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ABSTRACT
Deep neural network based transfer learning has been widely used
to leverage information from the domain with rich data to help do-
main with insufficient data. When the source data distribution is dif-
ferent from the target data, transferring knowledge between these
domains may lead to negative transfer. To mitigate this problem, a
typical way is to select useful source domain data for transferring.
However, limited studies focus on selecting high-quality source
data to help neural network based transfer learning. To bridge this
gap, we propose a general Minimax Game based model for selective
Transfer Learning (MGTL). More specifically, we build a selector,
a discriminator and a TL module in the proposed method. The
discriminator aims to maximize the differences between selected
source data and target data, while the selector acts as an attacker
to selected source data that are close to the target to minimize the
differences. The TL module trains on the selected data and provides
rewards to guide the selector. Those three modules play a minimax
game to help select useful source data for transferring. Our method
is also shown to speed up the training process of the learning task
in the target domain than traditional TL methods. To the best of our
knowledge, this is the first to build a minimax game based model
for selective transfer learning. To examine the generality of our
method, we evaluate it on two different tasks: item recommenda-
tion and text retrieval. Extensive experiments over both public and
real-world datasets demonstrate that our model outperforms the
competing methods by a large margin. Meanwhile, the quantita-
tive evaluation shows our model can select data which are close to
target data. Our model is also deployed in a real-world system and
significant improvement over the baselines is observed.
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1 INTRODUCTION
Transfer Learning [24] has been widely adopted in various applica-
tions to leverage information from data-rich domains to help data-
insufficient domains. Due to the representation learning ability of
deep neural networks, neural architectures based transfer learning
methods have gained increasing popularity recently, and they have
shown to be effective for several applications [2, 20, 23, 31, 43, 46].
However, when the distribution of the source domain is largely
different with the target domain, transferring knowledge between
two domains should be carefully examined, otherwise negative
transfer [28] can lead to unexpected results.

One typical way to alleviate negative transfer is to select a part
of the source data for transferring, which aims to make source
domain distribution close to the target domain. Although various
data selection methods [17, 29] have been proposed, they may not
be ideal for deep neural network based transfer learning. The main
reason is that these data selection methods treat the transfer learn-
ing task as a sub-module that can continuously provide sufficient
updates for the instance selection, which requires repetitive train-
ing [27]. Thus, most of these existing data selection methods can
be time-consuming for deep neural network based transfer learn-
ing. Therefore, there is a great need to design an efficient instance
based transfer learning method which can not only leverage the
great representation learning ability of deep neural network but
also introduce low computation cost when selecting instances for
transferring. In the light of this need, in this paper we propose a gen-
eral Minimax Game based method for selective Transfer Learning
(MGTL). The proposed method consists of three components: a
data selector, a discriminator, and a transfer learning module. The
data selector selects high-quality source data to train the transfer
learning module, and in turn, transfer learning module and the
discriminator together play a game to guide the data selector. These
three components are jointly trained in a batch fashion to improve
the efficiency.

To be more specific, the discriminator in the proposed MGTL
method aims to separate the selected source data from the target
data, i.e., maximizing the difference between the selected source
data and the target data. On the other hand, the data selector acts
as an attacker to the discriminator by selecting instances close to
the target data distribution to minimize the differences between
the selected source data and target data. Meanwhile, the transfer
learning module examines the benefits of incorporating the selected
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source data and provide “reward” to the data selector. In this way,
the interactions among the data selector, the discriminator and the
transfer learning module play a minimax game to choose a set of
source data that are close to the target domain for performance
improvement.

To demonstrate the generality of the proposed MGTL method,
we evaluate it on two different tasks: item recommendation and
text retrieval 1. Experiments on both public datasets and large-
scale real-world datasets show that the proposed MGTL method
outperforms the competing methods by a large margin, while the
efficiency of MGTL is guaranteed. Qualitative evaluations show
that the instances selected by MGTL are reasonable and insightful.
Furthermore, we apply the proposed method to a real-world system,
and the promising results confirm its usefulness.

In summary, the main contributions of this paper are:
• We propose MGTL, a Minimax Game based selective Trans-

fer Learning method, to select high-quality source data to
improve the transferring ability between different domains.
To the best of our knowledge, this is the first study to con-
sider minimax game for selective transfer learning.
• In contrast to selecting data instance by instance, the actions

in the proposed MGTL method are sampled in batches to
improve the training efficiency.
• Extensive experiments on two different tasks with both pub-

lic datasets and large-scale real-world datasets show the
effectiveness and efficiency of the proposed MGTL method.

2 MODEL
In this section, we present our Minimax Game based Transfer Learn-
ing method (MGTL) in details.

2.1 Task definition
Our model is designed to address the following supervised TL
problem. We assume to have a set of labeled data instances from
a source domain {xsi }

ns
i=1, a set of labeled instances from a target

domain {xti }
nt
i=1

2. We seek to build a model to transfer knowledge
from the source domain to help a target domain. Due to the domain
shift, naively transferring from the source domain to the target
domain may not be ideal. We urge that data selection is necessary to
prevent such negative transfer problem. The data selection process
is expected to find a subset of data instances from the whole source
data to train a new TL moduleM to perform better in the target
domain. Note that our model is general for supervised TL tasks.
The underlying TL module can be any DNN based TL methods.

2.2 Overview
We present an overview of our method in Fig. 1, our proposed
framework consists of three components: the selector S would try
to select data that is similar to the target domain distribution from
the source domain and therefore could fool the discriminator D,
the discriminator would try to draw a clear distinction between
the target domain data and the selected ones made by its opponent
selector. The discriminator examines each selected data instances
1The core task of text retrieval is text matching, hence we use these two words “text
retrieval” and “text matching” interchangeably in this paper.
2typically the source domain data size is larger than the target domain, i.e. ns >> nt .

and gives an immediate reward for each data instance to guide
the selector. Meanwhile, the selected data is used to update the TL
moduleM. The performance ofM on a held-out validation setV
can give another delayed reward to guide the selector.

Let θ ,ϕ,φ be the parameters correspond to the selector S, the
discriminator D, and the TL moduleM respectively. Formally, we
define the objective as follows:

J =J1(minimax game objective) + J2(TL module objective), (1)
J1 =min

θ

{
max
ϕ
[Edi∼ptдt (d ) logD(di ) + Edi∼pθ (d ) log(1 − D(di ))]

+
1
|V|

|V |∑
i=1
[L′(yi ,Mpθ (di ))] − L′(yi ,M(di )]

︸                                           ︷︷                                           ︸
Reward

}
, (2)

J2 =min
φ

{
Edi∼ptдt (d )∪pθ (d )L(yi ,M(di ))

}
, (3)

where pθ (d) refers to the selected source instances by the selector,
and ptдt (d) refers to the target data instances. D(d) measures the
probability of a given instanced being relevant to the target domain,
which is discussed in the next section. The reward term is based on
the TL moduleM performance on the held-out validation setV ,
where we use the loss difference L′ between the previous module
M and the current updated moduleMpθ as reward. Note that here
we refer to TL moduleMpθ as the updated module based on the
selected source instances based on pθ . The last term J2 correspond
to the TL module loss, where it seeks to minimize the prediction
loss L(yi ,M(di )), on both the selected source instances and target
data instances.

Empirically, we find it is beneficial to consider shared feature
embeddings between the discriminator and TL module as illustrated
in Fig. 1. On the one hand, this helps to reduce module size as the
majority of parameters are in the feature embedding layer. On the
other hand, we hope the projection of data in the embedding space
is both discriminative from the discriminator point of view and
helpful for the TL task. Below we describe the modules in details.

2.3 Discriminator
The objective for the discriminator D is to maximize the log-
likelihood of correctly distinguishing the target and selected source
instances. It can be modeled as a binary domain classification prob-
lem, where label 0 refers to the data instance is from the source
domain, and label 1 from the target domain. We define the discrim-
inator as a sigmoid function of the discriminative score as:

D(d) = σ (fϕ (d)) =
exp(fϕ (d))

1 + exp(fϕ (d))
. (4)

With the target instances, and the source instances sampled from
the current selector pθ (d), we can optimize the discriminator as:

ϕ∗ = arg max
ϕ
[Edi∼ptдt (d ) logD(di ) +

Edi∼pθ (d ) log(1 − D(di ))], (5)

where if the function fϕ is differentiable with respect to ϕ, the
above can be solved by stochastic gradient descent.
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Figure 1: A Minimax Game based selective Transfer Learning method (MGTL). The discriminator provide immediate rewards
to guide the selector and the TL module evaluates on a validation data (a.k.a. evaluation environment) and provides additional
delayed reward to help the selector.

2.4 Data selector
The selector pθ (d) intends to optimize two objectives: (i) to fit the
target domain distributionptдt (d) by selected different set of source
instances, (ii) to improve the TL module on the target task. The
former is to find source instances close to target domain to fool
the discriminator, and the latter is to find source instances that can
be used to update the TL module to improve the performance on
a validation dataset. Specifically, while keeping the discriminator
fϕ (d) fixed after its maximization in Eq. 5, we use the following
formula to update θ for the selector.

θ∗ = arg min
θ

{[Edi∼ptдt (d ) logD(di ) + Edi∼pθ (d ) log(1 − D(di ))]

+
1
|V|

|V |∑
i=1
[L′(yi ,Mpθ (di )) − L′(yi ,M(di )]

}
= arg max

θ

{
Edi∼pθ (d ) − log(1 − D(di )))︸                               ︷︷                               ︸

Immediate Reward

+

1
|V|

|V |∑
i=1
[L′(yi ,M(di )) − L′(yi ,Mpθ (di )]

︸                                                 ︷︷                                                 ︸
Delayed Reward

}
. (6)

Note that, the sampling of source instances is discrete which
cannot be directly optimized by stochastic gradient descent based
approach. We thus optimize the selector using reinforcement learn-
ing [41, 45], where we use the discriminator scores and TL module
performance differences as “rewards” to update the selector. The
former can be treated as a type of immediate reward and the latter
provides a delayed reward to the selector, detailed as follows.

2.4.1 Immediate reward. As illustrated in Fig. 2, the selected data
are fed into the discriminator to examine their discriminativeness

discriminative
model

selection model

Action:   

follows:

O✓J
S(di) =

MX

i=1

O✓p✓(di)log(1 + exp(f�(di)))

=
MX

i=1

p✓(di)O✓logp✓(di)log(1 + exp(f�(di)))

= Edsp✓(d)[O✓logp✓(di)log(1 + exp(f�(di)))]

' 1

K

KX

k=1

O✓logp✓(di)log(1 + exp(f�(di)))

(4)

where dk is the k-th document sampled from the current ver-
sion of selector p✓(d). And the term log(1 + exp(f�(d)))
acts as the immediate reward for policy p✓(d) taking an ac-
tion d in the environment determined by source domain.

Delay reward p✓(d) > ⌧

ctr predict model The objective for the ctr predict model
is maximise the log-likelihood of correctly distinguishing
the click and noclick documents. And the label is 0, 1 which
0 means the noclick document, and the 1 means click doc-
ument. The training documents are contains target domain
documents, and the source documents sampled from the cur-
rent optimal selective model p⇤✓(d), we can obtain the opti-
mal parameters from the discriminative model:

'⇤ = argmax'

NX

i=1

(Edisptgt(d)[p✓(d)[y
i log H(di) +

(1 � yi) log(1 � H(di))] (5)

where if the function f' is differentiable with respect to ',
the above is solved typically by stochastic gradient descent.

We present an overview of our model in Fig 3. In a nut-
shell, our model first obtains shared and domain-specific
representations for each feature by looking up its feature
embeddings. These are fed into attention layers to obtain
domain-specific feature representations. These representa-
tions are fed into a domain-specific neural networks (NN)
layer and a shared NN layer to obtain high-level represen-
tations. The output layers are applied on the hidden repre-
sentations to generate output labels. To encourage learning
domain-invariant features, we study adversarial training (Liu
et al. 2017) in our method. Below we present our model in
details.

Cross-Domain Neural Attention Network with
Adversarial Training (CNAN-AT)
The base model mainly contains two major components: at-
tention layer and neural network (NN) layers. The former
obtains a gated representations of input features and the lat-
ter obtain abstract features from the representations.

Embedding layer. For an input Xi = [f1
i , f2

i , · · · , fn
i ],

our model first lookup feature embedding ej 2 RK⇥1

for each feature f j
i (j 2 [1, n]). Each feature embedding

ej is a combination of two types of embeddings: one is

shared feature embedding ej
c, the other is domain-specific

(source- or target- specific) embeddings (ej
0 or ej

1). The di-
mension of domain-specific embedding is far less than that
of shared embedding to reduce model complexity. Note that
such domain-specific embeddings can help to enhance each
feature representation by modeling its domain-specific prop-
erties, which is shown to be helpful in our experiments. If the
input is from source domain, we have ej = ej

c � ej
0, other-

wise ej = ej
c � ej

1, where � is a concatenation operator.

Attention layer. For each feature f j
i (j 2 [1, n]), its fea-

ture embedding ej
i 2 RK⇥1 is fed into an attention layer

and neural network layers to obtain a gated representation
gj 2 RK⇥1. Below we describe the underlying attention
layer.

We present our attention layer in Fig. 3, and describe the
process as follows:

h0 = �(W 0ej
i + b0),

h1 = �(W 1h0 + b1),

aj = �(W 2h1 + b2),

gj
i = aj

i ⇥ ej
i , (6)

where aj
i is a scalar that weights the importance of embed-

dings ej
i .

          e j
          

g j
          a j

          h0          h1

Figure 3: An attention unit for feature embeddings ej .

We then concatenate all the weighted embeddings to form
the output xg

i = g1
i � g2

i � · · · � gn
i .

NN layers. The NN layers are used to extract abstract fea-
tures from the above gated representations. We adopt Deep
& Cross network (Wang et al. 2017b) to efficiently learn fea-
ture interactions. Specifically, we process the above output
xg

i as follows:

xg1
i = xg

i (x
g
i )

>W g
1 + xg

i + bg
1,

xg2
i = xg

i (x
g1
i )>W g

2 + xg1
i + bg

2,

hg2
i = FCN(xg

i )

og
i = hg2

i � xg2
i , (7)

where xg2
i and hg2

i are two-layer cross network output and
two-layer Fully-Connected Network (FCN) output respec-
tively, W g

· and bg
· are weights and biases.

Joint Training
Our joint model considers a joint training setting with two
domains involved. We leave the exploration of more do-
mains to our future work. Similar to (Liu, Qiu, and Huang
2017b), we use a shared network and two domain-specific

selected data

VRXUFH�GDWD

feed

immediate reward

WOODSTOCK’97, July 1997, El Paso, Texas USA Anonymous Author(s)

parameters from the discriminative model:

�⇤ = ar�max�

N’
i=1

(Edispt�t (d )[p� (d )[�i logH (di ) +

(1 � �i ) log(1 � H (di ))] (8)
where if the function f� is di�erentiable with respect to �, the
above is solved typically by stochastic gradient descent.

3.6 multi-task learning

Algorithm 1: Joint learning of the transfer learning model and
the reinforced data selector

Input : selector p� (d), discrimitor p� (d), ctr predictor p� (d),
source domain training data Ds , target domain
training data Dt and validation data D in target
domain.

Initialise p� (d),p� (d),p� (d) with random weight � , �, �
Pre-train p� (d) using Ds and Dt , p� (d) using Dt

Initialise l�1 =
ÕD

i=1 L(�i ,H (di ))
repeat:

batch sample Xs
b from Ds , Xt

b from Dt

for descriminate network do
p� (d) > � select samples Xs

b
0 from Xs

b
Update p� (d) using Eq.(2) with {Xs

b
0
,Xt

b }

end
for ctr-network do

Update p� (d) using Eq.(8) with {Xs
b
0
,Xt

b }
Obtain l =

ÕD
i=1 L(�i ,H (di ))

end
for selective network do

Obtain delay reward R = l � l�1

Obtain immediate reward ri = lo�(1 + exp(f� (di ))) with
Xs

b
Update p� (d) using Eq.(7)

end

3.7 Model Training
The instance transfer learning model and ctr predict model are
learned jointly as they interact with each other closely during
training. The overall training procedure is in Algorithm 1. The ctr
model leverages training data in both source and target domains for
better model performance. Firstly, �xed the selective model. The
current selective model select the data which probability p� (di )
is large than threshold � . And the discriminate model using the
select data to update parameters. And also, the ctr model update its
parameters using the selected data merge with target domain train
data. Simultaneously, it give the delay reward about the selected
data. Secondly, �xed the discriminate model and ctr model, a new
batch source domain data are �t into discriminate model. And the
immediate reward is given by the discriminate model. Then the
delay reward and the discriminate are used to update selective

model parameters using gradient descent. The ctr model is pre-
trained using target domain data.

r
0

(r1, r2, r3, ...)

4 EXPERIMENTS
We have conducted out experiments corresponding to the two real-
world applications of our proposed SAMTL as discussed. i.e., item
recommendation and paraphrase inditi�cation[39] in text matching.

4.1 Item Recommendation
We conduct extensive experiments to examine the following ques-
tions:

• Does our proposed method help more comparing with other
transfer learning methods?(Q1)

• Does the selective model to really select similarity data with
target mission?(Q2)

• The impact of using similarity data which selected by our
selective model and all source data to train the model on the
target mission.(Q3)

We will answer these questions after presenting our datasets and
some fundamental experimental settings.
Datasets: We collected two-week user click-through data from two
E-commerce websites 1. Data statistics are summarized in Table 1.
These two platforms share similar users and items features, but the
distribution is not exactly the same. Users of Platform A pay more
attention to the quality of products, while Platform B pays more
attention to the price/performance ratio of users. These may thus
making it suitable for testing transfer learning. The data size ranges
from 350M to 112000M. Clearly for platform A, it has su�cient data
to train a model, while for platform B, it may not have enough data
to train a good model. And If all the data of the platform A is used
for transfer learning, it is obviously not cost-e�ective. Thus, it is
more appropriate to select data that is more helpful in improving
the performance of the target domain.

Table 1: Data from two E-commerce platforms.

Platform A B
# instances 112000M 350M
# �elds 254
# features 10,000M

Features: We have continuous and categorical features, where for
all the continuous features, we perform feature discretization to
map them to categorical features. Here we mainly consider these
types of features:
statistic - the set of statistic features w.r.t. items, e.g.: item historical
sales, exposure information, etc.;
pro�le - item and user pro�les, e.g.: item price, item title, user age,
user education information etc.;
personal behavior - the set of features related to user behaviors such
as click, purchase etc.
Labels: We treat user click or purchase behaviors as positive labels
(y=1), and others as negative labels (y=0).
1Platform names are omitted for anonymization.

selector                     

Discriminator
                     

Figure 2: An illustration of immediate reward.

scores which are served as rewards to guide the selection process.
From Eq. 6, we can update θ according to the immediate rewards
by keeping the discriminator fϕ (d) fixed after its maximization in
Eq. 5. Let di be the i-th data instance sampled based on the current
selector pθ (d), N and K be the data size and selected data size
(usually K << N ), we update the parameters θ as follows:

θ∗ = arg max
θ

Edi∼pθ (d ) − log(1 − D(di )),

= arg max
θ

1
N

N∑
i=1

pθ (di ) log(1 + exp(fϕ (di ))),

=θ +
1
N

N∑
i=1

▽θpθ (di ) log(1 + exp(fϕ (di ))),

=θ + Ed∼pθ (d )[▽θ logpθ (di ) log(1 + exp(fϕ (di )))],

≃θ + 1
K

K∑
i=1
[▽θ logpθ (di )︸     ︷︷     ︸

Action

log(1 + exp(fϕ (di )))︸                    ︷︷                    ︸
Reward

]. (7)
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selection model

Action:   

follows:

O✓J
S(di) =

MX

i=1

O✓p✓(di)log(1 + exp(f�(di)))

=
MX

i=1

p✓(di)O✓logp✓(di)log(1 + exp(f�(di)))

= Edsp✓(d)[O✓logp✓(di)log(1 + exp(f�(di)))]

' 1

K

KX

k=1

O✓logp✓(di)log(1 + exp(f�(di)))

(4)

where dk is the k-th document sampled from the current ver-
sion of selector p✓(d). And the term log(1 + exp(f�(d)))
acts as the immediate reward for policy p✓(d) taking an ac-
tion d in the environment determined by source domain.

Delay reward p✓(d) > ⌧

ctr predict model The objective for the ctr predict model
is maximise the log-likelihood of correctly distinguishing
the click and noclick documents. And the label is 0, 1 which
0 means the noclick document, and the 1 means click doc-
ument. The training documents are contains target domain
documents, and the source documents sampled from the cur-
rent optimal selective model p⇤✓(d), we can obtain the opti-
mal parameters from the discriminative model:

'⇤ = argmax'

NX

i=1

(Edisptgt(d)[p✓(d)[y
i log H(di) +

(1 � yi) log(1 � H(di))] (5)

where if the function f' is differentiable with respect to ',
the above is solved typically by stochastic gradient descent.

We present an overview of our model in Fig 3. In a nut-
shell, our model first obtains shared and domain-specific
representations for each feature by looking up its feature
embeddings. These are fed into attention layers to obtain
domain-specific feature representations. These representa-
tions are fed into a domain-specific neural networks (NN)
layer and a shared NN layer to obtain high-level represen-
tations. The output layers are applied on the hidden repre-
sentations to generate output labels. To encourage learning
domain-invariant features, we study adversarial training (Liu
et al. 2017) in our method. Below we present our model in
details.

Cross-Domain Neural Attention Network with
Adversarial Training (CNAN-AT)
The base model mainly contains two major components: at-
tention layer and neural network (NN) layers. The former
obtains a gated representations of input features and the lat-
ter obtain abstract features from the representations.

Embedding layer. For an input Xi = [f1
i , f2

i , · · · , fn
i ],

our model first lookup feature embedding ej 2 RK⇥1

for each feature f j
i (j 2 [1, n]). Each feature embedding

ej is a combination of two types of embeddings: one is

shared feature embedding ej
c, the other is domain-specific

(source- or target- specific) embeddings (ej
0 or ej

1). The di-
mension of domain-specific embedding is far less than that
of shared embedding to reduce model complexity. Note that
such domain-specific embeddings can help to enhance each
feature representation by modeling its domain-specific prop-
erties, which is shown to be helpful in our experiments. If the
input is from source domain, we have ej = ej

c � ej
0, other-

wise ej = ej
c � ej

1, where � is a concatenation operator.

Attention layer. For each feature f j
i (j 2 [1, n]), its fea-

ture embedding ej
i 2 RK⇥1 is fed into an attention layer

and neural network layers to obtain a gated representation
gj 2 RK⇥1. Below we describe the underlying attention
layer.

We present our attention layer in Fig. 3, and describe the
process as follows:

h0 = �(W 0ej
i + b0),

h1 = �(W 1h0 + b1),

aj = �(W 2h1 + b2),

gj
i = aj

i ⇥ ej
i , (6)

where aj
i is a scalar that weights the importance of embed-

dings ej
i .

          e j
          

g j
          a j

          h0          h1

Figure 3: An attention unit for feature embeddings ej .

We then concatenate all the weighted embeddings to form
the output xg

i = g1
i � g2

i � · · · � gn
i .

NN layers. The NN layers are used to extract abstract fea-
tures from the above gated representations. We adopt Deep
& Cross network (Wang et al. 2017b) to efficiently learn fea-
ture interactions. Specifically, we process the above output
xg

i as follows:

xg1
i = xg

i (x
g
i )

>W g
1 + xg

i + bg
1,

xg2
i = xg

i (x
g1
i )>W g

2 + xg1
i + bg

2,

hg2
i = FCN(xg

i )

og
i = hg2

i � xg2
i , (7)

where xg2
i and hg2

i are two-layer cross network output and
two-layer Fully-Connected Network (FCN) output respec-
tively, W g

· and bg
· are weights and biases.

Joint Training
Our joint model considers a joint training setting with two
domains involved. We leave the exploration of more do-
mains to our future work. Similar to (Liu, Qiu, and Huang
2017b), we use a shared network and two domain-specific
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VRXUFH�GDWD

TL model

update

validation data

delay reward 
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parameters from the discriminative model:

�⇤ = ar�max�

N’
i=1

(Edispt�t (d )[p� (d )[�i logH (di ) +

(1 � �i ) log(1 � H (di ))] (8)
where if the function f� is di�erentiable with respect to �, the
above is solved typically by stochastic gradient descent.

3.6 multi-task learning

Algorithm 1: Joint learning of the transfer learning model and
the reinforced data selector

Input : selector p� (d), discrimitor p� (d), ctr predictor p� (d),
source domain training data Ds , target domain
training data Dt and validation data D in target
domain.

Initialise p� (d),p� (d),p� (d) with random weight � , �, �
Pre-train p� (d) using Ds and Dt , p� (d) using Dt

Initialise l�1 =
ÕD

i=1 L(�i ,H (di ))
repeat:

batch sample Xs
b from Ds , Xt

b from Dt

for descriminate network do
p� (d) > � select samples Xs

b
0 from Xs

b
Update p� (d) using Eq.(2) with {Xs

b
0
,Xt

b }

end
for ctr-network do

Update p� (d) using Eq.(8) with {Xs
b
0
,Xt

b }
Obtain l =

ÕD
i=1 L(�i ,H (di ))

end
for selective network do

Obtain delay reward R = l � l�1

Obtain immediate reward ri = lo�(1 + exp(f� (di ))) with
Xs

b
Update p� (d) using Eq.(7)

end

3.7 Model Training
The instance transfer learning model and ctr predict model are
learned jointly as they interact with each other closely during
training. The overall training procedure is in Algorithm 1. The ctr
model leverages training data in both source and target domains for
better model performance. Firstly, �xed the selective model. The
current selective model select the data which probability p� (di )
is large than threshold � . And the discriminate model using the
select data to update parameters. And also, the ctr model update its
parameters using the selected data merge with target domain train
data. Simultaneously, it give the delay reward about the selected
data. Secondly, �xed the discriminate model and ctr model, a new
batch source domain data are �t into discriminate model. And the
immediate reward is given by the discriminate model. Then the
delay reward and the discriminate are used to update selective

model parameters using gradient descent. The ctr model is pre-
trained using target domain data.

r
0

{r1, r2, r3}

4 EXPERIMENTS
We have conducted out experiments corresponding to the two real-
world applications of our proposed SAMTL as discussed. i.e., item
recommendation and paraphrase inditi�cation[39] in text matching.

4.1 Item Recommendation
We conduct extensive experiments to examine the following ques-
tions:

• Does our proposed method help more comparing with other
transfer learning methods?(Q1)

• Does the selective model to really select similarity data with
target mission?(Q2)

• The impact of using similarity data which selected by our
selective model and all source data to train the model on the
target mission.(Q3)

We will answer these questions after presenting our datasets and
some fundamental experimental settings.
Datasets: We collected two-week user click-through data from two
E-commerce websites 1. Data statistics are summarized in Table 1.
These two platforms share similar users and items features, but the
distribution is not exactly the same. Users of Platform A pay more
attention to the quality of products, while Platform B pays more
attention to the price/performance ratio of users. These may thus
making it suitable for testing transfer learning. The data size ranges
from 350M to 112000M. Clearly for platform A, it has su�cient data
to train a model, while for platform B, it may not have enough data
to train a good model. And If all the data of the platform A is used
for transfer learning, it is obviously not cost-e�ective. Thus, it is
more appropriate to select data that is more helpful in improving
the performance of the target domain.

Table 1: Data from two E-commerce platforms.

Platform A B
# instances 112000M 350M
# �elds 254
# features 10,000M

Features: We have continuous and categorical features, where for
all the continuous features, we perform feature discretization to
map them to categorical features. Here we mainly consider these
types of features:
statistic - the set of statistic features w.r.t. items, e.g.: item historical
sales, exposure information, etc.;
pro�le - item and user pro�les, e.g.: item price, item title, user age,
user education information etc.;
personal behavior - the set of features related to user behaviors such
as click, purchase etc.
Labels: We treat user click or purchase behaviors as positive labels
(y=1), and others as negative labels (y=0).
1Platform names are omitted for anonymization.

selector                     

TL module                     

Figure 3: An illustration of delayed reward from TL module.

This is a typical policy gradient method setting [33, 41]. The
term log(1 + exp(fϕ (di ))) serves as the immediate reward ri for
policy pθ (d) taking an action di in the source environment. Note
that, in theory, we need to sample data instances from all the source
data which is very time-consuming. To speed up the training, we
update the module in batches, where we selected a subset of source
instance from a batch B at a time. The subset is selected based on a
predefined threshold τ :

Selected subset =
{
di |pθ (di ) > τ

}B
i=1. (8)

2.4.2 Delayed reward. Furthermore, we consider additional reward
to update the selector. Recall that we seek to find high quality
source data to improve the TL module. The scenario is illustrated
in Fig 3, the selector takes actions pθ (d) > τ to select data from
source domain and form a new batch of source data χb . The τ is a
parameter need to be tuned. We use χb to update the TL module.
Then we get the new evaluation results 1

V
∑V
i L′(yi ,Mpθ (di ))

using validate dataV . As in Eq. 6, the delayed reward rb is defined
as:

rb =
1
|V|

V∑
i=1
[L′(yi ,M(di )) − L′(yi ,Mpθ (di ))], (9)

where L′(yi ,M(di )) is the previous evaluation results which can
be stored beforehand, and L′(yi ,Mpθ (di )) is the evaluation results
after module updates.

In contrast to conventional reinforcement learning, where one
action is sampled based on one state and obtaining one reward
from the environment, our actions are sampled in batch and ob-
taining one reward for each batch. The delayed reward is set to
evaluate whether the sampled batch is helpful to the TL module,
that is, whether the sampled data provide positive updates to the
TL module to improve its performance on the target task. Here
we use a validation set to mimic the target task. To evaluate the
TL module, we can use differentiable evaluation metrics such as
Logloss or Accuracy, or non-differentiable metrics like Area under
the ROC curve (AUC). In our experiment, we tested all these three
metrics: Logloss, ACC, and AUC, and find the performances are
close. For simplicity, we use Logloss as our final reward term, i.e.
rb = Logloss − Loglosspθ , where Loglosspθ refers to Logloss after
updated the module using data from pθ . Formally, for each batch

in an episode, the accumulated reward is defined as:

r ′b = rb + γ ∗ rb+1 + γ
2 ∗ rb+2 + · · · + γn−b ∗ rn . (10)

where rn is the last batch reward and γ is the discount factor.
Finally, we use REINFORCE algorithm [41] to update the selector,

combined both the above delayed reward and immediate reward in
Eq. 7, we have the following formula:

θ ← θ + α
1
K

K∑
i=1

▽θ logpθ (di )Ri (11)

Ri = λ log(1 + exp(fϕ (di )))︸                      ︷︷                      ︸
Immediate Reward

+ (1 − λ)r ′b︸    ︷︷    ︸
Delayed Reward

. (12)

The above update formula is quite intuitive: an increase in D(di ),
i.e. an instance that is closer to the target domain, will lead to an
increase of immediate reward as log(1 + exp(fϕ (di ))) = − log(1 −
D(di )). And the increased reward will promote pθ (di ) which makes
the selector tends to have higher probability to choose di . Mean-
while, an increase of delayed reward rb will increase pθ (di ) as well,
which means a higher gain of training TL module in the validation
set will enhance the current selection behaviors.

In RL terminology, the source data instances serve as states S ,
the selection process on the source data instances are actions A, the
immediate and delayed reward serve as rewards R. Given tuples of
(S,A,R), we can update the RL method.

It is worth mentioning that unlike Generative Adversarial Net-
works [13, 18] where the generator tries to generate features or
new samples to fool the discriminator, our selector, which is close
to the generator, tries to directly “generate” known samples from
the source domain. And different from the existing TL methods
that learn shared feature space for both source and target do-
main [12, 22, 23, 34], our method seeks to select distribution similar
data to improve the TL module in the target domain.

2.5 TL module
Let {di }N ′i=1 be the selected source data and the full target data. As
shown in Eq. 3, the objective for the TL module is to minimize the
cross-entropy loss (in the case of classification problems) of {di }N ′i=1
with regard to their labels {yi }N ′i=1.

Let J = 1
N ′

∑N ′
i=1 L(yi ,Mpθ (di )), we optimize the TL module

parameters φ as follows.

φ∗ = φ − β 1
N ′

N ′∑
i=1

▽φL(yi ,Mpθ (di )). (13)

where β is a weighting factor. If the TL moduleM is differentiable
w.r.t. φ, the above can be solved by stochastic gradient descent.

Note that the TL module is task specific. To examine the gener-
ality of our method, we evaluate it on two important tasks, namely
item recommendation and text retrieval. For the item recommenda-
tion task, the base TL module is a fully-shared module with a shared
hidden layer and two domain-specific output layers 3. For the text
retrieval task, the base TL module uses Decomposable Attention
module (DAM) [25] as the shared hidden layer, the output layers
are also domain specific. The details are in the experiment section.
3In case of multi-task learning, we can use multiple domain-specific output layers here
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Algorithm 1: Inference of our Minimax Game based Tranfer
Learning (MGTL).

Input :Selector pθ (d), discriminator pϕ (d), TL module pφ (d),
source dataVs , target dataVt and validation dataV .

Initialize θ , ϕ, φ with random weights
Pre-train pϕ (d) usingVs andVt
Pre-train pφ (d) usingVt
repeat:
for each batch {X s

b ,X t
b } in an episode do

Sample X s
b
′ from X s

b based on pθ (d) > τ

for discriminator do
Obtain immediate reward ri using Eq. (7)
Update pϕ (d) using Eq. (5) with {X s ′

b ,X
t
b }

end
for TL module do

Update pφ (d) using Eq. (13) with {Xs ′b ,Xtb }
Obtain delayed reward rb using Eq. (9)

end
Store (Sb ,Ab , rb , {ri }bi=1) in episode history H

end
for each tuple (Sb ,Ab , rb , {ri }bi=1) in the history H do

for selector do
Obtain the future total reward Ri using Eq. (12)
Update pθ (d) using Eq. (11)

end
end

2.6 Inference
The selector, discriminator, and TL module are learned jointly as
they interact with each other closely during training. The overall
training procedure is in Algorithm 1. Our model is trained in batches.
For each batch, the selector selects data from the source batch X s

b
based on pθ (·). The discriminator provides immediate rewards to
the selected source data X s ′

b , and then update its module to try to
separate the source batch X s ′

b from target batch X t
b . Meanwhile,

the TL module uses X t
b and X s ′

b to update its parameters and in
turn, provides delayed reward to guide the selector. We have test
different batch sizes for X s

b and X t
b , in general it is better if we

set a larger original source batch size than target batch size, i.e.
|X s
b | > |X t

b |. Empirically, we set source batch size as two times of
target batch size, i.e. |X s

b | = 2|X t
b |.

Note that our model is trained in batches where each batch
data updates the TL and discriminator modules. This means each
update has a potential effect on the future model performance. This
process is close to Markov Decision Process (MDP) where each
step has a potential effect on the future return. Thus it is beneficial
to organize the batches into different steps in an episode, where
model performance in future steps can provide future rewards to
the current step. An ideal case is to treat all the data as an episode.
However in practice, the source data is very large which makes the
episode too long. As a trade-off, we set a maximum episode length
in our experiments. We find to use 50 to 500 batches for an episode
is generally good for our datasets.

3 EXPERIMENTS
To examine the generality of our proposed model, we evaluate it on
two different real-world applications namely item recommendation
and text Matching. Specifically, we examine these questions:
Q1: Does our method perform well on item recommendation and
text Matching task?
Q2: Does our method help to improve the efficiency of the task?
Q3: Are our model performances sensitive to model hyper-parameters?
Q4: Are the selected data instances reasonable and interpretable?
Q5: Is the method helpful for an online production system?

3.1 Datasets
Item Recommendation: We collected item recommendation data
from two E-commerce websites (platform A and B) 4. We have
collected one-week user click-through data from these platforms,
where 52000M data are from platform A and 350M data from B.
Clearly for platform A, it has sufficient data to train a model, while
for platform B, it may not have enough data. And if all the data
of the platform A is used for transfer learning, it is obviously not
cost-effective. Thus, it is more appropriate to select data that is
more helpful in improving the performance of the target domain.
We present data statistics and sample features for our dataset in
Tab. 4 and 5 in Appx. A.
Text Matching: We use two open text matching datasets to eval-
uate our method: MultiNLI [40] as the source domain data and
SciTail [19] as the target domain data. Each sample in the dataset is
a sentence pair that contains a premise, a hypothesis, and a relation
label of ENTAILMENT or NEUTRAL. We adopt the same dataset
setting from this study [27].

3.2 Baseline models
We compare our full model, denoted as MGTL, with these baselines:
• Src-only. A model that uses only source data. This is to

examine whether source data is helpful for other domains;
• Tgt-only [25]. A model that uses its own data for training;
• TL Method. A typical transfer learning method [22, 23] that

uses a shared encoder for both source and target domains,
and domain-specific output layers for each domain. This
model is also known as fully-shared model, a variant of our
model without using data selection.
• Ruder and Plank [29]. A recently proposed instance selec-

tion method with Bayesian optimization.
• RTL [27]. A recent proposed RL based instance selection

method for transfer learning.

3.3 Model performance on item
recommendation and text matching (Q1)

The detailed model settings is presented in Appx. B. We evalu-
ate our model performance on the task of item recommendation
and text matching in terms of ACC and AUC. As shown in Tab. 1,
a few important observations are as follows. First, Src-only per-
forms worse than Tgt-only which means source data is close to
but different from target data, i.e. there is domain shift between

4Platform A is Taobao (https://taobao.com),
Platform B is Qintao (https://qintao.taobao.com/).
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source domain and target domain. In this case, simply using data
from source domain for target domain is not good. Second, the TL
method improves the Tgt-only model which means the TL method
can help to leverage information from source domain to help the
target domain. Furthermore, the instance selection method in [29]
can further improve the TL model, which means its necessary to se-
lected high-quality source data for the TL model. Last but not least,
our method achieves better performance than the method in [29].
The method in [29] treats TL module as a sub-module which needs
to be repeated trained to provide sufficient updates to the Bayesian
optimization based selection method. Our selector, discriminator
and TL module are trained jointly and thus the selector is updated
more efficiently and effectively. Our method has better performance
than the RTL method which further shows our immediate rewards
and delayed rewards are helpful for our task. In all, the comparison
with other competing methods shows the advantage of our pro-
posed instance selection policy. Meanwhile, we find our method
helps more for the text matching data. A potential reason is the
transfer learning based method generally helps more for domains
with less data.

Table 1: Evaluations of our method on the item recommen-
dation and text matching datasets. †means the statistically
significant difference over the strongest baseline with p <
0.05 measured by the student’s paired t-test. Note that the
metric AUC is an overall measurement which is not suitable
for t-test.

Methods Item Recommendation Text Matching
ACC AUC ACC AUC

Src-only 0.8905 0.6913 0.7112 0.7087
Tgt-only 0.9013 0.7031 0.7300 0.7663
TL Method 0.9097 0.7212 0.7453 0.8044
Ruder and Plank 0.9120 0.7328 0.7521 0.8062
RTL 0.9125 0.7331 0.7672 0.8163
MGTL 0.9153† 0.7452 0.7782† 0.8247

3.4 Training efficiency of MGTL (Q2)
To examine the training efficiency of MGTL, we train our MGTL
by selecting data with different thresholds τ as in Eq. 8 in item
recommendation datasets.
MGTL0.0 - To train our MGTL with τ = 0.0, i.e. use all the data.
This uses the TL framework in [22, 23].
MGTL0.2 - To train our MGTL with τ = 0.2, i.e. selecting source
data with threshold greater than 0.2.
MGTL0.5 - To train our MGTL method by setting τ = 0.5.

As shown in Tab. 2, we examine the number of selected data
instances from source and training time to achieve a good AUC.
Clearly, MGTL0.0 takes much more data and time to reach a high
AUC, this is because of the source data have a different distribution
with the target data, adding all but not high-quality source data is
not efficient and effective. With a larger threshold, i.e. choosing a
higher quality of source data, the training process speeds up. Our
model MGTL0.5 takes far less time comparing to MGTL0.0, with
only around 1/2 of time and round 50% of data instances, it reaches

a higher AUC. This shows our method is both effective and efficient
for this task.

Table 2: Training efficiency of MGTL.

Model Selected Data Time(hour) AUC
MGTL0.0(TL Method) 7300M 2.82h 0.7212
MGTL0.2 6500M 2.13h 0.7364
MGTL0.5 4000M 1.28h 0.7452

We also evaluate the training efficiency of our model in text
matching data. Similar to Table 2, our model MGTL0.5 takes far
less time comparing to MGTL0.0, with only around 1/3 of time and
round 35% of data instances, it reaches a higher AUC. This further
echoes our finding that our method is both effective and efficient
for this task.

3.5 Empirical analysis (Q3)
3.5.1 Model performance w.r.t. different steps and thresholds. We
first examine our model performance w.r.t. different steps in item
recommendation dataset in the left sub-figure of Fig. 4. We compare
our method (MGTL) with a random baseline that selects the same
amount of random source data instances (4000M) as in our model.
Clearly, our MGTL achieves far better performance than the random
baseline which shows the selected data instances are useful for
our task. Meanwhile, selecting high-quality source data helps to
converge faster as we find MGTL takes less time to achieve a good
AUC than the random baseline. And the resulting AUC is also 0.028
higher than the random method.

Figure 4: Model performance w.r.t. different thresholds τ .

Furthermore, in our experiments, we set the threshold τ as 0.5,
we tune the threshold to examine our model performance in the
right sub-figure of Fig. 4. We find that in general, setting a large
threshold helps more for the model, which means selecting data
closer to the target domain helps more for the task. However, larger
threshold τ = 0.6 does not necessary provides better performance
than τ = 0.5. The reason is that a larger threshold may result in a
smaller set of selected source data, which may not help more for the
target domain. We find setting τ = 0.5 provides a reasonably good
trade-off between quality and quantity of selected source instances.

The results on the text matching dataset are similar, where the
choice of threshold τ in the range of [0.3, 0.5] has relatively better
performance. In practice, the choice of threshold τ is related to the
distribution of the source and target domain data: if two domains
are different, a large threshold is better, otherwise a small threshold
is sufficient.
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Figure 5: Model performance w.r.t. differet thresholds λ.

3.5.2 Model performance w.r.t. different hyper-parameter λ. Recall
in Eq. 12, λ is to weight the importance of delayed reward and
immediate reward. As in Fig. 5, we find only delayed reward(λ = 0)
is worse than using immediate reward (λ = 1). A possible reason is
the instance level (or immediate) reward is better than batch level
(or delayed) reward to the selector. In all, it is beneficial to consider
both rewards as we find the best results are achieved by setting
λ = 0.6.

3.6 Qualitative evaluation (Q4)
We perform qualitative evaluations of the selected data by our
selection model.

3.6.1 Visualization of selected data. First, in the item recommenda-
tion dataset, we choose the distribution of two types of features to
illustrate: price level and brand level. We divide all the items into
6 different price ranges, from the highest price level price_level_6
to the lowest price level price_level_1. We then visualize the dis-
tribution of these price ranges in the original dataset, the selected
dataset, and the target dataset respectively in Fig. 6. We find that
the price distribution on the original data set is relatively uniform,
while on the target data set, it is biased toward a lower price. It
is because the source data is from a large e-commerce platform,
covering users with a wide range of consumption levels. The tar-
get dataset mainly covers users who are looking for economic or
cheap items. Thus the distributions are quite different. With the
help of our model, the selected data instances are with a similar
price distribution with the target domain. Similarly, take the brand
distribution in Fig. 6 for example, our selected data instances are
with a much similar brand distribution 5 with the target domain
than the original source domain.

Furthermore, in the text matching dataset, we would also like
to examine the feature (word) distribution of the selected, source,
and target data. To give a better idea of the data distributions, we
compute the Wasserstein distance between the term distributions
of these data. The results are presented in Table 3.

We observe that DSel−Tдt is smaller than DSrc−Tдt , which
means that the source domain data selected by our method is closer
to the target domain data and thus may contribute to the transfer
learning process. And DDrop−Tдt is larger than DSrc−Tдt , which
means that the source domain data dropped are not very similar
5 The items are divided into 6 different brand ranges, from the most high-end brand
level brand_level_6 to the lowest brand level brand_level_1.
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Figure 6: An illustration of price & brand distributions of
different datasets.

Table 3: The Wasserstein distances between the term distri-
butions of different domains.

DSrc−Tдt DSel−Tдt DDrop−Tдt
Wasserstein distances 3.256E-06 3.012E-06 3.340E-06

to the target domain data and thus may cause negative transfer.
This further echoes our findings that our method is able to select
data instances are with a much similar distribution with the target
domain to help the transferring task.

In a nutshell, the data selected by our MGTL model are very
insightful and the selection model behaviors are reasonable.

3.6.2 Visualization of the process of minimax game. The minimax
game based selection model is the key for MGTL. Thus, it is im-
portant to know whether the distribution of the data selected by
the selection model is similar to the target data at different training
steps. To verify whether the selection model is working as we ex-
pected, we employ the t-SNE method to visualize the feature of the
discriminate model output from two aspects.

Firstly, with the training goes on, we visualize the output features
of discriminate model to verify whether the data selected from
source domain are becoming more and more similar to the target
domain. As in Fig. 7, the threshold τ of MGTL model is set to 0.5,
and the blue and red points refer to the selected source data and
target data respectively. As the training progresses, the features
from different domains are getting closer and cannot be separated
by discriminate model.

Secondly, when the training stage is finished, the selection model
and discriminator model reach a dynamic equilibrium. We expect
the different choices of threshold τ correspond to different range of
discriminativeness of selected data. We change the threshold τ of
MGTL model to select data with different discriminativeness, and
visualize the output features of discriminate model in Fig 8. Again
the blue and red points refer to the selected source data and target
data. Take the similarity range [0,0.1] for example, the features
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Figure 7: Selected data instances at different training steps.

Figure 8: Discriminativeness of selected data at different
thresholds when training stage is finished.

from different domains are almost completed separated. Because
the data selected by this threshold is not similar to the target data.
And with the threshold increases, the selected data are more and
more inseparable from the target domain data.

In all, the interactions between the selector and discriminator
help our model to select high-quality source data instances that are
close to the target domain.

3.7 Online evaluations (Q5)
Last but not least, we apply our method on the platform Qintao
to leverage information from platform Taobao. We compare our
full model with a baseline model which is a degenerated version
of our model that does not consider source instance selection. We
have run 7-day A/B testing on the click-through-rate of the models.
Our method outperforms the online model, a degenerated version
of our model without considering data selection, yielding 3%+
improvement on average. This brings to an increase of 1.5%+ in

terms of total gross merchandise volume, which is considered to be
a big improvement for the platform.

4 RELATED WORK
Transfer Learning (TL). TL has been widely studied in the past
years [24]. A widely used TL method is supervised domain adap-
tation, which assumes to have enough labeled data from a source
domain and a little labeled data from a target domain [8]. This is
different from the partial transfer learning [3] where source label
space subsumes target label space. Supervised domain adaptation
methods have two categories: feature-based and instance-based.
The former seeks to find a shared feature space to reduce the di-
vergence between the distribution of the source and the target
domains [1, 35]. With the popularity of deep neural networks, there
is a growing number of studies working on using neural network
based methods. In these methods, the shared feature space is learned
by projecting both domains into a common latent space using neural
network [22, 23]. And the adversarial training can be also consid-
ered to improve the TL model performance [12, 20, 32, 34]. However
they may have the negative transfer problem when the source data
distribution is largely different from the target data.

The latter category select or re-weight the source domain train-
ing samples so that data from the source domain and the target
domain would share a similar data distribution [7, 39]. Although
various data selection methods [4, 26, 29] were proposed for TL
settings, they may not be ideal for deep TL modules [38]. As these
methods treat the TL module as a sub-module that needs to be
trained repetitively to provide sufficient updates to the data selec-
tor. The complex nature of neural architectures makes the training
process less cost-effective. In this paper, we propose a general min-
imax game based method for selective transfer learning. We build
three components: a data selector, a discriminator, and a TL module
in our model. The interactions between these components play a
minimax game to find useful source data to help the target domain.
Generative Adversarial Network (GAN). Our minimax game
setting is close to GAN[13]. In a typical GAN setting, a generator
learns a generative network G and discriminator D, in which G
generates samples from the generator distribution, and D learns
to determine whether a sample is a real data or generated data.
And the modules G and D are trained by a min-max game like
loss function. There are some recent studies on using GANs for
information retrieval, e.g. IRGAN [36] and Adversarial Personalized
Ranking (APR) [16]. However they both focus on a single domain or
dataset, and our work is the first proposed to utilize GAN framework
to explore the transferring ability between different domains for
ranking tasks in IR.

Furthermore, the generator in GAN usually uses reinforcement
learning (RL) method to update. Reinforcement learning algorithms
can be categorized into two types: value based methods [21, 30] and
policy based methods [41]. We experiment with policy based meth-
ods to update the data selector in our method. Recently, RL has been
applied to data selection in many tasks [9–11, 42]. However, there
is a lack of RL methods for DNN based selective transfer learning.
Furthermore, our method experiments two types of rewards in the
RL method, one is from the discriminator and the other from TL
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module, these two together help our module to find high-quality
source data for transfer learning.
Item Search and Text Retrieval. For item search, the core task is
to rank items according to user and item features. DNNs are widely
used for this task, typical methods include: Deep-only method [6],
Wide & Deep [5], DeepFM [14, 15], and Deep&Cross [37]. In our
method, we adapt Deep-only based module as our hidden repre-
sentation layer. For text retrieval, the core problem is to measure
the similarity between two pieces of texts. Typical models for such
tasks include ABCNN [44] and Decomposable Attention module
(DAM) [25]. We use the DAM as our base module, as it has an effec-
tive performance with remarkable efficiency. Note that our method
is general as any of the above methods can be used as our base
module. We leave the exploration of more methods as our future
work.

5 CONCLUSION
In this work, we proposed a minimax game based transfer learning
method for selective transfer learning. Our method has a selector,
a discriminator and a transfer learning module, and they play a
minimax game to find useful source data. We evaluate our method
on two real-world tasks namely item recommendation and text
matching to examine its generality. Extensive experiments over
both public datasets and real-world datasets show that our model
outperforms the competing methods by a large margin. We have
also deployed the proposed method in a large e-commerce platform
and observed significant improvement over the baseline models.
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A DATASETS
The data statistics are presented in Tab. 4. For item search, we
collected one-week user click-through data from two E-commerce
websites, namely Taobao(https://taobao.com) and Qintao(https://
qintao.taobao.com). These two platforms share similar users and
items features, but data distributions are different. Platform A is
with much larger data instances than platform B, thus serving as
the source domain.

For text matching, we use two open text matching datasets to
evaluate our method: MultiNLI [40] and SciTail [19]. MultiNLI is a
large crowd-sourced corpora for textual entailment recognition, it
has diverse text sources and thus is more suitable to serve as the
source domain in a TL setting. SciTail is a recently released textual
entailment dataset in the science domain. The SciTail dataset is
smaller than MultiNLI but with more diversity in terms of linguistic
variations. We adopt the same dataset setting from this study [27].
Note that each sample in MultiNLI is a sentence pair that contains
a premise, a hypothesis, and a relation label of ENTAILMENT,
NEUTRAL, or CONTRADICTION. However, the labels in SciTail
only consists of Entailment and Neutral. Therefore, we remove the
Contradiction samples from MultiNLI in order to use it as source
domain.

Table 4: One E-commerce dataset and one text matching
dataset.

Data Item Recommendation Text Matching
A (Taobao) B (Qintao) MultiNLI SciTail

# instances 52000M 350M 262K 24K
# fields 254 50
# features 10,00M 190K

The sample features for our dataset are in Tab. 5. We mainly
consider these five types of features: user profile, item profile, query
statistics, item statistics, and user behaviors. Each type of feature
contains multiple “fields”.

B MODEL SETTINGS
For the item recommendation dataset, we treat user click or pur-
chase behaviors as positive labels (y=1), and others as negative
labels (y=0). We have continuous and categorical features, where
for all the continuous features, we perform feature discretization
to map them to categorical features.

We set the shared feature embedding size among the discrimi-
native module and TL module as 128. The discriminative is a fully-
connected network with a structure of 512 × 256 × 64 × 1. The TL
module is a fully-shared module whose shared hidden layers are
with a structure of 512× 256× 128, and two domain specific output
layers are with a structure of 64 × 1. As for the selection module,
we use a feature embedding with size 128, the hidden layers are
with a structure of 512 × 256 × 64 × 1. The source batch size is set
as 2048, and the target batch size is 1024.

For the text matching dataset, we set the word embedding size of
300. The word embeddings are initialized with GloVe and finetuned
in our model. The TL module uses Decomposable Attention Model

Table 5: Sample features in our item recommendation
dataset. PV and IPV refer to page view and item page view
respectively.

Category Feature Dimension Type #

User profile
user id 5 × 108 one-hot 1
gender 2 one-hot 1
age level 6 one-hot 1
... ... ... ...

Item profile

item id ∼ 2 × 108 one-hot 1
price level 6 one-hot 1
brand level 6 one-hot 1
... ... ... ...

Query statistic

search PV 1 day ∼ 100 one-hot 1
search PV 7 days ∼ 100 one-hot 1
search PV 14 days ∼ 100 one-hot 1
... ... ... ...

Item statistic

IPV 1 day ∼ 100 one-hot 1
IPV 7 days ∼ 100 one-hot 1
IPV 14 days ∼ 100 one-hot 1
... ... ... ...
click items ∼ 2 × 108 multi-hot ∼ 50

User behavior cart items ∼ 2 × 108 multi-hot ∼ 50
sequence pay items ∼ 2 × 108 multi-hot ∼ 50

... ... ... ...

(DAM) as base module [25]. The hidden layer size for DAM is 200.
The two domain specific output layers are with a structure of 32× 1.
The selection module, its word embeddings are with a hidden size
of 300 and initialized using GloVe. The hidden layers are with a
structure of 64 × 32 × 1. The discriminator is a fully-connected
network with a structure of 512 × 256 × 1. The source batch size is
set as 256, and the target batch size is 128.

The target dataset is randomly splitted into three parts, where
80% of target dataset is using for training, 10% is for testing, and
the last 10% is for validation.

We use ReLU as the activation functions for the NN layers and
Adam as the optimizer. The learning rate is set as 0.001. The thresh-
old τ is set as 0.5. The λ is set to 0.6. The γ is set to 0.75. All the
methods in this paper are implemented with TensorFlow 6 and are
trained with NVIDIA Tesla K40M GPUs.

6www.tensorflow.org
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