
AR50 A R R L BDREES ¢ IR R HLA B IR
£ 08 2 AR SR IGEE R B — A5 F DQN(Deep Q
Network) ) 5 25 B LS 1 oK 5K i X R BIE BT AT
— A EA B E O] SCRERE61 B X B i R
0 52 B 3 A I 5 4 — S TR B SR Ak 2 ) O kR
1. AT F SCHRES5 1 8 00 S5 0 R s AN I B 4 A
BEEAR S TG B — DT S E o IR AT
— AL R 2 Y o 15 B R B
FR . H 5 A2 38 3 3 Q08 e K AR S - B R 1 oA
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TC 5 W 114 BA R £ 5 T AR o S5 R 19 A7 4o i 7 =KL
[l Bsf SCHR 79 ] Hp 1 52 36 2 W L N7 AE — Bl 7EAT AT
e AR BE IS B RS S5 D6 109 FE A7 3 T SR W, AS [) 11 4
BCAR B AEA A3 5t TR B 1 & B 09 P08 k.
U o 1 2 48— 3 T 58 A 0 A 40 A I R A 20 A
6 TN 14 52 BN 43 T S8 W o B B0 SR — A T A B
Ui/ N B = WO TR o 1 L B e e
2 U B L AN B T SE AR A L U LA
JiCE) RTB 48 B .

ZE LM, AT LA B B ik RTB #1132 A77,
SRLAEAETRAN 0 KU CIET 453 3l 1 A s 3 o o IR
TR BB T G A IR B B R AR £
SSP B S A VR 2 06 WA A AT AT 3. [ 12
JoR T H A ol B 3 SR A — Rl T 4 P A 43
7R (waterfalling) 820 P, 1 5% 24 F P

@® What is Waterfalling and How Does it Work. https://
clearcode. cc/blog/what-is-waterfalling, 2016
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WA X T R R — k)T R 1 SR B, SSP 2 H %
UK 5 J R B2 2 59 2 R A IO 5 R 2 2%
TE B T A 0 B SR G SR A )
IRE YT s AN RS R BB SR WK% 4 R OR
BLZs 55 i SR (A DR B A R B 5 2 AHE 55 —
A ADX #FATHA3E A0SR 7E ADX (1) Hr 46, ) 4k 25
TR A 1) ADX(2) 74032, DAL 284, B8 45
JRIRAIL 23 4 BT 41 32 50 DT T A 28 5 1 6L R A R
2L RTE T AT DL T P A7 1 58 65 L] 0k 5 e A7
T2 o] AE T8 3 5 2%, 7 20 A I A A
ADX AT AE G HE T L i HOE R S B 2 T
FE (B[R] 08 22 1 44> ) PR AR 2 A B PR R R
S BOT0 L AR AT R A Y B B 2k

R AL
IR SPLHL
SSP —
WV =N A
~_ L] o)
BORT™

B 12 T FEAE AR SSPCR i 4O 1Y B B

5 RHPFLHARER

RTB #A% 0 Je R F — B e 2k 9 S 4 32 L X

J RN L EAT AR 32 )T T RE A% R TR
W SRS MER s A SR BRI E R A A
WA 2 (1) 2 K41 32 (English auction) , 41
Sz b A0 32 0 F2 4 L T 1R A 32 U S B A A
W REGRAFTE R /DA SEARE L — BN 1
B W E NS BB R — A SE 0 E A E Ik
HJE R T B 32 40 & K S 40 32 W i, T 4 IR %
55 AN S 0 R 3 S 0 I 0 A A Ok S A g Y
(2) faf 2LFA 32 (Dutch auction) , 53 XFAZAH L, B
S A TFREMN B TGRSR S2 I 4 — A 2 8
A RS B AR AN M BB — D s e
MHT RS T R TG IR A% E R i AR 0 S
s (3) B — i % 8 B3 32 (Sealed-bid first
price auction) , fIf A 5a $14 LA EHE RS,
W 5 18 3 B RS 0 32 O i L A S B
(4 58 — Hy #% % #t 41 32 (Sealed-bid second price
auction) , FF A7 32 104 LA BB A H 58 o A e
R AR 32 T AR o A S A B R
T RTB RSP ZEK Ik RTB A — Bk AR —
W ks 5% BT S2OREE 0 A% 5 B0 3L T 28 Z Mk 4n
Sz T RESS S AT O B )T R LS

XFH OB RAE BN A ITE RTB i3] 1
JTIZ @R L A TR X RTB op i 40 32 AL ) T 0F
FE. E S 4 BTz R S 0 M BT S AL
i) S AR SR T 38 e b B SC IR A K A 7 Y 7] AL
501 EMEEHEE
5.1.1 Vickrey $43Z

55 AR B 32 W A Vickrey $ 3%, B
A TEAAE LU EDE A0S A R s RS AR E
BRAFHASE  OF 4 BAE — i i A 9% FHSY . FE Vickrey
fASZ . A UEM] 1SS H0 8 KUK TP R T L 38
HE 1 5 9K #% (Dominant Strategy) & A &
XF 4 2 il Y LSS A (R L B Vickrey 4732 0L 2
FLSEAY Ceruthful). PR T 58 40 45 R 650, 5 4% 56
T B A XA 32 a1 FA A Al (B b AT AT LT 4
THEERLAS B2 T A . 33 B A O SR R X 5 A2 o] 2 A
FIUER] Vickrey $A32 B9 B2 B /2 RTB H) fi S
(LR . I 7E RTB 52 5 HL ] b e 55 — M0 A% % &)
A 32 1 BE Atk 7EASZ B b, AR — DA SZ LS AT L
V8 il S AT 4 BT XS i 1) I S A (R AL B
o FA B A A T OO A 32 A B TS R o5 SR
W R A GZ AL 2 B SE . — AN FLSE AT S2 AL AT LA
o 58 A 1) 1 2 g A R b S ) 4 A A A T I
fit LA AR E

CHRL83 JE &4 th T Vickrey 4732 L 2 52 1
F18 AR IR B AS 5 A 4 R L S Y UL O
— I LAULR. £ Vickrey $A32 0, i T3E4A &
AR J S BR SCAS B 9% P 2y G A L PRt A
RTTAAFE AN IRT FER A 32 0 B9 S A 1 A
FOSZ I E 28t 23 IR s Q2R s v T L S Ak L ok
AT S A M 3 AR 2 3 o (B AR A5 1Y AL A0 —
FE SN S 3% R Oy S 40 SO 3 A AT RE R T
TSRS AE S RS T 5240 2 R U LA i % 55
T A1 S it 1 SR A A (R B N R
B TEAR X SEAA A B FAA A (E D 1000, 4 SR A 1
800 Ik T~ H S Ak B ) o A 52 411 & i 7 900, B 4 il
fn 4 A0 32, A Ry 05 AR AR AR T B S 950, U A ek
A2, SEBR AT 2% 900, 345 FIHE 1005 (H /2 4 55 40 &
Hh Y e T LS A (AL I 1 A A 1200 HE A 5 4R
#1100, EARFEATI 5 I 194132  H J2 il 75 2 4% i 1100
SRR L S BR A R AT — 100, R F 55 40 E R
W A B ST S AR A3 )
S.1.2 7R M M 4R 3

o1 T Vickrey 4132 2 &1 XF 54 d 40 32 19, 10
TEE A8 2R A vb o R i (R N X 22 A T A A
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fT4a 32, BV Z ¥ i 40 32 ) I Google 19 BF 58 4 1E
2012 AREF X B R g R T X
M #% (Generalized Second Price, GSP) #1321, GSP
TEFLIN (] N HUAS 1 B OR 8y Bk 8 2 9 o 1 )
J&R ), Google 2005 4F 1 B A 61. 4 2%
JC . It 98 Vo LA K B F GSP #1352, Hiif GSP 2
S Yy N F 2 ERK 280 ADX L GSP 2
Vickrey #7132 1Y #E) R 52 B8 2R )5 19 GSP 4132
A EETWEZA) S W a e 24
RMEE RIEE = AL S Vickrey 032 #%
MR AN 5 i 22 e BO e 2R HE S L 43 8K
o A B A TR TR ) AL R R S Y 2
e RGBT — 25848 W A, LU 2R 4.

AR S 3 — A g A 1 i X GSP AL AT 15
B R a4 S O LR DU 2 )T AL 1 AN
J&R 3 AT s 2 5 AR 15 IR T IR B (CPO)
P28 AL 1S3 RN R ARAR 200 WS )T
B 2 ¥/ T RS 100 RS d )T &GS 1.2,
3 R TR U, Al {E 20 10 964 962 Tt
WA 576 2h GE A #) #b e B8 B SE AN (8 B A, 0
TR AT AA G B 7E GSP )7 &G gl 1
WA AL 1 O B R SATSE 4 98, X
fF 28 FH R 200 X4=2800 JG )& 1 8l 2 widd) &5 L
2B S ST R 2 oo, AT SRR
100X2 =200 Jo, A 40 32 J5 19 B0k 25 24 800 +
200=1000 Jo. 75 % Ui W By & . GSP B AR fE RTB
JZ R e g S B i bR (R AR 2 B B AT
FAIFE google #RIN GSP & —F “F 1587 1y 411 32 J5
KUY B IR R Vickrey #1321 & 38 ), #
B b VCG #3202 —Fl b 638 L £
5.1.3 VCG 3

VCG(Vickrey-Clarke- Groves) #1132 J& #f William
Vickrey,Edward H. Clarke, Theodore Groves = A
LA Y AE N Vickrey $ASZ7E 2 W) A2 1Y
. CAUEH VCG #1322 Iz m ™ x4 i
FLSAGE M Y SEF0 4 - AESE R 4 R A i 3L
i N SEFAZE JE Cenvy free). VCG #3245 5K 4% BE 5
78 1 43 B CH o 3fe DA s i 380 8 K O o 3K Mk
AN TE SR o B T A0 Y AR PR A S A Y 2
FH 0y At it JHE Al 35 40 & 3 09 453 2K TS AR >R GSP
5ok BB VCG #a 32 #L . 72 VCG 4~
e 0E S AT AR AR PR S (A s L B )T Sl 1
P )AL LTSRS 2 AR T L 20 AR T
WA 1AL LSRR 3 A (200 —100) X
4+100X2=600 JG, X B (200 —100) X 4 FK7R W

JUEN LA S 2 AT AL 1
M3 A3 - 100 X 2 FoR T 4516 30 3 i) 54 2
T34 I 25 5 5 6 2 2 D T A A 2 S A g B
H:100X2=200,F/R"]HHKAG 2 AR Smdn sz,
JUAEIE B 3 RRAS ) 2 T RN A R L A S
J5 1 25 R 600+200=800 TT.
5.1.4  =FMTISZ IR S AT

PO =FhEE M AR AISZHLE] 2 A — AR
B =R LR S M 0 A 2 AL A e,
GSP L F 1 AR gt s 2 5 F & 2
B T LIS & T VCG ik zs . 4 i SC i ]
T AEEX TR dn A ok vl A AR s iy A B VCG 1]
DA 4 ORS00 35 1 U 2% R A5 fe KAk, 78 B Al 55 PR
ADX H, KRR GSP ML, 1 GBS TR 7
Google, VB R B VCG HLi#Hl . ] tn Facebook.
3 R R A LR LA T s (1) GSP HL i fiE $2
T2 e M) & A R A T k45 s (2) GSP LI
R S Tl ) R R R AT SR AL (3) VCG L
) B SR TG AN 2 X At B 1 S K L X
SR b 5 P AR MEHE R £l 115 (4 GSP B 476 ADX
Jriz R E L EmEE VG AU K.
5.2 EEGIEE—MEEHIASE

S A % B 32 32 B Google 5558 5
BRI HORAE T\ ARG 255 H 2
EJLAEE 8] T ok B & AR AR T A B R R
BEY W EfEHET RTB REH . K HEE AL
¥ 54 DSP (1 e IR k) 5 B SRS L DL K
AT A AR (SSP) [ 4% X A8 28 FF L X B A i
R AE 750 A A 32 Th o 38 5 F A AR B4R 4t T 58
SR SAES B R £ Fh 2 T S A B O DA — s ok
Semb . R ADX H1IE B SR R E . 26 Ok
Wi, ADX A fEIE A AN sE bt [ O 5 3Rk 4 3 1 AR
S A5 0 AT IR T 3 R R A IR — S UYL
W v T A B AN I A A . TR e i 22 M AE b B 2
M FL2 9%, 5 — FhVE BN 0 )& . ADX %t F 3k i T
] DAAS 4 R S A T i B TR e
AN F S5 5 A B A A W 2. B Ah s ADX A 1]
DAt B0t 38 Rl B e O 0 ) R O AR A A
T DL 5 A0 9 . 35K o 4 SRy 40 32 38 00 R 0 SE AT
T RTB &2 5 F7E ™ EWFEAE LY.

@ Nearly Half of Programmatic Impressions Are Sold through
First-Price Auctions. https://www. emarketer. com/content/
nearly-half-of-programmatic-impressions-are-sold-through-
first-price-auctions
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SCHRL86 T X #1352 7 V8 L 4 ) — b s 280 R %
AR LB BOR IR R T — Rl Al B U ADX P
W RR A 24 Tt P 25 B AR D R4 T A DL A AR
BEAT A IR R A B SC IR E T — 148 VEX
ISEI 52 By R GE. SER 45 R BN % R G AE v 252 1)
AN I 25 o AR [) 39 4 T o DRAIE 1 40 32 33 2 1Y 58
B AR EARAAAEIR Z2 )5 IR 1) an R e A 2 kA
F 1 B ATl AN RE Bl LA B, I HAS BEAS I 21 5 2
FroR e VR B T F 5EF L SCHRES7 1k — 20 A3
W B AR AR T A — 0 M AT S ME — AT A AT Y 4 52
BLAL 7 ol 5 B s Bl L G 5 A A% AR 2 HL RS
75 B [ A 4G, AN 2017 AR TR IR SRR T 58 5 F &
28 \) (N OpenX©) 4t 8l 5 FH 5 — i # %5 BHM 2 HL
il HARAS TR A SOk [4 1A 4 1E L 2018 48 3
K JHER — AR FASZ LSS 19 ) 45 R A C 2 52 T B A
K RTB #8587 &5 AR 43. 300, & IR
TR ELILH WS B SR N T A0 S AR Y B
AT ADX R M AR SRIMTER — I R
S AL IE A H L A 5T 048 B — Mg 40
SE o B A A TS SR A O T
FEXT A OB BN DTS 7 4 3 A B O SO
Z (1 B A DR R T B T ¥ 1 5 A A AT S AL AR
A AR K.

5.3 Header ¥g32

T B 1k ADX FEE, R AT A S Ay B | OOk
BRI L) PEAE A SZ AL, BT X X — 755K Header
32 O AR . A BB (411 32 7 UL Header 4132
38 353 57 F T Sk HR A — 4% JavaScript [1] £ Fh I G &
TR T B OG04 AT K AR R U A i A
8 A BRI L i 13 B 7R, /£ Header 47
Serp, R AT AR boa] DLR] SR A A R A
H i o PRI BB A% B AR 3 R AR P2 A U A0 A W] BE A L 42
T R TC B0 5 A o R A I A A AR e 25 R IR G

R AR A E L BB R S B
e 381 T 3758 W RE AN 2 SF- 1. A Header 3132
o WS AR 2 AR S FA AL B AT DUR S —

SSP 21 {100 msi&[7l, Floor Price: $4.00 CPM
SSP =2 |150 msi&[fl, Bid 1: $4.90 CPM
SSP £3 | 200 msi&[A], Bid 2: $4.70 CPM

| 1
ADX #1 (250 msi& [, Bid 3: $5.60 CPM3JJIt: |

J

o

ADX 22 |350 msiZ[Fl, Bid 4: $5.40 CPM
ADX #3 | 450 msi&[A], Timeout

& 13 Header AR =K

Publisher
I R A

A2 AT DUR S A% 40 3% B8 T AR IE T
53 W . OpenX g B 76 B A7 B 4 B 26 B 40 52
HAR SR I EE — O A% 40 32 FE e A ) Header #3291
KA ISz AN 14 FER. 3 Rl R B A AR
— A% GRS A 11 32 A LR - BE 5% 55 20 B T P Rl
A B L — Bl AR W B A AR B 32 05 5

Al " ospa
DSP #1351 ADX A1
#

$5 | DSP =2

ARS8 $10

%}@%ﬂﬂi

. 10,

/e, W\ 58 T 8
‘\> DSP =3

Publisher $6

s se SE—IAEASE
L g8

B 14 55— s RS AN 45 A 19 Header 352

5.4 HETEHMHBIFHRAITIE

H Al 24 AR FEOCF I S2 L 1 BF o8 32 248 v e e
B8R ) A B L Sz, £ TR RTB 4332 #0619
WFFE IR AR & /D, B4 e 28 B 2 A, R RS H AT
RTB (332 HLH 2 i i 3K 8l 14, 2 I B2k A g 4
JEH A TS AN S 48 32 I 5E & 4 A X AR
PSR X B A B B 5T A i — A AT B R
BLOSCERCIT 0 THEA S 2RI 58 Mg
SR BEAEAE S AR R ELSE RN DL OF 4 T TR
() A D 7 5% s SCRRL 88 1 AN (89 I3 T Hfilr )iz ff A
(1) GSP HLiil s SCHERL90 188 T —Fhogr i) 2l 4 32 41
il s LR AR SRR R B R AT SN R b S EAT Y A S 4
TR F AR PR a0 1 A 1 ELAR A D7 sk 5 40
2SS T OEA ) 5 PR AR SR AL T i I 45 s SCik[86 ]
LTINS X 55 M 46 4032 T 3 2 5 1 & 1 3%
[7] R Ji FEBIF 5 A ) 2 SCHR 87 17 A& TE I T 28 — i
A6 A0 S22 e — 1T (5 1 AT 2 HLE O A — M s A0
SZTE RTB Wi ny e 3558 7 3ig B mli. A5 b &
B As s RTB it — 2 B Sk
B 22 X 12 AU 1 i

6 IHEEIER
b E ) 45 L BT R K AR LR

@ Understanding how OpenX determines when to run first-
price auctions. https://docs. openx. com/Content/demand-
partners/first-price-auctions. html # understanding-first-price

@ Hearts & Science Calls to Replace First-Price Auction with
Reformed Second-Price Model. https://adexchanger. com/
online-advertising/hearts-science- calls-to-replace-first-price-
auction-with-reformed-second-price-model/

@ What is Header Bidding and How Does it Work. https://
clearcode. cc/blog/what-is-header-bidding/
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B A H BT AR 2 LK R 28w A 32 SR I SR
TELR ) R A5 AR GE W BIL ) A0 A SR A 5 B % 8
JER 5 KB T S TEL T 104 2 5 05 #RA S pL ik
P Ve 3l LR A3 WA YU 4. SE PR b VRS 3
B 2 MM TELR ) 8 77 M B — A K R] AL IE AE AR
XTI TTHY . RS B ) 4 SR 4R A
TE 2015 4F 745 JVE 5 2l B 45 5% [ 00 7 ol 3 2k
82 AL FILLEA T A FRAE 2016 4F X T 5 Y
(1 5 SCV R e A 5 e A | R i A0 AR I T8 A0
R X SRR R I A T SR ISR B M
VRS S ) S A SRR T — DS A A
SN T T At AT B WA T A H A B Y
A g A A B R B B9 A7 o VR AT g RTB
BT T R R T AT X A AT K
VERIFOIIE, B e 4 s VR R 222005 30, SRR
0 E A YIRS IN 55 B 8 7 k.
6.1 TEHEIEANX

R 45 VR B 32 2807 30T 20 O e AL 2 K
VE R IRVERN R A Ve =28, Hrh B Ll & Ve 2
87 R AL 2 B 4 I T E A R ) o 2 T K I
WL 2ok MO 45, 3 A7 /£ T LA CPM 2 dCPM
4T SRR T B 5 el OV R A R
R N ) SR LA N S T B B B B ot
BLE rp i) 7 A e 1B i » DA IO o TR X
Je R R B OVE T 30 R RN T A BY
R ARz AT AL s B A IRVE R 55 OV A ad
JEE AN 7 ShL s AR5 T i B - A AT — RS A
SO Ol 55 4T O s R R I A R T
M F 824 app A LA™ A R BURS fb. H
B G IX =T VR T A F 5 e
6.1.1 BEEHLEIIE

HE AL 2 JKVE (impression spam) f 58 it /2 &
A B A CIR 3t ) A S ST 2 0 3o P 3 R R M1 4 e
ARHLE RGO R PR H AT A R R
N HLE 5 3 A PR, 55— O 2O 5 1
BUBEAT AL B {51 G0 7 10 BT b M A R T A L Al
VAR N E IR Naale SN 4 5 oty = e S L T
SR 2 R (ELR 15 R0 P 7 I O 14 O 1)
WASHR 2 DUAR TH) 4 32 % 3 26 B 1 HIL 23 19 £k
E WG EZ R S5 0. X 7 4
R ) AT 56 5% i ) Jre s 2 4503 P IR A kg
K L R AR A L L R A O B R B B S X
ANETUL. 55— 1T B AL 2 (87 A 5 B P 0 AT
R fih e DRGSR R OE L 2 VR Y O 22

I TF R R AIL A AR AR DL P ) I R 0 BE AT
s DA i & 8 22 B MDA 2. Gl R WAy 2 A
B AL 2 I A 208 ) 5 7R 45 B OE O O
FU B T R UG TR R L2, TR
B2 BRVEBE & A A1 R Bl 25 . B i 5L 3K 0
RS T RE LN RTB W)™ & 288 H iy
K A 3t (Fake Site)™". 3 2 o 3t i 5 H A7 4 1% 38k
o FL P 20 S DAL A I 3 5 0 Bl TS R S
WL EHES T R T AL B e % B ) 3E 3 in
AEF RTB 22516 . 8585 A C 1R
6.1.2 SEilEE

MR VE (Click Fraud) 288 R & i £
RS IRVE L R I R SR C & KR
WRoE e R ) A A ROVE R O X5 Z AR
MR s VR A R B BN R E 2 R, 5 —
SR R AT AR (W) K2 1, H 12 A3 78 H bR
iy B AL 23 19 5 i (click inflation) ;28 — 28 & H

A BRI TE 4 X T 5 5 (competitor click)M,

H Y &) 4 J2 0 2 0 S8 4 00 T 00 ) i 00 AT AR
iy USHRFES 52 G 0 T/ )4 IS, i VR AE DA
CPC 2y =223 25 =X iy 8 Bl 4 8 b il i R L A
PLACPM O 23 28 i) RTB R rp, i i K
VEALAE AT B & A W (R 48 T+ DSP X B 6 B 25 19 Al
TN E (I CTR) , AT H& TH) 45 05 B OGHL 2 1)
A

gAY 32 252 05 0k ol il R 3 (Click
Farm) Al 5 i HL 8% A (Click Bots) B35, sk =2
T8 ICVE# DIRBOA JR 1 KR A ) ok i ) 45, AR
X8 R LI AR A Al AT IR AN 2 W] R
PR AR R TR R T A R R A IRVE R L S L
i N IR At VR T R B 0 B
A AR G 8 A 3l 1k b 52 0t A 7] 28 B A OVEAT O
51 G 0] Y 4 A Y 9 3l 1 0, il R DL B AR E )T
S5 T XS LA AR B A D SRS
FHL L I8 AT DLk AE TP ik DA S s 4G 0. 8 & 7 B
A% 6 FHL B G LA ANk — 2 A8y B A
1B F M4 F (Botnet Click Bots) f#Les A. YE-8 H A
LI S ROVE Y R R U AR I 455 A L R
ZAb BGEE B AR IEE L WS R R
AT I IRV B B —— 87 RO 4% 5 S A A 2
B A P ALAS BB Bl B B AT L 2 T IR

@ Google Ads traffic quality resource center. http://www.
google. com/ads/adtrafficquality/index. html
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AT IVER i & th 1 i 2 B AN TE 5 5 3 AT 25 U5 1R) 4
S I T R A SR R VEAT O LT
I3 A AR 4 IR 45 (DDoS) Bk, & i Fl 43 A X Y
BLAS 7 Az I 3 () IS4 TP ik vt LA 5 22
FEAL  JE BT B BeOmE T 1E B i b SIS B ok
B BB B T oA X BGE PR A R e
T B L5 e A 8 B Pk

TE R R BR T S AR R e A — A
5 il (Coercion) s i 17 2 491 40 9 3t 2 3K FH P A 4R
ot 0T B A A 2 A 2 i O b Y T B
EAR M SEPR N ST S NI AR S R
J7 A X 2 g AT O W AR T B AL
6.1.3 HefLItik

TE¥E AL i 1F (Conversion Fraud)™ v, ¥ 7F %
M T S8 R — SR A 1 SR B A T A A
W4 U ENR T #OF %% app 45, D7 A R IR
¥l 5 VR AR [R] 5% A 30VE B9 ke 3 B wl DA
e R AR AT LUR T F S 7y Al S A
JAEAR L, AT LR AT AR B AS Ny 80T AL A Aok 52
. A IRVE RAE R AT W A e O 00T A R
6. 1.4  HABHET X

BT bk = 2R VR L I A WS A S —
% B 5 18] 7 A A VR O 5CL BR O D E 1) BROTE
(Re-targeting Fraud). T E &) H 2T 5 &
&5 1) o 1) B 23 A P A T il 1) P SR AT Sy (A5
T YE A KA ) S ) E TR L
A5, DT BT 4 0 T 50 208 S8 d5 A Tl RE
PR MR AL 2 b AR SCER 99 ] BiF 5 42
T A T R B B T S TR
R, B, Bl 0 B T S I 3 Y R 35 ]
ET B AR 328 E 1) SR, Ik T 1) SR AL
FHP AR R 5 e L s AN READLE ) 2 P AT A . A
W) F 3K B A A ik & B B OGHL 2y Bl
W TEZ G LA RSB MLE AR T . 5155 U

EROPY A S o T NI RS 3 Bl s F

PARPAET A0 18 15 Fir 7w 3CH A AR 40 I i 52 3 3%
B0 T IE Y 291 A TR 6 3 X Fh deidi 5 2L
g7 7 Hh 254 2745 FE 09 E 1) SR I 7E —
NN BRICE) T 4 T 2 AT A TR R )T i U A
EEE Sy

AR )45 1 A (A Injection) f& 55 — il i 45 =
i kB B A =P VR O B
W HTTP 9 5T N 25 36 S B0 ol s B 306 D) R 55 42

Targeted E-commerce Website

Attacker e
B8P (G
coé (D) Advertiser’s Data Collection & ’\/\,\
Targeted Advertiser
Attack Module Generator
(5) Ad Budget
@ Attack ot
Module (©)] amng
Generation Module

Ad Network

Attack
Deployment,
Attack Module
O

(@]
!?ﬁhm
Attack machines

K15 X RS SRR Ak Bk

BERTFN WiFT $2 fit 7 8 A 7T R 5L o0 M 25 1% i b iy
HTTP WK ATV 81726 % 7 i 1 M)
A B Y 2 A AT L 8 I AR R ok ik
FNTETEAMHEB.

6.2 JTHEEERRNSHET A

BER 2% VR T 2 AR SO0 E AT R )T R
VERLI Jy vk AT TR S5 F .

6.2.1 HEATE

TS G =M R SVE A I 5 i X = R
ATy 1 BE AT A A0 B S BL 23 VE ] DU T
R0 A5 o VR R AR VRS

L0 ) % 6 0 J5 5 (Rule-based Detection).
T O P S R ) DG P oK g R ) A
JE AR S W2 ) R IRV IR L X SE AR
D) 2 A 1RV O o i BB 81— A i
PRI A 3% 2 WUk T 4 B9 AT v Al LU 5
TR IO L SRR I A B e O R
REAOK K BEE AR HRVE O E0 T A R Bl
AN A S LU VR AN ZE A OF HO VR R
Ja .

FeTF FH BRI 772 (Anomaly-based Detection).
BT A O R A AR Y D S fE Bk R BT
U e B S AR A 9 A Y e A AR ) B DY AL
SRR B EHL 2 I i (CTR) 28 48 T =1 B, 3 A 57
ARG & A A T BE IE AR AT IRVETT . B
ARG X T e B R A R ) SRV AT Ry B T A
AR T Ul A7) I 7 STt P SRV S TR R R R A O

FeF A RAR WKL 771 (Classifier-based Detec-

@O Comcast Wi-Fi serving self-promotional ads via JavaScript
injection. https://arstechnica. com/tech-policy/2014/09/why-
comcasts-javascript-ad-injections-threaten-security-net-neu-
trality/
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RGN o 3] A0 2 5 A7 T 4 A7 M 25 R S B ) HE A I
S Ol R AR P 3l AL Sk 102 1 X ) 4 A HE & )
S, ) FE SH 3 0 FE P AR AT DAL AR R R A
T3 B — 0y v K ) A 0D I A R
1 BT [ 45 5 0 T ) PR B 3 47 6F B 3 2 AR 43
BrHEAR AT A 76 1) 50 PR B b 3 A B0 S R T 4 AR
BEARIC XA BT O B AT RE e Ll 5 Y B
JUEA R ST RE R 0X 05 58 Rl O 2 3 LA
SIBT S R TR A A A AT L R B R T
A R BEH 5T 45 A0 (0 A7 B 90 UE 2% % 1T D IX 3 A
FT 00 D00 B 45 80 10 0 O /DN A B S DA I — > R R
BL2 I 15 2 P ) LY. SCRRC103 B 42 1 X6 ki A1 9
i JETF BRI, 3 F S FE ] m AL R SVM, 48— Fh
G I P 35 11 43 K . 1% AR I T R BRI . £
8 W3 1E SC HTML & R a8 55 45 8 — A4
PO 3k« 2% 090 3l v 1) A A T T R LA PR A ) e BB R
AEARLE 1] 55 607 25 R B RE 1] ) SR 3R L X B 0] it
Je 1 W 3t 9 R E AR DT I 22 18]S O Y AR S R
A ] 12 0 Y BUE S SVM 43 2K 2% 10 i A 47 1)1
YR 550235 B HE AR 3 T LA E sk G T O A
DA B HE A8 O T 4 550 BT o R T A

BE AN, SCHRC96 T4 H 38 AT LS T 15 25 132 o 46
— A R S 2 A TE MR AL 2 JRVE  RIVKS I 3 7 A 1Y
WG ML 2 B0 AT {5 HE 2 s (BN Alexa) %
Do 32t 11 i SR X b o SR S o G T 3 ) M S P &
0 378 378 R 1o X 3t HE 4 9T S R 1 T 0 3 I T
3l AT R A 7E BB ML S IRV,

6.2.3 S RVE MR 5 vk

S RVER I J5 35 A 9% — B T S VR
WFIE MR 5] T R A I8 3 1 & . R i
SRV A A 0y 3% 38 R O T BOHE 2 B R . il
Metwally 88 A7ESCHRL104 Jrb 4 H A] DL 3 72 3 a5
I A AR X R ST B VE G T A 56 IR )
FESCHRL 105 ] Hp 42 R n] LA A B 5 08 4% (Bloom
Filters) ke kil & o5 i vh i 5 &2 5. J5 I i 5% &

B AL B8 2 2T A5 R A ST o S BRI A I T
i Bl AE SCIRC106 ] b, 1 S o 32 i 20 #r 8
25 AU AE 205 7 0 R E AT R AE 16 4 5 SR 5 R A ad Rk
1 SMOTE Sk fiff b B0 408 5 v 1) 28 7R SF- 47 ) 14385 7
PLFERE b o ) e SR B S 22 AN BE 40 2648 s de ) 1 T
4E (% 3] (ensemble learning) FHIG ¥ £ 4~ 373 25 4%
25 AT 45 6 A9 B I & 43 2K 45 R

PE AR o AT — 2 DA [] o 5 6 3V A5 o A U )
WF5E. SCERL107 I ZE 55 - 6 M 3 s — Bl Ok T %
WERE TS T4 (Bluff Ads) 7 k. 58 5 - & it
Bluff Ads 48445 & i R R L DAFRIN & A7 11 2
A IRVETE 8. HLAROR U6, 24 & A i1k ) ADX &
AT R I SR 41 32 i, ADX $i B — 2 H B
Bluff Ads 1 k3K 715 3% 81 45 % A AR S8 7R S i i
26 Bluff Ads #3251 A (il in 2
A — WG A SCF R W B P e I A .
SRR 55 ) 4 1) A5 R B AR AT HLIE R R
I IRAR 2 5 B 7 & A IR Oy W] REIRAT T ORVE
A, SCERCTO8 AN & A A4 £ FiE o 41 M =l A6 ) 2
TAFAE IR 51 9 7 . 35 — Fh 2 R P s —
Bt JavaScript AR08 Al fih & BRUbR 25 14 ok UE B 2 B
FH P+ 57 2 2SR R P BRA T D00 Y 8 AR AR A T B )
3l AR 55 7 S 3% A O LSRR AE R R BLARRAE 1 4R A B
SROFH P 1o R 3t IR 55 45 1] A2 4 v AT 22 /0 LS B D
FRFFAE 30 b LA A TC TR i A L R e ik
03t A A v A A R AR R AOE s 6 Ao 7 R
W G LA NS N RIRTE S AR H i — 2
R B ARSI i o RIS IR N Y AT R S A
FFA IR R P AT A5 2 3 RV 3 o 1) B
YT I EAT R — R AT 5

SCHRL109 0 M = £ BE S 4G Y 2 ML A5
JECR AR 2% 4T SO AR R B AT A B AT S
B KA A BT A R A AL N HT TP 42
SCHRCE B B SRR R R A R R LI
FH 45 AT 8 25 D0 i 2k Hh 55 ) 5 A e 1 HE R s Ay
Mre el B A i FE A & HTTP ik i, £ HTTP
IR B LB X HTTP 5T 1 Y 35 >R AR AR5 s, %)
T2 O VR A SR A Ry 0 A R B AL 2 2D ok
Xt HTTP i RA o (1) 2538 R IR A7 40 25 DAL
b SR S R M ST B AR E T
S AR R R A S G IS AT IR AR AR AL A
drEF M HTTP ko 5e ) & sl e Al
(14 o5, T A7 R DD b IO 1 R AR S R SV & 3 0 PR P O
BHL 1E 122 328 i 4k 252 1) [ 1) 445 .
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Wi A I B AR Y K g s R LA AR AE AN
W 2 % o 5B 0 i AL g N AT DUBE L IE H T P B
A AT Ry s LA S RIS D SCHR L 110 14T X 3 15 0 Jig
TR, A IR 8 T 7 A 08 i T At o8 A B ALY
AP, i L g A7 AR Y i 2 5 P s s R A
O3 A bR B R B AR G L IR A B T PR A
7538 BEAJ; Cmimicry) A5 18 2 (bait-click). 7£
R ARG I J7 32 v o B S T T A R BOKS 5 I A
VRN R TR A R L AR T T R R S
3 A R ARL A B AR X R AT RS AR A AE S T s R
i AT e B AH O B AR L I O 3% 5 i I A
FEAE S IRVE. 5 1 St — b S G Ty 2k, Bl
T 0 W AT 1Y 2 P i B AS 1) P P B9 TEACA BRC
AR e A T R R B e A DL b e 5 Ok
PAT IR it B 153X 2R VR s i A7 AR 5 Bk
iRl
6.2.4 EEALIRVE AN Ty ¥

BE XAV B BT 7k T FE AT DA AR T
[E14R% 19 454 )7 2 (Performance-based Pricing)M 3
A A3 3k B S X A 4 1] i A B A 2 07 52 L R
Jo 7R URB S i R EC FE T 2 L) S R A BRI
JARAR 8% 14 e (ROD Sy 36, 1 4 35 H o
SO FLIE AR T R A A 1Y R R ML HEAT AT 2L XA
AT B8 S M R&EN. g, 5 3208
WEARAT O RE SO OB 3 al I A e ¥ 47 VR & AT LA
TC S A HEAT e AT S A A AT i E
R R I A B 2 A RO 3K R DL ROR TIE
B B S Brilicts » o s VR E . (B AE S PR b, H AT 2
R34 R 1 A B ) 5 OF A X AP AL
6.2.5 JUEEARKIIE

XS T AR 1 T S EA R B
S AR B HTTP A% i 4 40k 52 BLAY . Thomas
S5 N FH A W i 1 — T 2 I 0 SR o R A
I (Document Object Model, DOM) B )™ & 1 A B
ARG 5 100 DOM. 2 i i W) T SCAR% 245 44 114 4 722
F 100, T LU e o 15 1) S 0 k) 0 Y 25 4 A
P A B SE 4 DOM LRI L Hp i1 7 & e %
ARG DY DX K 5 38 3k HE B 30 W0 5 4 J A 4 A
BRSBTS T A AR
) IAACAD I 5 MR A N2 Tk & L ) &
HEAMKTE.

25 L PTR80S VE AT Sy R
B i kit AT T 4 B E A A D ISR 3 IE XX
5] R AT B9 AH SE B AR 2 5 i RVE I 44

IR AT, RRVE T A AR 1) % 2E5E . B Al iR
B — b T Bk 58 42 BHL1E JVE 2l 2 AR TR i HLAS B 52
1 T ZE SR TR L2 a0 L S I R RE A 42
3 B RO VERE A 248 57 R L A RS TEAT 0 AR B
iy HEHEMREL)TEPNAES ST E RS
T3 AT — A B A e LR 0 AR S PR L A RE A Ok
P RS AR R

7 ARBFAREZRTE

RTB A #EA: LIk Toie 78 Tk A3 & 78 25 R 3
HW G T REMEE, BRTC LR RN R &
() —Fh 2 AROICR B, — S SR T A R A
RN T4 (6] AL AT R R A A AR % T A 1)
RTB 2. w] 15030 4 o Bl B AT A2 06 5 2k — 20
CHIK AL SRR )T I R R R AT R R B T 1T
RTB 1 2 3 4 5 foe B 14 ) 4 B0 = o b 48 25
Ak 2 37 3 Tolk A AF AR FL . A0 B 2= H R
FIl 5 JE 1) Ff o %o JEL v S e ) R ) FF 5 A &
J& 7 Il R TFPRIR. 3% 4 IR T OG5k (] 81T 95 I i
B 5T L.

R4 KBIEE W R R U

5K it i) WF 52 4GS
JH e 5 Chot) Bl
i i 5K i Chot) EEE LN Lo 4 I LR
BRSPS B AL B e
TR e DR NN U S SR L 7
JEAE 23 B R B S
FASZHLH (hoo) L e EE o
JHVE AR RE SR )

7.1 R P Rz F i

FH P e o T 2 H AT RTB o e 3 BR 1 0F 5 7
o], AE R TEZR ) A 7E 2R G810 S B AR A T i
T & A TEA S A T BRI AE T T
P HE 22 AR XS 1% D5 18] W RIE Y 4 35 A4 AR R ) 4 4 W)
KI5 & (Bl Criteo, iPinYou,, % iR 43 %y
T80 T 5500 B B8 R AR SR 1 i 38 (e A 25) 15T
a8 %7 I BB S B A T RO SR A 5 — T
FEL P g 1oz S0 32 8 B AL s 2 >0 BRAE L 0T AR R IR
JEE T 22 1) 2% 1) IO O e A8 ) PR E 2 2D BB A7
T w] RE. A I W 5T 45 L R i T IR A &
PO 4% £14 JH P Wi o7 300 A6 R R 5 BT LE A% e TR JZ A5
L RY T I B PERE. A T fAT B B4 I 45 48 L il 22 19 25 A
REHR 28 151 T A0 A1 119 28 B S o T A AR 119 41 7 A i
TR TP A -t A w1 WS —



1834 it 23 Hl 2% 17 2020 4
A E B R ORI GE 95 ) B 3 IR B A B R AR 7.2 HHKEE

H R AR IR A SRR IE TR R AU F T
FRAE L 1A 16 7 7 JH o 32 % WO 6 A58 70 35 47 il 5 LA
B UnAn] 4 2 0F 5 10 A T LU R R s )
i AN )7 AT 5 S

,,,,,, [ R
| | | |
i Model i i Model i
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f ‘ f
***** ANV WA beddi
« (@ QN0 010 O) "aa

@ Dense feature O Embedding vector (D Sparse feature

16 CTR i ) gk A A5 5 48 44

P o 37 S5 AF 5 ) 53— B AT O T 9 T ) 2
iff DRAE A T 973 B9 77 AN S A [ . 3 PR g A S B
IR AH BT RS B F P R AR i it /e Ak
11 09 R AR E R A 0, A8 H AT E &8 T JE 7R sy e
160 B v, TE SRR AS e R B IR CR 2 0. 124D,
ot I AN - 69 K040 4R R AT B RL 2 o] L AR 25 5 %o 4
2R REAEA T Ak UG To kX Hok D g/ R
FEA CEREA HEAT 78 5 2% > . H Hi iy i D J7 58 3l
R R ORAE L A5 288 EU AR X A 5 5 AR
WU 2] R T3 AR /N R REA 48 T BRI
FESTACEE ; M AUC . ROC [y 26 1 S B2 50 fig
AR P B 1 T A S 8 25 ] DAIBOTS B 4 1 32 A
AE. SR, A1) FH 07 R A LA 8 ) 0E SRR AS bE 9] - £ Al
AE 23 WA IS 500 P AR AR R A 20 A s S ZOUI 2R 50
5 EL SR Y 4 A A 2 5 DT I PR R Y 5
INPERE. PRIk, AR O ) BIF 50 4 B 22 4 v A 2 T 30000 A5
RYRZALRE 1 o L SR 408 i 22 %8 0 A 15 47 A% a8 7
1] FESBT I WTFE T A BIFSE# 32 78T 8 e ke S
. B ANAE SCRR 112 v A 25 48 s ) P 2 x4 149
2% (Disguise Adversarial Networks) fE/NEFEAR |
HEAT XS B2 AT N s T A 8Ky /N RS fifk DR B
it 4 7 AN - 1 7 1)

25 b P o S5 ) RE AT AR A R OR Y 4
T 6] o B Bk 8 22 AN ) 377 55 19 il 538 CRe 4B 500
AR A A TT o LLROR i B T IR B 2 2 1 il B Y 4R
3207 [ BB SER 2 5] B 2 ROk A 2 R AR
b B8 5 TR 35 ) A 5 R A P DR B T
/N ABE 238 S5 0 B 4L T PR ASE TR R 5 1k

SR A 2 H A RTB B iz —
FEHAR TN & R0 A B2 K A B KA B
T R B s SR A 00 L SR RE S A B T 4
T SE A 8 A6 B LA DTG R 5 | B 2 AR T
By AR A 7l R R R s . L
SR 114 BT 5, 455 A1) e 41 52 T 29 45 22 5% 2
TS AT S AR s AT o3 B R e A Ak B LA
e AR 0 J7 6 00 AN SR AT B BEE R AL
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s S AT R LS W AR — s S Tk
Fa R B AN AN T S R L2 1 PO A i
FA KI5 2GR AT ] TS A S SR B T
B A 2 AN SCHRE55.58.60 ). B A AT 5T 45 Rk
BB T T B P 22 I 5% 1 it A S 5 3 3 4 il A A
TIAL] L 5 52 BE A8 A %05~ Py s b EiE b i H e
F1 8 o fulf AR il die AR s (HZ X T — D i ) 45 4%
TECRL B+ H 40 32 T 37 1 v B S A GRS RO
JAl ) Bl B M S 558 PR T 5 T S AR AT RE
RABRIZEAL) BT Py s B0H 2 ) B B
i SR W Xof T Y A0 ] B T R 2k 8 DAL Ot e e Bl
AV AL Rl A3 A A SR 5 B 5T R R T
] ) OFIE a3 —. B . T R H S A 2 H AR
FH P 7 7 AR B A AT S T AU S S AT O
PR AT A0 S0 T W A A T o 5 T4 s s Y
e R 4T3 K 43 B (Attribution Analysis) , %} F H
e PR AR R B T R R L2 N I R R SE AR
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AR 73 B B BIE ST A W 2D AR AR ROR B S A E 23X
5 T BT ST S BE.

5 b RIS TS A e rh e (D BT
TREE 28 R 2% 1) i AL A g it (2) S5 ah &
A R AL R A 5 ALt SRS T s (3) 255 A
PRI 3 B A TR ) S A SR 3T
7.3 BESYHER

H HT 5 15 5 0 4 O DG B R T AR
X 2 R Ry SR 68 4 H A 472 I B ik A 853 4 T A 5y
A VH R Y SR T 28 BB PRk i U5 1 1 T A8 2 S B
I B B 5 2 A USRS TR 02 AR SO
N T AE B 0 SR W % AN T A Y L AE
AT SRR e B B A S R R
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Kt BB A AR T .

SR H AT TR B M Uik 5 PR AR AT B Y
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SEHLH Y SEAERT T — BRI R O g | 45T 3 5
A S B Y T AL
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Background

In recent years, online advertising has developed into a
multi-billion dollar industry. As one of the most exciting
advances in online advertising, advertising targeted delivery
has received increasing attention, since it improves the
efficiency and transparency in the online advertising ecosystem.
This article explores RTB. a new delivery method for display
advertising. At present, the international research on RTB
has just started, and the research main focus on the click rate
prediction and bidding strategy. Unfortunately, in addition to
Jun Wang et al.”’s 2016 paper “Display Advertising with
Real-Time Bidding (RTB) and Behavioural Targeting”, few
papers have sorted out the entire RTB transaction process and
the latest developments in key issues.

In order to help researchers and algorithm engineers in
this field understand the current core issues and solutions of
RTB, especially its applications in industry. This paper
investigates the latest researches in RTB, and sorts out the
key issues from the perspectives of the three main platforms:
demand side platform, service side platform and AD eXchange.
These issues include user response prediction, bidding strategy,

bidding landscape, reserve price setting, auction theory,

advertising fraud detection, etc. At the same time, this paper
analyzed the existing research methods, theories and models.
In particular, the latest research on the most popular user
response prediction and bidding strategy is introduced and
analyzed in detail. In user response prediction, the paper
introduces the current common shallow models, such as linear
model, FM, FFM, etc. , deep models such as FNN, PNN,
DIN, etc. » and mixed models such as Wide&.Deep, DeepFM,
etc. In the bidding strategy, the paper introduces linear
bidding models, nonlinear bidding models and bidding models
based on reinforcement learning. Finally, the paper looks
forward to the future research trends and directions in this field
and introduces some new technologies and methods that may
be used in future research. This work is supported by the
National Natural Science Foundation of China under Grants
(Nos. 61202445, 61502087), and the Fundamental Research
Funds for the Central Universities (No. ZYGX2016J096).
The main job of the project is to conduct recommendations and
targeted advertising based on user interest and behavioral
predictions. In this direction, the research team published

5 related papers and obtained 2 authorized patents.





