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Introduction : Next Basket Recommendation

Introduction : Next Basket Recommendation
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Figure 1: Sequential basket data with four users and five items

Which basket should be recommended to the user?

Properties :
e Special type of item recommendation (sets of items)
® Reoccuring items

e Possible scenario : online store
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FPMC

Factorizing Personalized Markov Chains

for Next-Basket Recommendation

International World Wide Web Conference 2010

Steffen Rendel, Christoph Freudenthalen, Lars Schmidt-Thieme
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FPMC

Problem Formulation

o U={ui,...,uy} : users

o [ ={i,....0y} : items

e BY=(Bf,...,B{ ;) : historical baskets of user u with By C |
o B={B", ...,B4Y} : purchase history of all users
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FPMC

Markov Chains for Baskets

o A sequence of random variables Xi, X5, ... is a Markov chain of order m if

p(Xe = Xxe| Xec1 = Xe—1, ..., X1 = x1)
= P(Xt = Xt|Xt—1 =Xt—1,-- s Xeem = Xt—m)~

o A personalized Markov chain of order m = 1 for basket problem is :

P(BHB;IA)-
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FPMC

Markov Chains for Baskets

e We model transitions over |/| binary variables that describe a basket:

aji = p(l S Bt|/ S Btfl)

o Predictions using simplified Markov chains :

. 1 .
p(i € Be|B:_1) := Bl > pli€ Bi|l € Be_y)
- 1€Bi—1
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FPMC

Markov Chains for Baskets

e Maximum likelihood estimator for a; ; given B is :

p(i € Benl € By_q)
p(l € B)
|(Bt, Bi—1) : i € By Al € By_1]
[(Bt, B:—1) : | € By_1]

di = plieBleBi)=

- Example :
Transition Matrix
User 1 User 2 User 3 User4  tolalbjc|d]e
2] alp.5p.51]0
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Q¢ S| c0.30.70.3 0
—[d] “|d]ofo]1]0
le] efofo]o]o

Figure 2: Non-personalized Markov chain
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FPMC

Personalized Markov Chains

o We represent each MC by the transitions over items, but now user-specific:

ayi=p(i € BY|l € B{_;)

e The prediction depends only on the users transitions:

. 1 ,
pli € BY|B ) == 1Bu | Z pli € BY|l € B )

=1l yépr

o Ac [0, 1]UIIxI1 s 5 transition tensor.

v Problems of personalized ML-Estimation:
- Many of the parameters cannot be estimated.

- Theoretical properties are easily fail since the data is extremely sparse.
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FPMC
Personalized Markov Chains
e Maximum likelihood estimator for a, ;; given B is :

(B¢, By 1) : i€ B NI€E B,
(B¢, Bf_y) : 1 € BY 4|

dui=plie Bllle BlLy)=

- Example :

User 1 alblc[d[e][#] User 2 alblcld]e][#]
[al[o[1]1]o]o] 1] [a|[1]o]1]0]o][1

b 0.5 1.5 00 2] NEERBERE

|| [c]os1pso]o]2] (cl[2]2]?][2]2]o
d|[2][2]?]2]2][0] ld][2[2]2]2]2]0
BERRBEEBED BEEBEEE
[alo[c[d[e][#] User4  [a[b[c[d]e]#]
al[?]?[?]?]?] 0] al[?][2][2][?]?]o
bl[2]2]2]2[?] 0] NEEBERHE
cllofofofol1]1] BREBEBEER
dofol1]o]1][1] ldl[2]2][2][2]2]o
eofofoof1][1] B EEBEEE

u}
o]
I
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FPMC

Factorization of the Transition Cube

e A is modeled by the pairwise interactions :

Gui = (v v

e or equivalently :

ku,i kiL ku,L
A L I L L, / u,L LU
dy,li = E f Y+ E FViF T+ Vaf Vir
f=1 f=1

where (VA% c RlU\XkU,/, (VAR c Rl”XkU,I' v/IiL c Rl”XkI,L,
Vil e RlIxkie UL ¢ RIUIXkuL gpnd VLU ¢ RIIXkuL
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FPMC

Factorizing Personalized Markov Chains (FPMC)

e |n total the FPMC model is:

1
Al LU Lo Ll Lo LU
pli € BYIBY1) = (v v )+ g D (v + ()
t=11jepy |

o As A is modelled by a low rank approximation A:

- Parameters are estimated from many data points.
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FPMC

ltem Recommendation with FPMC

e Bayesian Personalized Ranking (BPR) [1]

e Assumption : a user prefers an item in basket at a specific time than any
other items apart frome those in the basket.

e For any item i/ in basket and any item j not in basket, we need to maximize
p(i >ue j|©) = p(Ru,t,i >R Rut j|©)

where %, ;; = p(i € Bf|B;_1) and © are the factorization matrices.

o The objective function can be written as follows :

A
J=— Z Z Z Z In O'(fq,’t’,' — >A<u,t,j) + 79 | © ”3’-‘

ueU B,eBYi€B; j¢B;

[1] S. Rendle, et al. Bpr : Bayesian personalized ranking from implicit feedback. In UAI, 2009.
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FPMC

Expressiveness

e For item recommendation with FPMC, the (U, L) interaction can be
dropped. And FPMC can be rewritten as:

~FPMC __ aMF + sFMC
u ity T ugt,i u,t,i

where £MF . is the standard matrix factorization model :
CMF _ U LU
Kot = (Va5 v )

and X7MC is the non-personalized factorized Markov chain :

u,t,i
~FMC 1 Lo L
Xuyt,i = Z (Vi v
|Be—1] 1€B, 1

o Thus FPMC subsumes both the MF and MC models.
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Experimental results

FPMC

Online=Shopping (sparse)

Online-Shopping (dense)
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Figure 4: Comparison of FPMC to a factorized Markov chain (FMC), matrix factorization (MF)
a standard dense Markov chain (MC dense) learned with Maximum Likelihood and the baseline

most-popular.
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DREAM

A Dynamic Recurrent Model for Next Basket Recommendation

International World Wide Web Conference 2010

Feng Yu, et al.

Boyoung Kim (SNU) Next Basket Recommendation July 3, 2017 15 /21



DREAM

Intuition of DREAM

o MC based methods can only model local sequential behaviors between two
adjacent baskets.

= Deep RNN architecture can obtain some global sequential features for
all users from historical transaction data.
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DREAM

Problem Formulation

N € R'*¥ : represantations of items.
e BY={B{,B;,...}

where B! is a basket of items purchased by user u at time t;.
Bt‘j:{n,‘j’_‘j ER j= L...,|BI}

n; . : latent representation of the j-th item in B,
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DREAM

A Dynamic Recurrent Model (DREAM)

Pooling

Ttems in a basket

Representation Recurrent
of a basket architecture

Dynamic representation

- Scores of all items
of a user

Figure 5: The framework of DREAM.
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DREAM

A Dynamic Recurrent Model (DREAM)

e Max pooling operation
by , represents latent basket representation of the user’s basket at time ¢; :
b;,k = max(n;,l,k’ n;,zk’ : n, )

Tt BY |k
1

where ngj . is the k-th value of né’/_j.
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DREAM

A Dynamic Recurrent Model (DREAM)

e Hidden features

hi is dynamic representation of user u at time ¢; :
hi = f(Xby + Rh{_;)

where R € R¥*k propagates sequential signals between every two adjacent
hidden states, X € R**¥ is a transition matrix between latent vector
representation of baskets and user's interest and f is an activation function
(sigmoid).

e Output
o € R! is scores of all items for user v :

o; = Nhi
where N € R'*¥ s item matrix.
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DREAM

Experimental results

=4=TOP =# NMF =b=MC s FPMC =@=HRM = 4= DREAM

0w
oz
w
© o
2
g
8
Boos
by
o
o
o
w
Qoss
g
3
? oor
by
om
oot 0 15 £ 0 15 E
dimensionality ° dimensionality :
(b) Tmall

Figure 6: Experiment Results of different methods on two datasets.
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