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Field-aware factorization machine model based on time dynamics

YAN Cai-rong', HUANG Yan, XU Guang-wei, HUANG Yong-feng
(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: The field-aware factorization machine model (FFM) is widely used in the field of recommender systems since
it can effectively solve the sparse problem of high dimensional feature combination with high prediction accuracy and
computation efficiency. However, the FFM does not consider time dynamics in the modeling phase. In real scene,
some feature values change with time and they will have different effects on prediction at different time. A field-aware
factorization machine model based on the time dynamics FFM (tFFM) is proposed. The model takes into account two
kinds of time dynamics, bias dynamics and feature dynamics. The former is modelled dynamically from user behavior
changes and popularity of items respectively, and different time granularities based on time-window technique are used.
The latter subdivides features into static features that maintain stability and dynamic features that change with time, and
the time function is established by using the ReLU activation function. The unified feature encoding method is used
and a sample data representation and access strategy is designed to greatly reduce the time complexity of model training
and prediction. The stochastic optimization method Adam is used to optimize the target. The experimental results show
that the tFFM can obtain higher prediction accuracy compared with the state-of-the-art methods related to factorization
machines such as the FM and the FFM.

Keywords: field-aware factorization machine; factorization machine; recommender systems; feature engineering
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% BN AL (field-aware factorization machine,
FFM) 15 24 2 K] 5~ 79 fi# Al (factorization machine, FM)
B (1) g RS- FEML 4 H DAk, 7 $ 25/ I 45
R I, 7 BIAE Criteo Fl1 Avazu 28I & A dy
% (click-through rate, CTR) Filill 7% & h 515 4. 5
FM —#, FEM X BT A SCA R AIE A2 & HEAT 58 HL A,
T8 I S AR R B ) R U SRR A R S O AN
THAE L SEIR B, SO AE AR Bl R 22, T B R
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B RHIE S BAE R R T 9 A b E R A2 1 12
e VRO AR R 2 R T FRM AR T — M
Ae A0 37 B 43 AU A iFFML A2 A5 0 5% O B8 1k 3
ITIRTE, iz FHRHIE AR DR 7 3 8 R b ik A\ 2
SR A A A,

A AT HER RS I 1) Bk 2 —1 FM,
FEM UL J iFEM A R 3 350 A =% 1& i 18] PR 3%, AN g
R FH AT 9 o LA ) i AT a3 1 B A AR
1k, T I 18] 3 25 P (time dynamics) 75 5= 26 4535k 6t 4
FE A0 FI0I P A B B AR R 5 B0, STk [10] Ky
B 1) 2 25 11 2 R 21 5 B A 5% 18 70 % (singular value
decomposition, SVD) 5 A i 38 o $2 B AR AR 5 4RFAIE 11
I 18] B0 25 R 5, 43 Dk P i B A0 oo M B 2R AT 245
B, IS T AR A HE R AR SCHR 18] [ X R i
REAE AL R A 2E AT 50 5 20 1) P[] A, B AR08 A )
AT ATy AR AR K H s T HERE A R K
AT RFI A G R 2 5, I8 R Y
HIAT B AR AN B B, B AN [ AR AE AN R AR 4L
P T R AHERE A A HA S L

AR S HE T FRM, 4@ R T I ) 3 25 i A
tFFM(time dynamics based FFM). 1Z45% 78 % & 5y 2 i)
(B B2 P, X T B 3h 25 M, SR FH AN [R] 1) B TR AL FE A
F P A0 ity 1 HEAT S 4SS, X TR AR B A 1k, AEAR Y
PR IRH R R B 8] R 5. AT s ln R

1) Es A BRE SR FH 5 —FRAE w05 5 =X, it
— PR A A 23 B BRI, RE % R PR IS
RN SRR T (¥ 1) 52 2%

2) AR AR RIS, 52 tH — P I T I [A) Bh s P 1 17 J%
H FEHLEL A (FFM, A AT A28 A AN AT
A LIS I B B A .

3) ALY ZRET, R FH Adam 77 AR A6 451 R bR 4L
TS HOHE S R 5 SR B, (FFM S Y B A B sy (1) 7
TR
1 AHKE X

EX1(FM) FM T 2010442 H, B 75 ff Ui b
B LSRR & I S0 ST A 53 1 18] 7R, R
2 (I EM BT 5y

g(x) = wy + Zwixi + Z Z (vi, vj)axixy. (1)
=1

i=1 j=i+1
Hodn AREARRRIERE, 2 NS i MR, wo € R,
W e R",V € R™™ (v;,v;) KN HA kT
EEiop=von

TG AERFAE 2, 38 1 I S5, 27 23 HA Ak — 6 B 6 B 1)
g, (v, ;) BEARHIEAS X 2 BB S48 HH

(1) AT ., FM BB 55 % B2 2R O (kn?), HE I — IR 35
18T, o2 2k BE R O (k). 38 I FE LR B2 T &
(stochastic gradient descent, SGD) J7 % %f FM #3473
I, B ZA SRR B ] 2tk

E X 2 (FFM) FFM 7E FM [ 3Ll 1, 5 A 7] o
i HIRFAE A T [ — N3 (field), BT A RFAEHE T A f A
Y1, Ak 2 5 S ME— XS N3 f;. /£ FEM H, & —
YERFAE o, B0 AR AE BB — N7 f; BB ) 7 A
— R vy, WTTHFAE @, 23525 f A5 0 N
et 7] 5 CFH EE FML A5 A0E 38 s 1 5 257 >0 L e — 50 . 1)
Bet 1) & oy ). DRI, 68 1) B AN 5 R AR AH O, B 5 3 4
K ARBEFEAR P n NMRHEE T f AN, 84 FEM I —
RN nf AN B e & AR 4 FEM I 3 BSR4, 7]
DA LB T R0 Oy

n n n
g(x) = wo + szxz + Z Z (Vi g, V5. £.) 5,
i=1

i=1 j=i+1
()

Horr f; A G YRR T & 1 3. an SR RS m) B K B2
Nk, A FEM ] XA nfk A, % T FM
B nk A~ ok, BT B m &5 ) 4 58, FRM 1 22 X
T I AN BE % 45 FMLIR A AR Ak 7, A5 8 FR0 &2 2% 2
O(kn?).
E X 3 GEETIM (baseline predictor))  H T A8
R PAE V53 I B AN R 1), AN TR it £E P B b
A AN S, A7 5 A A R A A, 5] N R 4
r R () i B 1O, KR AN R
bui == 4+ by + b;. 3)

Forf b, Ab; 4350 9 F P w AV 0 S A B by,
AT RE R Q@) B wo. B BRI b, F b, 2252
BIFE M, AT DR I A a2 250 B 9 I [R] 3 28 B
HUOL RGN
bui(t) = p+ by (t) + bs(2). 4)

Forr by, (8) 9 FH P w58 W0 i A ¢ I 8] F 258 A 3000,
b (8) by () 53 50 A P RV i i B P T 25 A ) O
HRE

ARSCAE BN 22 58 1~ 58 33, H R H AL
Hh 255 B HT R A
2 tFFMEEHY
2.1 HFEFALIE

AR FHUAL T g 55 28 g 2 S ALt R it AR SR
Gt — R/ gm b 7 3, RIS v BT A R A A A 4 Bk
I n ANRREE, § 1 B n XHRREE HEAT g0, B4
TR AIE AR 3R HAEE — X B )RR AIE 9 5 (feature index). HE
A7 52 I 0065 R ERCHE R AR T LA 2y R 3 38 TR P R AIE

=
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(categorical feature). /7 4$F/iE (ordinal feature) F1%44
B BRI, A I SERFAE R AT T PR B 15, W 07
FEAE R A BB R AR, B3R H 18 55 DX s o HEAL
F) i B8 F5 Panasonic, Sennheiser, Sony, Sound Intone,
Bose, Beats, Audio-Technica 1 Ausdom J\ #f, 5 4 iX 8
ot it RERL 43 ) %6 B2 8 ANRFAEARL. FL Ik, A 7 RFAIE 3% 4L
REAE BURRAE, B P RHE S 6P R AR AR A 3 B
Xl 1 an— A~ N 20E 15 5% (education) A 3 A LA :
bachelor, master 1 phd, 73 5l % 87 3 MRFAEAA. X T %
B BURFAE, 5 Je 0t FL AT B B A AL B, an 28 vT LA RI
2 9 [0, 18], [19, 25], [26, 35], 36, 501, [51, 60] [61, 75,
X6 FUS Bk Xt B 6 AMRFAEAE. [R] 2, HL 2 IR R AT IR
) SRR A 75 B AT B B AR B
22 EHEIENESMH
SRR B S s, B I SR AT i 2 e I
V) 5 A2 7 A, FA A O DR 3% TR B BT 72 i 1) H A
S0 FH R R SR e A I R, 2 R ] R 3R
AT DL v A5 2R 0N o 4t 52, 17T L AT DA B 4 4 0] 93
W25 AT MR, AR S8 B I R I [R) B 2 1 i B 3
AUEFRHE DA, 5T # W AT A A AT
&0 FE 53 AT % 1.
1) BB TE. 73 7 1R B 3 S A
1) B BN A . BB A e B ah a0 RN AE T A
FOT A i B OF- 73 23 B N 1) A2 A8 Ak, Tl B Aphro i
Ff m) T4 HL g (PP I U KD P9 43, BILAE It 4T+ 3))
1)y R AEFAEGOR, R 2078 77
X F P A i ) i B B A MR R, v DR A
J 0w L by, A1) it Al L b, TR AN I [6] e A
by (t) = by + 1u(t), bi(t) = bi(t) +1(t). (5)
Horbo7, (8) NRTH P V34T IR R R 5, 7 (0) A
KTWamvEor . S5 538 mE &R
Jei KA RS A A
AV T I A E D (time-window) X 7, (¢) 1
7 () BEAT A K B3 RIS [A] 2k (time line) 73 31 1 B9
IR s 18] B (epoch), 75 A [E] (IR 8] B, AN 1] 1 J 44
Fob 4 S A, AT 2R P R sk AR R R
BEA NN EB 0N BUE 40822, BUE 12 )0
IR 1y, AR B4 4R 1) FAR G 00 58 ), B 24 R A5 2
& v LAFRIR A
Wy (t) = wo + by (t) + bi(1). (6)
2) FRAEBNAVE. X T @V o, 48 73 s B I 18] A2 A
A J P AN OR R AR B A 8 1, 5 A B 1 o 75 ik
T ZNAS Ja P AR e 8] 2% 4 pR 4, R

zi(t) = zi f(t), )

Horbr £(-) ARG IO 2R H, A< SCK FH ReLU BR 3. AH
X} T sigmoid BR 2, ReLU H 4% 5] 53 B 7 i 1 g
Lo R R 0 e X fl L R SR M R EOR 2
TN B tFEM AR A e
2.3 FERR

WHAR A AR o B 450 2R F P B @ PR
AIE 1) 2 20t P J MEARRALE ) B FH P S 2 TR AE
XAVRHE A 216 R RRAE. B AT RO

§(ui) =

Wy (1) + ijxj + Z Z (Vp.f,: Vq. ) Tpq- (8)
j=1

p=1g=p+1

S w () MR R wo = 3 i /|TI AR
(u,i)eT

VA B b, b, 52 518 FL P o RS L0 8 10 43
EAREUR P A i P R EL b = 3 s/

i€R(u)
R@)|Lbi = > rui /1RG5 B P w st P
uER(
EI‘JW%,%%T“%%%%%:%%HE@,DIUmEME%
0B 1, R P R0 7T Sl |T| 8 4R
SR AN 3 B T A SR H tensorflow - &, [T 32
IR AL AL B T B AR AN (bateh size); R(u) Ay
HEARFE o P u PP I A A, R(3) At ab EE
XT b AT I VE S I AR, | R(w)| R R(3) | 7373
FREE A H G R AL
V4 G 5 I 1) B4 A7 6% 21 label X, bias ST
feature LA Al value LA H, #4247 & IF BRI AT 45 3] S5
FT e 1 5 B A et 3 (8) W B A HonT A

/ f
Z Z <v”pqu ’ vnqafp>xnpmnq-

p=1g=p+1
FHorr: f O field_idx BN ny NAE @, £E5R 5 NI
X B feature_idx, MO n; f, M1 fy N 2, Fly,,
XF R field _idx. {5 1 Bel 1) & K BE A K, I OFFM (1)
TRIRSHA nf kA, HAE A 2 2% BE 5 FRMOAH A, i
@ sigmoid [ am output |
& addition

units
& inner product

@ linear units

field £, idx n
field m, idx 1

1 (FFMRBURYZEHE

u_id time  field 7, idx
i_id  epoch
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HERERNOKS?). HTSEbRMNAY f < n, FIGAH
EE FRM [ PN S (8] 52 4% B O (kn?), tFFM RS 1 K 3
FTAE VT S TA) R AY 25 8 B 1 BT, S5 2608 normal
connection, % 2k A weight_1 connection, SZ £k &7 3k A
weight_2 connection, i £& 7 3k A embedding, 5 £k Hi
3k N temporal.

3 BRAEIZ
Xt t(FEM SR, 2 37 H Ao Ak e
A
J(0) = arg min ( Z c(y(x,t]0),y) + §||9||2>

(c,z,y,t)eS
©)
Horp c NREARAN BN BRIEL 1(+) NI R 0 € {b,,
bis Wi, Wy g, Wa, p, t> AN IE A S HL A BT
5555 2 V0 TN, 45 2% o 00 BT J 453 2K R £, BD
1(G(x,£10)) = (§(x,t]0) —y)*.

K HI Adam LAk H AR & H T (0). X5 AR REA K 4
FVRFAE BEAT VA — f A B, 3T~ A8 R AR B4l AVRRALE,
HA— A RPONE. X TREARHIL, R A REA
R B AR B FE Vo J (0). t(FEM I 28505
A0, u| JI AL, [ D9 i AN

53

input: N instances with feature vectors r;

training tFFM using Adam.

output average error .J(6).
initialize parameters and normalize x
calculate rating time set for all users
dic, = {u: [t1,t2, -]}
calculate rating time set for all items
dic; = {3 : [t1,t2, -]}
segment time epoch
forr € {1,2,--- ,N} do
sample a quaternion (y, u, 4, t)
calculate b, (t) and b;(t) by 3 (5)
forj e {1,2,---,f}do
calculate sub gradient for w;
ford € {1,2,--- ,k} do
update gradient for w;
end
end
forp € {1, x, f} do
forge {p+1,p+2,---,f}do
caculate sub gradient
forq € {1,2,--- ,k} do
update gradient
end
end

end

calculate J(6) by = (9)
update wo, by, by, Wy, wy 1,
end

tFEM [ B T2 3N EOH ([u] + i) + 1), — K
WS HA BN nk, — RIS BB n fk, 2502 5%
FEROME(f + 1)), t(FFM B — XIS TN ko, —
RIS (8 g n f2, I TE 2R O(Kf(f +1)). EE
51f1 &, FFM AFRM (1) B 8] &2 2% FE #8 2& O (kn?), T
[ < n(— BB f/NT 20,10 n KT 1000), T B
tFFM [ 532 B v 20
4 SERFIEER

SEIG R FH (P £ 3 45 f0 45 : R4-Yahoo! Movies User
Ratings and Descriptive Content Information, v.1.0({% 5
4 yahoo) ¥4 4, MovieLens 1M(fi] 5 Jyml-1 m) ¥
£EFll MovieLens 10M(fij 5 4 ml-10 m) 4% 4. yahoo
Hdl B /2 7642 44 FH X 11915 38 L 52 19 F 73 id
3¢5 ml- Im HUHE B2 2 6 040 44 H 77 %F 3 900 ¥ L 52 K £
100 J3 IR F 73, P53 %5 0N 4.2 %0; miI-10 m % 4f5 45 /2
71567 44 F1 7%t 65 133 # FLFZ IR 291000 T3 IR PF4T,
PEIX BN 2.1 Yo. K FH BENLR AL T 2, #2118 8:1:1 1Y
EREEEAEE S WA [E SNE valse Syt e
A F ) 32 SEVE A bn v R HE TR R G bR T B T ARR
7 (root mean square error, RMSE). ¥ it 415256, 4
% SVD. libEM . libFEM (73 2K il ‘UE 5 817
Il 1, 5% F <1 75 453 2% R £  iFFM R (FFM S L i3k 47 7
B2 . tFEM AT & A2 80 1 i BT[] BT 3% )
FEM BEHY, A5 I TR R 3R . 25 i i B B R 5
N FEM-1, #7518 1R R ) 5 O tFEM-2.

7 IR SRR 2] R (I A = 0.05)
AIE N4 S E (LR = 0.001) X t(FFM-2 [ 5.
A ml-1m #4856 9 1) (0 6] Be £ |ep| = 4, LS4
B =4, B EKE k= 20), 0455 0L 2 F01 K 3.

0.82 —— 5=0.001
——=7=0.01
G 078k N\_________ mmin=0.005
o074
0.70 . > . .
20 40 60 80 100
epochs
B2 ml-1m E#IIRE S ZE 5 RMSE 20T
1,00
090 T,
=
~

20 40 60 80 100
epochs

&3 ml-im_EIENSEXT RMSE BN
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H P 2 7] L, 2 2] Fnp W IR BUE BRI, Y R g
R BRUST S5, A 2 5/IN ) 2 =) 2R BR 8 A5 B v (1) A
FE. IEMAGZHOE H 2 v 1 By ki 30A, ORI E )
A S B A T DA A S R I R A 1t 5 03K e 2
BT, (H R I 2> R ma A R AR . BRI 3 T L N =
0.05 I BRI AR B it e, A = 0.01 IR RL R AU, \ =
0.5 IR AY BT P

I T B[] B O] A 2R o A D s i, S50 R B
n = 0.001,8 = 0.4,k = 20, \ = 0.05, A £ ml-1m
15 7 8/ RMSE 15 0.714 6, [ % |ep| 1 %, RMSE
FEEA B kN, AT LA Y GFEM-2 X [epl O 88
JRPE AN TR AR .

52525 N SVD. 1ibFM. 1ibFEM. iFFM.
tFEM 7E 3 N8 42 b A vERf B0, o A b ke =
20, A = 0.05,7 = 0.001, S5 45 R U 1 Fios.

*®1 HEERELLER

¥¥idE  SVD  libFM  libFFF iFFM tFFM-1 tFFM-2

yahoo 0.8989 0.7845 0.7612 0.7257 0.7065 —
ml-Im  0.8560 0.8079 0.7856 0.7654 0.7230 0.7128

ml-10m 0.7950 0.7852 0.7783 0.7369 0.7458 0.7204

R 1, 0 S0 45 540 BT 1 R 2 1) 1ibFFM L 1libFM
AR T B 45 R, 78 3 /N 508 46 b HE 2 ) 4
& 1 3.0 %, 2.8 %, 0.9 %, ibFFM 4 AH [7] 1 J5i ) 45 1
AT [ — AN o] $2& v v B2 2) AH B T SVD, libFM
oUW 7 B A AR KR =, 7R 3 AN B 4 R Ry
RS T 12.8%,5.6%, 1.2 %, fE ml-10m _E3E & AN K
J2 DR A B 2 J M R AE A 6 R /1. 3) tFFM- 1 45 784 ]
N ST H R ) A B, L ibFFM U T
(I TEE T 2, 0T 3 /> 4 4, tFFM-1 15 21 ¥ RMSE 43
AV T 7.2 %, 8.0 % F14.2 %. 4) X T 4 4 ml-1m,
tFFM-2 Lt tFFM-1 #E A BE 42 5 1 1.4 %0, X T Hi s 42
ml-10m, tFFM-2 Et tFFM-1 #E R BE $2 5 1 3.4 %, T
AT DAAS Y, 25 RS B 1] DR 25 B 0% 118 e A 28 TR0 A P2
5 4 @

AL X FM B FRM AR A5 L 240 1 B [ 56
i B FRFAE 1) 52 mi, 45 7 356 i) ) sl 25 A R
tFFM. A8 2% 18 F P A7 R i AT i 35 1) A8k
DRl 3% EAT B AS R A, A I SR FH 48— RRAE 4 5 7 =X, &
TH Bl E A K £E RN A7 SR S, MR PRI T B 1)
Y GRAD TR B 1) 2 2% BE . A AR I 78 o o 5 33 T
T [F1) K R B4 £ 1T, (FEML B0 4] 82 %o BATL PR PA) A7
HH Il R, DL 2 ML SR AT A HE
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