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paddle. nn. Linear, 1% pRECHT A BY 25 22 Fp IR 48 B2y 13 9 4 B2 02 1, AR Tl i A% %2

TEREY BN SR B B B 2 BRAT forward RS, 51> batch 1Y EHE 44 5l 38 2o 26 P )22 4 il 31—
#4407 Sigmoid JEBLFF] 0~1 L, forward R H B batch BYFM 45 R (pred) . 1% 45
AT LA AR A 1 loss pRAS, i LA gt Ak LR BRI 2850, AU an &l 5-6 s .

import paddle
import paddle.nn as nn
import paddle.nn.functional as F
import math
class LR(nn.Layer):
def  init_ (self, sparse_feature_ number, sparse feature_dim,

dense_feature_dim, num_field, layer_sizes):
super(LR, self). init_ ()
self.sparse_feature_number = sparse_feature_number
self.sparse_feature dim = sparse_feature dim
self.dense_feature_dim = dense_feature_dim
self.num_field = num_field
self.layer_sizes = layer_sizes
self.wide_part = paddle.nn.Linear(
in_features=self.dense_feature_dim,
out_features=1,
weight_attr=paddle.Paramattr(
initializer=paddle.nn.initializer.TruncatedNormal(
mean=0.0, std=1.@ / math.sqrt(self.dense_feature_dim)}))
def forward(self, dense_inputs):
wide_output = self.wide_part(dense_inputs)
pred = F.sigmoid(wide_output)
return pred
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FRIEAH A 06 R YA EE 558 T2 415 ¢ & P M RRAE Ao 7 i) B =Xy i AR, 7 i 28 7 19 R AR ¢
W b AR RN R T AR . B2 FM BRI M PR I TR AR TR, O HLZE R B A
FEAE 28 SR b p AL EE 2 ) LRI T AR X AN I RICR .

5.4.2 FM sy g gl

IR B AR LR ARG RERE b 5B A 2 MR B0 A 550, JU) A5 ol 23 A ) 46 20 5k
BWE

_b+2w +Z Ew,j e (5.4)

i=0j=i+1

SEoft 3 (2 B HER 6 (R 281 5 0 L REAE A B 0, (R
S8 SURAE X B IO 2, (RFEHS & AERIE O . 4R L SO RE R 7 38 35 P B2 1

(1) ERCRE R 7 50 F L — R G A 2 500 B0 2 n” MO 2R,

(2) S o, BARJE O B XEBEAOR T S5O 88 S, T 2 AR 2 0 X —
PERREA SR A U o 6015210 — B 5 SRS A0 B3R . 9 SO T2 o, xﬁu
B4 4

FM BB TR . FM 1A T Bl (4ERE S k) ok R B — MO AT o, o0, 433
FAHTE o, e, SREEOB R, o, o, AP HO 3 SURE BB W o, o, 9 B . il
28 (5. ) TN A R RRAE 2 4 0 7 — A BT 5 8 AL 57 Ca) 5. FML BB 5 2 A 1
FHE I 57 Ca) B FER A0 X e B0 I/ o R I O R 5 A 2 I 0 T 3 35 o X0 o 45 G £
PR AR I 5-7 () BTk . LAl 04 5L 1 0 B SOR T 2 OBOR W 50 T ke %
) KRR T VI TR T A 5ok 7 v th (750 B 0 9 — 5 SR G 10 50T
R E T 1 4

I i j n 1 k
1 ! 1 i j oon
: : 1 -
f‘ = ' HHEE x ]
i : .
j j k 9]
n n

AN J
(a) BB S RO (b) ZHCHE L, i) AR

P 5-7 TR AUE S B S

[ 5-7 Zlim T FM 4324 ) ok B i B T 40 f# 7 (Factorization) [ & X, Xt N H,
A5, M I FM 1) 7 TR, Rk R .

y—b+2wl +EZ<’U sV, X, (5.5)

i=05=i+1

Horp, <, >AURM A A AL, UG O E THE 2,2, BB BB AE o, o, B
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SR PO Y 5 R A I R KB AY L AR AR T LR L. R A A A S A A 2

KRR A R R A T

LG T 20050 LR B8, FMOAS R (0 0 38k 4 W1 0. b o 17 43 AF TR 7T LA [ 30 s o
S E) T YRR 28 XA T S R0, O HLBDR 5 2 B OR B OK B . FEJS 88 T AR, FEME A
DeepFM - #E7E FM i3l 647 T4 8 . (RN T B L SRR AF 28 AL & L B4 il FM
TR A 2 v 2 S T S 5 B A B K T 2 S O R, e 2 FM AR 2B

AT A S =B & DL ERYRRIE RS S,
5.4.3 SIS
1. BiEEE

WKFE T PaddleRec FI'E AT AT 5. 3 AR B ZHE , {6 FH Criteo %3R4

2. EERKRHE

E 5-8 irm FM IR g5, 8 LT 48N 1 19 embedding BiH I create_parameter

B (B HOEIE I embedding BB R R (5. 5 P9 D w,x, T, H b, $utT

self. embedding(index) &P R 51 K index S ENE ;5 self. multiply W] i i3 3 1 B 4%

1=0

XF R S EONZS . IR S5 X R forward pRECT R 1Y y_first_order ZAF 4,

def

def

jclass FM(nn.Layer):

__init_ (self, sparse_feature_number, sparse_feature_dim,dense_feature dim, sparse_num_field):
super(FM, self)._init_ ()
self.sparse_feature_number = sparse_feature_number
self.sparse_feature_dim = sparse_feature_dim
self.dense_feature_dim = dense feature dim
self.dense_emb _dim « self.sparse feature dim
self.sparse_num_field = sparse_num_field
self.init_value_ = 8.1
#sparse part coding
self.embedding_one = paddle.nn.Embedding(sparse_feature_number,1,sparse=True,
weight attr=paddle.Paramattr({initializer=paddle.nn.initializer.TruncatedNormal(
mean=@.8, stdsself.init wvalue_ / math.sqrt{float(self.sparse_feature_dim))}))
self,embedding = paddle.nn.Embedding(
self.sparse_feature_number, self.sparse feature dim, sparse=True,
weight _attr=paddle.Paramattr(initializer=paddle.nn.initializer.TruncatedNormal(
mean=0.8, std=self.init_value_ / math.sqrt(float(self.sparse_feature_dim)))))
#dense part coding
self.dense_w_one = paddle.create_parameter(shape=[self.dense_feature dim],
dtype="float32', default initializer=paddle.nn.initializer.Constant(value=1.8))
self.dense_w = paddle.create_parameter(shape=[1, self.dense_feature_dim, self.dense_emb dim],
dtype="float32" ,default_initializer=paddle.nn.initializer.Constant(value=1.8))
forward(self, sparse_inputs, dense_inputs):
# first order term
sparse_inputs_concat = paddle.concat(sparse_inputs, axis=1)
sparse_emb_one = self.embedding one(sparse_inputs_concat)
dense_emb_one = paddle.multiply(dense_inputs, self.dense_w_one)
dense_emb_one = paddle.unsqueeze(dense_emb_one, axis=2)
y_first order = paddle.sum{sparse emb one, 1) + paddle.sum{dense_emb cne, 1)
&# - second order term -
sparse_embeddings = self.embedding(sparse_inputs_concat)
dense_inputs_re = paddle.unsqueeze({dense inputs, axis=2)
dense_embeddings = paddle.multiply(dense_inputs_re, self.dense_w)
feat_embeddings = paddle.concat([sparse_embeddings, dense_embeddings],1)
# sum_square part
summed features_emb = paddle.sum(feat_embeddings,1) #Hone*embedding size
summed_features_emb_square = paddle.square(summed features_emb) #None*embedding size
# square_sum part
squared_features_emb = paddle.square(feat_embeddings) # None *num field*embedding size
squared_sum_features_emb = paddle.sum(squared features emb, 1) #None*embedding size
y_second_order = 8.5 * paddle.sum{summed features_emb_square - squared_sum_features_emb,1,keepdim=True)
return y first_order, y second_order

# None

[ 5-8 FM f5#1 2 )
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5.5 HERAMIEE
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def load_data(continuous_feature,category_feature):

train_path = "./gbdt_data/sample_data/train/sample_train.txt"
train_dict = defaultdict(list)
with open(train_path, "r") as rf:
for index,l in enumerate(rf):
line = l.strip().split(” ")
for i in line:
slot_feasign = i.split(":")
train_dict[index].append(float(slot_feasign[1]))
train_pd = pd.Dataframe(train_dict).T

test_path = "./gbdt_data/sample_data/test/sample_test.txt"
test_dict = defaultdict(list)
with open(test_path, "r") as rf:
for index,l in enumerate(rf):
line = l.strip().split(" ")
for i in line:
slot_feasign = i.split(":")
test_dict[index].append(float(slot_feasign[1]))
test_pd = pd.DataFrame(test_dict).T
data = pd.concat([train_pd, test_pd])
cloums = [‘Label’]
cloums.extend(continuous_feature)
cloums.extend(category_feature)
data.columns = cloums
return data

B 5-11 BCd e B ek 4L
il 5-12 ron GBDT #il , i Je 4% AT Er o0 T 8UR4E . E i b B e AT

lightgbm 1, 4% J5 i 34 8 /| LGBMClassifier #14H4L T — AP AR, 8K J5 16 FH fit pRBOR A AR
RHEAT T Y45,

def ghdt_predict(data, category_feature):

for col in category_feature:
onehot_feats = pd.get dummies(data[col], prefix = col)
data.drop([col], axis = 1, inplace = True)
data = pd.concat([data, onehot_feats], axis = 1)

# get the first 72 rows == traoining data

x_train = data[:72]

y_train = x_train.pop(’Label’)

# get the last 8 rows testing data

®x_val = data[72:]

y_val = x_val.pop('Label")

print( training"}
gbm = lgb.LGBMClassifier(objective="binary’,
subsample= @.8,
min_child weight= @.5,
colsample bytree= 8.7,
num_leaves= 2@,
max_depth = 5,
learning_rate=e.e1,
n_estimators=10660a,
)
gbm.fit(x_train, y train,
eval set = [(x_train, y_train), (x_val, y val)],
eval_names = ["train’, ‘val’],

eval_metric = "binary_logloss’,
early stopping_rounds = 18,
)

tr_auc = roc_auc_score(y_train, gbm.predict_proba(x_train)[:, 1])
val_auc = roc_auc_score(y val, gbm.predict_proba(x_val)[:, 1])

[# 5-12  GBDT #ijl
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def gbdt_1r predict(data, category_feature):
for col in category feature:
onehot_feats = pd.get_dummies(data[col], prefix=col)
data.drop([col], axis=1, inplace=True)
data = pd.concat([data, onehot_feats], axis=1)
x_train = data[:72]
y_train = x_train.pop(’Label’)
x_val = data[72:]
y_val = x_val.pop('Label’)
gbm = lgb.LGBMRegressor(objective="binary",
subsample= @.8,
min_child_weight= @.5,
colsample_bytree= @.7,
num_leaves= 32,
max_depth = 16,
learning_rate=0.01,
n_estimators=18)
gbm.fit(x_train, y_train,
eval _set = [(x_train, y_train), (x_val, y val)],
eval _names = [“train‘, ‘val'],
eval metric = "binary_logloss’)
model = gbm.booster_
gbdt_feats_train = model.predict(x_train, pred_leaf = True)
gbdt_feats_test = model.predict(x_val, pred_leaf = True)
gbdt feats name = ['ghdt_leaf_' + str(i) for i in range(gbdt feats train.shape[1])]
df_train_gbdt feats = pd.DataFrame(gbdt_feats_train, columns = gbdt_feats name)
df_test_gbdt_feats = pd.DataFrame(gbdt_feats_test, columns = gbdt_feats_name)
train = pd.concat([x_train, df_train_gbdt_ feats], axis = 1)
test = pd.concat([x_val, df_test_gbdt_feats], axis = 1)
train_len = train.shape[@]
data = pd.concat([train, test])
gc.collect()
for col in ghdt_feats_name:
print( this is feature:', col)
onehot_feats = pd.get_dummies(data[col], prefix = col)
data.drop([col], axis = 1, inplace = True)
data = pd.concat([data, onehot_feats], axis = 1)
train, test = data[: train_len], data[train_len:]
ge.collect()
x_train, x_val = train, test
Ir = LogisticRegression(}
Ir.fit(x_train, y train)

Kl 5-14 GBDT-LR il

TR KRB BE R 4 BRZE P BB H O 30, AR A48 mT REBR M 1 45 280 P B A9 £ 7 3 4 9 4%
T 46 2 B AT Bk — A0 B TR AR 2R 14 425 40 R IE g B S EL R PR BE L T ARAS A A CTR Bl
A

5.7 ETFREZSH CTR &EE

Wit 5 TR 32 27 2] B AR B SR I, TR B 2 2 B AU A RRAIE KGR R T 512 T CTR F0l 0y 6 58 A 51
MEEYICTE . A TR GEpLas 7 ST BRI IR RE AN 2 B BY 45 g [ o 45 Bk i, TR 2 2 ) A A
TEEME B ¥ 5 TR T B A S, A OGN B 22 IR A5 S 45 BB 28 M 4% (Convolutional
Neural Network, CNN) | if 2F # 4 [ % (Recurrent Neural Network, RNN) 4¢ 7 3= ¥ 17
CTR UM, SR, 3 26 Ty 32 7w ofi 258 T00 00 A [a) 80 o JF Al T P T Jeg 8 0% 52 B9 ) FR A
CNN AN G2 IR IR 4 & O & 3 RNN W G 300G 7 91 22 8] 09 15 HOMOE &R i A =& 42 R
A KRR, A R AT IR BE TR,
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N T AR T 2 I R B A CTR B b MO 8 H TR AT 1 Rl & TR 2 )
RWERZIR . PR EN LI EE N 2 EZZa A3 CTR B0l MRS, 128 T R4
BB i Deep&-CrossH '™ . PNNMY  Wide®.Deep'™ .DIN'*! DIEN''?)  DeepFM'®) 2,y
WRE— AR T 2R, WS HARXI A K7, 78 55 & R WG 55 i ST B T 2k
WAL, EAURX IR R Z IR 2 0. 1 5e A4 CTR H AR 5912 12 6 1 Az AL g J1 . 20 b
TR )23 55 Y TR B AR AR (18 AN (] 5 AR At 0T 2 b ) FH AN () A 78 g I

5.7.1 BARIAGILICRE Iz AL g

98 P AR, 8 A TR 1 12 5 6 750 ok S A AR (P L O Ak SR A S T RS
Ji (Google Play) 1 i 75 A BA ) i 8 77 58 I A% G2 65 80 00 4 7 3 fg A2 7 e TG 98 2 0 48
AR A I AL

BT o A AT (Y 25 My ) B TR 1) 3 D b O T I i SR O R A
7 A A R LG L AN, 78 DT SO b R P AR 2 B T T AR S i T
JF o MR BRI AR DG T L I et R AR GE A T T K 7 R R 2K
(77 i 28 T B e R o TP g S TR 7 2 I TR 4 g A A R 2
()77 R A L PT L TE L M sk A 4 BT 1 50 58 HBOHE o L 4 =2 IR0 R AR AE =2 ) St ]
B 3 Z L 0 LA i

R ()27 Al e U8 1 A T80 B 04 6 D7 s 5080 o S % o0 B 1 06 2 HEAT B .
SR A A T o A S R A 0 D P 0 U il I 1 L BT A
FEARAY o O 4 R B A2 8 AR B S0 L AR o 2 0 46 T Sy LA VR B SR B o v
TER R (B 7 7T LA 200k 11 B 4L 500 v (A E B0 9 4 o B A ) 00 R 2 4 9 A 7 1
PR e B R A 0 A AR T L AN X R S TV R A L X R A A
R 2 S BRI (37 AL 1

A T 5 5 T T2 e 1 7 508 O A i 5 b ik 0 7 T A
Ko By T T UZ A ETS (AR I 0 B T i R G R L R R B AR
B WA R R 2 T LA . B R Ol B AR T T D B 32 A A A R
JrE A E A EER L ] LU B R RO B B B S PR T A
SR s X T AR 28 B AT R S (R E 22 1) (0 4L, 32 Ak R B AR i TR AL
P, AT [ Bt A 0427 R 32 A R — A (5 6 1 i i

2016 45, 22 B B W% (Google Play) (4 52 F BA SR A T — R fif ey v . 2% BT BAAR 11 119
Wide & Deept® 45 A 75 24 i 353 i 0l i £ AT AL, R E M A %54 Wide
il Deep B 932424 F1IZ AL VE 1 AR 146 4 HAK SR A AR K I 3% 00 47

5.7.2 Wide&Deep Fi%!

Wide & Deep #5551 (1) [ AH 4 87 50, BE AR Wide BRI A7 5 38 1) “ 12427 M , Deep £LHI A
FSR AU AL IR 2 L 7 A TR B SR L DU I A AL AT L [R] B A P B 7 A 2R £
s

HARTI S, A& 5-15 Bros . 78 Wide #8589 b, BF 55 2 1130 8 % 45 AE AT F 1 04 2 £
(One-ho) %y, B T X AR RRIEZ A0, O T S BICICVE B 58 35 1130 0 B A E 28 SOk X
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FRAESEAT AL PR . i dn, P B9 THL B 22 1 A o ek 2 oA o ok B A T P L 22 2 Bl fR
AMEEAER(E A 1, FRAESE R ACHI N ANDCFHLZHEMAE" . “FHLLEE QQY) . X4
SCRFAERG (A 1 AR T ) I 2 P AL A R 7 A FALZE 3 QQ7. il Ay T T
B A RAIE 22 X, Wide BB ARAT 1 4L FE ) [l (09 % A RRAE  IF |t mT LiCAZ HT P AT R Ak
5 ., BE 0 CTR FAh 1945

@ ReLUIE %L

# Sigmoidi#liiF AL
7 WitE 4

3 @ 0 g o
. i 2

o
P% SRIEMN g é. 2

DO fia i
R FIE
Widethi Y Wide& Deeptil U Deepfil il ]

K 5-15 Wide& Deep By FIAE 41 O

1€ Deep R4 A 5% & A 148 T 2 F ik A B9 (Embedding-based Model) , iX 2
AL I 2ok 2% ) — AR AR BE (4 8 25 19 1] B SRAE  BAR T L Deep #5814 i A AT D) 42 00 0 4
fE ), 285 #8 A (Embedding) J2 , FEXS AN [ @i AZEAT DR 45 AR5 B BRSPS SRR A 2 2
P2 W 45 2 v L B 2 B i 4 SRk AT )2 . Deep #5578 ELA AR 5 (132 Ak M L X D7 s B HE WA
IR IEZH A AR R Rl Deep BTG 25 Wide #E ALY FRAE TFE A A EE /N,

EARIMT 7 Wide BERLAE 43 R T 5.3 WA LR BRI 19 5 7 T4 A
FRAE R RRAE TR . 8 5 4008 % 5K 9 N BT 58 SURRAIE , Wide A58 0] LU 4 I3 52 2080 b /Y 52
NAFHE, ¢ (o) Fom F TR0 38 SURFIE . — B8 UL 9 RRAF 58 37 02 58 )T B 5% 4
(Cross-product Transformation) , il T,

d
$r(x) =[] 2", ¢, € {0.1) (5.9

i=1
Horpd 2RI AR EN S  x =[x vay vy Joe,, =1 WHARERSE ¢ DRHIETE T 28 £
Yt ¢ o MR R F T T 28 SURHIE . Wide BIRI AT LR IR Ry .
Y = (WY (kb (x) ]+ b (5.10)
WY B Sy iR Wide BB f) AT 4 R G 25 Ly B Wide A5 R T AY
CTR Tl 4558 .
[l 5 Deep A58 AU TT DLGE o L J23 41 25 090 286 45 i A 10 9 32 4 190 e A 3 MO e S5 Sy 390 490 1% i
W H L L B SR i A B R .
Zd=F D) =cW" D) (5.11)
Hh  FOARES L Z MM R, o BaRBUE RE T B L1 2R W R 2
28 0 2 1 T YN R B (Weigh J B 48 B0 n Xom , Horfron ROR5S 1 )2 & o080
Haom FoRE (-1 J2M, Wb FRE (R0 (blas) 18, #LL o FoR AR,

@ https://dl. acm. org/doi/10. 1145/2988450. 2988454,
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E F7# A (Embedding) 2, W3 2 L J2 b 25 I 45 FTE 06 5000 B 286 g2 y oo = 21 =
Flew P FICE (), y ™ HIEETIREE M4 1 CTR T 25
B 2 A B i T () % R A A TN G 5 TRy RS B A A T £ 45 Ry
AT Ny
' P(Y=1]|x)=cW"[x,8(x)]+W*P(E(x))+b) (5.12)
FHorh WP B R Kk KB Z R A MK E RN 8 B G 10 B
TE5: 3 R HR B AE . 5 . 0 logistic $1¢ B BRI 1k 48 A4 A
25 L ik . Wide&-Deep # I il & T Wide #55 Fil Deep #5550 15 Fl A 1 1 £ 5. W&l 5-15
Hh ) B 43 TS 8 2 [ R — A4 Wide BERURT— A4 Deep £, Wide & Deep £5# fE 1% 1 )
IR RTRRVA 11 PR Ct i R 7 S AP ol i = B i < /e O i R VR TR VAR 6 7 P N
T AE R B IT LR A R R A PSR 25 A U T R AR .
W SC AR, Wide&-Deep #58 dr, Wide BEAISRHC T 5.3 4542 & A9 LR BEAY, I 4,
Wide& Deep #6 Hh 24k & T H BT . AT HE 2% A B9 N TARAE TRE . S T Mg i A~ ) i,
W B AT Ak b TR R Z K .

5.7.3 DeepFM %y

Wide& Deep Bt A AR I 41 A T Wide BRLICAZPESR B9 L 3R Deep A58 17 1k 1 3 19
KAk BUS TR . #F Wide&-Deep $H 2Z vh, Wide # 5I If 3% A5 422 e £ AE T 72 A9 45
. Wide B A5 AATY 77 22 T R TR RRE 28 SUAF B, 3 75 25 T8 FE K 1t 1 B[] RIORG 7

Sl P B AT O A R I RRAE 2 1 1 45 PP 2E BAR R S 2% . Wide&Deep ffi F T HEA
BRSNS . A Wide BEAVEAL T P 50ih 47 0 35 5 B AR RRAE , FII ] Deep A5 A1 E A3
Jo s B RRAE . SR AFAE XA — S50 [A] B 25 SRR B A8 SCRFAE R =7 B 58 SUARRAIE e #1512 T
BRI PE g, B, Huifeng Guo 58 A [ 28 % Qo] [ 2 #9 & 28 LAFAE, 8 FM L 7 Al
Wide& Deep Hi B ) WG L5 A AL H L $2 1H T DeepFM #EI 30 R A4S PR 20 A 489 45 —
S R JBE 27 2 7 i i 238 A 400 0k 1 < TR AR

b AR 228 SURFAE AT DL ph 48k P I FE I 2 00 1 B K AR . B E R IV B R IR
We W23 B ks IR T, 2 24 B R B — LG S48 il & BE s i JC K
R, B 22 06 T 0 2 B A G0 S B T A B IR B — A DR B AR B T 2
LRI T Rl AT 55 19 AS .

AF I 1l B 22 (%) 28 SR AIE DU 19 R B ek 70 £t =2 v AR A0 B N SE B o SR B A AN R, G
25 B T & BRA YR IN] S 2 A BROEE A B T R BT ORI SE IR A AR R S BTG R T
— R 55 B 2w T LM X — 4, M L% 5808 i 2 50 15 09 28 SURRAE . TE 2 19 28 X
FRAE R TCIE M L R BEA A N TR, [ 5. 3 5 ~5. 4 75, A MER th FM BIRIAE [ 3
22 2] T RREAS XU T AR 75 MR .

XL EAS R 5 Huifeng Guo S5 BT 1 Mk JC 450 SR AT A 0] 49 AIE TR 1)l A8 41 B 4R F 52
S FM G54 R AR = B RE iR 22 L) DNN 45 K filt & 7F 7 — A2, A5 52 1 0% 9 165 780 3kt 4o
Wide& Deep 0o 75 B4 HE T2,

& 5-16 fif /R, 5 Wide& Deep B A A8 2Bl , DeepFM #5270 () 9 A~ B e 41 1. FML A5
el Deep BEHe . ek 85> . DeepFM [FIAELRG T P BEHRAG i 1, RIBU0F .
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& o — EEE i / Wge |
X mE —iA
L sigmoid

o ReLU

M

W e
2 2 RN

R

RERTHE

Field i Field j Field m
B 5-16 DeepFM i 4t 4y ©

y=0(ypey T Yoan) (5.13)

Hrp o J& Sigmoid 306 bR K fie 210 T5000 (B W 5 30 0L D X TE] o vy Ay pan 20900 0
FM 5 e f1 DNN A 14

DeepFM By Z [ 2 45 A . AN Z UM R E T 72 . #1675 Z . DeepFM H
F2 NI i NS o o () B 4 BTG B 8 B 28 SURRALE

BRI Deep BRI AR I3 IF A AW ARSRE Z Z A MK 5, (H 2RI 52
SR AE B AR IO T AR T4 i FMOBERL 2R H e AT R AR AR R UL B, HH A
Jrunr .

d

d
Yeu =< wex >+ D5 D) <V,V, > ez (5. 14)

Ji=li,=i 41 .
H , <>RFNBAITE, <w,x>E T RE Z 18] B — 5 38 5 F 520 73, %50 B A i) AH
M#EAY s V, .V, S BIRFEAE i . BT B <V, .V, = SR 5 WA RRAE 2 18] 9 79 B AR 2%
d d
PR ST, D) D0 <V, g ew ) WURAE SRR 5 SURGE 9
jlfljzfjﬁrl

35 R B g N ARER A . T LAR B FM BRI DL A S5 ) VLV, S8R R ] A Bl
R SHHAE s I H L FM B A R T2 x %A 51 AT EANRRIE T /2 .

E I E BV TR 2 5 FR A L R AL R 0 P 25 TR AE . Wide & Deep #5171
F1 DeepFM 8, AH b T Wide& Deep HEA , DeepFM K1 & £ 56 1 2 1 0] DL ok gk iy 23 7],
W T T A8 SR AE 1 5 B AR

5.7.4 xDeepFM 74

DeepFM #AISCF | T Wide # B A A & AR, XTI 2 I 45 4% Bk G 4] 1) A S A 45
AE, WAL 24 > B 5 B AR E 28 SO B AR SR R I . X FaxX A~ ] @, o | B 22 R K2z db

SR LK BN RO TE H AT AT TR R VB HE T xDeepFM BRI
o XA Sk 7 el A B U R ) — BT IR AE

@ https://dl. acm. org/doi/10. 5555/3172077. 3172127.
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WEFEE AN TE R AE AR 12 R 2 P2 B P i ok B v, SR DF %4k A (Embedding) 2 Y
FRAER T 2, — ik AR BE R 26 vh SO 20 TS [) R AL 1] S A9 HE 22, 76 ) 22 R 8 B
oh X T[] —ARAAIE ] s PN Y 4 B AR AR 23 THAR 38 TURRAEAR B BV AR 3 B 6 107 ) 224 4 B o vT
REBE R TH 328 SURRIE . [RGB AT T3 OQ T 3], DA A9 DNIN 27 2] (19 155 B R i 58 SO Fat
G, BRI TC 2 3R VR 38 LR AT 2 B $50mT AR A5 e AR 4R s SR AR i = B R B 32
SCRFAE  BEAE — 8 B BE b G X A [A) L,

1. xDeepFM 7% &l [ 18

W 5-17 7R , xDeepFM 5 R (1) % A FB 43 2 B B 1) e A0F ) &, 28 2o ik A2 3R 15 AR
MRS R X =[e ve? ey T, BBEA field FAFAILERE T d X REAS 3 10 B 2 R AE
A& m Xd 4Ef) ., xDeepFM 5 BI41 % LR £ AL AT DNN B8 2415 . 5 H A AR B [F] 1)
& xDeepFM BRI G| AT 46 38 H W 4% (Compressed Interaction Network, CIN) i =0 #i1 i1
SR B AC SRR o IR AT DUAE ) S 200 X M A ST = B B RRAE A B, BRI E A
—J2 CIN W4, FEIE 28 X dosi 2 — )2

£\, Output unit
77

-

H |
1 I
L} :
® @ @

Linear ! CIN U e i
""""_"_""“"""““""__ __________ 6“6"'. Embedding
BT S| gt el DL B AR D laver

f f Embedding lookup T_
R S Y Y3 - ¢ Input
.9 D@ N 9 @ - ¢ o T 1 1 -1 v . features
Field 1 Field 2 Field m

8 5-17  xDeepFM %5 #4 5 b5 @

2. xDeepFM A iR 18
CIN MMl TR R 2% , T LLHE B IR 2 AR 4615 XV X9 BYSRAE , CIN 1955 £ J2
g BAR R IR N
kal m

X =20 WX e X0 (5.15)

ij
i=1j=1
Hopr W JRES 2 RAE ) B A S 808 [, o AR R I8 15 3% B (Hadamard Product), WLEE
K515 AHER B, CIN (55 & 24 AR X 55 X4V R R M 45 5. CIN 1T LUK
BF—A> field BYRFAE JE4E % — > FF1E B (Feature Map) » iX BE I — IR BRAE 2R T HE M4 W
% (Convolutional Neural Network, CNN) H ) — P EFRZMEH . #d5I A H, ., 2
BB RAZ, AT LSS b 20 H, Xom A X K48 H, o s, [F e, il 5-18 fr
/- CIN 84 B — 2 1% IR n At fk (Pooling) #:4F . 45 51 CIN fi i 19 38 XAFAIE .

@ https://dl. acm. org/doi/abs/10. 1145/3219819. 3220023.
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1
|

| [
Sum [ooling Sum pooling Sum pooling

K 5-18  CIN 4k i s ©

F Al Wide&-Deep BEA ULk 720, oy T R HI 22 80 5 2045 21 19 9 4R 38 X, 76 e 2411
i B B xDeepFM H5 28 1 J2 58 SURKZ8 5 (w [ ) TR JB 1 25 I 245 1) 45 3R () LA B CIN [ 4%
B AR (p O EE A e RS I T
S =cw/ x +w, x+w, p+b) (5.16)
Horp,x JEIFURRARAE  x ! F1p 40 B V40 B2 22 190 26 R CIN [ 4% 100 iy o 4 50 . o A 0 f
H Log-loss #4711k

N
L= D v logd, + (11— yplog(1 =3, (5.17)
i=1

SR xDeepFM tE— 25 $2 T+ TR () M RE L (H2 B A 7EE I B M Bl . HAE FE 18 s
P CIN R B[ 24l v, — PR L SR W R G se it dE . Bk, AT N4
TR 2 S RN 5 R AN S A B S I MU TAE . FEIR I 2E S IR R L sl A 40
BGERIRAE AR R PE TAE IR A IR 2, U FNN,PNN, Deep Crossing 28, SR, % B 2 > 59 it
Xt AR 2R GE RS2 MRS I A 1k o BT X — . 55 6 FOREJR 7R AH DG ST BIF 52 AT ]
o5 TR B 2 = A5 A o SV B R RN 7 2R e AU AT DL, Al ok LR RE R Gl B B A L

5.7.5 SEUE@

1. EEE

WAL T PaddleRec M E 77 ACRS , FRATRICT 5 5. 3 1 48 A A £ 4 .

2. TERBELEER

AFTPREHE T Wide&-Deep £ 5  DeepFM #H | xDeepFM #E7 , ZEACHh 5643 (& 5-19 ~
[ 5-21) , XF 0 b JB 7R = SRR ) 2544

FHAE T 7 ) LR 8580, Wide & Deep A58 &5 S B T VR 2 4 48 0 25 19 15 B, HL AR & s

@® https://dl. acm. org/doi/abs/10. 1145/3219819. 3220023.
@ https://github. com/PaddlePaddle/PaddleRec/tree/release/2. 1. 0/models/rank.
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AT PRI self.  mlp_layers, 25 A A FIBLH A L3815 T AUC 0. 82 45 2R .
XAGE R T LR 0. 67, X WUEW] T IR R AXT T CTRALS & A IEm/EH Y,
Fed LR # FM L FM BERIR18 T AUC 0. 78 Y455, /& T LR BB, 3] FM 76 A 3%
TR A RRAE M REZS CTR B A PE R ok T 827, [, % 1 Wide&.Deep #25 (AUC
9 0. 82)F1 DeepFM #EL (AUC 4 0. 78) , AT & B DeepFM B AU J Wi FEAR T PERE . FRATIA
R R %5 DeepFM B 52 24 9 4548, Ho A2 22 W S5 #0755 5| R A U R 4 1 i el 3006 3400
BRI T — 21 SR KR A 04 1 03 A OF AN W6 2 AR AIE , S 30T ZE MR AR b d8 bR B B
T . H# DeepFM FEBIFT xDeepFM A5 AU, xDeepFM 38 53 5 4 JE 45 38 H. W 25 # e (CIND , 14k
TRIRISE K B2 T T CTR B A 255 . X 7843 B T CIN L Rg i A 20CHE IR U ER AR .
P52 BT AR BT AT BRI AE Criteo 4 36 %04l b BUAS /9 &5 SR . AE B AT B R
Wide&-Deep AR T HAL M RR . 25 G X B A% G0 A5 R RN R B ASE A0, il 45 17 R B2 of 4 )
2K (AR IS T RE O B G 1 4 TR TR A 45 R 2% %) CTR T0UI A9 42 T W 68 TG, KR 5-2 4,
GBDT 1 GBDT+LR 7 Criteo #8434 14 5I1HUE T AUC K 0. 69 1 0. 70 255,

%52 CTR &2 144

Model LR FM Wide & Deep DeepFM xDeepFM

AUC 0. 67 0.78 0.82 0.78 0.79

class WideDeepLayer(nn.Layer):
def _ init (self, sparse_feature_number, sparse_feature_dim,
dense_feature_dim, num_field, layer sizes):
super(WideDeepLayer, self).__init_ ()
self.sparse_feature_number = sparse_feature_number
self.sparse_feature dim = sparse_feature_dim
self.dense_feature_dim = dense feature_dim
self.num_field = num_field
self.layer_sizes = layer_sizes
self.wide_part = paddle.nn.Linear(in_features=self.dense_feature dim,out features=1,
weight_attr=paddle.Paramattr(initializer=paddle.nn.initializer.TruncatedNormal(mean=8.8, std=1.8 / math.sqr{
use_sparse = True
self.embedding = paddle.nn.Embedding(
self.sparse_feature_number,self.sparse_feature_dim,sparse=use_sparse,
weight attr=paddle.Paramattr({name="SparseFeatFactors”,initializer=paddle.nn.initializer.uUniform()))
sizes = [sparse_feature_dim * num_field + dense_feature_dim
] + self.layer_sizes + [1]
acts = ["relu” for _ in range(len(self.layer_sizes))] + [None]
self, mlp_layers = []
for i in range(len(layer_sizes) + 1):
linear = paddle.nn.Linear(in_features=sizes[i],out_features=sizes[i + 1],
weight_attr=paddle.ParamAttr({initializer=paddle.nn.initializer.Normal{std=1.8 / math.sqrt(sizes[i]))))
self.add_sublayer(‘linear_%d"' % i, linear)
self._mlp layers.append(linear)
if acts[i] == ‘relu’:
act = paddle.nn.ReluU()
self.add_sublayer(‘act_¥d' % i, act)
self._mlp_layers.append{act)
def forward(self, sparse_inputs, dense_inputs):
wide_output = self.wide_part(dense_inputs)
sparse_embs = []
for s_input in sparse_inputs
emb = self.embedding(s_input)
emb = paddle.reshape(emb, shape=[-1, self.sparse_feature_dim])
sparse_embs.append(emb)
deep_output = paddle.concat(x=sparse_embs + [dense_inputs], axis=1)
for n_layer in self._mlp_layers:
deep_output = n_layer(deep_output)
pred = F.sigmoid(paddle.add(x=wide_output, y=deep_output))
return pred

E 5-19 Wide& Deep i %I
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class DeepFMLayer(nn.Layer):
def _ init_ (self, sparse_feature_number, sparse_feature_dim,
dense_feature_dim, sparse _num_field, layer sizes):
super(DeepFMLayer, self). init_ ()
self.sparse_feature_number = sparse_feature_number
self.sparse_feature dim = sparse feature dim
self.dense_feature dim = dense_feature_dim
self.sparse_num_field = sparse_num_field
self.layer_sizes = layer_sizes
self.fm = FM(sparse_feature_number, sparse_feature_dim,
dense_feature_dim, sparse num_field)
self.dnn = DNN(sparse_feature_number, sparse_feature_dim,
dense_feature dim, dense_feature_dim + sparse_num_field,
layer_sizes)
self.bias = paddle.create_parameter(shape=[1],dtype="float32",
default _initializer=paddle.nn.initializer.Constant(value=8.8))
def forward(self, sparse_inputs, dense_inputs):

y_dnn = self.dnn{feat_embeddings)
predict = F.sigmoid(y_first_order + y_second_order + y_dnn)
return predict

y_first_order, y_second_order, feat_embeddings = self.fm({sparse_inputs,dense_inputs)

& 5-20 DeepFM #& 5l

class xDeepFMLayer(nn.Layer):
def  init_ (self, sparse_feature number, sparse_feature_dim,

super(xDeepFMLayer, self). init_ ()
self,sparse_feature_number = sparse_feature_number
self.sparse_feature_dim = sparse feature dim
self.dense_feature_dim = dense_feature_dim
self.sparse_num_field = sparse_num_field
self.layer_sizes_cin = layer_sizes cin

self.layer _sizes dnn = layer_sizes_dnn

self.bias = paddle.create_parameter(shape=[1],dtype="float32",
default_initializer=paddle.nn.initializer.Constant(value=0.8))
def forward(self, sparse_inputs, dense_inputs):
y_linear, feat_embeddings = self.fm{sparse_inputs, dense_inputs)
y_cin = self.cin(feat_embeddings)
y_dnn = self.dnn(feat_embeddings)
predict = F.sigmoid(y_linear + self.bias + y_cin + y_dnn)

[ return predict

dense_feature dim, sparse_num field, layer sizes cin,layer_sizes dnn):

self.fm = Linear(sparse_feature_number, sparse_feature_dim,dense_feature_dim, sparse_num_field)
self.cin = CIN(sparse_feature_dim,dense_feature_dim + sparse_num_field, layer_sizes_cin)
self.dnn = DNN(sparse_feature dim,dense_feature dim + sparse_num_field, layer_sizes dnn)

5-21  xDeepFM # %l

5.8 ARE/NGE
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