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Abstract:  Since the factorization machine (FM) model can effectively solve the sparsity problem of high-dimensional data feature
combination with high prediction accuracy and computational efficiency, it has been widely studied and applied in the field of
click-through-rate (CTR) prediction and recommender systems. The review of the progress on the subsequent research on FM and its
related models will help to promote the further improvement and application of the model. By comparing the relationship between the FM
model and the polynomial regression model and the factorization model, the flexibility and generality of the FM model are described.
Considering width extension, the strategies, methods, and key technologies are summarized from the dimensions of high-order feature

interaction, field-aware feature interaction and hierarchical feature interaction, as well as feature extraction, combining, intelligent
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selection and promotion based on feature engineering. The integration approaches and benefits of FM model with other models, especially
the combination with deep learning models are compared and analyzed, which provides insights into the in-depth expansion of traditional
models. The learning and optimization methods of FM models and the implementation based on different parallel and distributed
computing frameworks are summarized, compared, and analyzed. Finally, the authors forecast the difficult points, hot spots and
development trends in the FM model that need to be further studied.

Key words: factorization machine; recommender system; CTR prediction; feature engineering; deep learning; parallel and distributed

computing
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(11 50, Time SVD-++3E— YRI5 87 A 3000 & SR oy 01,
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Fig.1 An example of feature vector
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R 6 7 Dy 12
YOO =Wy + Y WX+ > (Vi V) XX, (5)

i1 iml joivl

Horbon ACRFPEA B HE R Woe RWe RV e R™ (&R K/ Kk B BIA ) B ) 55 B (inner product), B (vi,v;)=
Zzzlvi,p -V AERE YNGR, A EENERAE O(kn)a 23 H E— 6 N R G ) B v (i v PR A RFAIEAZ I xixg AL TE 240
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Fig.2 Aresearch graph of wide extension of FM model
2 FM BERYE 5 BE ™ AT 5 1 i

basicFM "' = S 1 2 Bk i A2 L, BE A B ANRFAE 22 6] AR EL 52, oh T 2 AR AR AC B 2R AR il 2 1



P

FER FR T o MAIARAE 0 T EAREY R 827

R B A 2R T R 2 =) (1% 2 24 S LA S o S8 P v 3 A5 2 i i L ML 5 R A R R DA% A DAy o
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TR 15 B (P45 AE AZ B — 52 65 >R 5E 4 1 T R4 SR Konoll 25 A% i1 B 1) FML LG /R AT R AL AE (Markov
random walk, [ F#K MRW) 5 VEREAT LA R A8 A P 0400 v (R 0T 23 5008 B , MRW % FM 3R L4558 47 {5 4 5
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AR EE B X 6 g P A B T SR R 2 e T 2 TR S DG IR T ELAS 2% RS A A B DU AT DA A 3 B A FML AR,
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YA ST AL 2 TR PR 2 UK ) 0% R A A 3408 53X K AT A5 2 0P Ak B 45 2%, TN A ) 5 A 1 B ALL A DG AF o R R
MPEANT7 T LR AR B B A TR AIE 2 18] 1R D6 R T I A BRI T IR IS RIWAZ B

() BEHY .

185093 it Ml (field-aware factorization machine, & F% FEM)AE Y 2 4F FM [ 384l b K A R o A4 40 )3 T+
] — A3 U R TR AE 10— Y 2 0 A B AR 22 B0 A I 3R W 06 AN [ 3 2 1) (R R A A8 L (R il A AR R R
TLFM AERLIR R 2 O T MR PORRAE 1 A8 L 1) LA 2 3 1 98 0 4 (multi-field categorical data) ™, 45417 i)
FRIEAR S 5 H AR 53 R IE AT 35 A [FRE B 1028 B FFM. AR 8 k) AN 5 H AR A5 3% 28 B I RFAE #1025 ) — A —
TR ) 8 1) £, AT 78 20 b R B B i 35 (5 LR FEM BB b B — ANRRAE xq, B 5 At AR A R B — A
Wt #2 AE— AN R i W, DRt B T S AN SRR AR O, 1 5 3 A OC AR FE AR T n ANMRRE R T £ A7,
2 FEM B R IR AT n-f AN B B AR FEM ASER ()37 AU P, 5 i LAt oy L),

90O = o+ Yw + 3 D (W W, %X, (11

= i1 it
Forpof 22§ MR TR 3% i R BE = ) K IB4 FFM BB B — RIS HH n AN, RIS HCE nfk
AN AR TN A 2% B 2 O(kn+kn). 23 AN B 15 18 X TIOUAS 4 A7 e KR . FFML AR 3 < 5 474 b 38 i A
THEHRE AT DLk — 4 i H FFEM A2 DL ok RSl 76 70 g 450 1) Ab 2 L LR, Poly2,FM U AR 2.
HAR FFM A5 7Y GEAR 47 Hh A F 508 P 1903545 8, AR T FEML B AR o (1) 2 3080 e 5 R I 20030 DA 37 00 (R B I
EE, X AT AT SEBR N HT 37 5t T, S 88 B 5 ik B LT 0 vk S R 2 XA B S AR AR R g R AN T
1037 AL 23 R HL FwFM(field weight factorization machine)A] LA g b 1) 5274 AE | FUARAE j 8958 7 &R
R XX VLV PGy Feys 36 X B X 230 0l SRR T RIREAE § O A AR RN ) 3 F (DA FG) 230 70 R RRAE A § TR K 3,
Teayro N 0 FOYAT B ) 178 B 558 % FwFM B8 5E Sk
)A’(X):Wo*'iwixi*‘zn: i XX ViV e (12)

i=1 j=i+l

FwFM BAH Y T FFM BRI J % ol i 3 B regy gy (FieF (i), 5K it 7s Mg 424 [R) 3 2 1R R A8 T
TR S FFM BB RAAE | 537 § h IREEAS B, 2% 2] R ) & vy e, B S HUA R R [R5 2 ) 1928 R FE .n A0
m 43R R AR i kA R ) 1 4 B, 2B AR I wo, B4 FML IS EUBUE A nn-k FFM 5520 (1) 2 084
124 n+n-(m=1)-k, FwFM 80 5 2 50N 30k nen-k+m-(m—1)/2.— e, m<<n, 7T LL FwFM B0 AH o FEM B0 2 5
/013 %2 FwFM B8 LU T FFM B8 (0 S 80808 S 7 LY FRM A5 AH 5 4+ (10 TROIRS B2, A\ T e 5
T3S T S2BR AR = R G

Q) JEREAR A HY .

BN s, BF SC(context)RHAIE L A TR R R FR AR & FM AR Y AR Pl il i 2 Hh AR 2> 254248 7R 3¢
REAE PR )2 R, DRI BT 8 SR 4 52 B . LR AN 3 J5 TR FM AR B EAT 2 XS A8 LA Je.

H— 1%} basicFM A5 78 43 A FH FH P 4 & A A M 11 4 2545 S (valuable category information),Zhao %5
AP Wi S F0 5 20 RAEAT TR RS0 58 48 % 8T 7 6 S 24 5 43 2K (0 f 4 i) 42 H T UW-FM(user
weight factorization machine) B 4 AR J5 £ Z W S P 5 s i, 2 8 T IW-FM(item weight
factorization machine)f5 7 I fi, & FEX AT, 32 H T CW-FM(category weight factorization machine)fi 7.
CW-FM i H 2 2% 1153 2515 B (hierarchical category information)i % iy 45 [} J& ¢ &R (subordinate relations) ¥4
AEREATAS T T4 5 55 LB i 2R AR AE 7 5 30 J 1) 8 AR AT 2 (R 7 Bt s 0% &, BB AN 42 it B3R
o€ J& T HEAN S, BT AR Y S ff Ok FH P 55 0t 2 TRD PR A8 L, LA R P 5 400 o T 8 ) S R AIE AT A8 HL I, R A8
A LA, AN 5 W00, DT S e b 01 P 0080 v i 10 2 R b 28 A5 R R AR TH BB B RS s

Wang 25 N 42 H BB B 2 4% 77 v HEM(hierarchical factorization machine): 25 1 [y B, 1 56 16 &AW 45 1y
& BRI ZR 3R I FM BB 1Y) 2 5, I 3R (9030 46 iy e CRELRE B ), 380 3 %% 485 149 119 5 7R W] SR 488 2 (tree-
structured Markov model) X} %y H 34T 45 R R 48,58 2 B B A ) SR R R 2 UE U 87K (eneralized Kalman
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filtering algorithm), b X T %45 5 MovieLens-1M, BT Ly 5% FH 7« 5 R0 s )@ v kAT 3 2455y 12,1
J' A “Root—Gender—>Age”, # il 4 “Root—Release-year—Genre”, I [i] 24 “Root—Day-of-week— Year”.

LB TR AIE 2 TR B 582 IR OG R EAT AS L2 IR OC B ST 7wy 0= w20 and wi0.

Wang 2 A$2 1 T SHA%(strong hierarchical ANOVA kernel regression) i % f H AR A% L.(6=1)TF ) SHFM
(strong hierarchical factorization machine)#i % 3% SHAZ #i 1 %R 4y

Ty (0 =D+ 3 (40 Av)xx, (13)
i=0 j=i+1

=00 7 o R R Y HE 1, Oentaryo %8 A$¢HY T HIFM(hierarchical importance-aware factorization
machine) 5 %431 1 55 35 4 (importance  weights)FJ2 /X %% = (hierarchical learning) 7| A B4R ch 4p, % TR
e R ) 2 4 TE S s PR LR, DR A SR 4 e v T S 28 7 2 R 4 T SRAR K I R, T A B A v 25T T
EATTE A .

SR N B A A ) 00 R A LR R Jm A BT TR 4 R DLE D FM BRI N SRR
PE R FURAEAE B 22 8 A 1T LUK ] 3 58 LR B vt A0 R S Ak 2 T A7 AR 055 L MO 50 28, BB 17 iR 3
L e P 1 EE A, T DR A B S 0 2 UK SR S
2.4 FMIREL 5 R B Y 55 A

£E %% >J (ensemble learning)il & & 14 £ H 45 & 2 /> 59 % 2 2% (weak learner)>R 58 i % S AT 45 ARAE AN 14 2%
> A T 2, BT AR 102 S 73R 23 e 1) AN AE S S8 A TR HCOIOC R L b AR AT AR I P 1AL T V%,
REB AR Boosting;2) AMAEE S A M AAFLE MK R L 7T RIS AR K IEAT 16 7 v, AR BORH Bagging Al
BELAR K (random forest) MRHE 2 A~ 2% 2] 28 & 15 AH [, 343 0y W9 ol [R] DT 62 O e OB e SRV FIML 7 T 0 /41 2 40
R St Atk DR 7 7 A A 4 LA T P 3 P P L e 8 A T e 1) 25 R R T B B B T 3% &t 45 R B R B Ak
Jr LATEHE 2 3 o5 h 4 FM R 5 LA ASE Y R AT 4 il e 8 4R 1L T 2 0k 8 07 2. LU R W A U 16 & A AR
JRTT SEHEAT 4.

(1) [R]JFTRE B4R .

Yuan %5 A 38 T 51 A boosting HEZEH AR H T BoostFM 45 54521 Bl T 7 45490 ik (105 A0 £ SR P 1y
3R Bt (implicit feedback)f5 52K 48— g A5, 18 ik AL & 18 07 0K 22 A 1] 5 1R 99 27 30 2% B o — AN 4 S) 48
Yan AN EARHFFAER) 3 ANTITNCH 7 B8 R A)) 23 M B FRRAE 40 REAE DA IR TR AR AT, 4R il ik
GDBT(gradient boosting decision tree)fl FFM 1574 2% >) 2 5 14t G (¥ A7 A= R A B2 , 30 3 3 P9 A S TR IR R 4R
IR AS AR FEM BEAL B XA FEM 5880 (A 42 M A8 1Y Hong %5 A1 T CoFM(co-
factorization machine)f5 434! S A FM 4574 [5] I 36 FH 7 1) e 52 (decisions), BV X 45 % HEASR A 7 86 2 #4116
PN 43 Sl FE A A D TE PR 500 N 0 L B AN BT 1 FM B g 28 X S FM R AR P [ i o) &5 SR

(2) R RLAR .

Leksin &5 A K 3 AR ——FM B JE T4 5 16 W) [l ack g8 A5 730 DA 2 356 P4 75 1) 2 AR AR SR AT R e AL 45
IR & o 2 45 SR 46k Y B — [ 5 V2 L A B RORE B 2 7 0),

(3) B A H Il R Dk 22 Hi s B (R )

Blondel 5 A\ &30 FM A8 I g H 500 1 R o B R kAT o Je A L e = AR 2 i, F 2 R RS T AR &= 1
) R O HE T 1 R S SRR A 3-SR I o 2K B R O 2 4 2 e PO Wang. 25 A $i
i T RPFM(random partition factorization machine) 5 81537 >y 747 20F FAS [ (6 b1 SC45 8 Bl WL e SR 5
VERERAR LA AR A P W BCRAAAEARL TR SO AR 43 R B SRR R R TR — T s S AR L
A T 5 B B ) A AN D) LA T v PR G BE A TEIOIN — N BT RE AR I, Se M L A ST L PR R IR 4, 4R
SERE 2R N AE IR R AR5 A0 R AZ I f B DRI 1 FM R SR A5 G N RF A 1) it P 7 — 3 g v N
BRB 0T T IO REAR S N AN Joe S5 T S5 4B A0 2 G 97 A9 A ) e 24 H o Y00 1 - y(xi):th:] yt(xi)/N HER
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S5 R K-means JESEIXF P HER b (19745 sBEAT R 43, ) FH B DR 1) & i) 1) AR ARUAE A 4 1) 23 b o IXRE K1) 43 1
KA T srh AR A £ BLAT 5 5 (0 A 9% 1 Pijnenburg 25 A A% LR HEELR A 4b B AT K2 ] fEAH 10 90 28
A 5 10 [ 0 308 e g — e A AR AR R i e 3 A 1] 8, L Gn b 25 DL T R T X RE AR B X 2 T (B R — SR A
RITASE 25 %of A 5 A 88 L 1) 08 Ay T A B ) A 8 810740 S AOR 79)  A T R s LAk LR 25 AR B 2 R ik o AT
(many levels categorical variables), /= A= i i 1) ¥ 14 B (design matrix),iX 25 5 308 B $04, 7= A2 Wi 2R 44
{8, T AT T FM 8 22 )22 U 4 2878 B 40 il /D B PR B8 78 B AR O 1 1 LR B 3EA 7 4 709,

HEFFE 28 G0 B0 P R DG 90 3 A Ay < R O B A LL o — R L AT B R IR B R — FML BEAURSE O
22 R T AL N 75 SR TIR A 30 A 0 T i, DT by R IS s s vt R 0 5 s G SR B — FML B T v 0 2
3K B4 0] LA 3 ) ST Bl S A AR B 2R T FML A 5 () R 200 DA R SRE ATy SN AT R i B4 R T £
SOE=S 7w 15T
2.5 $ETiESFMIRELRI RN A

FM AR o B REAIE AR 22 2 A T N L7 s AT BRI T AR R 1 22 /b 2 s i AR 0 ) 1T B A A% B A7 S8 T
BLRREAE FVRFAE 20 45 TG iR 4 5 58 5 AR LA SEBUARRAGE ) Tl B DL R 1 B 20 S 42 3 B B o HEE R G — A
AT GUH T A G T FE AL 25 27 20 3R G0, HEAE F 4 50 O T4 A DR AR 98 A0 H % B B AL R JE R 4E TR Lo A
TCRFAE LA B Zh AR IE LR AR LU RN 3 /N5 TH SR A 5 A DREAE FM op 1) 82 R 5 .

(1) MIREERHE P AR IUCE 22 1045 2L 7R 5 UG R E — & AE 8 FM R

Loni &8 N JFAN 5Bl 5 | NAAMRAE B TS F SR ISR N A W 7 00 VR o vh 8 0 12 345 5, I A4
A 43T R AIE B2 T FMIBSEZRY (0 0 5 FSE B0, k1 P P R4 i P 7% (cluster) 75 Jh 7 L 420 it R B 2 o 2 0
AEH AR R W SRS 2t 5K AR e P R 1R 43 28, 30 P B k-means SRR K AT A 2R 5 —A
1, 3 AR RR AT 23 23 IE— /N FE 3 (domain) H B ME— id, 28 5 K BN drh A F P R L R R LS B FM
I (% AN AR AIE 1) S8 o AT 8 T FML RS2 )% N ARR A0E 1) 2 1) 448 132 . B 0 Bl 7 FH P 40 b V1 9015 5 o IR R A
FREH R, I B R N B FM R4 N 17 052 v dog 240 1) v A 70 TS 5 1 I P90 AR 3 b i A7 A
BT P A JE B ) R AT kg 1 W A P el T e 2 A2 88 1) 7 A R R AR S B B T AN 1 A4 )
BT LUK BAT A Ry v AT R R HERE D % 22 P (Mean v BB E e I S AR BRI R R o 2 )
FH R 43 S HEAT SR 83X R 1T LA S i /b 1o 22 BB P AR

(2) MJBUAEFRAIE Hh 16 38 43 o TR AE, B BT R AR 19 & 9F

I T AT R AE 1R AT 1 AT AT R0, AT 528 1T B2 Bk e 75 AR OR BT 1K) 2 AR B8 00 A JEU A R AIE vk 4% T Ry
Ak, B T Y A AN (R R A B WEAT R AR (1 O, 2 1 15 el 2 5 0 I ) IR 25 4 v FROIIRG R S
# Cheng 2 N3R T GBFM #1140 41t GBM(gradient boosting machine) % 5 FM 454,26 T T 1% BT R AE
BEAT AT HL AR TE 7300 B X T AN S 2% 1 1) i, 4 22 A48 5K 1 U I 0RAT 38 24 2555 0T 49 L 1) 45 SR B AT A
AL SR BT T IR e 25 7 AR A 59 TN AR Y (e AR ), I A R B AR ehmy DU TR
3 2 I L T A JBE R A2 b JEARU 1) — ol e B A 2 1 DA ik, SR A — 200 1) 55 TOUIIASE 2 2 HUL 5 B K R
L) 786 10 45, W RR g 86 2 32 T (gradient boosting). 38 i 15 #5351 2 bR BLE £ BE _E 98D i 7 aC3EAT m RIEAR, B
G I B — M FE FIFE T 8. GBFM I 2 i) = ZEEAC AN

Y00 =¥,,00+ > > Tl j & XKV, V) (14)

ieCp jqu
GBFM A5 70 o G4 35 HCUT PR AR AT 2 B 7, SR I PR R I 8 B v 2 I B R T e A B b bR BB AR B DR TR AL,
Fean B 427G B ) (user) s W) (item) R /B (mood)iX 3 AN b F SCHRAE ST T IR 4 FM, FLAE A
YX(U,T,C5)) = Wy + W, + W, +(V, Vi) +V, Ve )+ VLV (15)

RIS AT DT AT R AR A AL, 1 GBEM I 558 AR I $8 Ji5, e B AT HELBR T item A1 mood RS T, /™ AL YA AL ]
et

P

punig

YOX(UT,C0)) = Wy + W + W+ (Vy, Vi) +(V, Ve ) (16)



HHE

5 T A RAVEEE 69 B AR YRR ol

ﬂ}‘:#

Xu % NIAh,GBFM 15 e 6 FE £ T 1R D0 SRR L B Rr AIE A B, BRAIS T B2 53 2 AR AT R R AU
R A R S A VR AR AT Lk 8807 2, I B2 3 M 7y XAk B8R ) 1 A8 TR AE 1R B8 AT SR 1 23 D K B LAt T A
i, FM(sparse factorization machine, i Fk SFM)ASE R I\ 2% S7 50 ey B Pz Y AT ELARFAE, A8 3ok e+ 16 BT A 1
EAEH 2 A B O T I/ AR ) 5 2 8 R L A S IBR B ] 7 A I R A A . R ASORS A DG TR AR e AL R AT 58
LT LA 2 ) S HR R IR D> R R OR

2
TP 0T [xY
q qu{xﬂ MM LEH =IR—- X PQ X[ I (17)

Lew =(P,Q) = z
b,

Selsaas &5 N J& PEELEAT B 3 RHIE G I 08 J5 BT 28 1L, RS U R AE AR s Ve AN 70 2% 18 R 45
PEIR,PC HLEAT IP #31k Rl Cookie, # 2y i 1 (cell phone) W ¥ AT IP Mtk {HE & 46 58 T i 5 AL, T SR 42 A A
15 77 2O 7= A AR 2 (RRRAE, 10 FLAR 22 45 AF A2 AR i 14 3T LAAE SR FH B RS T -2 11, 56 ) X SRR AE 1E AT & 91 BE B
I Ta) B 3 1 TIOIDRS 5 142 Punjabi 25 A48 ! T 6 #% FM(robust factorization machine, f&ij#k RFM)AIJE T
Yt FM AR AR RFFML. B - 500 70 W0 2 v SR FH AN [0 40 4%, B S A 0 £ 38 45, BR1 Sk 0 B 28 AN [, 5 4 7= A
AN TR) PR B 3 0 B0 e — A Bk, KT & W A 4k (robust optimization, {7 R ROYKE 42 i) LL 2 f e 7143 Lu 4%
NEF X 2 ML 2% 3] (multi-view learning, 8 #% MVL)HI 2 {145 2% 3] (multi-task learning, i FX MTL)# i £ £k FM
(multilinear factorization machine, fiiF#% MEM)A R Sk I %) S5 44 i) 2 BAS RN Liu 28 N384 T LLFM(locally
linear factorization machine )5 7 5k 3 i Jaj 4 2k 1 43 2K % (locally linear classifiers) i @114,

(3) X ALY J PR EAT $E T, A ) J A mT LA A IR R B g v

S N v P R i EL A ) B s I — 8 IR AR A LT R 461,80 S5 LA 90 JE AT
SR P T BE R B R T CAEAAENL 60 (BESE Y. CRIEAS ) S50 Cin I HESR, AT 90 J 2o e i)
A& 95 JE AT RE T R B R I At B el ) . (Cf — AN o7 U RATTAnIE Y R TR R 5215 .
T3 A A TR A 2 18] 1) 56 e R 5t AS [R) A5, P 3 e BRI ) S S oy P P K T A 11 b B AR T
F 07 FEM RS RL A E 3R Y T 8 RS b 37 I G Y IFEMUS) 32 sk 5G4 g MR EAT 4R T 38 PR D RE R
A D87 LB At KON B BE SR R b R 275 A AR AE AT SGD I ZRAE B Sk 4 e #E 45 4% 5 iFFML A5
BRI x; HEAT D8 R R h

% =x +B (18)
Hor By R L xq (R THI5, AT LUk — 35 43 A A uf p, ORF I ) v g, O 20 ). e py A g 23990k
u PR 4 00 5 R T SRR JBE Uy R vy DAy A S i B AR 8 x s R A 7 S 4 u py, 20 R P P u k%
A5 1 B 2 2 B B x R AR J, B P u AE 3000 B b A I s A 1 B i, AR AR mT BAHT o] p, A5
P u (i 2 S B P £ O 207 R0 it P S AR A T DA R D
Yiser (X) = Z, gt W (% U7 Py) = Yyser 00 + z, Ligtwy e X (19)
Yitem () = Z, Ligtoy Wi, (% +via,)= Ynem(x)+zi:]!igt(v) £, Xi (20)
Horb, we HHRFIE x BTAE I f T i (RS2 AR SRR A b S 0T s B2 103 o0 BT I (K 4 5 2 L
PEEEA, 4 TR 2 N (19) THE A Rt 4R B 4% R A (2000 H 50 AR W DL T BRI R 0B R Rl
YOO =Wy + 2 WX, +gouser(x)+gonem(x)+ZLIZ';:m(vvi’fj,Wj‘fi>xixj (21)
(4) TEAERY I8 AL RS AR AT S5 AH OCAT B AR IE Sk 2 o i B
B #L 2 P 2% IS SR IR e AL 345 R F00HI /4 75 vk 3 B8 R IR 4E H] . Ding 558 A2t T SCFM(social
and crowdsourcing factorization machlne))r%?b 7E FM 8 AL AS F A 45 B 7 Zhou 28 AR T SocialFM #
B IETALAS G RN FM 47 ok, BB i R T N3G FH P ity BRI iR AR AR R AT D6 &Rl i
FHZ AN G F R e HE R RS P 1 Rendle S5 AR T SRR AE TRE, U4 25 190 208455 R 42 o #4100,
(5) TEAERY s Il R AT R A S AR AR AR AR A b BT 1 LR
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Chen % \48 H, K 22 S0 i 22 G # A0 #0047 188 T T 00 ot B0 2 3 0k, B 3 80 R I 32 11 7 A 0L L D
DR 70 U 5 30040 46 vh S IR A2 ot oy i T AN 40 B R I 48 D 40, 3 BUERE R e 45 HH IR 7 51 3R vh AT B
Y TE A T RIS, R0 R L HERE — Lo H A i H R T RE S GBI B R T
cost-sensitive FM #5780 H: Fl ¢ 2 FRAIG 74T B2 i ' (popularity bias), 78 778 FE UMY b AT BE 2 17) 3k 311 407 o A
o 38 g Ve g AR BB 1 2% 3] (cost-sensitive learning, ] FX CSL)-5 FM 48 B 33 47 42 Jli, 726 AN B O1 40 22 o 1 1)
fith -2 B BRI AT B 1 E 1L

B2 2% > UK SR B 8 18— AN W s 508 AR AIE e T L8 2% 20 1 b R R 28 R 55032 L e B i 3
A EBR, e AT WA AR CAR I B ZEVE BT AYE NV A FM BB IR, 0 200 B 2% 18 e B I FH PR sk FML )2 A T %
ANBIE, K 1 F1H FM AR Bl B8 H 5 70 AN S8 B LB T 3R 1 rRg e, FM R 2R A 7 A A3 15 1 R,
AR B R 2R T 3 P SR VAR A5 A S ok N Y o TR A LA D T R R i B L AR T R T S MOk
T2 F SR AR P HERE R

Table 1  Application field of FM model
F 1 FM BRI H 4idsk

J9 ] 450k T /AEREAE 55
RV XS EAT VRO I, A 2 D AR v R

o A 153 T Ul RN ST, F R
RS RO P AT LA
Web fIl 55 4k08 Web 45 19 QoS Tl HEFE Web Jit 5 KA &

B 22 4R ) T B F, Ok P R
SR E X R AT 23 2

5 FA 4o T B A5 P A 4
AR AR & ) AR
#3 APPI* 3 HERE W] RE X BRI RS ) APP
S AR MR TAT Ay oA I 5 5 0

3 FMRESREZFIRABEMN

AH LGB 48 [B] VA A5 28 DL R FE A BR 7 4 A 28 FML (AR 2 0 T AT 20 e L 1 LB AR R AR 38 AN 3 e 4R I T
ZAR R N ERE I E FM AR b St T8N 2 50 0e {wo, {wi}, {vie) }, B8 TT LAAF B y(x) =g +h-0 ,3L,g A1 h
55 070 56 M0 BT b R B OC R 2 B AR G M 1Y, vk R T e M B Bk B AR KA FM B TR
R AT DL AR BR I 1 YRR AR 2 BRRAE 2 LSS A A R R AR TR R RE RS B FM 4 RS TR,
{HORFFIE ) B Bh 4G R B2, O Oh #E4E RGBS 9L 7 02— R BE 2% SO D —Fh Je 1 i) A e AR A
ARAEFHAE A A2 T7 1 R AR K AL

VR FEE 2 ) N T T RHERE R G Ok IE P A T AR 22 ARSI ST RIS %% Zhang & ALK LR 43y
P S — 22 U TR 8 2 S B ] DA B — Bl AT DU i 2 AN AN R AR SRR s HEAE (0 2 FE 1 5 — 952
TR B 2 3 b5 A B4 vk G R, 1T AR A & 5 S 4 10 SR L7 i 4 SRR W R B 2 ) 3G T3
SE T G0 R A B 26 190 2% (deep CNIN) 57 38 A AR (10 B O™ {1 ot A B A5 04 Aot P W s, T LK 1 o5 &5
AW AT 2% Wide&Deep MESE A48 ARHE 5 4 ) 32 W S 048 P U7, HEHEE 20 2 2 e A R R R B 2 ) B AR AT ML &
A I T, U B (wide) B 40 F T 42 T A2 A2 1 (memorization) BE 17,34 £ (deep) 8 3 F T 14 4572 4k ¥k (generalization)
fit J1,Deep&Cross FEAL % %8 BE s 43 HEATHE— 0 JE IO i+ FM ASER £ T /A 22 AT A AR A A, [
1M FM A58 2 % o B 2% SRS R A AR By TR JT T K e 9, A K AT 16 40 B 3k
3.1 FNN#EE

FM 37 £ ()4 28 B £% (factorization machine supported neural network, & #% FNN)KE BT 2016 4E4 4 U7, 1
TR 2R . FM AR S G R AR 1 Bk N JZ AT WT R 4k, K FML 1) %t A 4 0 N 8039 B 1 42 X 45 (dense neural
network, & % DNN)H & 3 775 by AL SO ZAR A (1) 25 4 Fli iR FNN UE W R F FM #0864 2 5 e 68 406 15 52 Rt
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WL, A K B 2 1t 3E S VI 3 R e N Jmy s e /I, T AR A S 4 P 45 3L

”\\; Sigmod b 3
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&y wn s > WA & ~ < ...

Jatk i bt

Fig.3 Architecture of FNN model
3 FNN BEA 45 Hy

B o d 2 2 FMBSERY S I 2R PR — A 2 T, R ok
Z=(Wy,2, 200,25 2 = (Wi, VI V2, VE) (22)
BRI )2 R TR N
a=f(wVz+b ™), V=fwPa+b ") (23)
Horr,a R S 1 (1 A5 2) IR0 el B (1) 2 N R 5 L AR HFC%) A 0 6 4, 4 sigmoid tanh, relu
A5 sw AT b 73551 Ay AT R
FNN A BLA A2 R FM A1ER1E K Wide&Deep B R FE 870 SNN LAY 55 FNIN RS F) X i 45 T i S22
(K3 U5 T5 5 AN ], e SR T A 3 5 T 3 W00 A ISR PR A 38 7K 2% =2 HLRBM) AT Bl 4 f HL(DAE).
PNN #EHY R I 4Bl Wide&Deep AIHESE, AN & 7E ik AR AE I 1IN T PP 22 R DI RE, A EAE T A 11 2
B Pt N B a2 0,
3.2 Wide&Deept&®!

Wide&Deep AL 434k 2016 4E42 U7 I3 5L R AR ¥ Google Play 7 J5 1) APP #fE 35 1) /1 B Y v g
HEFEG WO — /N R HE 7 ) 8 S N - R SRS B AR & i 8 20 0 e 1 0 o 9 3R HE T AR e B 2R )
RAC LM RNZ A AT AZ A o o R R AR 2 e AR T s B A B A R b e T R BT, <SRz A
PR FE ALY 3= 5 R T AE D7 S 20008 AR R I S T L e kWL & 7 R BIHERE R gvb id et R B A P
AT 0 210 1) FH 2 HERE 5 7 sl ) ST SR AT 5% B0 il A e YR P ) 8 72 AP i el A g P 4 L R g S i
) fib . Wide&Deep A5 TN 5 5 A5 1 (44 Gt 1) 2 T A 20 ) R A 8 (% 2 SO A TR il & — R EAT I 5, 1 4 B
TIN DA AR SN A AR TR TR 5 R4 8 0 (9 B 30 43 1R B 350 4 T i N AR AE A [,

B JEE 8 3 SR P 2 M 45 W B0 s 3N e W T e+, L v o Ol R I w g B b i 5 A e 3 A (]
VAR IR 2 3 BL ) x 0 35 IR RE A AN D BN TR B A8 SCRFAIE . AR VA T FML BT R B T 7 i s Y v
SPAEAS X — S,

VRBE 23K H DNN AL f T N TR 1) A8 XORRAIE A B, 110 28 SCAFAE FR 28 0 vl Re 3 24N, 0 3 ANER 4 A,
DA UG 5 5 DNN - B 348 gt — SRR e 20 A Rk

at=fwa-+h) (24)
Horp a5 (14 1) J2 F BN U2 58 2 %0 H 5T A B0 55 K sigmoid;w AT M43 531 Ay 45 1 )2 A5 2040 e A v
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WG 40 1437, 58 8 30658 SR 352 30 1 WYRF A > I 2 BRI deep 840 FHL K 22 1 R BMES AL FLAL 9542 [
22 3]G 85 R

| # rhaany §
a9 Sigmod i 3 ; /\i\ f}HrJihi
A !
| Bt f=
i | ===
—» KA |

Fig.4 Architecture of Wide&Deep model
Kl 4 Wide&Deep #5145 #4)
3.3 Deep&Crosst&E Al
Wide&Deep FHL Hv, 55 B2 F 73 2R Ak 122 55 0] U1 F) fiag P 2 PEASE R TR VR SR AT 78 20 ORI AR AR A HLAR B A
T PRAMX — A, Deep&Cross 2 Hi K] Cross W 45 A1 Ay T8 B A5 ok SR BRI 42 1A B U211 H. Cross 4% 7] LL

AR R FM SRR I LAELAT AU (K SO, 1T 5 s by A SORAZ AR R () 454 38 (58 B LA ] Cross M 2%,
AL FM B ).

Ny Sigmod #i 1 L TEEE | .
@) mimmx > A @ Bl
‘, | & ~ e 900 |

Cross | Do i Rk |
] = | |
i 66 ¢ eese . eees  nu
\ ‘ .

oL 00 - 00 00O -

Fig.5 Architecture of Deep&Cross model
K 5 Deep&Cross 1511 £ ¥

3.4 DeepFM#&E!

Wide&Deep B LI K Deep&Cross 15571 H 5 5 FHI 5 38 43 2K FH AN [R] (R0 4 N 30 382 SR e A8 7R A T v g g )
WS AIE FO 3% PE . £E DeepFM BRI ek 5 FE I FBE 0 43 H 52 JrUU6 PO i N A [ e A0 0 5% T4 PR B 6 BT g AR
SCSKFAZ A TR (1 5 ) 3 (S5 RS T 0 4 S AR (R i N REAE ) S, A AR A A R 5 T AT ). RRAE A S SR R,
DeepFM 58 BEF4- K AT T 2 Bl FM BB 454, - 2247 3] 1 YRR AN 2 BYRAAE, Xt 2t T Wide&Deep HEZY
HH ) 4 N T SE 22 (B R A AS B 24 5] 25 B ) CNIN AR 2R i ) A A1 4RF iE K28 B, RININ 502 fi i) 51 5 4
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Fig.7 Architecture of NFM model
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36 mEMREEINRBERNARLSH
FNN RS T Wide&Deep HEZLE [R5 FE & 43, K H FM X S B8 AT WU, A% J5 PR BE 24 3] .DeepFM 5
PNN 25 ¥ AR AL AN [RI7E T FM AR TR 4 2 1) Ja8 1 0 S 0 8 06 B 38 43 DeepFM 55 Wide&Deep HIAN[FI7E T & 48
v JEE R 4 1R R T R 4 S FML A B G 1 S v, i L 5 8 40 5 R R 2 i AN AT ) NF M B 28 A, 2 T Wide&Deep
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HE 2, 3= B30 T i N AIE 1) T Ak B R 4 v #E 7E 280U . Deep&Cross 15 8 T J2 % SC A7 B #EAT &b B2, 9 B
ResNet! > ] 1)l B QAT 38 2 XX SRR (R RS AE AT T 256 LR,
Table 2 Comparison of depth learning model based on FM model and linear model
F 2 T FM OBTRLRUR BE A 2 R LA

[ 1 BrReAE 2 BRI EERHES S AR s
FNN X X deep M 4% I INEES N
Wide&Deep \ b N T deep M 4% RN 7] 3 X
Deep&Cross cross M 4% cross 4% crosstdeep MI4% R A I & V
DeepFM R v deep M 4% [ NTE v
NFM \ x deep M 4% 2 B AE V

KRR SRS T AR GBS FM) 5 iR B 2 ISR R RN Rl & 7 o0 Lo AR & (P B G 45
RHAT A I0), 6 2002 B G (— ABERL 0 A AR T~ 55— AN ). Sz o I8 P e, SR S B s T o 2 (RS B
T B A N R ARk 8 IR AiE TR

N T N FEARAS AR K HLAN [A) 5 4 B 34, A T H 142 1 T DGFFM BEEL AR o 5 B 34 43 SR ] FRM A5
B R BE 5K A DenseNet #58) Jf HAERFAE I8 00 T W) [A) 8h 25 K 1. 8 245 FNN F1 Wide&Deep K FH 7 Fh L 74 1)
HEZL, BT LA S5 8L T W Ah DGFFM #£ AL DGFFM(W&D) 45 4 % |l Wide&Deep 45 #4, DGFFM(FNN)K ] FNN K
SERY SEH6 SR A 2EF- 4 24 Inter® Core™ i7-7700 CPU@3.60GHz,65.86GB P 17,976GB 1ifi#if,64 {7 Ubuntu
16.04 £:E RS M TAE U 4 fE 18 5 0 Python HEZEAE ] TensorFlow; £t 454 MovieLens 1M i & (iS5 N
ml-1m,http://grouplens.org/datasets/movielens/1m/)fil Criteo %{#& £, ml-1m(softmax 4r2%) K] RMSE ¥ #5
¥, Criteo( — 4325 il @) SR il AUC F1 LogLoss VAN Fibs A5 2 b 45 45 2 4% 3,24 1 FNN, DeepFM F1 DGFFM [#]
W 1e) 4 P H BB 20.DenseNet #5434 8 8 ¥ & :ml-1m S4[100,48,32],%0 HIFEAIEL 1 & HHmiE S, B2
i 1 30 RO 2 i 3 T K Crriteo A7[256,128,641]. R 25 R AR AL ) 1A 7] ) N2 JH 4 i EAAE 5246
FP A AR A A R (R AR, AR BT ER HE 1K) DGFFM #5515 FNN Fl DeepFM(K | Wide&Deep HESE )AL AT
TR

Table 3  Accurace comparison of different models

R 3 BRI LLAR

R E FNN DeepFM DGFFM(FNN)  DGFFM(W&D)
ml-Im __ RMSE:0.7608 _ RMSE:0.7493 _ RMSE:0.7231 __ RMSE:0.7028
Criteo AUC:0.7935 AUC:0.7989 AUC:0.8167 AUC: 0.8185

Logloss:0.4589  Logloss:0.4503  Logloss:0.4264  Logloss:0.4118

MRPER 3 MR s R B LU 45k,

1)  DeepFM 7E A4S L3 b FNN B3 7 B 4P IR 48 ml-1m -, DeepFM [ RMSE 97> 1.5%;#F
Criteo _I:,LogLoss #% /> 1.9%,AUC $& 0.6%. X & — & F2 & L il Wide&Deep HA &ML H

2) 3 AT DGFFM ¥EUR T & IF (0 45 3L IR IR 2 DGFFM 7E %8 5 2% > &6 73 26 T FFM B 3§80 7
B ) R DA B A () 48 iE T2, 175 H. DenseNet A% T-Frifk DNN B A — 52 03, 56 52 R FE 9 43
LA & 1 — 4 ey T AR ) T A

3) DGFFM(W&D)%; B g if T DGFFM(FNN), % ml-1m | RMSE ¥/ 2.8%;7E Criteo _,LogLoss ##/b>
3.4%,AUC $2 7 0.2%. T Wide&Deep 45 K H 2y T P UE $i 26 /2 BN A8 3% FE B 40 11 4k i N SR FH 1D 2 A
B+ R0, A Wide&Deep 454 ) DGFEM Lt FNN 45 #44 (f) DGFFM £ 1 — #B4), 3% 1] REXS fix &
SE IR AR R T — SR HE KT S, Wide&Deep 45 I 1T FNN &5 4.
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4 FMRBZI 55 /A FITRA

4.1 FM#EBEIMZE S 5L
Rendle £5 A\ K 3 Bl 3] 7345 FM M55 :SGD . A2 & ft/)s - 3F¥2: (alternating least-squares, {8 # ALS)AI
L R TT R 45 % (Markov chain Monte Carlo, f&j FX MCMC), X S8 %5 7] LL7E 1ibFM H 4k #5521 Bayer 5 A 42
H T PE fastFMUCLSEEL T FM IIIEIE 40 2RRTHE 8146 T FM A8 A5G 3R R 5000 1 B 4 AR 3 8 K Ak 7
2 ) ROTRIN AR A3 218 Wt MBRUE (K ML A% 2 5] SLIOR AT A7 1 #6 B Rendle %5 NEHX S6 R B HR S8l T FMU7LER
xF FM A S — AN B LA i), 5 350UR 58 e /MK, Blondel 28 A 32 HE T v 201 FM IR0 78 2, SR A A A
N B 5 ¥ (two-block coordinate descent algorithm) 8 4k %% = U8 Yuan 45 A $2 4 5 B 4 40 55w — —
RankingFM(ranking factorization machine)fl LambdaFM(lambda factorization machine)tf; 4, EM 45171079,
Pan S5 NEX 4528 50 B4R I A 12k, BUAE /2 K R T0 28, AT e 43 P EE S8 ) FML A58 11 8 e 48t — ol 1)
i 7 DS 3 AR AL (SRS 5 500 G e Aff Y 7 5 57 47 0 A1 1T A S A 208 10 7 307 43 A1 SRt 23 B0dh AT A, DR oy o7 4% o
e 23 A T LA E B i 00 B v L A9 0 A KR 2 0 % Saha 28 AR T NPEMPBY S A B B dE IR M RS 2 AT
(Poisson distribution), XX} T~ A FIE G VI Zi v SARAE A ) ;NPFM. AE 24— AN AES OB 25 K A 5 S EL
BIG A B R TR T FMOtP R AT TR SR R T (R AT AR R R AT & B B R TR AR (R 2R kA
4 (linear combination), fH 244 FH 7 #) A b SCAR B 2 (] 1R A8 B BR il s 2 M 4 6 FEARN IS, 0 T i Puix — IR
#ill,Nguyen &5 A& T & 30rid B2 1 A -7 43 fi# L (Gaussian process factorization machine, & #% GPFM ) HI - i ]
T o 0 A 2 MR ISR X B S S e, T LA P 8 o s e R e R B e A —
T ST Ak L [ O 4 DT R 27 ) B 0 2 G T R FE A AR K /NI S T R B A% 1% (cubic complexity),Huang %5 A& H
T GGPFM(grid-based Gaussian processes factorization machine) 5 B 342 1 7 510 i 22 1] B AR 2 P A8 B30 s %
LEHF1E (latent features) IR T A% 45 7 (grid  structures) M AR 70 55 % BF 38 55 (1) 27 > R 25005 32k B0 m) s 22— )
T FH 5 SR AL 2 AN [7) PR I FH 8 S5 0 2 AN [ (R A AR 2 S0 R A I 2 1) U 8 m DA o, A e 8 o B e ol =2
9K S S
4.2 FMIRBIHFFITZH
K S 0506 2 VA TR /4 22 A5 8L (9 P AN B B HE A 3l 1ok A B8 5 b SO AR D R IR B R 8 2 S R
(R 8, T DAAR K M 4 1S B (R OR FE FML SR T e 1) o 5 55 4 B 0 P R 5 4 N AL A 22 503 VR AE A
ORI B AR A5 S FM 55 2R B8 2% 2 R JJm R HICHE NS 7 o P i 850 B o 7 B AL 98 2 o SRV 1
FEMEAE T (1) IRAQ I AR 1 B 7 5 AR IR A 2 1K(2) AR M AN BR P mT B8 77 2B R B R AN 52 i AR 7R g 2%
s (3) ZEB SN R S M BERU R A e 24 2 i LRI B8 5 7 T 5038, FE A 2 80mT e A7) 75 ZEAR A IS TR
SR THA I B (RO N b S 2R R8RS e T A AL 2 2] R G Rk OB (LR 2 S A
VF 22 P AP LB ST 5 2 R B R T R
o EHIRRREIEIFAT N R & M) - IR S5 B U ZRE R HEAT R 4, 23 A XA B A R B AR
W RIS AT A AR A BN GRBERE, & B 58 ST 17 A1 1) 1) vk 545 2080 B YN 2R 4 RS #5719 a4
S LRSS E RS AR AT S HON G I 5 TR, RS SRS 1 S 30 2 R BN AT L TR AT
W GRABIE 2 AN AT IR a2 ) 0%
o HUERLAMIFATIT R UHBIME R PHLNAEA LI 08 TAESEAT XRI 43 B E] — AN AR IR AN [ 358
O3 AL AN AT R AR 3T (U 22 3 28 1) 4% 715 ), AN o IX R 25 7 AR AR DR IR S8A R . 45 0 T AT AH 0 Bt
AT INE 2%, A HIEHESL U TensorFlow T & .82 3¢ Fr 45 #3147
AT, 2 R AR o 7 S 2 A 20 A CHE 28 AN AT oF SR 84 D7 i A ] GPU R TPU S58E4T It LA
W BB FM R AR ORAE 42 va 2003 7 181 (1 AH SCHIF .
MapReduce HA7 T H AR A AE KB b BRATEN F AR5 )32, 0 v 4 H T4 5 FML 11 2% 2 20%. Sun 55 A S8
T 3T MapReduce [ SGD HAH T FM AN 22 ), 3 B0l 1 B R A7 R4 s BERL W 27 2) 30 A il
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MapReduce F X FRREAE vk 7 0738 A 40 A 514710 Yan 2 AL spark P &5 S8 FM B (22 > L%
L JBAE 5 MapReduce 25147 Knoll 45 A K 1 2 $UiR 45 %% (parameter server, &% PS) 24 FM $1 t — P23 A7 2 1 SG
S PS S —ANSVE IS5 A L E ST B 4L T IO TS AL I IR 45 2 (server) il T4 # (worker). server [l
T LR BT BT 1K) 2 40 worker Ab 3T I 2R 5504 AT 25 U 5 2 R P8 R A% S0 ST I B T Li & AR PSS,
i — ANl (dependency graph, ff #k DAG)FE A T R 3% (¥ 445 — b7 Zhong %5 A\ AE S50 45 2 L5
T /A1 FM, B DiFacto, K 38 MY 19 P A7 B SRS R 38 W2 1) 1 IUAG AT ol 2 Jod R 2 e v Sk BT
AL T 1P 6,9 4E 2 G M9 53 & DiFacto™.Li 25 A4 HH—NHi0 REHESE, 421 T S HUIR 55 %% 1 MapReduce
P33 1 MapReduce SZHUEH 47, 1k PS SRR 47, It w738 5 T4 il 0 2 %5 5 7 58 1) L L
B2E S EATE o A IAT T HAEZL RN GPU S5 AE 1 52 Hr.

5 FM#ERIIREE

LI 7 (1 2 i LA R R B 4 AR TEAE T 3 — AN A DA 0 1R R 5 AR FME B8 2R 7 T /4 e A sl o
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Fig.8 Framework of prediction & recommendation system and the problems faced by big data environment
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