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Abstract: Recent studies have shown that graph neural networks for session-based recommendation
systems typically recommend old items, making it difficult to recommend new items to users, leading
to the phenomenon of the “information cocoon”. To address this issue, this paper introduces a
Multi-Factor Disentangled Graph Neural Network for Session-Based New Item Recommendation
(MFD-GNN), which considers both the embedding of new items and user intent from a multi-
factor perspective. First, item embeddings from sessions are generated across multiple factors
using a disentangled network. By leveraging item classification and attribute information, new item
embeddings are inferred through zero-shot learning. Attention weights are assigned to each factor
to capture user intent across different factors, enabling reasonable recommendations for new items.
Experiments are conducted on two publicly available datasets, and the results are compared with those
of leading recommendation models. The findings demonstrate that the proposed method surpasses
current models in performance. These experimental outcomes confirm the approach’s effectiveness
and its advantages over existing methods.
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1. Introduction

Recommendation systems are key tools for managing information overload and personalizing user
experiences [1]. They are extensively used in areas like e-commerce, streaming services, and social
media [2], providing personalized suggestions by analyzing user interests and behaviors [3].
Session-based recommendation (SBR) is a common task in recommendation systems [4]. SBR aims
to offer personalized recommendations by analyzing the real-time behavior sequences of users during
their interactions with the system. It is a technique that dynamically generates recommendation lists
based on the user’s current session behavior [5]. Initially, session-based recommender systems (SBR)
relied on Markov chain models [6] and frequent sequential patterns [7] for predictions. Although
these methods were effective, they had limitations, including high computational costs and challenges
in capturing long-term dependencies [8]. With the rise of deep learning, recurrent neural networks
(RNNs) began to be applied to SBR. The GRU4Rec [9] model, for instance, used gated recurrent
units to capture the sequential features of user interaction data. However, RNNs face limitations when
handling short-term user interactions, thus hindering the accurate representation of user
preferences [10].

The use of Graph Neural Networks (GNN) in session-based recommendation systems has attracted
growing interest due to their ability to capture the intricate transition relationships between items in a
session [11]. By modeling sessions as graph structures, GNN methods represent items as nodes and
transitions between them as edges, allowing for a more effective understanding of user behavior
patterns and preferences. Currently, models such as SR-GNN [12], GCE-GNN [4], and GCSAN [13]
have constructed historical session graphs and utilized GNNs to learn user intent and item
representations, thereby predicting the probability of user preference for items [14]. These methods
solve the problem of traditional recommender systems failing to effectively model the complex
relationships within sessions, significantly improving recommendation performance [15].

However, Graph Neural Networks (GNNs) learn item and user intent representations based on
historical session graphs to compute user-item matching scores. As a result, this approach may result
in a higher probability of old items, which have already appeared in previous sessions, being
recommended in the next interaction, while items that have not been encountered in historical
sessions (new items) are less likely to be suggested. As shown in Figure 1, in the session shown in (a),
old items v1, v2, v3, and v4 receive higher recommendation scores, while the new items v5 and v6

receive a lower score. This occurs because new items do not have prior interaction data, which makes
it challenging for the neural network to capture their relevant features accurately. As a result,
recommending new items to users becomes challenging, potentially leading to reduced user
engagement and the emergence of the “information cocoon”. To address this issue, NirGNN proposed
a new challenge called ‘GNN-based Session-based New Item Recommendation (GSNIR)’ [16], and
introduced a new session-based method for new item recommendation. NirGNN utilizes a dual-intent
network that learns the user’s decision-making process using a soft attention mechanism and a
β-distribution mechanism. It also uses zero-shot learning to infer the new item embeddings based on
item attributes. However, the overall item embedding method adopted by NirGNN has a fundamental
defect of “semantic entanglement”. The features of different aspects are compressed into an
uninterpretable vector, which not only leads to poor interpretability, but more importantly, the
preferences of different aspects will interfere with and cancel each other when calculating the
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user-item matching degree. Secondly, NirGNN only relies on attributes for inference, which faces the
risk of “embedding collision”. In real-world scenarios, different items may share the same attribute
values, and the inference mechanism of NirGNN will map them to the same embedding vector,
resulting in the model being unable to distinguish them, seriously damaging the recommendation
accuracy.

Figure 1. In (a), the session is v1 → v2 → v3 → v1 → v4, and the new items are v5, v6; in (b),
the session is v1 → v2 → v3 → v1, and the new items are v4, v5, v6.

To address the issues mentioned above, we propose a multi-factor disentangled network model. To
solve the first problem, we consider that users may have different levels of attention to various factors
of an item. Thus, we use a decoupling network to split the item embedding into several chunks, where
each chunk represents the embedding of the item under a different factor. Additionally, we employ a
distance function to ensure the independence between factors. We also assign attention weights to
each factor and use aggregation operations to capture the user’s intent across different factors. For the
second problem, we utilize the classification and attribute information of items to infer new item
embeddings based on zero-shot learning theory. This approach increases item diversity and helps
reduce the situation where different candidate items (new items) have the same embeddings.
Meanwhile, we apply a factor-wise zero-shot learning method to learn embeddings of candidate items
under different factors, which together form a complete representation of the new item. By leveraging
the user intent learned across multiple factors and the new item embeddings, we can recommend new
items. The key contributions of this paper can be summarized as follows:

• This paper employs a decoupled network to consider item embeddings at a finer granularity. Each
item is represented by embeddings across multiple factors, and user attention to these factors is
captured through aggregation operations. This allows us to generate factor-specific embeddings
for new items, facilitating more accurate new item recommendations.

• This paper uses item classification and attribute information as auxiliary data and applies
zero-shot learning approaches to derive the embeddings of new items. This approach reduces
embedding redundancy for new items and enhances the diversity of their embeddings.

• This paper performs comprehensive experiments on two conversational new item
recommendation datasets and evaluates our model against state-of-the-art methods. The results
highlight the advantages of our model.
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2. Related work

2.1. Recommender systems

Session-based recommender systems focus on providing personalized recommendations within a
single user interaction [3]. Session-based recommendation predicts the next item by considering the
sequence of user interactions, combining Markov chain and neural network models, such as
GRU4Rec [9], to improve recommendation accuracy. In addition, graph neural networks have also
been applied to SBR, such as SR-GNN [12] and GCE-GNN [4], to capture complex inter-item
relationships. In order to enhance the interpretability of the final recommendation, KCLM [17]
innovatively combines the session recommendation with the keyword generation task. The model
aligns the recommendation results with the generated keywords through comparative learning,
thereby improving the accuracy of the recommendation and the interpretability of the
decision-making process. Furthermore, KAMVG [18] takes advantage of richer attributes and
keyword side information and constructs a multi-view graph neural network to simulate the
session-item relationship so as to learn multiple user intentions. These studies strongly prove the
effectiveness of introducing side information (such as keywords and attributes) and multi-level user
intents for understanding complex user intents and improving recommendation performance. Inspired
by the ideas of “multi-intention learning” and “using auxiliary information”, we propose to use
multi-factor decoupling to learn multi-user intentions in new item recommendation. At the same time,
we use auxiliary information (hierarchical classification and attribute) as a bridge to learn multi-factor
embedding representations of new items in zero-shot learning, aiming to achieve more accurate new
item recommendations.

2.2. Disentangled representation learning

Disentangled representation learning is a machine learning method with the goal of separating
potentially independent factors from complex data to obtain a clearer and more interpretable
representation [19]. This method has received extensive attention in fields such as image and text
representation learning [20] and has shown its unique value in the field of recommendation systems,
especially in simulating users’ diverse recommendation intentions [21]. DGNN [22] has studied the
diversity of users’ intentions on items, and proposed a model based on a graph convolutional network.
The distance correlation method is used to enhance the independence of different intentions in
embedding learning so as to more effectively capture the different motives and preferences of users
when adopting items. DMICF [23] proposed a dual-view decoupling multi-intent recommendation
model, which integrates structural context from the perspective of users and items. Fine-grained intent
alignment is enhanced by a dual-view fusion design and an intention-aware scoring mechanism.
DMICF focuses on multi-intention mining in general recommendation scenarios, while in the new
item recommendation system, we innovatively introduce the disentangled representation learning
technique. On this basis, the factor-level zero-shot reasoning is innovatively implemented, which
specifically solves the cold start problem of new items and opens up a new technical path.
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2.3. Zero-shot learning

Zero-shot learning is a technique that enables machine learning models to recognize and process
categories unseen in the training phase and to transfer cross-category information through attribute or
semantic description [24]. Zero-shot learning has been widely used in computer vision, natural
language processing, and graph neural networks and can simulate human recognition ability for new
things [25]. NirGNN [16] first introduced zero-shot learning into session recommendation to
recommend new items to users and obtained the inferred item embedding by using the attribute
information of the items. However, there may be two different candidate items with the same
attributes when inferencing only based on the attribute information. In this case, the inferred item
embeddings may be the same, which may affect the recommendation results. Discovering and
utilizing diverse data is the core of auxiliary information-driven session recommendation [26].
Therefore, we propose to integrate the attribute information and category information of items to
jointly shape the embedding vector of new items. This comprehensive embedding strategy allows us
to capture the multi-dimensional features of items more comprehensively. At the same time, the
high-level information provided by the classification information is used to enhance the
discrimination of item features.

3. Materials and methods

The user’s anonymous historical session S = [v1, v2, ..., vn] consists of items (old items) that the user
has interacted with previously. Historical sessions are modeled as a directed session graph G = (V, E),
where (vi, v j) ∈ E indicates that the user chose to interact with item v j after interacting with item
vi . Suppose there is a set of new items, denoted as C = [c1, c2, ..., cm] . The goal of GSNIR is
to design a GNN-based model to recommend new items to users in a reasonable way. Specifically,
the GNN-based new item recommendation model captures user preferences via the session graph.
As the GNN cannot directly learn embeddings for new items, these models often leverage auxiliary
information to generate simulated embeddings for such items, recommending the top-k highest-scoring
new items from the candidate set to users. Each item has its corresponding classification and attribute
information. For instance, in a food recommendation system, cola could be classified into three levels:
‘Beverages’, ‘Bottled Beverages’, and ‘Carbonated Beverages’, while the attribute information for cola
could include brand and price. For an item vi, we use ai and ti to denote its attribute information and
classification information, respectively. For a new item ci, we use ac,i and tc,i to denote its attribute and
classification information.

3.1. Our model

The model we proposed is shown in Figure 2. In part (a), the session items are passed through a
disentangled network to obtain the embeddings of the items under multiple factors. This study uses
multiple GGNN networks to separately learn the representations of the items under each factor and
employs a distance function to ensure the independence between factors. In part (b), this study
considers the embedding of new items from a multi-factor perspective while utilizing both
classification and attribute information to jointly infer the embedding of the new item, which can
increase the diversity of new item embeddings to some extent. Part (c) focuses on user intent learning
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and prediction. The study assigns attention weights to each factor of the items, and uses an
aggregation operation to capture the user’s preferences across various factors, then combines it with
the embeddings of the new item under various factors to compute the recommendation score.

Figure 2. The overall framework of the proposed MFD-GNN.

3.2. Initialization

Due to the diversity of user intent when clicking on an item, which is influenced by various factors
of the target item, we divide the embedding of each item into K chunks. Each chunk represents the
embedding of the item under a specific factor, while ensuring the independence of these factors from
each other. Formally, for a session S = [v1, v2, ..., vn], the embedding of item vi is represented as
ei ∈ R d, and the entire session is represented as Es = [e1, e2, ..., en]. The item embedding ei is composed
of K factor blocks, denoted as ei =

[
hi,1, hi,2, ..., hi,K

]
∈ R

d
K , where the embedding calculation process

for each factor block is given by [27]:

hi,k =
σ(WT

k · ei) + bk

||σ(WT
k · ei) + bk||2

, (3.1)

Wk ∈ R d× d
K and bk ∈ R

d
K are the parameters of the k-th factor block. σ denotes a nonlinear activation

function. L2 regularization is used to avoid overfitting. The initial session embedding is denoted as
E(0)

s =
[
e(0)

1 , e
(0)
2 , . . . , e

(0)
n

]
, where e(0)

i =
[
h(0)

i,1 , h
(0)
i,2 , . . . , h

(0)
i,K

]
∈ R

d
K . To measure the degree of association

between different items on a specific factor, we establish a similarity matrix based on factors.
Specifically, for session S , the k-th factor embedding of each item is initialized as
hs,k =

[
h(0)

1,k, h
(0)
2,k, . . . , h

(0)
n,k

]
, and the similarity between two adjacent items vi and v j is calculated as:

wk
i, j = hT

i,k × h j,k, (3.2)

where hi,k, h j,k ∈ R
d
K represents the embeddings of the i-th and j-th interacted items in the session on

the k-th factor, respectively. wk
i, j represents the similarity score between items vi and v j on factor k. We
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treat the similarity between items as the weight of the edge, and then normalize the similarity scores
for the outgoing and incoming edges of each item node as follows:

ŵk
i, j =

wk
i, j∑No

i

j′∈No
i

wk
i, j′

, (3.3)

where No
i is the set of outgoing neighbors of item vi. The in-degree matrix Ain

s,k and out-degree matrix
Aout

s,k are constructed by using the normalized similarity scores between the item and its neighboring
items.

3.3. Multi-factor disentangled network

In the previous sections, we divided the item embeddings into K components and computed the
factor-based similarity matrix. Unlike traditional methods, this study learns item embeddings based
on the relationships of items across different factors. The factor-based similarity matrix is input into a
disentangled network, where a multi-layer gated graph neural network (GGNN) is used to learn the
embedding representation of each item under different factors. Additionally, this study employs a
distance-based correlation function to ensure the learned factors maintain independence from each
other. The model uses T layers of GGNN and considers K factors. We use t (1 ≤ t ≤ T ) to represent
the t-th layer of GGNN and k (1 ≤ k ≤ K) to represent the k-th factor. In the following equation, we
take the propagation of factor embeddings in the t-th layer of GGNN as an example [21]:

at
i,k = Concat

(
Hinht−1

s,k

(
Ain

s,k,i:

)T
+ bin,

Houtht−1
s,k

(
Aout

s,k,i:

)T
+ bout

)
, (3.4)

zt
i,k = σ

(
Wzat

i,k + Uzht−1
i,k

)
, (3.5)

rt
i,k = σ

(
Wrat

i,k + Urht−1
i,k

)
, (3.6)

h̃t
i,k = tanh

(
Woat

i,k + Uo

(
rt

i,k ⊙ ht−1
i,k

))
, (3.7)

ht
i,k =
(
1 − zt

i,k

)
⊙ ht−1

i,k + zt
i,k ⊙ h̃t

i,k, (3.8)

Here, Ain
s,k,i and Aout

s,k,i are the i-th row of the similarity matrices Ain
s,k and Aout

s,k , respectively. Hin,Hout ∈

R
d
K ×

d
K represents the weight matrix to be learned. ht−1

s,k =
[
ht−1

1,k , h
t−1
2,k , ..., h

t−1
n,k

]
denotes the output of the

(t − 1)-th layer of the GGNN, which represents the k-th factor embedding of all items in the session.
Zt

i,k and rt
i,k are the update gate and reset gate; σ is the sigmoid activation function; ⊙ denotes element-

wise multiplication. After passing through all GGNN layers, the embedding of item vi is obtained as
eT

i =
[
hT

i,1, h
T
i,2, ..., h

T
i,K

]
. For ease of representation, we denote ei =

[
hi,1, hi,2, ..., hi,K

]
as the final learned
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item embedding. To ensure the independence among latent factors, the model employs a distance
correlation function as a regularization term:

Ldec1 =

K∑
k=1

K∑
k′=k+1

dCor
(
hs,k, hs,k′

)
, (3.9)

here, Hs,k =
[
h1,k, h2,k, ..., hn,k

]
represents the representation of each item in session S under the k-th

factor. The distance correlation function is denoted as dCor( · ), which is expressed as:

dCor
(
hs,k, hs,k′

)
=

dCov
(
hs,k, hs,k′

)√
dVar

(
hs,k
)
· dVar

(
hs,k′
) , (3.10)

In the formula, dCov( · ) denotes the distance covariance between two matrices, and dVar( · ) denotes
the distance covariance of the matrix itself.

3.4. User intent learning

In previous approaches, item embeddings were represented as a single holistic embedding. In
contrast, this study represents items through embeddings of K distinct factors, thus requiring the
learning of user intents for each factor separately. To achieve this objective, the proposed method
assigns attention weights to each factor of the items and employs an aggregation operation to capture
user intents across different factors. Additionally, since the last item interacted with by the user can
reflect their local intent, this work combines the local intent with the global intent inferred from the
entire session to derive the user’s comprehensive intent. We can see the detailed network structure in
Figure 3.

Figure 3. User intent learning network.

The specific operations are as follows: Let the final learned embedding of item vi be
ei =

[
hi,1, hi,2, ..., hi,K

]
. For a session S = [v1, v2, ..., vn], the embedding of the last item en reflects the

local intent Il, i.e., Il = en. The global intent is obtained by aggregating all items in the session. Let
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the global intent be Ig =
[
Ig,1, Ig,2, ...Ig,K

]
, where Ig,k denotes the user’s global intent on the k-th factor.

The computation method is defined as:

Ig,k =

n∑
i=1

αi,khi,k, (3.11)

in the formula, ai,k represents the attention weight of item vi on the k-th factor. The calculation method
is as follows:

αi,k = q⊤σ
(
W1hn,k +W2hi,k + b

)
, (3.12)

W1,W2 ∈ R
d
K ×

d
K , are the attention parameters that need to be learned by the neural network. The local

intent and global intent are linearly transformed to obtain the final user intent representation. The user’s
intent across the k-th factors is calculated as follows:

Ih,k =W3

[
Il,k; Ig,k

]
, (3.13)

W3 ∈ R
d
K ×

2d
K is a transformation matrix, and Ih =

[
Ih,1, Ih,2, ...Ih,K

]
represents the user’s final intent

representation.

3.5. New item reasoning network

As new items are absent from historical sessions, embeddings derived only from encoding their
IDs do not effectively capture their true representation. Based on zero-shot learning theory, we infer
the embeddings of new items using their category and attribute information. Given a new item ci with
attribute information ac,i and category information tc,i, we train a spatial transformation function θ to
project these auxiliary features into the item embedding space. Specifically, leveraging the learned
embeddings of existing items ei =

[
hi,1, hi,2, ..., hi,K

]
, along with their attribute information ai and

category information ti, the auxiliary information of an item is represented as pi:

pi = W4 [ai; ti] , (3.14)

here, W4 ∈ Rd×2d . Using the auxiliary information pi of existing item vi, we derive the inferred
embeddings e∗i =

[
h∗i,1, h

∗
i,2, ..., h

∗
i,K

]
through K distinct spatial transformation functions θ. Taking the

k-th factor as an example, the inferred embedding h∗i,k is computed as h∗i,k = θk (pi). To ensure the
inferred embeddings align closely with the true embeddings, we minimize the distance between them
via a loss function:

Ldec2
(
ei, e∗i
)
= MS E

(
ei, e∗i
)
, (3.15)

where MSE( · ) denotes the mean squared error. Based on the auxiliary information of items, the
transformation function is used to infer the embeddings of new items. Taking the new item ci as an
example, its embedding is ci =

[
ci,1, ci,2, ..., ci,K

]
, where ci,k = θk

(
pc,i
)

represents the embedding of the
new item under the k-th factor, and pc,i denotes the auxiliary information of the new item ci.
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3.6. Prediction

After obtaining the user intent and the embeddings of new items, we calculate the recommendation
score for each new item as follows:

ẑi = softmax(Ih
⊤ · ci) = softmax(

K∑
k=1

Ih,k
⊤ · ci,k), (3.16)

where Ih and ci represent the user intent embedding and the embedding of the new item, respectively.
We aggregate similarities between the user’s intent on each factor and the new item’s embedding on
the corresponding factor. The difference between the predicted scores for new items and the actual
interactions is quantified using the Cross-Entropy loss function. (Lce). The final total loss combines
Lce, Ldce1 and Ldce2:

L =Lce

(
Z, Ẑ
)
+ λ1Ldec1 + λ2

 n∑
i=1

Ldec2 (vi, θ(pi))

 , (3.17)

Here, Z denotes the true labels, and Ẑ represents the predicted recommendation scores for all new
items. Ldce1 is the disentangled learning regularization loss, while Ldce2 is used to measure the learning
ability of the new item embedding network. λ1 and λ2 are used to balance the ratio between Ldce1 and
Ldce2 . Since Lce(CrossEntropy loss) serves as the primary recommendation learning loss, this study
does not assign an additional weight to it.

4. Results

In this experiment, the MFD-GNN model was implemented using PyTorch. All experiments were
performed on an NVIDIA RTX 1650 GPU. Through grid search key super parameters in the model,
in particular, we explore within set [32, 64, 128, 256] the best embedding dimension, in a set
[0.1, 0.05, 0.01, 0.005, 0.001] in vector to find the best, For GGNN levels we look for the best case in
the set [1, 2, 3, 4, 5] . The final setting is as follows: embedding dimension d=128; Training bath
size=100; Adam optimizer was used with an initial learning rate of 0.005 and a learning rate decay
strategy. The number of GGNN layers is three.

4.1. Datasets and metrics

We utilized two datasets provided by prior research: Amazon G&GF and Cell Phones and
Accessories (CellPhones). Both datasets are subsets of the Amazon dataset and include user-item
interaction sessions, attribute information of items, and hierarchical category information. The
detailed information of the dataset is shown in Table 1.

We adopt MRR (Mean Reciprocal Rank) and precision, two metrics widely used in session-based
recommendation. Specifically, P@10 and P@20 measure the accuracy of new item recommendations,
while MRR is a performance evaluation metric commonly used for recommendation and information
retrieval systems. It computes the average of the reciprocal ranks of the correct items over a set of
queries.
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Table 1. Dataset statistics.

Dataset Amazon G&GF CellPhones
items 18,889 13,672
taxonomy 1,350 40
attributes 7,077 2,948
sessions 89,771 123,602
Avg length 8,394 3,677

4.2. Evaluation results

4.2.1. Comparison of models

SR-GNN [12] constructs a graph of item transitions within sessions and uses a graph neural
network (GNN) to capture dynamic user interests through node embeddings. However, it struggles to
recommend new items that lack interaction history.

GCE-GNN [4] builds on this by enhancing the architecture with graph-level contrastive learning,
improving recommendation accuracy and robustness. Yet, it still faces difficulties in recommending
unseen items, as it heavily relies on historical interaction data.

COTREC [28] employs a transformer-based approach with self-attention mechanisms to capture
long-range dependencies and session contexts, introducing context-overlapping techniques for better
recommendation quality. Despite these improvements, it still faces challenges in recommending new
items, with low recommendation probabilities, much like the issues seen in SR-GNN and GCE-GNN.

LS-TGNN [29] adopts a novel temporal session graph to aggregate neighborhood information,
introduces an item-granularity method to distinguish long-term and short-term interests, and models
the long-term and short-term interests of users through long-term and short-term encoders.

NirGNN [16] is the first GNN-based model specifically designed for new item recommendation. It
proposes a dual-intent learning framework, introducing a category tree for each item and determining
user intent directions via attention mechanisms and temporal distributions over category data.
NirGNN pioneers zero-shot learning in session-based recommendation, inferring embeddings for
unseen items using attribute information to enable new item recommendations. However, NirGNN’s
reliance solely on attributes may fail when distinct items share identical attributes, and its simplistic
embedding generation approach limits recommendation accuracy.

TSGNN [30], on the basis of NirGNN, TSGNN further considers the time sensitivity, proposes
a time sensitivity graph enhanced network, fully expresses the time relationship between items, and
analyzes the time sensitivity weight coefficient, which is a further improvement of NirGNN.

This experiment compares MFD-GNN with five advanced session-based GNN recommendation
methods. Table 2 shows the detailed experimental results. It is evident that MFD-GNN achieves
significant improvements compared to the baseline. Compared to the SOTA baseline TSGNN, our
method shows improvements in all metrics on the Amazon G&GF dataset, with a 6.36% increase in
P@20, a 6.21% improvement in P@10, and a 6.89% and 7.89% increase in MRR@20 and MRR@10,
respectively. In addition, on the CellPhones dataset, MFD-GNN outperforms NirGNN by 4.07% in
P@20, 8.55% in P@10, 4.83% in MRR@20, and 3.50% in MRR@10, fully validating the superiority
of MFD-GNN.
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Table 2. Experiments on CellPhones and Amazon G&GF. ”*” indicates the statistically
significant improvements (i.e., two-sided t-test with p < 0.05) over the best baseline.

Methods Amazon G&GF CellPhones

P@20 P@10 MRR@20 MRR@10 P@20 P@10 MRR@20 MRR@10
SR-GNN 1.438 0.086 0.38 0.35 1.89 1.22 0.54 0.44
GCE-GNN 1.85 1.25 0.58 0.51 1.83 1.16 0.57 0.52
COTREC 2.41 1.078 0.65 0.61 2.35 1.23 0.58 0.53
LS-TGNN 2.48 1.72 0.79 0.68 2.62 1.40 0.60 0.55
NirGNN 2.44 1.75 0.85 0.74 2.63 1.43 0.61 0.56
TSGNN 2.67 1.93 0.87 0.76 2.70 1.52 0.62 0.57
MFD-GNN(ours) 2.84* 2.05* 0.93* 0.82* 2.81* 1.65* 0.65* 0.59*
Improve(%) 6.36% 6.21% 6.89% 7.89% 4.07% 8.55% 4.83% 3.50%

4.2.2. Ablation study

We performed ablation experiments to evaluate the contribution and effectiveness of each
component in our proposed model. Based on the original MFD-GNN model, we built three variants:
MFD-GNN-io, MFD-GNN-attr, and MFD-GNN-tax. Figure 4 shows the experimental results of
MFD-GNN and its three variants on Amazon G&GF and CellPhones. It is clearly evident that, across
four metrics, the prediction accuracy of all three variants is lower than that of the original MFD-GNN
model.

Figure 4. Ablation study on Amazon G&GF and CellPhones.

Specifically, the MFD-GNN-attr and MFD-GNN-tax variants use attribute and category
information, respectively, to infer new item embeddings. However, it is inevitable that different items
may share the same attribute or category information. In such cases, the inferred new item
embeddings might be identical, resulting in a reduction in recommendation accuracy. This proves that
jointly using both attribute and category information as auxiliary data can better infer new item
embeddings. On the other hand, MFD-GNN-io replaces the factor-based similarity matrix with the
original adjacency matrix. This means that, when calculating the original item embeddings, it cannot
consider the neighbor relationships on each factor, leading to a drop in model performance.

We utilize the Friedman test to evaluate the robustness of the MFD-GNN model on two datasets
and four metrics [31]. Due to the limitation of the number of cases, considering that a small number
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of cases may lead to insufficient test power. Here, we will no longer analyze the ranking of variants
on each indicator separately but integrate them, and the variant method with the best performance is
assigned rank 1, and so on. Table 3 shows the average ranking of MFD-GNN and its three variants,
which is calculated as follows: Ri =

1
n

∑
Rk. Where n=8 is the number of cases and k=4 is the number

of methods. The Friedman test (significance level a=0.05) was performed based on the average ranking
of the four methods as follows:

X2
F =

12n
i(i + 1)

∑
j=1

R2
j −

i(i + 1)2

4

 , (4.1)

The test results show that the X2
F statistic is 22.2 (degrees of freedom = 3), which is much larger

than the critical value X2
0.05,3 (7.815) at the 0.05 significance level, and the p-value is 5.7e-10, much less

than 0.05, so the null hypothesis is rejected. The above results show that the difference in performance
between different model variants is statistically significant. According to the average rank ranking, the
average rank of MFD-GNN is significantly lower than that of other variants, which indicates that MFD-
GNN exhibits the best performance and the strongest robustness across datasets and across evaluation
metrics.

Table 3. The average rank of different variant methods.

Method MFD-GNN-io MFD-GNN-attr MFD-GNN-tax MFD-GNN
Average rank 4.00 2.25 2.75 1.00

4.2.3. Parameter sensitivity

(1) The impact of parameter K.
We first conducted a sensitivity experiment on the number of factors, K. We performed

experiments on the Amazon G&GF dataset, keeping the item embedding dimension d fixed at 80,
while progressively modifying the value of K, with each factor embedding having a dimension of d/K.
In Figure 5. It can be observed that for the P@20, MRR@20, and MRR@10 metrics, the prediction
accuracy is highest when the number of factors is 5. For P@10, the prediction accuracy is also close
to the peak when the number of factors is 5. Overall, as the number of factors increases, model
performance shows an upward trend, reaching a peak before starting to decline. This indicates that it
is necessary to consider items from a multi-factor perspective. However, as the number of factors
increases, the performance starts to deteriorate. This may be due to the fixed item embedding
dimension d; as the number of factors increases, the dimension of each factor embedding decreases,
which limits the representational capacity of the factor embeddings.

(2) The Impact of Parameter λ.
Next, we conducted a sensitivity analysis on the hyperparameter λ. Since the final loss function is

made up of the prediction loss (Lce), the factor independence loss (Ldce1), and the zero-shot learning
loss (Ldce2). We investigated the impact of λ on two datasets. We need to adjust the value of λ to
achieve the best model performance. We studied its impact on two datasets. The experimental results
are shown in Figure 6, where λ1 and λ2 take values of 0.1, 0.3, 0.5, 0.7, and 0.9. It is clearly observed
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that the model performs best when λ1 and λ2 are around 0.5, where the weights of decoupled learning
regularization loss and new task embedding learning loss are balanced. This indicates that both parts
of the loss contribute to the model performance to a certain extent.

Figure 5. The Impact of Parameter K.

Figure 6. Impact of Parameter λ1 and λ2.

5. Conclusions

This paper proposes a disentangled network for session-based new item recommendation. By
decoupling items into representations under different factors, we can better learn item embeddings
and user intent. For item embeddings, we learn the embeddings of items under different factors using
factor-based similarity matrices and aggregate the user’s intent across these factors. The importance
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of the last interacted item is also emphasized. Finally, the inferred embeddings of the new item under
each factor are generated based on auxiliary information of the new item, which is then used to
predict the recommendation for the new item to the user. We tested on two datasets, and the results
demonstrate the effectiveness of MFD-GNN. Looking ahead, our goal is to enhance the inference
method for new item embeddings and further improve the understanding of user intent across various
factors.
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