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Abstract
The goal of session-based recommendation is to make item predictions at the next timestamp based on the anonymous

ongoing session. Previous work mainly models user’s preference by exploring the transition pattern between the interacted

items in the session. However, they generally fail to pay enough attention to the item importance in terms of the relevance

of the items to user’s main purpose. This paper proposes a Session-based Recommendation approach with an Importance

Extraction Module, i.e., SR-IEM improved, which can simultaneously consider user’s long-term interactions and recent

behavior in current session. Specifically, we modify the self-attention mechanism to avoid introducing bias for estimating

the importance of each item in the session. Then, the item importances are utilized to produce user’s long-term preference,

and the sequential signals are incorporated in the long-term interest modeling. Next, the long-term preference and user’s

current interest which is conveyed by the last interacted item in the session are combined to obtain user’s final preference

representation. Finally, item predictions are generated using the user preference, where a normalization layer is adopted to

solve the long-tail problem. Extensive experiments are conducted on three public benchmark datasets, i.e., Yoochoose 1/64,

Yoochoose 1/4 and Diginetica. The experimental results show that SR-IEMimproved can outperform the start-of-the-art

baselines in terms of Recall and MRR for session-based recommendation. In addition, compared to the state-of-the-art

neural methods, SR-IEMimproved can obviously reduce the computational complexity.

Keywords Recommender systems � Session-based recommendation � Importance extraction module � Self-attention

mechanism

1 Introduction

Recommender systems can help people obtain personalized

information from the explosively increasing sources on the

internet [14, 35, 36, 39]. Most existing recommendation

methods recommend future items for user to interact with

by relying on user’s general preference, which is modeled

from the historical interactions with items [21, 29]. How-

ever, in scenarios where historical user-item interactions

are unavailable, such as the user is newly registered, it is

challenging to accurately detect user’s intent from the

limited items [7]. Thus, the session-based recommendation

task has been proposed to make item predictions merely

based on the ongoing session.

Actually, Recurrent Neural Networks (RNNs) [7, 15],

the attention mechanisms [15], and Graph Neural Networks

(GNNs) [32] have been widely investigated in session-

based recommendation. First, sequential methods play

important roles in session-based recommendation. For
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A preliminary version of this paper has appeared in the

proceedings of SIGIR 2020 [19]. Compared to the conference

version, we (1) propose a new model SR-IEM improved which

extends our previous work on accurately obtaining user’s

preference by utilizing the layer normalization to solve the

long-tail problem and adding the position embeddings to

incorporate the sequential signal; (2) include a large scale

dataset Yoochoose 1/4 to conduct additional experiments for

verifying the effectiveness of our model; (3) conduct an

ablation study for validating the utility of each module in the

recommendation approach; (4) give a case study to show how

the IEM module works on distinguishing the items according

to their corresponding importances; and (5) include more

related work and present the analysis of our proposal as well

as the experimental results in detail.
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instance, Hidasi et al. first propose to model user’s

sequential behaviors by a Gated Recurrent Unit (GRU) for

capturing user’s instant and dynamic preference in the

session [7]. Li et al. propose Neural Attentive Recom-

mendation Machine (NARM) which utilizes the attention

mechanism to capture user’s main purpose for making

recommendations [15]. On top of NARM, Wang et al.

exploit the collaborative information involved in the

introduced neighbor sessions for better user intent detec-

tion [28]. Second, attention based methods focus on the

relative importance of all items in the session so as to

distinguish them. For example, Liu et al. propose to esti-

mate user’s general preference and current interest by uti-

lizing the long- and short-term memory models,

respectively [17]. Additionally, the complex transition

relationship between items is taken into consideration. For

instance, Wu et al. employ the Gated Graph Neural Net-

works (GGNNs) to generate accurate representation of the

items, which are then aggregated with an attention mech-

anism for producing item predictions [32].

Even though the aforementioned methods have achieved

satisfactory performance, the following issues are still

unsolved. For instance, they generally fail to pay enough

attention to the importance of each item in the ongoing

session. This means that it is difficult to accurately locate

the important items and eliminate the unrelated items for

detecting user’s main intent. After the item embeddings are

generated, the existing methods distinguish the importance

of items by simply relying on each item’s relevance either

to the mixture of items in the long-term interactions

[15, 28] or the last single item [32] or a combination [17].

Unavoidably, non-relevant items in the session will mis-

lead the recommendation methods to accurately detect

user’s main purpose. In addition, the RNN or GNN based

models like NARM [15], CSRM [28], SR-GNN [32] have

an unsatisfying high computational complexity because of

the contained complex operations.

Clearly, during a user’s interaction process with items,

the user will mainly focus on the purpose within the ses-

sion, such as purchasing some certain goods or browsing a

certain webpage. However, because of the uncertainty of

user’s behavior pattern, the user may occasionally interact

with some unrelated items out of curiosity or by accident

[15]. Considering an example session in Fig. 1, a user who

tends to purchase a phone clicked several phones to look

for a product for maintaining his requirements. However,

after clicking the iPhone 11, the user accidently clicked

Airpods as they are both Apple products and are usually

used together. Nevertheless, the Airpods is obviously

uncorrelated to user’s main purpose (i.e., purchasing a

phone). Such complex behavior pattern makes the methods

which refer to the sequential order [15] or pairwise item-

transitions [32] easily introduce bias because of the unre-

lated items.

We propose an approach for session-based recommen-

dation with an importance extraction module, i.e., SR-IEM

improved, which can effectively capture user’s long-term

preference and current interest simultaneously. More

specifically, to obtain user’s long-term preference, we

introduce an Importance Extraction Module (IEM) that

modifies the self-attention mechanism for estimating the

importance of each item in the session. Then, the item

embeddings and the position embeddings are merged to

generate the final item representations, which are dis-

criminatively combined as user’s general preference

according to the generated item importance scores. More-

over, to maintain user’s instant needs, we resort to the

embeddings of the last item in the ongoing session as an

expression of user’s current interest. Finally, we combine

the long-term and recent interests by concatenation as the

final user preference for producing item recommendations,

where the normalization layer is utilized to deal with the

long-tail problem.

Our main contributions can be summarized as follows:

1. We propose an Importance Extraction Module (IEM)

to accurately estimate the importance of each item and

avoid introducing bias for session-based recommenda-

tion. The proposed SR-IEMimproved can simultaneously

capture user’s long-term preference and current interest

for making item predictions.

2. We incorporate the sequential information in the

session by considering the position embeddings and

introduce a normalization layer to solve the long-tail

problem in session-based recommendation.

3. Extensive experiments conducted on three benchmark

datasets, i.e., Yoochoose 1/64, Yoochoose 1/4 and

Diginetica, indicate that SR-IEMimproved can outper-

form the competitive baselines in terms of Recall and

MRR. Moreover, the improvement on boosting the

ranking of the target item is especially obvious in

scenarios with relatively less training data. In addition,

SR-IEMimproved has a lower computational complexity

than the state-of-the-art neural models.

We organize the rest of this paper as follows: We review

some related work in Sect. 2 and present the details of our

proposed SR-IEMimproved model in Sect. 3. In Sect. 4, we

give the setting of experiments, and then report the

experimental results and conduct deep analysis in Sect. 5.

Finally, we conclude our work and suggest the future

directions of our research in Sect. 6.
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2 Related work

In this section, we review the related work about the

general recommendation methods, the sequential recom-

mendation methods, the graph neural networks based

methods, and the attention based methods.

2.1 General recommendation methods

Most general recommenders are relying on Collaborative

Filtering (CF) and can be mainly categorized into neigh-

borhood-based models [16, 23] and latent factor-based

methods [3, 6, 13].

Neighborhood-based models produce recommendations

mainly based on the similarity between users or items,

which correspond to the user-based and item-based KNN

methods, respectively. The similarity can be computed by

the Pearson correlation coefficient [23] or the cosine sim-

ilarity. For instance, Jin et al. propose to automatically

assign different weights for the items based on their ratings

from users in the training set, keeping similar users close to

each other [8]. Different from neighborhood-based models,

latent factor-based methods focus on the user-item inter-

actions. Specifically, latent factor-based methods first

generate a latent factor for each user and item to represent

them based on a given rating matrix. Then, the item pre-

dictions are generated upon the generated latent factors.

Common traditional methods in this category include

Singular Value Decomposition (SVD) [11], Matrix Fac-

torization (MF) [12], etc. Moreover, He et al. first propose

to extend matrix factorization in a nonlinear way by

leveraging a multi-layer perceptron [6]. Furthermore, Chen

et al. propose a joint training neural method which can

learn deep features of users and items, and simultaneously

explore deep interactions between them [3].

However, both neighborhood-based and latent factor-

based methods generate recommendations based on user’s

long-term historical interactions, which are unavailable in

the setting of session-based recommendation. In addition,

general recommenders can merely detect user’s inherent

preference, failing to capture user’s interest migration.

Unlike the work listed above, by modeling the hybrid

preference in the ongoing session, our proposal can accu-

rately obtain user’s instant interest, so as to generate rec-

ommendations to maintain user’s current needs.

2.2 Sequential recommendation methods

Considering that items in a session are organized according

to the temporal order, many methods focus on the

sequential information in the session to obtain user’s

instant preference.

The traditional methods are proposed to model the

sequential signal based on Markov Chains (MC). For

instance, Shani et al. regard the generation process of the

item recommendations as a sequential optimization prob-

lem and utilize Markov Decision Processes (MDPs) to

generate item predictions [24]. Moreover, Rendle et al.

consider both user’s long-term preference and sequential

behaviors by using matrix factorization and Markov chains,

respectively [22]. Recently, many neural networks like

RNNs and GRUs are widely applied to session-based rec-

ommendation. For instance, Hidasi et al. first propose

GRU4REC, which utilizes GRU to model the sequential

signal in the session and adopts a session-parallel mini-

batch for training [7]. Furthermore, Li et al. propose

NARM where an attention mechanism is utilized for

emphasizing user’s main purpose [15]. Moreover, consid-

ering limited information is contained in current session,

similar sessions are incorporated as neighbors for enriching

the current session. For instance, Wang et al. propose to

incorporate neighbor sessions via the memory networks

[31] for helping model the current session on the basis of

NARM [28].

However, Markov Chains based methods can merely

utilize the information from adjacent items, while

neglecting the whole sequence. Regarding RNN based

methods, it has been proved that the sequential signal

Fig. 1 An example session, where a user who aims to buy a phone interacted with an Airpods accidently during the interaction process

Neural Computing and Applications

123



cannot fully represent the transition relationship between

items since user’s interaction behavior is highly compli-

cated [20, 32]. Different from the sequential methods

which rely on the chronological order of items in session,

our proposed SR-IEMimproved method focuses on the rela-

tive importance of each item. This can avoid introducing

bias brought by the accidentally interacted items in the

item sequence, so as to concentrate on user’s main intent in

the current session.

2.3 Graph neural networks based methods

Considering the ability of modeling complex transition

relationship between objects, Graph Neural Networks

(GNNs) are widely adopted in the field of recommender

systems.

For instance, Wang et al. design NGCF to propagate

embeddings between users and items to explicitly encode

the collaborative signal, so as to exploit the high-order

connectivities between them [29]. In addition, He et al.

simplify NGCF by removing feature transformation and

nonlinear activation in NGCF to merely preserve the

neighborhood aggregation component in GCN [10] to

generate item recommendations [5]. GNNs have also been

widely adopted for modeling the complex transition pattern

among items in the session-based recommendation task.

For instance, Wu et al. first propose to transform each

session into a session graph and then apply the Gated

Graph Neural Networks (GGNN) to generate accurate item

embeddings [32]. After that, the session representation is

obtained using an attention mechanism. Qiu et al. design

the Full Graph Neural Networks (FGNN), where the graph

attention networks (GAT) is utilized for modeling the

transition relationship between items. Then, a Readout

function [26] is used to generate the session representation

[20]. Moreover, Wang et al. propose to simultaneously

exploit the session graph and global graph level item

transitions to learn the corresponding contextual informa-

tion. Then, a reversed position aware attention is utilized to

incorporate the sequential information for session aggre-

gation [30].

However, GNN based methods generally have a high

computational complexity. Moreover, the session aggre-

gation in GNN based methods mostly relies on the last item

[32, 33] or combination of all items in current session

[20, 30], which may introduce much bias since the session

may include unrelated items. Differently, by comparing

each item with other items in current session in the

importance extraction module, our proposal can accurately

generate the importance score of each item. In addition, the

low computational complexity of the attention mechanism

makes our proposal much efficient in both training and test.

2.4 Attention based methods

Since user’s interacted items have different degree of

importance and contribute variously to modeling user’s

preference [17, 19], many approaches rely on an attention

mechanism to generate an accurate user representation.

For instance, Liu et al. adopt the attention mechanism to

generate user’s general preference as well as the recent

interest by relying on the long- and short-term memories in

the ongoing session, respectively [17]. Moreover, Kang

and McAuley propose a self-attention based method

(SASRec) to capture long-term semantics in user’s histor-

ical interactions for making item predictions in sequential

recommendation [9]. In addition, for users whose historical

interactions are available, Ying et al. propose to consider

both the general and current interests using a two-layer

hierarchical attention network [34]. The first attention layer

is applied to user’s historical interactions to generate user’s

long-term interest, while the second layer is used to fuse

the long-term preference with the items in the short-term

interaction set. Furthermore, Chen et al. propose to utilize a

co-attention network to take the dynamic connection

between user’s long-term and recent interactions into

consideration for making item predictions [2].

In general, the attention scores generated by the afore-

mentioned methods are mainly produced based on the last

item [32] or the hybrid of all items within the session

[20, 30] or their combination [17]. However, both the last

item or items in the session could be unrelated to user’s real

intent because of user’s uncertain interaction behavior. The

inaccurate attention scores will make the user preference

unable to be well represented. On top of the previous

attention based models, we improve the evaluation of the

item importance in the current session using the IEM

component. The designed IEM can effectively distinguish

the relevance of different items to user’s main intent, so as

to eliminate the unrelated items.

Moreover, in our previous work [19], we propose to

accurately estimate the importance of each item via the

proposed importance extraction module (IEM) to avoid

introducing bias brought by the unrelated items. In this

extension, we additionally incorporate the position

embeddings to take the sequential signal in the session into

consideration, and we utilize a normalization layer to solve

the serious long-tail problem in session-based

recommendation.
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3 Approach

In this section, we first present the formalization of the

session-based recommendation task. Then, we detail our

proposed SR-IEMimproved model.

The task of session-based recommendation aims to

predict the item for user to click at the next timestamp,

which is formulized as follows. Assuming a set of |V| items

is represented by V ¼ fv1; v2; . . .; vjV jg, where vi 2 V is an

item. Given a session S ¼ fx1; x2; . . .; xtg consisting of t

items that a user clicked, the goal of session-based rec-

ommendation is to predict the next item to recommend at

timestamp t?1. Specifically, we obtain the user preference

from the current session and utilize it to make item pre-

dictions to obtain the probability of recommending all

candidate items ŷ ¼ fŷ1; ŷ2; . . .; ŷjV jg, where ŷi 2 ŷ indi-

cates the probability of item vi being clicked by the user.

As last, we select the items with the top-K highest scores to

recommend to the user.

Figure 2 presents an overview of SR-IEMimproved. First,

each item xi in the session is mapped into a d-dimensional

embedding vector xi to represent the item. Then, we

transform the item embeddings into query and key in the

importance extraction module, which are utilized to obtain

the attention score of each item. After that, we obtain the

long-term preference in the session by combining the item

representations according to the attention scores, where the

item representations are generated by adding the item

embeddings to their respective position embeddings. Then,

we concatenate the long-term preference and the recent

interest (represented by the last item in the session) to

obtain the final user preference. Finally, we apply a nor-

malization layer to deal with the long-tail problem and

make item predictions to generate the recommendations.

We adopt the cross-entropy as the loss function to train the

proposed SR-IEMimproved model.

3.1 Importance extraction

To focus on the important items and filter unrelated items

in the session for user intent detection, we propose an

Importance Extraction Module (IEM) to generate the item

importance, so as to accurately locate the important items.

Fig. 2 The framework of SR-IEMimproved, which consists of three

main components, i.e., the importance extraction module (IEM), the

preference fusion module and the item recommendation module.

Given a session, we first generate the importance scores of the

contained items using IEM to obtain user’s long-term preference.

Then, we combine user’s long-term and recent interests as the hybrid

preference. Finally, we produce the prediction scores on all candidate

items to make recommendations
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First, we apply an embedding layer to embed each item xi
in S ¼ fx1; x2; . . .; xtg into a d dimensional representation

xi 2 Rd. Then, borrowing the merits from self-attention

mechanism [25], we transform the item embeddings X ¼
fx1; x2; . . .; xtg into different spaces via the nonlinear

functions to generate queryQ and keyK, respectively.

Q ¼ sigmoidðWqXÞ; ð1Þ

K ¼ sigmoidðWkXÞ; ð2Þ

where Wq 2 Rl�d and Wk 2 Rl�d are the respective

learnable parameters for query and key, l denotes the

dimension of the item representation in the attention

mechanism, and the sigmoid function is utilized to learn

features from query and key nonlinearly [4, 6, 37].

After obtaining queryQ and key K, we modify the self-

attention mechanism to estimate the importance of each

item. Specifically, we define the affinity matrix C between

Q and K by calculating the similarity of every pair of two

items as:

C ¼ sigmoidðQKTÞ
ffiffiffi

d
p ; ð3Þ

where
ffiffiffi

d
p

is utilized for scaling the attention scores.

We would like to utilize the generated affinity matrix C

to accurately estimate the item importance. Specifically, if

the similarity scores of item xi with the other items in the

ongoing session, i.e., the scores in the i-row of C, are

generally large, we can conclude that this item conforms to

user’s main intent within the session. In contrast, if an item

is not similar to the other items in the ongoing session, this

item may be an unrelated item that user interacted with by

accident or out of curiosity. Inspired by the aforementioned

intuition, we define the importance of each item as the

average similarity score between the item and the other

items in the session. In addition, to avoid high matching

scores between identical items in query and key, a masking

operation is employed to mask the diagonal of the affinity

matrix as in [38]. Then, we can compute the importance

score ai of item xi in the session as:

ai ¼
1

t � 1

X

t

j¼1;j 6¼i

Cij; ð4Þ

where Cij 2 C. Then, we utilize a softmax layer to nor-

malize the scores so as to get the final importance bi of

item i as:

bi ¼
exp ðaiÞ

P

i exp ðaiÞ
; 8i ¼ 1; 2; . . .; t: ð5Þ

3.2 Preference fusion

Through the importance extraction module, the importance

of each item is generated, which denotes the relevance of

each item to user’s main intent in the ongoing session.

Moreover, considering that the item embeddings X do

not include the sequential information in the session. Here,

we add the position embeddings upon the item embeddings

to incorporate the sequential signal:

Xp ¼ Xþ P; ð6Þ

where P 2 Rt�d are the corresponding position

embeddings.

Then, we combine all item representation xpi 2 Xp

according to their importance scores as user’s long-term

preference zl as:

zl ¼
X

t

i¼1

bix
p
i : ð7Þ

For the current interest, denoted as zs, we directly adopt the

last item embeddings1 by:

zs ¼ xt: ð8Þ

Finally, user’s preference are generated by combining the

long-term preference zl and the current interest zs for

producing item predictions:

zh ¼ W0½zl; zs�; ð9Þ

where ½�� is the concatenating operation. W0 2 Rd�2d

transforms the concatenated representation from a latent

space R2d into Rd.

3.3 Item recommendation

After obtaining the user preference zh, we adopt it to

produce item predictions by calculating the probability of

clicking all candidate items in the item set V.

As session-based recommendation typically faces a

serious long-tail problem, which means that items of low

popularity are relatively less likely to be recommended.

Here, we adopt a layer normalization to obtain the session

representation ~zh and candidate item embeddings ~vi to

solve this problem as:

~zh ¼ LayerNormðzhÞ ¼
zh � lz
ffiffiffiffiffiffiffiffiffiffiffiffiffi

r2
z þ �

p ; ð10Þ

~vi ¼ LayerNormðviÞ ¼
vi � li
ffiffiffiffiffiffiffiffiffiffiffiffiffi

r2
i þ �

p 8i ¼ 1; 2; . . .; jV j;

ð11Þ

1 In [32], it has been proved that the last item can represent user’s

instant interest and contribute much to capturing user’s main intent.
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where rz and lz are the standard deviation and mean of the

session representation, respectively. Similarly, ri and li are

the standard deviation and mean of the embeddings of item

xi, and � is a small positive value used for preventing

dividing zero.

Then, we utilize a multiplication operation to compute

the preference score ~yi on each item vi as:

~yi ¼ ~zTh ~vi; ð12Þ

Note that after normalization, it will face a convergence

problem since the softmax loss will be trapped at a very

high value on training set [27]. To solve the problem, a

scale coefficient c is multiplied with the obtained scores in

the softmax layer so as to generate the final score of each

item as:

ŷ ¼ exp ðc ~yiÞ
P

i exp ðc ~yiÞ
; 8i ¼ 1; 2; . . .; jV j: ð13Þ

where ŷ ¼ ðŷ1; ŷ2; . . .; ŷjV jÞ. Finally, items with the highest

scores constitute the recommendation list for the user.

We adopt the cross-entropy loss as the objective func-

tion to optimize the parameters in SR-IEMimproved as:

LðŷÞ ¼ �
X

jV j

i¼1

yi logðŷiÞ þ ð1 � yiÞ logð1 � ŷiÞ; ð14Þ

where y reflects the one-hot encoding vector of the ground

truth. Finally, the Back-Propagation Through Time algo-

rithm is applied to train our model.

We detail the training process of our SR-IEMimproved

model in Algorithm 1. We first initialize the parameters in

SR-IEMimproved in step 1. Then for each training session,

we calculate the item importance scores using IEM in step

4. After that, we obtain the user preference from step 5 to 8,

where the sequential signal is incorporated by step 5. From

step 9 to 12, we normalize the user preference as well as

the candidate item embeddings and then make the item

predictions. Finally, we adopt the cross-entropy loss in

Eq. (14) as the objective function and use back propagation

to optimize the network parameters from step 14 and 15.

4 Experiments

4.1 Research questions

To examine the performance of SR-IEMimproved, we address

six research questions:

(RQ1) Can SR-IEMimproved beat the state-of-the-art base-

lines for the session-based recommendation task?

(RQ2) Can SR-IEMimproved achieve a lower computa-

tional complexity to reduce the training and test

time compared with other neural methods?

(RQ3) How is the performance of SR-IEMimproved on

sessions of various length?

(RQ4) Can IEM perform better than other importance

extraction methods on distinguishing the impor-

tance of items?
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(RQ5) How is the contribution of each module in SR-

IEMimproved to the recommendation performance?

(RQ6) How does the IEM component of SR-IEMimproved

work in different cases?

4.2 Datasets

We utilize the benchmark datasets, i.e., Yoochoose2 and

Diginetica3 for evaluation to validate the effectiveness of

our proposal. Yoochoose contains the click streams within a

6-month period from an e-commerce website, which is

obtained by the RecSys Challenge 2015. Diginetica comes

from the transaction data released by CIKM Cup 2016.

Following [32], for Yoochoose, sessions of length 1 and

items appearing less than 5 times are filtered out. Then, we

split the sessions for training and test, where the sessions of

the last day are adopted for test and the remaining part is

used for training, respectively. Furthermore, items not

included in the training set are removed. And as for Dig-

inetica, the only difference is that the sessions of the last

week are utilized for test. After preprocessing, 7,981,580

sessions with 37,483 items are remained in Yoochoose, and

204,771 sessions with 43,097 items constitute Diginetica.

As in [32], we adopt the sequence splitting operation to

augment the training samples. More specifically, for ses-

sion S ¼ fx1; x2; . . .; xtg, we generate the sequences and

corresponding labels as ð½x1�; x2Þ; ð½x1; x2�; x3Þ; . . .;
ð½x1; . . .; xt�1�; xtÞ for both training and test. Moreover,

since Yoochoose is too large, following [32], we only uti-

lize the recent 1/64 and 1/4 fractions of the training

sequences, denoted as Yoochoose 1/64 and Yoochoose 1/4,

respectively. Note that comparing to our previous work

[19], we add experiments on Yoochoose 1/4 to examine the

robustness of SR-IEMimproved on large scale datasets since

Yoochoose 1/4 is much larger than Yoochoose 1/64 and

Diginetica. Detailed statistics of three datasets are sum-

marized in Table 1. In addition, we plot the distributions of

sessions with different length on the training set of the

three datasets in Fig. 3. As we can see, most of the sessions

merely contain a few items, and the number of sessions

drops rapidly with the session length increasing, especially

in the Yoochoose datasets.

4.3 Model summary

The models discussed in this paper are listed as following.

1. Three traditional methods, i.e., S-POP [1], Item-KNN

[23] and FPMC [22]; 2. Five neural models, i.e.,

GRU4REC [7], NARM [15], STAMP [17], CSRM [28]

and SR-GNN [32]; and 3. Our proposals, i.e., our previous

work SR-IEMbasic [19] and the proposed model in this

paper SR-IEMimproved.

– S-POP recommends the most frequent items of the

ongoing session.

– Item-KNN recommends items similar to the current

session based on the similarity between items in the

current session and the candidate items.

– FPMC is a Markov Chains based hybrid method for

sequential recommendation. Here, the user representa-

tion is omitted because it’s unavailable in session-based

recommendation.

– GRU4REC models the sequential information in

session-based recommendation using a GRU.

– NARM employs GRUs to model the sequential signal

and utilizes an attention mechanism to capture user’s

main purpose.

– CSRM incorporates the neighbor sessions as auxiliary

information for the current session with a parallel

memory module on the basis of NARM.

– STAMP obtains the general preference by an attention

mechanism and combines it with the recent interest in

the current session for recommendation.

– SR-GNN utilizes GGNN to generate the embeddings of

items, which are aggregated to obtain the user repre-

sentation using an attention mechanism.

– SR-IEM basic designs an importance extraction module

to calculate the item importance for generating user’s

long-term preference, which is combined with user’s

recent interest to make recommendations.

– SR-IEM improved extends SR-IEM basic by utilizing the

layer normalization to solve the long-tail problem and

incorporating the position embeddings to model the

sequential signal.

4.4 Experimental setup

The hyper parameters are selected on the validation set

which is randomly selected from the training set with a

proportion of 10%. Specifically, the dimension of the item

embeddings (i.e., d) and the item representation in attention

(i.e., l) are both searched in f50; 100; 150; 200; 250g and

then set as d ¼ 200 and l ¼ 100, respectively. Moreover,

the scale coefficient c is tuned in f8; 10; 12; 14; 16g and

then set to 12 on all three datasets. We adopt the L2 reg-

ularization to prevent overfitting which is ranged in

f10�3; 10�4; 10�5; 10�6g and finally set to L2 ¼ 10�5.

Furthermore, we set the batch size to 128, and the Adam is

adopted as the optimizer, where the initial learning rate is

set to 0.001 and decays by 0.1 after every 3 epochs. In
2 http://2015.recsyschallenge.com/challege.html.
3 http://cikm2016.cs.iupui.edu/cikm-cup.
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addition, the maximum session length is searched in

f5; 10; 15; 20g and then set to 10 as in [9]. This means that

we only consider the 10 most recent items for long ses-

sions. All parameters are initialized using a Gaussian dis-

tribution with a mean of 0 and a standard deviation of 0.1.

4.5 Evaluation metrics

Following previous work [32], Recall@K and MRR@K

are adopted for evaluating the recommendation

performance.

Recall@K measures whether the desired item occurs in

the top-K positions in the ranking list.

Recall@K ¼ nhit

N
; ð15Þ

where N and nhit are the number of all test cases and the

cases that the target item is amongst top-K in recommen-

dation, respectively.

MRR@K is a normalized hit which considers the

position of the target item. It is set to 0 if the target item

ranks out of top-K positions in the recommendation list,

and otherwise can be calculated as follows:

MRR@K ¼ 1

N

X

vtarget2Stest

1

RankðvtargetÞ
; ð16Þ

where vtarget is the target item and RankðvtargetÞ is the

ranked position of the target item.

5 Results and discussion

5.1 Overall performance

5.1.1 General comparison

To answer RQ1, we compare SR-IEMbasic and SR-

IEMimproved to the baselines in terms of Recall@20 and

MRR@20 on three datasets. The results are presented in

Table 2. Here, the experimental results of the baselines are

directly copied from [32] as all the experiments are con-

ducted in the same setting except CSRM which we obtain

the results by re-running its released code4 on our used

datasets.

As shown in Table 2, first of all, for the traditional

baselines, we can observe that Item-KNN outperforms

S-POP and FPMC on most cases in terms of Recall@20

and MRR@20 on three datasets. This indicates the utility

of collaborative information from other items for promot-

ing the recommendation accuracy for current session.

Although FPMC takes the sequential signal into consider-

ation, the performance is still poor, which may be due to

that FPMC can merely consider the adjacent items,

ignoring the overall session sequence.

In addition, from Table 2, we can see that the neural

methods generally outperform the traditional models.

Moreover, among the RNN based methods, i.e.,

GRU4REC, NARM and CSRM, we can observe that the

emphasis of user’s main purpose (comparing NARM to

GRU4REC) and the incorporation of neighbor sessions

Table 1 Statistics of the

datasets used in our experiments
Statistics Yoochoose 1/64 Yoochoose 1/4 Diginetica

# Cicks 557,248 8,326,407 982,961

# Training sessions 369,859 5,917,746 719,470

# Test sessions 55,898 55,898 60,858

# Items 16,766 29,618 43,097

Average session length 6.16 5.71 5.12

(a) (b) (c)

Fig. 3 Distribution of sessions with various length in the training set of three datasets

4 https://github.com/wmeirui/CSRM_SIGIR2019.
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(comparing CSRM to NARM) can indeed help make

accurate recommendations. Regarding the attention based

baseline STAMP, we can see that its performance is not

satisfying, especially on Diginetica. This indicates that the

bias introduced in the attention mechanism will seriously

affect the recommendation performance. Among the

baselines, SR-GNN performs best in terms of both metrics

on all three datasets with an exception that it loses the

competition against CSRM on Diginetica in terms of

Recall@20. It could be due to that SR-GNN is able to

explore complex transition relationship between the items

to accurately detect user’s intent by applying a GGNN.

And CSRM extends NARM by incorporating the neighbor

sessions, leading to a better performance than other base-

lines. Thus, CSRM and SR-GNN are chosen for compar-

ison in later experiments.

Next, we zoom in on the performance of our proposals

SR-IEMbasic and SR-IEMimproved. In general, SR-IEMbasic

can outperform the baselines in terms of both metrics on

three datasets except that it underperforms SR-GNN in

terms of MRR@20 on Yoochoose 1/4. This may be

explained by the fact that GNN faces an overfitting prob-

lem, which is partially alleviated in scenarios with much

training data. Moreover, by incorporating the sequential

signal and solving the overfitting problem, SR-IEMimproved

can improve the performance on the basis of SR-IEMbasic

and achieves the best performance in terms of two metrics

for all cases on three datasets. In addition, the improvement

of SR-IEMimproved over the best baseline SR-GNN in terms

of Recall@20 and MRR@20 on Yoochoose 1/64 is 1.96%

and 3.72%, respectively. While on Yoochoose 1/4 the

improvement in terms of Recall@20 (i.e., 1.75%) is similar

to that on Yoochoose 1/64. However, it is quite different

from that in terms of MRR@20 (i.e., 0.09%). We analysis

this difference is caused by the size of the training set. This

indicates that our proposal can achieve stable improvement

in terms of Recall@20 on different scales of training set,

while presenting relatively more improvement in terms of

MRR@20 for cases with less training data.

5.1.2 Recommendation hits at top positions

To further validate the recommendation ability of our

proposal for a limited length of recommendation list, we

evaluate the performance of SR-IEMbasic and SR-

IEMimproved as well as the outstanding baselines, i.e.,

CSRM and SR-GNN. The results in terms of Recall@K

and MRR@K with the recommendation number K = 5 and

10 are shown in Table 3.

From Table 3, we can observe that SR-IEMimproved can

consistently achieve the best performance in terms of both

Recall and MRR when K = 5 and 10 on three datasets. This

verifies the effectiveness of our proposal in scenarios with

different number of items recommended to the user.

Moreover, among the baselines, different from the phe-

nomenon that SR-GNN underperforms CSRM in terms of

Recall@20 on Diginetica observed in Sect. 5.1.1, SR-GNN

performs best among the baselines in all cases. This vali-

dates the utility of GNNs on ranking the target item at top

positions. For our proposals, comparing SR-IEMbasic and

SR-GNN, we can see that SR-IEMbasic can generally out-

perform SR-GNN in most cases and slightly underperform

SR-GNN in terms of MRR@5 as well as MRR@10 on

Yoochoose 1/4. This is consistent with the observations in

Sect. 5.1.1. However, SR-IEMimproved can significantly

outperform the baselines in all cases on three datasets,

indicating the necessarily of modeling the sequential signal

and preventing overfitting.

Table 2 Model performance.

The results of the best baseline

and the best performer in each

column are underlined and

boldfaced, respectively

Method Yoochoose 1/64 Yoochoose 1/4 Diginetica

Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20

S-POP 30.44 18.35 27.08 17.75 21.06 13.68

Item-KNN 51.60 21.81 52.31 21.70 35.75 11.57

FPMC 45.62 15.01 – – 31.55 8.92

GRU4REC 60.64 22.89 59.53 22.60 29.45 8.33

NARM 68.32 28.63 69.73 29.23 49.70 16.17

STAMP 68.74 29.67 70.44 30.00 45.64 14.32

CSRM 69.85 29.71 70.63 29.48 51.69 16.92

SR-GNN 70.57 30.94 71.36 31.89 50.73 17.59

SR-IEM basic 71.15 31.71 71.67 31.82 52.35 17.64

SR-IEM improved 71.95 N

M
32.09 N

M
72.61 N

M
31.92 55.61 N

M
18.93 N

M

Statistical significance of pairwise differences of SR-IEM improved against the best baseline (N) and of SR-
IEM improved against SR-IEM basic (M) are determined by a t-test (p\ 0.01)
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5.2 Computational complexity

To answer RQ2, we analyze the computational complexity

of SR-IEMbasic and SR-IEMimproved as well as CSRM and

SR-GNN, until generating user preference. The respective

computational complexity of CSRM and SR-GNN are

Oðtd2 þ dM þ d2Þ and Oðsðtd2 þ t3Þ þ d2Þ, where t is the

session length and d denotes the item embedding dimen-

sion. Here, M is the number of introduced neighbors in

CSRM and s indicates the layer number of GGNNs in SR-

GNN. For SR-IEMbasic, the computational complexity is

Oðt2d þ d2Þ, which mainly comes from the importance

extraction module Oðt2d þ d2Þ and from the other com-

ponents Oðd2Þ. Comparing SR-IEMimproved to SR-IEMbasic,

the computational complexity is similar, except that SR-

IEMimproved has an additional computational complexity of

td from the layer normalization and position embeddings,

which is negligible. As t\d and d � M [28], the com-

plexity of SR-IEMbasic and SR-IEMimproved are clearly

lower than SR-GNN and CSRM.

To empirically confirm it, we measure the training and

test time of SR-IEMbasic and SR-IEMimproved, as well as

CSRM and SR-GNN on a single GeForce RTX 2080 Ti

GPU. Here, we adopt the Tensorflow version code released

by CSRM and SR-GNN5 for fair comparison. The relative

runtime results are presented in Table 4. To make the

comparisons more clear, we set the training and test time of

SR-IEMimproved as 1 unit in all cases on three datasets, and

report the relative time cost of other models. We find that

both SR-IEMbasic and SR-IEMimproved have a clearly lower

time cost than CSRM and SR-GNN. Moreover, comparing

SR-IEMimproved against SR-IEMbasic, SR-IEMimproved pre-

sents a slight more time cost while their time costs are

especially close for test. The aforementioned results

indicate that comparing to the state-of-the-art baselines,

SR-IEMimproved can achieve the best performance on both

recommendation accuracy and computational complexity.

This proves its practicability in potential applications. In

addition, from Table 4, we can observe that for both

CSRM and SR-GNN, the relative training time is higher

than the relative test time. This indicates that our proposed

SR-IEMimproved can achieve more computational improve-

ment in the training process than that in the test stage.

5.3 Impact of session length

To answer RQ3, we plot the results of SR-IEMbasic, SR-

IEMimproved, CSRM and SR-GNN in terms of Recall@20

and MRR@20 under various session lengths on three

datasets in Fig. 4.

As for Recall@20, we can observe that with the session

length increasing, the performance of four methods on

three datasets consistently first increases and then shows an

overall downward trend. This could be explained that for

relatively short sessions, with the length increasing, more

information about user preference is brought by the inter-

acted items, making user’s intent detection more accurate.

However, when the length exceeds a threshold value (e.g.,

3 on the Yoochoose datasets and 2 on Diginetica), unrelated

items may be included because of user’s complex behavior

pattern. Moreover, the improvement of SR-IEMimproved

over other methods is more obvious for relatively short

lengths, especially on Yoochoose 1/64 and Yoochoose 1/4.

This can be explained that our importance extraction

module is effective on relatively short sessions, since

unrelated items in long sessions will increase the difficulty

for IEM to extract the item importance accurately.

For MRR@20, on Yoochoose 1/64 and Yoochoose 1/4,

different from the trend in terms of Recall@20, all models

display a consistent downward trend with the session

Table 3 Model performance in

terms of Recall@K and

MRR@K where K = 5 and 10

K Method Yoochoose 1/64 Yoochoose 1/4 Diginetica

Recall@K MRR@K Recall@K MRR@K Recall@K MRR@K

5 CSRM 45.75 27.17 45.51 26.84 25.95 14.39

SR-GNN 47.35 28.32 48.21 29.47 26.63 15.17

SR-IEM basic 48.05 29.26 48.44 29.37 27.09 15.18

SR-IEM improved 48.49 N 29.56 N 48.62 N 29.49 N 29.00 N 16.21 N

10 CSRM 58.88 28.94 59.27 28.68 37.88 15.97

SR-GNN 60.23 30.06 60.84 31.16 37.89 16.66

SR-IEM basic 60.76 30.97 61.18 31.08 38.79 16.70

SR-IEM improved 61.34 N 31.29 N 61.68 N 31.18 N 41.44 N 17.87 N

The results of the best performing baseline and the best performer when K = 5 and 10 in each column are

underlined and boldfaced, respectively. N denotes a significant improvement of SR-IEMimproved over the

best baseline using a paired t-test (p\ 0.01)

5 https://github.com/CRIPAC-DIG/SR-GNN.
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length increasing. This indicates that the negative impact

brought by the increasing of the session length is larger in

terms of MRR@20 than Recall@20. However on Digi-

netica, similar to the trend in terms of Recall@20, the

performance in terms of MRR@20 still goes up first then

decreases with the session length increasing. The differ-

ence of results between the Yoochoose datasets and Digi-

netica may be due to the fact that the distributions of

session lengths are different. As we can observe from

Fig. 3, the number of sessions drops sharply with the ses-

sion length increasing on the Yoochoose datasets while it is

more gently on Diginetica. It means that Yoochoose has a

larger proportion of sessions with length 1 than Diginetica,

leading to more training sessions with length 1 and a better

performance accordingly. In addition, we can observe that

the result gap between CSRM and other methods is

becoming larger when the session length increases, which

indicates that sequential recommenders are hard to model

the long sessions. It is consistent with the findings in

Sect. 2.2.

5.4 Analysis on importance extraction module

To answer RQ4, we replace IEM in SR-IEMbasic with two

alternatives and then compare the model performance in

terms of Recall@20 and MRR@20. The variants can be

denoted as follows:

SR-STAMP replaces IEM with an attention mechanism

proposed by [17] in our framework. Here, the last item and

the mixture of all items in the session are deemed as ‘‘key’’.

Specifically, given a session S ¼ fx1; x2; . . .; xtg, the

external memory is represented as ml ¼ 1
t

Pt
i¼1 xi, and the

last click is deemed as the short-term memory, i.e.,

ms ¼ xt. Then, the item importance is decided by both the

long- and short-term memories:

bi ¼ Wst
0 rðWst

1 xi þWst
2 ml þWst

3 ms þ bÞ; ð17Þ

where Wst
0 2 R1�d;Wst

1 ;W
st
2 ;W

st
3 2 Rd�d; b 2 Rd are the

trainable parameters (here st is short for STAMP), and r
indicates the sigmoid function.

SR-SAT utilizes a self-attention mechanism [25] to

distinguish the item importance as

Xsa ¼ softmaxðQ
saKsaT

ffiffiffi

d
p ÞVsa

Qsa ¼ Wsa
q X;K

sa ¼ Wsa
k X;V

sa ¼ Wsa
v X

8

<

:

; ð18Þ

where Wsa
q ;W

sa
k ;W

sa
v 2 Rd�d are the trainable parameters

(here sa is short for Self-Attention). We apply an average

pooling strategy [38] on Xsa, i.e., z ¼ 1
t

Pt
i¼1 x

sa
i , to gen-

erate the user preference.

The results are shown in Table 5, where we can observe

that SR-IEMbasic beats SR-STAMP and SR-SAT in terms

of both Recall@20 and MRR@20 on three datasets. And

SR-IEMimproved further improves the recommendation

accuracy on the basis of SR-IEMbasic. Moreover, compar-

ing SR-STAMP to SR-SAT, SR-SAT outperforms SR-

STAMP for all cases on three datasets. This could be due to

that SR-SAT can explore the contextual signal by modeling

the item-item relationship in the session, thus can help to

model user’s preference. However, SR-STAMP merely

relies on the last item and the mixture of all items to dis-

tinguish different items, and fails to estimate the impor-

tance of each item accurately. In addition, both SR-SAT

and SR-STAMP have difficulty in eliminating non-relevant

items, which results in a negative effect on capturing user’s

main intent. In contrast, our proposed IEM component can

accurately locate important items and assign relatively high

weights to them for user intent detection.

Furthermore, the improvement achieved by SR-

IEMimproved against the best variant SR-SAT in terms of

Recall@20 and MRR@20 is 1.85% and 3.28% on Yoo-

choose 1/64; 9.97% and 10.77% on Diginetica, respec-

tively. Here, a large improvement is achieved in terms of

MRR@20 on both two datasets. Differently on Yoochoose

1/4, the improvement in terms of Recall@20 (i.e., 1.99%)

is higher than MRR@20 (i.e., 0.24%). The difference may

be attributed to the size of the dataset. That is, the proposed

IEM component is able to rank target item at an early

position for cases with relatively few training data, while it

is more effective on hitting the target item on datasets of

relatively larger scale.

Table 4 Computational

complexity and time cost
Method Complexity Yoochoose 1/64 Yoochoose 1/4 Diginetica

Training Test Training Test Training Test

CSRM Oðtd2 þ dM þ d2Þ 9.02 6.23 8.66 6.26 7.16 4.90

SR-GNN Oðsðtd2 þ t3Þ þ d2Þ 6.01 2.66 6.18 2.74 4.99 2.54

SR-IEMbasic Oðt2d þ d2Þ 0.84 0.95 0.83 0.92 0.82 0.95

SR-IEMimproved Oðt2d þ d2Þ 1.00 1.00 1.00 1.00 1.00 1.00

The training and test time of SR-IEMimproved are set to 1 unit, respectively. Then, we can obtain the relative

time cost of each model against SR-IEMimproved
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(d)(c)

(b)(e)

Fig. 4 Model performance under varying session lengths
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5.5 Ablation study

To answer RQ5, we compare our proposal SR-IEMimproved

with four variants of SR-IEMimproved to verify the effec-

tiveness of each module in SR-IEMimproved:

– SR-IEM Short merely takes the recent interest obtained

by Eq. (8) in SR-IEMimproved as the user preference.

– SR-IEM Long merely regards the long-term preference

obtained by Eq. (7) in SR-IEMimproved as the user

preference.

– SR-IEM w=o½PE� removes the incorporatied position

embeddings (i.e., Eq. 6) from SR-IEMimproved.

– SR-IEM w=o½LN� removes the layer normalization which

is utilized for solving the long-tail problem in SR-

IEMimproved.

The results of the variants as well as SR-IEMimproved are

shown in Fig. 5.

First, as for the long- and short-term preference, from

Fig. 5, we can observe that comparing SR-IEMimproved to

SR-IEMShort and SR-IEMLong, SR-IEMimproved can gener-

ally outperform these two variants in terms of both metrics

on three datasets. This indicates that both the long- and

short-term preference can promote the recommendation

accuracy. However, SR-IEMimproved loses against SR-

IEMLong in terms of MRR@20 on Diginetica. This may be

due to that though the last clicked item can represent user’s

instant need, it may introduce bias in case the last item is

unrelated to user’s main purpose.

Next, comparing SR-IEMimproved to SR-IEMw=o½PE� and

SR-IEMw=o½LN�, we can observe that both the position

embeddings and the layer normalization can improve the

recommendation performance by incorporating sequential

signal and solving the long-tail problem, respectively.

Moreover, the long-tail problem has a higher impact than

the sequential information in SR-IEMimproved. Furthermore,

comparing the improvement brought by SR-IEMimproved

over SR-IEMw=o½PE� and SR-IEMw=o½LN�, we can find that

the improvement brought by either the layer normalization

or position embeddings is more obvious on Diginetica than

that on Yoochoose 1/64 and Yoochoose 1/4 in terms of both

metrics. This may due to two facts: one is that the number

of candidate items is relatively large on Diginetica, thus the

long-tail problem is serious. By solving the long-tail

problem using the layer normalization, a relatively large

improvement is achieved on Diginetica. The other fact is

that the average session length of three datasets is different,

where it is shorter on Diginetica than on the Yoochoose

Table 5 Model performance of

various importance extraction

methods used in our framework

on three datasets

Method Yoochoose 1/64 Yoochoose 1/4 Diginetica

Recall@20 MRR@20 Recall@20 MRR@20 Recall@20 MRR@20

SR-STAMP 70.02 30.80 70.51 31.24 50.37 16.79

SR-SAT 70.64 31.07 71.19 31.53 50.57 17.09

SR-IEMbasic 71.15 31.71 71.67 31.82 52.35 17.64

SR-IEMimproved 71.95 32.09 72.61 31.92 55.61 18.93

(a) (b)

Fig. 5 Results of ablation study on three datasets
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datasets as shown in Table 1. Through incorporating the

position embeddings, the sequential signal can be consid-

ered in the SR-IEMimproved model. However, it is relatively

hard for long sessions to take the sequential information

into consideration, which makes the improvement rela-

tively low on the Yoochoose datasets.

5.6 Case study

In order to answer RQ6, as plotted in Fig. 6, we randomly

select some example sessions from Yoochoose 1/64 to

intuitively show the effect of the importance extraction

module (IEM). Here, the number on the left of each session

is the session ID. And a darker color of the block means

that the attention weight (calculated by Eq. 5) is larger,

which means that the item contributes relatively more to

capturing user’s main intent. From Fig. 6, we can get the

following conclusions:

(1) The item importance does not strictly obey an

increased trend according to the sequential order,

e.g., recent items may have relatively low impor-

tance. In fact, in some sessions, such as session 2232

and 32,323, the former items also have a large

importance. However, the IEM component can

locate the important items accurately wherever they

are.

(2) The last item contributes much to the modeling of

user preference, since it can represent user’s recent

interest. However, not all sessions obey this rule, for

example, session 37,891. This indicates that the last

item may be an unrelated item. For such cases, the

recommendations need to rely on the long-term

preference. This indicates the necessity of combining

the long- and short-term interests within current

session.

(3) For a relatively long session such as session 26,531,

the user’s interest may migrate because of user’s

uncertain behavior, making the user preference hard

to capture. This is corresponding to the experimental

results in Sect. 5.3.

6 Conclusions and future work

We propose an Importance Extraction Module for Session-

based Recommendation (SR-IEM improved), which incor-

porates user’s long-term preference and current interest for

item recommendations. We modify the self-attention

mechanism to estimate the item importance for generating

the long-term preference in the session. Specifically, we

discriminatively combine the representation of the items,

which are generated by adding the position embeddings to

the item embeddings. Then, the long-term interest is

combined with user’s current interest released by the last

item for producing the item predictions, where a normal-

ization layer is utilized to solve the serious long-tail

problem. Experimental results validate the superiority of

SR-IEMimproved over state-of-the-art methods in terms of

Recall and MRR for session-based recommendation at

relatively low time cost. In addition, the importance

extraction module (IEM) in our proposal can accurately

estimate the item importance and is particularly effective

on short sessions.

As to future work, we would like to evaluate SR-

IEMimproved on other datasets to further examine its

robustness. Moreover, we also have interest in introducing

multi behaviors [18] into session-based recommendation to

help identify user’s main intent in the ongoing session. In

addition, we plan to take the time span between items into

consideration when estimating the item importance.
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