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Abstract
Resource constraints, e.g., limited product inventory or financial strength, may affect consumers’ choices or preferences in 
some recommendation tasks but are usually ignored in previous recommendation methods. In this paper, we aim to mine the 
cue of user preferences or intention in the case of resource-constraint recommendation tasks. For this purpose, we specifi-
cally build a largely used car transaction dataset possessing resource-constraint characteristics. Accordingly, we propose 
a resource-constraint-aware network to predict the user’s future interaction based on dynamic connections between users 
and items. To describe the user-item connection dynamically, mutually recursive recurrent neural networks (MRRNNs) are 
introduced to capture long-term interactive dependencies, and effective representations of users and items are obtained. To 
further consider the resource constraint, a resource-constraint branch is built to explore resource variation’s influence on user 
preferences. Finally, mutual information is introduced to measure the similarity between the future user action and fused 
historical behavior features to predict future interaction. The fused features come from both MRRNNs and resource-constraint 
branches. We test the performance on the built used car transaction dataset and the Tmall dataset, and the experimental 
results verify the effectiveness of our framework.
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Abbreviations
RNN	� Recurrent neural networks (RNNs) are a class 

of neural networks that allow previous outputs 
to be used as inputs while having hidden states

MRRNN	� Mutually-recursive recurrent neural networks 
(MRRNNs) means that two RNN networks 
take each other’s output as input and update 
the network alternately

CNN	� A convolutional neural networks (CNNs) is a 
Deep Learning algorithm which can take in 
an input image, assign parameters (learnable 
weights and biases) to various aspects/objects 
in the image and be able to differentiate one 
from the other
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NDCG	� Normalized discounted cumulative gain 
(NDCG) is a ranking metric. In the context of 
sequential recommendation, it is formulated as 
NDCG = 1

log2(1+rankpos)
 , where rankpos is the rank 

of correctly predicted items
GRU​	� Introduced by [44], Gated Recurrent 

Unit(GRU) aims to solve the vanishing gradi-
ent problem which comes with a standard 
recurrent neural network (RNN)

NCE	� Noise contrastive estimation (NCE) [39] is 
a powerful parameter estimation method for 
log-linear models, which avoids calculation 
of the partition function or its derivatives at 
each training step, a computationally demand-
ing step in many cases. It is closely related to 
negative sampling methods

MSE	� In statistics, the mean squared error (MSE) or 
mean squared deviation (MSD) of an estimator 
(of a procedure for estimating an unobserved 
quantity) measures the average of the squares 
of the errors—that is, the average squared dif-
ference between the estimated values and the 
actual value

1  Introduction

Nowadays, recommender systems have become key tools 
for users to filter information and locate their preferences 
on e-commercial websites. Based on browsing and transac-
tion records of users during online shopping, recommender 
systems aim to capture users’ interests accurately and further 
recommend multiple products that users may be interested 
in. In this way, recommender systems effectively promote 
the online shopping experience by facilitating users to 
find interesting products and creating opportunities for the 
e-commercial website to increase revenue.

Numerous algorithms have been proposed for recom-
mender systems in previous literature [1–15] and achieved 
great success. However, there are still various challenges 
existing in real-world applications. One crucial problem 
is the significant impact of resource constraint on user 
interests, which is always ignored in previous works. In 
general, resource constraint exists in products and users, 
e.g., Inventory constraint and Limited financial strength. 
For instance, after purchasing valuables, in one period, 
users’ desire to buy other high-end products may decrease 
due to financial limitations. Also, consumers may turn to 
other sub-optimal products when the most interesting ones 
are out of inventory. Therefore, it is non-trivial to con-
sider the resource constraint in designing recommenda-
tion models, especially to appropriately pick out resource 

constraint-related information and further model them 
with effective algorithms. However, there are multiple 
issues to be tackled in this process, including two crucial 
ones: 

	 (i)	 Suitable datasets. Existing recommendation datasets 
usually focus on recording user action and product 
attributes but often ignore the collection of resource 
constraint-related information. This makes them 
hardly be employed to investigate resource-constraint 
aware recommendation tasks.

	 (ii)	 Effective inference of the intricate system. The com-
plicated information of resource constraints, the 
dynamics of user-item interaction, and the similar-
ity between each pair of user and product indicating 
the user preference should be well represented and 
further modeled in the designed framework.

Based on the analysis above, in this paper, we investi-
gate the resource-limited recommendation as a sequential 
recommendation task and propose a Resource-constraint 
Aware Neural Network (denoted as RecNet for short) 
to mine the cue of the user’s preferences for products. 
First, we construct a large recommendation dataset named 
‘UsedCars’ about used car transactions with resource-
limitation characteristics. As a particular recommenda-
tion task, used car recommendation based on the ‘Used-
Cars’ dataset well meets the resource-limited situation 
from two main aspects: (1) limited supply of products: 
obviously, the inventory of each product is not constant 
and restricted by those used car owners; (2) deep pocket 
requirement: the high price of used cars makes it unrealis-
tic for users, even for some companies, to frequently make 
orders just like buying daily products. Then, an interest-
behavior multiplicative network is constructed to model 
the system. Considering dynamic user-item connections, 
we introduce the mutually-recursive recurrent neural net-
works (MRRNNs) to capture the long-term interactive 
dependencies of users and items and extract their high-
level features. To model the resource constraint, we build 
another resource-limited branch to explore the influence 
of resource variation caused by user behavior. Specifically, 
an RNN branch is employed to learn the representation 
from the user and product status variation once a transac-
tion happens. Finally, both MRRNNs and resource-limited 
branch features are fused and further used to measure the 
similarity between user interest and the product. Specifi-
cally, mutual information is introduced for user-product 
similarity measurement in an unsupervised manner. To 
optimize the entire framework, supervised and unsuper-
vised losses are calculated based on which the parameters 
are tuned through back-propagation. In our experiments, 
the performance is tested on the built ‘UsedCars’ dataset 
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and the Tmall dataset, and the results verify the effective-
ness of our proposed framework.

To summarize, in this paper, our contributions are 
four-fold: 

	 (i)	 A new used car dataset: We construct a new large-
scale used car dataset based on the records of an 
online shopping platform. This is the first dataset 
for the used car recommendation task with resource-
limitation characteristics.

	 (ii)	 Resource-constraint modeling: We specifically 
investigate the resource-limitation problem, which 
is always ignored in previous works. Accordingly, 
we propose the novel RecNet to model the intricate 
recommender system by using a special resource-
limited branch to capture the influence of resource 
variation on user interests.

	 (iii)	 Similarity measurement: We introduce mutual infor-
mation to measure the similarities between users’ 
history and future targets. Considering the informa-
tive representation of items and users, mutual infor-
mation may be more suitable in the similarity meas-
urement as it considers the associated distribution of 
the representation.

	 (iv)	 Effectiveness: We test the proposed framework on 
our built ‘UsedCars’ and Tmall datasets. The exper-
imental results verify the effectiveness of our pro-
posed RecNet.

This paper is structured as follows: Sect. 2 survey the related 
works and Sect. 3 briefly describes the problem definition. 
Section 4 describes the proposed method in detail. Section 5 
describes and analyzes the results of the experiment. The 
conclusion is drawn in Sect. 6.

2 � Related Work

In the early stage of the recommender system development, 
recommendation algorithms mainly include the Markov 
chain [16, 17], and matrix factorization [3, 4, 7, 18]. Fac-
torization-based approaches decompose user-item interac-
tion matrix built from users’ feedback to obtain low-rank 
embedding of users/items, then make matrix completion or 
subsequent predictions via the inner product of user and item 
embedding vectors. However, these methods do not consider 
the time order of interactions. Therefore, they are not suit-
able for sequential recommendation scenarios.

Recently, deep neural network models, e.g., Recur-
rent Neural Networks(RNNs) and Convolutional Neu-
ral Networks(CNNs), have achieved significant success 

compared to conventional methods. RNNs methods, based 
on the original intention of their design, have become the 
most successful ones in sequence recommendation [19]. 
Several RNN variants [19–23] have been proposed to adapt 
to different application scenarios. On the other hand, consid-
ering the tremendous success of the CNN model in computer 
vision, there have been various CNN-based sequential rec-
ommendation models [14, 24, 25] proposed. As the atten-
tion mechanism achieved promising performance in NLP 
[26–28], many attention-based sequential models [29–31] 
have also been developed. In particular, the self-attention 
model [2] showed powerful ability in the sequential rec-
ommender system of daily consuming e-commerce. Most 
of them, seek to learn effective representation based on a 
suboptimal prior or capture similarities between interacted 
items in one period. However, few attempts have been made 
to model the resource constraints.

In information theory, mutual information is a kind of 
measurement for statistic dependence between two random 
variables X, Y with p(x), p(y) representing their associated 
probability distributions, respectively [32]. By leveraging 
domain knowledge, mutual information estimation has been 
successfully applied to a variety of problem areas, includ-
ing image processing [33–35], video classification [36], and 
natural language understanding [37]. The first application 
of mutual information in the recommendation task is [38], 
which deploys mutual information to measure similarities 
between items’ ratings of users in collaborative filtering.

3 � Problem Definition

The symbols in this paper are defined as follows. The sets 
of users and items are denoted by U  and I  , respectively. 
X = [x1, x2, ...xT ] is a time-ordered sequence of temporal 
user-item interactions and xt = (ut, it, t), t ∈ [1, T] . Here, xt 
denotes the user-item interaction between the user ut and 
item it at timestamp t. We define the sequential recommenda-
tion problem as: given the interaction history of the user u, 
we aim to predict the probability of the user-item interaction 
denoted as P(xT+1‖x1, x2, ...xT ) at time T + 1.

4 � The Proposed Model

In this section, we first overview the entire architecture of 
our proposed model and then introduce the involved key 
modules in detail, including MRRNNs, the resource con-
straint branch, the mutual information estimator, and the 
loss function. Table 1 lists symbols used in the following 
sections.
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4.1 � Method Overview

The whole structure of our proposed model is illustrated in 
Fig. 1. RNNlimited

U
 denotes the resource constraint embedding 

branch while RNNgeneral

U
 and RNNI construct the mutually 

recursive recurrent neural networks. Taking user interac-
tions as inputs, we exploit RNNgeneral

U
 and RNNI to learn the 

user and item dynamic embeddings (i.e., �gu(t) and �i(t) in 
Sect. 4.2). We leverage RNNlimited

U
 to capture the resource 

constraints information (i.e., �l
u
(t) in Sect. 4.3) once a trans-

action happens. Then, the updated features of both user and 
item and the resource constraints information are fused and 
used to measure the mutual information between user’s his-
torical behavior context and future candidate items (see Per-
sonal Mutual Information in Sect. 4.4). Finally, several loss 
functions(see Sect. 4.5), including one supervised MSE loss, 
one unsupervised NCE loss, and two regularization losses 
are used to optimize the whole network. In the inference 
stage (i.e., validation and test), we make item predictions 
using a Joint Discriminator consisting of two metrics (see 
Sect. 5.2.2).

4.2 � Mutually‑Recursive Recurrent Neural Networks

To learn the dynamic connection between users and 
items, our model leverages the time-ordered interaction 
St = (ut, it, �t) between user u and item i at time t to gener-
ate two mutually recursive RNN embedding �u(t) and �i(t):

where Δu denotes the time elapsed since user u’s last 
interaction(with any item) and Δi is the time elapsed since 
the last interaction (with any user) of item i. The matri-
ces �u

1
,�u

2
,�u

3
,�u

4
 are the parameters of RNNgeneral

U
 and 

�
i
1
,�i

2
,�i

3
,�i

4
 are the parameters of RNNI . �t−1 is the 

interaction feature vector, which involves the information 
of both image features and car attributes. �(⋅) is the sigmoid 
function to introduce non-linearity. These two embeddings 
learn the long-life user preference from the different kinds of 
interactions. The mutually recursive update of two embed-
dings is performed along the timeline.

(1)
�
g
u
(t) = �(�u

1
�
g
u
(t − 1) +�

u
2
�i(t − 1) +�

u
3
Δu +�

u
4
�t−1),

(2)
�i(t) = �(�i

1
�i(t − 1) +�

i
2
�
g
u
(t − 1) +�

i
3
Δi +�

i
4
�t−1),

Fig. 1   Illustration of our model achitecture. ‘NCE’ are the contrastive 
loss function built by the mutual information between history con-
text and future item targets. ‘MSE’ are Mean Squared Error between 
prediction and ground truth. RNNlimited

U
 , RNNgeneral

U
 and RNNI are 

resource constraint embedding, user and item embedding, respec-
tively. The joint discriminator consists of two metric distances (MSE 
and mutual information) and is used in the validation and testing 
stage to make a composite ranking in all candidate items

Table 1   Symbols used in this 
paper

Symbol Meaning

�
g
u(t) and �i(t) General dynamic embedding of user u and item i at time t

ū and ī Static embedding of user u and item i

J̃(t) Predicted item embedding

�
l
u
(t) Resource constraint user dynamic embedding

ct History context including user and item embedding
f
1

Density ratio function
J̄ A one-hot item embedding of target item to be clicked or purchased
vt∕vp Feature vector of a car
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4.3 � The Resource Constraint Branch

This section introduces a sub-module that explores how to 
model resource constraint information that affects users’ 
future interactions. There are two resource constraint fac-
tors, i.e., product inventory and user financial strength. 
The user’s financial strength would fluctuate with the user 
status variation, e.g., a user’s financial strength would 
degrade after a recent purchase of an expensive car. Due 
to sellers’ dynamic selling intention, the product inventory 
may be updated daily. For instance, if the seller withdraws 
the on-sale product, one specific item category would 
become limited or out of inventory (e.g., a seller may turn 
to other online selling platforms for a better price).

Accordingly, we introduce a resource constraint branch 
to obtain user’s resource constraint embedding, denoted as 
�
l
u
(t) , once a transaction happens. As the financial strength 

of users may not be directly accessible in the real applica-
tion, to calculate �l

u
(t) , we represent the financial strength 

by multiple related factors which implicitly or indirectly 
reflect the purchasing power of users. Concretely, financial 
strength is potentially revealed by the user purchase his-
tory (i.e., �gu(t − 1) ), the time interval since the last pur-
chase (i.e., Δip

 ), current purchasing product (i.e., ip ), and 
user id (i.e., up ). Similarly, we advocate that the product 
inventory is implicitly contained in the dynamic embed-
ding (i.e. �gu(t) and �i(t) ) and the decisive factors that how 
many cars are on sales (i.e., initial inventory Il ) one day.

The user’s resource constraint embedding �l
u
(t) is for-

mulated as a function of these related factors:

where �l
1
, ...,�l

8
 are parameters of �l

u
 . �p is the feature vec-

tor of the purchased car. Item id ip contains product price 
information.

Since some time has elapsed from the user’s last inter-
action at time t while making predicting future time t + 1 , 
we employ a projection operation to moderately avoid user 
embedding’s information expiration (e.g., predict one user’s 
preference at current with his latest interaction that happened 
yesterday). Two inputs are required for the projection opera-
tion: the user embedding at time t and the elapsed time Δ.

Specifically, in Eqs. (4,5), We first convert Δg (i.e., the 
time elapsed since last clicked) to a time-context vector 
wg using a linear layer (represented by vector �t ). The 
projected embedding �gu(t + Δ) is then obtained by lever-
aging a temporal attention vector 1 + wg scaling the past 
user embedding �gu(t):

(3)

�
l
u
(t) = �(�l

1
�
l
u
(t − 1) +�

l
2
�
g
u
(t) +�

l
3
�i(t)

+�
l
4
up +�

l
5
ip +�

l
6
Δip

+�
l
7
�p +�

l
8
Il),

where ‘ t + Δ ’ means the very current timestamp (i.e. now).
Similarly, we also make the same projection to resource 

constraint user embedding �l
u
(t):

To model the historical actions’ influence on future 
targets, we introduce a new combined user embed-
ding f (�gu(t + Δ),�l

u
(t + Δ)) which combine (i.e., add-

ing, concatenation, product, etc) the general user 
embedding and resource constraint user embedding. 
For simplicity but without loss of generality, we let 
f (�

g
u(t + Δ),�l

u
(t + Δ)) = �

g
u(t + Δ) + �

l
u
(t + Δ) . The pre-

dicting target is a one-hot item embedding j̄ to be clicked 
or purchased. The prediction is made by a fully connected 
linear layer as following:

where �j

1
, ...,�

j

4
 are the parameters.

4.4 � Personal Mutual Information

To improve representation learning, we propose to maximize 
the mutual information between the users’ historical behav-
ior context ct and the next-timestamp action xt+1 to learn the 
shared latent space representations between them:

Inspired by [37], we can model a density ratio f1(xt+1, ct) 
which is proportional to the mutual information between 
xt+1 and ct:

where we define density ratio f1 as a simple log-bilinear 
model:

The history context ct are composed of resource constraint 
user embedding at the last purchase time (mapping to current 

(4)wg = �tΔ
g,

(5)�
g
u
(t + Δ) = (1 + wg) ∗ �

g
u
(t),

(6)wl = �tΔ
l,

(7)�
l
u
(t + Δ) = (1 + wl) ∗ �

l
u
(t).

(8)

∼

j (t + Δ) = �
j

1
∗ f (�g

u
(t + Δ),�l

u
(t + Δ))

+�
j

2
ū +�

j

3
�i(t − 1) +�

j

4
ī(t − 1),

(9)I(xt+1;ct) =
∑

xt+1,ct

p(xt+1, ct) log
p(xt+1, ct)

p(xt+1) p(ct)
.

(10)f1(xt+1, ct) ∝
p(xt+1‖ct)
p(xt+1)

,

(11)f1(xt+1, ct) = exp (xT
t+1

�
f

1
ct).
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time t), last updated general user embedding (also mapping 
to current timet), and last interacted item embedding:

As we cannot evaluate two distributions p(xt+1) and 
p(xt+1‖ct) directly or computationally intense, when given 
one positive sample posxt+1[1] from ‘conditional interaction 
distribution’ p(xt+1‖ct) and other N-1 random negtive ones 
negxt+1[2 ∶ N] from ‘interaction distribution’ p(xt+1) , the 
Noise-Contrastive-Estimation [39] of density ratio f1 can 
be computed as follows:

4.5 � Loss Functions

We employ a joint loss consisting of an MSE(mean-squared 
error) Loss and an NCE(Noise-Contrastive-Estimation) Loss 
to train the network. The MSE loss is used to minimize 
the sum of L2 distance between the predicted item and the 
ground truth item:

where J̃  and J̄  are predicted and ground truth items, 
respectively.

Given one N samples set X = x1, ...xn which contains one 
positive sample from distribution p(xt+1‖ct ) and N-1 nega-
tive samples from distribution p(xt+1) , we define the NCE 
loss as:

Optimizing LNCE is equivalent to estimating the density ratio 
in Eq (10). By combining the above two losses, we get final 
loss functions:

where �n, �m, �U , �I are hyper parameters. The last two regu-
larization terms we add ensure the general interesting ”slow 

(12)ct = cat[f (�l
u
(t + Δ),�g

u
(t + Δ)), u, �i(t − 1), i(t − 1)].

(13)posxt+1 [1] = [�g
u
(t + 1), �i(t + 1), i(t + 1)],

(14)negxt+1[2 ∶ N] = [�g
u
(t + 1), �i(t), i(t)],

(15)pnxt+1 =

[
posxt+1
negxt+1

]
,

(16)f1(pnxt+1 , ct) = exp (pnxt+1 ∗ �
f

1
∗ ct).

(17)LMSE =
�

(u,j,t)∈S

‖�J(t + Δ) − J̄‖2,

(18)LNCE = −EX

[
log

f1(posxt+1 , ct)

Σpnxj
∈Xf1(pnxj , ct)

]
.

(19)
Loss = �mLMSE + �nLNCE + �UΣu‖�gu(t) − �

g
u
(t − 1)‖

2

+ �IΣi‖�i(t) − �i(t − 1)‖2,

drift” phenomenon [40] that the embedding of instance (user 
and item) drifts at a relatively slow rate when the model 
tends to converge. To verify the ”slow drift” phenomena, 
we remove two regular terms and find that the performance 
of our fusion model descends a lot.

The fusion strategy needs to be carefully designed dur-
ing training for the different datasets since each dataset has 
its specific business characteristics. We treat the fusion loss 
as a joint training multi-task object, and the RNN embed-
ding can be substituted by Gated Recurrent Unit(GRU) or 
enhanced by self-attention. We leave these improvements 
in future work.

5 � Experiments

This section conducts experiments on two commercial data-
sets respectively and compares our model RecNet with five 
well-known baselines of sequential recommendation.

5.1 � Dataset Desciption

The first dataset, ‘UsedCars’, is built from China’s biggest 
online used car auction website. This website is a used car 
auction website where each car will be sold to the buyer 
within one week. The quantity and categories of commodi-
ties on the goods shelves change daily. The average price 
of commodities is more than 10,000 dollars. Most users in 
the ‘UsedCars’ dataset are used car sales enterprises who 
come to the platform every day and click product pages to 
obtain market information and search for new products. This 
yields many click/transaction sequences. For each user, we 
adopt all of their interaction data without filtering. This 
dataset has three user actions: bid, win, and trade. We treat 
trade actions as ‘purchase’ interactions while the other two 
kinds of actions as ‘click’. We obtain the image feature by 
vgg16 [41] pre-trained model, while other features use id 
embedding.

The second data set is extracted from Tmall, the larg-
est B2C(business-to-consumer ) electronic commerce plat-
form in China. It is a dataset obtained from Tmall/Koubei 
IJCAI16 Contest1(Tmall for short). This data set comes from 
a discount coupon APP, from which users mainly order con-
sumption discounts. Therefore, there are two behaviors in 
the dataset: click and purchase.

Furthermore, to make our model a general framework for 
the e-commercial purchase-aware sequential recommenda-
tion, we only adopt two of the dataset’s dimensions, ‘user’ 
and ‘item’. The statistics of these two datasets are summa-
rized in Table 2.

1  https://​tianc​hi.​aliyun.​com/​datas​et/​dataD​etail?​dataId=​53

https://tianchi.aliyun.com/dataset/dataDetail?dataId=53
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5.2 � Experimental Settings

5.2.1 � Training Settings

The datasets are split by time order for all compared methods. 
The two datasets are split as 80%/10%/10% for train/validation/
test. Dimensions of the dynamic embedding of all models are 
set to 128. We use Adam optimizer for training, with a learning 
rate of 10−3 and batch size of 256. All models run 50 epochs and 
report test results corresponding to the best-performing valida-
tion set. Following [42], our models use t-batch [42] for training 
data mini-batch.

5.2.2 � Implementations of Our Method

The hyper parameter N in Eq. (14) is searched in 
{32, 64, 128, 256, 320} and finally set N to 128, resulting in 
the best performance. As can be concluded from section2.3 
in CPC [37], the mutual information between the context ct 
and target xt+k becomes tighter as N becomes larger. During 
tuning, we found that the best N is proportional to the size 
of the datasets. The other two hyper parameters �m and �n 
can be tuned according to the characteristics of the datasets.

Since the huge number of users and items will lead to a large 
number of parameters of bilinear parameter W1 in Eq. (11), two 
id compression layers for user and item static one-hot encod-
ings are added. These two compression embeddings’ input and 
output dimensions are [Nuser, 128] and [Nitem, 128] , respectively, 
where Nuser and Nitem are the total numbers of users and items.

Joint discriminator: During the validation and testing 
stage, we exploit the fused distance of two metrics (MSE 
and mutual information) as the joint discriminator to make 
predictions from all candidates of items to choose the high-
est ranking item:

where it+1 is the predicted item at timestamp t + 1.
The hyper parameters �m and �n are obtained by greedy 

searches on both datasets, respectively. The best values of 
these two hyper parameters are {0.75, 0.25} and {0.9, 0.1} for 
Tmall and ’UsedCars’ datasets, respectively.

(20)
fusion_distance(i) = 𝛼m‖�J(t + Δ) − J̄i‖i∈[1,...Nitem]

+ 𝛼nf1(xi, ct)i∈[1,...Nitem]
,

(21)it+1 = argmax
i∈[1,...Nitem]

fusion_distance(i),

5.2.3 � Evaluation Protocols

We evaluate all models with two popular ranking-based met-
rics: Recall@K and Normalized Discounted Cumulative 
Gain (NDCG). Recall@K measures the proportion of the 
top-K recommended items that are in the ground truth can-
didate ones where K = {10,20}. In the context of sequential 
recommendation, NDCG = 1

log2(1+rankpos)
 , where rankpos is the 

rank of correctly predicted items.

5.2.4 � Baselines

To evaluate the performance of our proposed method, we 
compare it with five state-of-the-art methods:

•	 SASRec [2] is a self-attention based sequential model, 
and it can consider consumed items for next item rec-
ommendation.

•	 NextItNet [14] applies 1D CNNs with dilated convo-
lution filters and residual blocks to model sequential 
recommendation.

•	 GRU4Rec [19] applies GRU to model user click 
sequences for the session-based recommendation.

•	 FPMC [16] fuses matrix factorization and first-order 
Markov Chains to capture long-term preferences and 
short-term item-item transitions, respectively, for next 
item recommendation.

•	 JODIE [42] introduce mutually recursive RNN to 
model general user and item embedding for sequential 
recommendation.

5.3 � Experiment Results

5.3.1 � Results

In Table 3, the results on the Tmall dataset illustrate that 
our proposed RecNet outperforms all baselines except 
{Recall@10,NDCG@10} of SASRec [2]. We analyze that 
the advantage of Recall metrics of SASRec over RecNet_* 
is mainly due to the dataset’s characteristics. The Tmall/
Koubei dataset mainly contains users’ daily repeated cheap 
consumption of small amounts, such as catering and cloth-
ing. The small purchase amount can not impact the users’ 

Table 2   Dataset statistics Dataset #Users #Items #Actions Time span Purchase ratio Price (CNY)

UsedCars 57,000 40,820 18,700,000 2017.1–2020.10 2.42% 150k
Tmall/Koubei 2016 1,160,135 2,353,208 44,528,128 2015.7–2015.11 24.5% 1k
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resource constraint factors. When in bulk commodities 
trading (i.e., user car transactions), our method is better.

Comparing the results of RecNet_NCE/RecNet_MSE 
(see Sect. 5.3.2) and RecNet in Table 3, we find that the 
mutual information and resource-limited branch signifi-
cantly improve NDCG@k metrics. On the ‘UsedCars’ 
dataset, RecNet is ahead of all baselines.

5.3.2 � Ablation Study

To further prove the roles of our proposed resource con-
straint branch and mutual information constraint for rep-
resentation learning, we conduct the following three 
experiments:

Efficacy of resource constraint branch: In the variant 
model RecNet∗ , the resource constraint branch �l

u
(t + Δ) is 

removed from the combined user embedding [used in Eq. 
(12)] while other parts of RecNet∗ are consistent with Rec-
Net. The other experiment’s settings for this variant are the 
same as RecNet. The results in Table 4 show that RecNet∗ ’s 
performance degraded compared with RecNet, on both data-
sets, which implies that the resource constraint branch plays 
an important role in RecNet.

Efficacy of NCE Loss: To prove the effectiveness of NCE 
loss, in the variant RecNet_MSE, the NCE loss is abandoned 
from RecNet while both the MSE loss and two regulariza-
tion terms are preserved:

We employ f (�gu(t + Δ),�l
u
(t + Δ)) in Eq. (11) to model 

the resource constraint, while the other parts of the model 
are the same as RecNet. As shown in Table 3, RecNet_
MSE’s performance drops heavily compared with Rec-
Net, which shows NCE loss’s effectiveness in performance 
improvement.

(22)

Loss = �LMSE =
�

‖�J(t + Δ) − J̄‖
2

+ 𝜆UΣu‖�gu(t) − �
g
u
(t − 1)‖

2

+ 𝜆IΣi‖�i(t) − �i(t − 1)‖
2
.

On the other hand, we can prove the effectiveness of 
mutual information. In the variant RecNet_NCE, the whole 
MSE loss is discarded. The model was trained following an 
unsupervised style by using NCE loss alone :

Results in Table 3 reveals that only unsupervised training 
can achieve competitive performance on the ’UsedCars’ 
dataset, compared with supervised baselines: FPMC, SAS-
Rec, GRU4Rec, NextItNet. During this experiment, we use 
the following distance metric for evaluation and testing:

Advantages of mutual information maximization: As dis-
cussed in [35, 43], most of the research about mutual infor-
mation’s application focuses on the areas of image, audio, 
etc. However, despite some works [34, 33, 37, 35] success-
fully obtaining promising results via mutual information 
maximization, other research [43] shows that maximizing 

(23)
Loss = LNCE + �UΣu‖�u(t) − �u(t − 1)‖

2

+ �IΣi‖�i(t) − �i(t − 1)‖
2

(24)mi_distance(i) = f1(xi, ct)i∈[1,...Nitem]
,

(25)it+1 = argmax
i∈[1,...Nitem]

mi_distance(i).

Table 3   Performance comparison on two datasets

Best results are shown in bold

Datasets Metrics FPMC SASRec GRU4Rec NextItNet JODIE RecNet_MSE RecNet_NCE RecNet_Cos RecNet

Recall@10 0.0554 0.0414 0.0320 0.0228 0.0659 0.0642 0.0480 0.0527 0.0856

UsedCars NDCG@10 0.0274 0.0264 0.0159 0.0112 0.0527 0.0518 0.0355 0.0410 0.0660

Recall@20 0.0933 0.0640 0.0589 0.0413 0.0933 0.0950 0.0783 0.0854 0.1281

NDCG@20 0.0432 0.0292 0.0226 0.0158 0.0627 0.0630 0.0463 0.0529 0.0815

Recall@10 0.4012 0.5108 0.3211 0.3917 0.4014 0.4107 0.3429 0.3602 0.4296
Tmall NDCG@10 0.3089 0.4862 0.2484 0.3305 0.5089 0.5169 0.3939 0.4388 0.5393

Recall@20 0.4503 0.5256 0.3675 0.4256 0.4148 0.4247 0.3822 0.4077 0.4562
NDCG@20 0.3213 0.4900 0.2600 0.3391 0.5138 0.5221 0.4092 0.4214 0.5490

Table 4   The ablation study results of the resource constraint branch

*denotes that the resource constraint branch is removed from RecNet

Datasets Metrics JODIE RecNet RecNet∗

Recall@10 0.0659 0.0856 0.0710
’UsedCars’ NDCG@10 0.0527 0.0660 0.0518

Recall@20 0.0933 0.1281 0.1027
NDCG@20 0.0627 0.0815 0.0669
Recall@10 0.4014 0.4296 0.4154

Tmall NDCG@10 0.5089 0.5393 0.5164
Recall@20 0.4148 0.4562 0.4330
NDCG@20 0.5138 0.5490 0.5264
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tighter bounds on mutual information may lead to worse 
representation learning. This contrast shows that we need 
to add other auxiliary sub-modules to help to learn. Due to 
these reasons, we designed the joint discriminative frame-
work and conducted the above three experiments to prove 
the effectiveness of our design.

To explain the advantages that we take mutual infor-
mation maximization to learn the connections between 
the user’s historical actions and future ones, we choose 
another cosine distance loss, commonly used in metric 
learning, to construct a variant RecNet_Cos of RecNet. We 
compared the performance between RecNet_Cos and Rec-
Net in Table 3, showing that the cosine distance version’s 
performance is even worse than that of RecNet_MSE, let 
alone RecNet.

6 � Conclusion

In this paper, we argue that the limited product inventory 
and the decline of users’ financial strength will affect con-
sumers’ choices or preferences, which has been ignored in 
the previous literature. Our proposed model uses two user 
state embeddings to capture the user’s historical preference 
and resource constraint factors. Also, we use a mutual infor-
mation estimator to help improve representation learning. 
Experiments show that our model achieves a competitive 
result in the sequential recommendation of bulk commodi-
ties compared with the state-of-the-art. In future work, we 
will study how to learn representations that separate the 
latent explanatory factors behind the data (e.g., merchant 
inventory, user inventory, capital strength, display strategy) 
rather than only two rough branches in RecNet.
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