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Abstract
In online advertisement, after sales promotion, it is
important to predict which buyers will return and
become loyal repeat buyers. Given the action logs
of users, brand and category information of items,
and user profiles, we study the problem of repeat
buyer prediction on E-commerce data, which aims
to predict whether a new buyer of a merchant is a
one-time deal hunter or will become a loyal repeat
customer.
We develop a set of useful features to capture
the underlying structure of the data, including
features regarding users, merchants, categories,
brands, items and their interaction. We also propose to learn collaborative features with embeddings, which represent users and merchants in a
shared feature space.
We use logistic regression, gradient boosting decision trees, and factorization machines as individual
classification models. We develop a diversified ensemble model to combine different feature sets and
models.
Our solution obtained AUCs of 70.4762% in stage
1 and 71.0163% in stage 2, ranked 2nd and 3rd
places respectively in IJCAI 2015 Repeat Buyer
Prediction Competition.

1

Introduction

Online sales promotions usually attract a large number of
buyers on E-commerce sites. However, only a small portion
of the users will return and become loyal repeat buyers. In
IJCAI 2015 Repeat Buyer Prediction Competition, we study
the problem of predicting repeat buyers on E-commerce data.
In this task, we are given user profiles and action logs on
Tmall.com. Tmall runs large-scale sales promotions on
November 11th each year, which is usually called the “Double 11” day. The dataset of the challenge consists of two
tables. In the first table, we have user profiles, including
age ranges, gender and user IDs. The second table contains
∗ indicates equal contribution.

user action logs, in which each log represents a click/add-tocart/add-to-favorite/purchase action between a user u and a
merchant m on an item i at time t. Each item i is associated
with a brand bi and a category ci . These action logs are collected in a span of six months prior to the “Double 11” day.
Our task is to predict whether a new buyer of a merchant on
the “Double 11” day will return and purchase in the following
six months.
The competition has two stages. In stage 1, the data set
contains 260, 865 training instances, 261, 478 test instances
and action logs of 7 million distinct user-merchant pairs. We
ran our algorithms offline and submitted the prediction results for evaluation. In stage 2, we submitted our code to
a distributed computing platform provided by the organizer,
where the platform distributes the records of different users to
different nodes. The data set in stage 2 contains 3, 441, 313
training instances, 3, 443, 594 test instances, and action logs
of 192 million distinct user-merchant pairs. The IDs of merchants, items, categories and brands are shared in training and
test sets, while user IDs of the two sets do not overlap.
One key challenge of the problem is how to leverage the
collaborative information between users and merchants. Conventional methods like collaborative filtering [Sarwar et al.,
2001; Breese et al., 1998], matrix factorization [Koren et
al., 2009], and factorization machines [Rendle, 2010] address
the issue by modeling similar users, modeling similar merchants, or factorizing the low-rank interaction between users
and merchants. However, these methods represent users and
merchants in separate spaces, and thus simply applying dot
products across spaces will not be expressive enough. Also,
with such methods, similar users do not directly interact with
each other to learn better features. In this work, we propose
to model users and merchants as continuous embeddings in
a shared latent space based on random walks. By modeling
users and merchants in a shared space, applying dot products can have clear explanations of similarities. Also, through
random walks, similar users and similar merchants are at the
same time incorporated into the optimization framework.
Another challenge is how to leverage the rich action logs
to improve the prediction. Extra information including categories, brands and items is very important in this task. We develop a set of collaborative features by examining repeat purchase statistics and the frequent categories, brands and items
for a given pair of user and merchant.

Based on logistic regression [Cox, 1958], gradient boosting trees [Friedman, 2001], and factorization machines [Rendle, 2010], we develop a diversified ensemble model for prediction. We combine different feature sets and different models, and use ridge regression [Hoerl and Kennard, 1970] to
blend the prediction on the test data.
In stage 1, we took the 2nd place by achieving an AUC
of 70.4762%. In stage 2, because we have to deploy our algorithms on the distributed computing platform, we did not
implement all of our algorithms in stage 1. As a result, we
took the 3rd place by achieving an AUC of 71.0163%. The
score in stage 2 is better than that in stage 1 because of larger
data amount.

2

Framework

In this section, we illustrate the proposed prediction framework.
Our solution can be divided into three components: feature
engineering, individual models, and model ensemble. Figure
1 illustrates the architecture of our solution.
We design a bunch of feature engineering techniques to extract useful features from the data. Besides basic general features for recommender systems, we design two novel feature
sets to better capture the underlying structure of the data. We
develop embedding techniques to represent users and merchants in a shared latent space, and use the cosine similarities
as features. We also focus on repeat action statistics to utilize
the statistical power of category/brand/item information.
We propose a diversified ensemble model for prediction.
Let F be a set of feature sets, where each element is a set of
features. Let M be a set of models, which are logistic regression, gradient boosting decision trees, and factorization
machines in our solution. We apply a Cartesian product on
the two sets F ⊗ M to obtain combinations of models and
features. We use ridge regression to ensemble different combinations to obtain the final prediction.
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Figure 1: Architecture of our solution.
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Feature Engineering

In this section, we introduce the three sets of features we derive - basic features, repeat features, and embedding features.
Basic features are general features for recommender systems.
Repeat features are designed for this specific problem, focusing on repeat statistics regarding users and the interactions

with categories, brands and items. Embedding features are
extracted with advanced learning techniques, which jointly
represent users and merchants in a shared latent space.

3.1

Basic Features

Generally, the basic features can be categorized into three
groups: the user-related features that describe users’ characteristics; the merchant-related features that are only related
to merchants’ information; and the user-merchant features
that capture the interactions and the characteristics of usermerchant pairs.
User-Related Features
The dataset provides information on users’ age and gender, and we take those fields as categorical features directly.
We count the total number of click, purchase, and add-tofavourite actions of a user to measure user activity. We
omit add-to-cart actions in all our features because we found
that the information provided by add-to-cart actions is almost
identical to that of purchase actions, and in both stages of the
contest the performances of our method improved after removing the features related to add-to-cart actions. We also
use the number of distinct items/merchants/categories that a
user clicked/purchased/favored for characterizing a user’s activity. We utilize the time information by using the number of
active days, the number of recent active days, and the oldest
active day for a user as numerical features.
Merchant-Related Features
Merchant ID is a very strong indicator for a merchant’s likelihood of having repeat buyers. However, we also derive some
other merchant-related features, because the training data of
some merchants is sparse, and the feature weights of these
merchants’ IDs can not be estimated accurately. Besides merchant IDs, we count the number of actions and distinct users
that clicked/purchased/favored a merchant as numerical features. We use the ratio of purchased items in summer to
model a merchant’s seasonality.
Notice that we only use this category of features in stage
1 of the contest, since the distributed environment of stage 2
does not guarantee that all data records of one merchant are
sent to the same node.
User-Merchant Features
The user-merchant features are similar to the user-related features. We compute the number of click/purchase/favorite actions and the number of total/recent/oldest active days of a
user-merchant pair as numerical features. In addition, we use
the category IDs and the brand IDs of the items that a user
purchased from a merchant as categorical features to model
the context of a user-merchant pair.
Post Processing For Feature Vectors
In order to leverage the nonlinear effect of features, in stage 1
we discretize all the numerical features into bins of equal frequencies before feeding the features into linear models like
logistic regression. However, we do not adopt this practice in
stage 2, since the split points can not be computed in the provided distributed environment. Thus, we convert the feature
value x of each numerical features to log(1 + x) in stage 2.

Experiments show that both processing techniques perform
similarly and are much better than the original one.

3.2

Repeat Features

In this section, we introduce a set of repeat features. Because
the problem is to predict repeat buyers, we focus on the repeat
buying statistics to extract features. We leverage extra information like categories and brands to develop the new feature
set.
User Repeat Features
In the given datasets, unlike merchants, the sets of users do
not overlap between training and test. Therefore, we cannot
use user IDs as features, though they may be informative. Instead, it is important to examine the repeat buying statistics
of users.
For each user, we extract the following features to indicate
the user’s repeat buying pattern.
• Average span between any two actions.
• Average span between two purchases.
• How many days since the last purchase.
The features above characterize the activity and repeat buying pattern of each user, which are important statistics of user
behaviors.
User-Merchant/Category/Brand/Item Repeat Features
We also leverage merchant/category/brand/item information
to better capture the repeat buying patterns of users. We extract the following features.
• Average active days for one merchant, category, brand
or item.
• Maximum active days for one merchant, category, brand
or item.
• Average span between any two actions for one merchant,
category, brand or item.
• Ratio of merchants, categories, brands or items with repeated actions.
Category/Brand/Item Repeat Features
Besides repeat buying patterns of users, it is also important
to utilize the repeat buying patterns of categories, brands and
items. To this end, we extract the following features for each
category/brand/item.
• Average active days on the given category, brand or item
of all users.
• Ratio of repeated active users on the given category,
brand or item.
• Maximum active days on the given category, brand or
item of all users.
• Average days of purchasing the given category, brand or
item of all users.
• Ratio of users who purchase the given category, brand or
item more than once.
• Maximum days of purchasing the given category, brand
or item of all users.

• Average span between two actions of purchasing the
given category, brand or item of all users.
Given a pair of user u and merchant m, we compute the
top-k frequent categories, brands and items in the interaction
log between u and m, and then use the according features
above as the features of < u, m >.

3.3

Collaborative Embedding Features

To leverage the collaborative information between users and
merchants, we develop a set of collaborative features to characterize how well a user’ interest aligns with a merchant. We
model users and merchants in a shared latent space to uncover
the underlying structure of the user-merchant interaction data.
We compute the similarities between users and merchants as
features based on the learned embeddings.
Algorithm 1: Learning collaborative features with usermerchant embeddings
Input: Action logs L, user set U , merchant set M , walks
per vertex γ
Output: Embeddings f
// construct the user-merchant
interaction graph
1 initialize vertex set V ← U ∪ M
2 initialize edge set E ← ∅
3 foreach < u, m >∈ L do
4
E ← E+ < u, m >
5 construct a graph G = (V, E)
// generate random walks
6 initialize random walks W ← ∅
7 for i ← 1 to γ do
8
V 0 ← random shuffle(V )
9
foreach v ∈ V 0 do
10
W ← random walk(v, G)
11
W ←W +W
12
13
14

// learn embeddings
initialize f 0 and f
SGD(W, f , f 0 )
return f

Algorithm 1 illustrates the procedure of learning usermerchant embeddings. Let U and M be the set of users and
merchants. The input of the algorithm is a set of action logs,
where each element is a user-merchant pair < u, m >, where
u ∈ U and m ∈ M , indicating that u interacted with m. We
consider all types of actions equally. If u has multiple actions
with m, the pair < u, m > will appear in L multiple times.
f is a (|U | + |W |) × d matrix, where d is the dimension of
the embeddings. Each row of f represents the embedding of
a user or merchant. f 0 is an auxiliary matrix.
Following [Perozzi et al., 2014] and [Mikolov et al., 2013],
we generate sequences of random walks on the user-merchant
interaction graph and learn the user-merchant embeddings
based on the Skipgram model.
We construct a user-merchant interaction graph. The vertex
set of the graph is U ∪ M . For each action log < u, m > in
L, we add an edge between vertex u and vertex m.

After constructing the user-merchant interaction graph, we
generate a series of random walks starting from each user and
merchant.
Given random walks W, the loss function of the Skipgram
model is defined as
T
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where f 0 and f are input and output embeddings. T is the
length of random walk W and c is the window size of context. We perform stochastic gradient descent (SGD) [Bottou, 2010] to update f and f 0 . We use the implementation of
Gensim [Řehu̇řek and Sojka, 2011] for learning the Skipgram
model.
Diversified Features at Different Iterations
Given a pair of user u and merchant m, we compute the cosine similarity between fu and fm and apply it as a feature.
We develop a method to extend the dimensionality and
diversity of the embedding features. As is shown in Algorithm 1, we use SGD to iteratively update the embeddings f .
To further diversify our features, we read out the embeddings
f every k iterations. For example, if we set k = 10 and run
SGD for 100 iterations, then we read the embeddings f at iteration 10, 20, · · · , 100 and obtain a 10-dimensional feature
vector. This idea is similar to ensembling classifiers with different regularization parameters, which is effective at diversifying the results and improving the prediction, as demonstrated in our experiments.

4

Models

In this section, we describe our ensemble method based on logistic regression, ridge regression, gradient boosting decision
trees and factorization machines.

4.1

contrast to linear models like LR and SVMs, FMs model
all interactions between variables using factorization method.
Thus, FMs are able to overcome the sparsity problem in many
tasks. We use the implementation of LibFM [Rendle, 2012].

Individual Models

Formally, our task is a binary classification problem. Thus,
we leverage three popular classification models, including
logistic regression (LR), gradient boosting decision trees
(GBDT), and factorization machines (FM) in our solution.
Logistic regression is a widely-use linear classifier. It is intrinsically simple and so is less prone to over-fitting. In fact,
our experimental result shows that LR achieves the best performance among all the individual models. We use L2 regularizer in stage 1 and L1 in stage 2. We use the implementation of LibLinear [Fan et al., 2008].
Gradient Boosting Decision Tree is a tree-based additive
model. GBDT learns multiple decision trees iteratively,
where the learning target of the current tree is defined as
the loss gradient of the previous trees. GBDT outputs the
additive predicitions of all trees as the final prediction. It
has a strong predictive power and naturally handles data with
heterogeneous features. We use the implementation of XGBoost [Chen and He, 2015].
Factorization Machines combine the advantages of support
vector machines (SVM) and matrix factorization models. In

Diversified Ensemble

We describe the ensemble techniques we develop in stage 1.
We initially extract a baseline feature set F0 . Iteratively,
we design new features and merge them with original features to obtain a new feature set. In this way, we obtain a
sequence of feature sets F0 , F1 , F2 , · · · , Fn , where Fi ⊆
Fi+1 , ∀i < n. This method makes a trade-off between stability and diversity. For one thing, by introducing new feature
sets, we introduce diversity into different models. For another, by incorporating the previous feature sets into the new
feature sets, we maintain the stability of our models. This
diversified feature ensemble method can yield better results,
especially when the appended features cannot give reasonably good prediction alone but will improve the prediction
together with the original features.
Let F = ∪i Fi , and M be the set of three individual models. We apply Cartesian product to obtrain F ⊗ M. Then we
train all models in F ⊗ M separately to generate |F ⊗ M|
predictions, denoted as ŷ.
In order to diversify the ensemble result,√we perform nonlinear extension to obtain new predictions ŷ, ŷ2 , exp(2ŷ).
We then train a ridge regression model on the extended predictions, and output the final predictions. We tune the hyperparameter of the ridge regression model to have relatively
strong regularization.

5

Experiments

Stage 1 Performance. Table 1 shows the best performances
on stage 1 test set for each type of individual models we
use and that of the diversified ensemble method. The table
also presents the performance of a simple ensemble method
that ensembles the three best individual models for comparison. It can be seen that logistic regression obtains the best
performance among the three individual models, which suggests that the derived features may not have strong interaction patterns that can be captured by factorization machines
and GBDT. For ensembling, the diversified ensemble method
achieves an improvement of +0.7% in terms of AUC compared to the best single model, and it performs significantly
better than the simple ensemble method, which demonstrates
the effectiveness of the diversified ensemble method.
Table 1: Performances for each type of individual models and
ensemble methods on stage 1 test set.
Model
AUC (%)
Logistic regression
69.782
Factorization machines
69.509
GBDT
69.196
Simple ensemble
70.329
Diversified ensemble
70.476

Factor Contribution Analysis. We provide an analysis on
the contribution of the two sets of features: embedding features and repeat features. Table 2 shows the performance
gains after adding each set of features. As shown in the table,
we can observe a clear performance increase when adding
each set of features. This indicates that both embedding features and repeat features contribute to performance improvement, and our method works well by combining different sets
of features.
Table 2: Performance gains for each set of features on stage
1 test set (with logistic regression).
No.
Method
AUC (% ) Gain
1
Basic features
69.369
2
1 + Embedding features
69.495
0.126
3
2 + Repeat features
69.782
0.287

Stage 2 Performance. Table 3 gives a brief introduction of
several important performance gains of our method on stage
2 test set. It can be seen that repeat features still play an
important role in the large data set, which brings an improvement of +0.243% compared to basic features and performs
consistently in both stages. We do not use embedding features in this stage since we cannot extract those features in
the given distributed environment. Moreover, data cleaning
achieves a significant improvement +0.309% in stage 2, because the data set of stage 2 contains duplicated/inconsistent
records that the data set of stage 1 does not have.
Table 3: Performance gains on stage 2 test set.
No.
Method
AUC (% ) Gain
1
Basic features
70.346
2
1 + Repeat features
70.589
0.243
3 2 + Data cleaning & more features
70.898
0.309
4
3 + Fine-tuning parameters
71.016
0.118

6

Conclusion

In this paper, we introduce our solution at IJCAI 2015 Repeat
Buyer Prediction Competition.
We develop sets of novel features to better solve the problem of repeat buyer prediction on E-commerce data. We
propose to jointly learn user and merchant embeddings in a
shared latent space, and use the cosine similarities as features.
We design a set of repeat features to further mine the users’
behavior patterns and leverage category and brand information.
We propose a diversified ensemble model based on three
individual models. We apply Cartesian product to obtain
combinations of different models and features, and train a
ridge regression model to generate the final predictions.
Our solution took the 2nd place in stage 1 and 3rd place in
stage 2. Experiments show that embedding features, repeat
features and diversified ensemble contribute significantly to
the result.
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