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Abstract. As the number of services has increased dramatically in recent years,
it has become a challenge to provide users with high quality services. At present,
the collaborative filtering technology based on graph neural network has achieved
good results in service recommendation. However, these methods ignore the influ-
ence of negative sample neighbor nodes. Therefore, we propose a service recom-
mendation method based on negative sampling, which uses the information of
neighbor nodes of non-interacted services to generate negative samples to improve
the recommendation accuracy. In this method, firstly, we construct the dataset for
training based on the interaction records between users and services; second, we
use the interpolation mixing technique to pollute the negative samples, and gener-
ate synthetic hard negative samples by fusing the negative samples selected by the
hard negative selection strategy through the pooling operation; then, the samples
are used in GNN-based recommender systems to obtain more accurate user and
service embedding representations; next, calculate the inner product score embed-
ded by the user and the service, and recommend high inner product score services
to user. Finally, experiments were conducted on three real datasets, Shopify, Pro-
grammable, and 360Apps, and the experimental results demonstrate that the pro-
posed method can achieve better recommendation results such as average relative
increase of 30% for LightGCN and 8% for NGCF in terms of NDCG @20.

Keywords: Service recommendation - Negative sampling - Graph neural
networks

1 Introduction

With the rapid development of technologies such as the internet of things and cloud
computing, the number and types of services continue to increase, bringing convenience
and information overload to users. It is difficult for users to select the desirable services
for them. Therefore, how to select the satisfying services from numerous services and
make personalized service recommendations has become a major challenge.
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According to our survey, collaborative filtering-based recommender systems perform
better in addressing the above challenges [1]. It recommends items to users according
to the preferences of groups with common interests. At present, model-based collabo-
rative filtering is the most popular, and it predicts users’ ratings of non-interacted items
from their interaction data and recommend highly-rated items to users. For example,
collaborative filtering based on matrix factorization [2] is a typical method of model-
based collaborative filtering, which decomposes the user-item interaction matrix into a
user matrix and an item matrix, and then uses the product of the user matrix and the
item matrix as the user’s rating for the item. Moreover, collaborative filtering based on
neural networks [3], which learns a score function from hidden feedback information
through neural networks. In order to provide more accurate recommendations to users,
some researchers consider modeling the user-item graph structure and utilize the idea of
recursively aggregating neighbor information in GNNss to obtain the final embedding of
the target node. Currently, NGCF [4] and LightGCN [5] have achieved better results in
this work. In general, GNN-based recommender systems first aggregate and propagate
neighborhood information through an embedding aggregation layer and an embedding
propagation layer, and then obtain the final embedding of users (items) through pooling
operations. Finally, the inner product score is used to predict the user’s preference for
the item. It is generally believed that users prefer interacted items (positive samples) to
non-interacted items (negative samples). Taking the classic BPR loss [6] as an example,
for each user and each positive sample, we select one of the items that the user has not
interact with as a negative sample.

Negative samples largely affect the performance of GNN-based recommender sys-
tems. A good negative sampling method can not only improve the calculation efficiency
of the model, but also enhance the training effect of the model. Typically, negative
sampling uses a uniform distribution [6, 7]. In order to improve the quality of nega-
tive samples, some researchers consider using the user’s score on the negative samples
during model training [8, 9], and use the negative samples with high scores as negative
samples. Others researchers consider using GAN to select negative samples [10, 11],
but the model is too complicated, the training effect is not good, and the application sce-
narios are not widely used. Another researcher considers negative sampling combined
with graph structure information. For example, PinSage [12] uses PageRank score to
select hard negative examples based on the random walk strategy. MCNs [13] proposes
to sample negative samples according to an approximate distribution of positive sam-
ples, and accelerates negative sampling by Metropolis-Hastings. However, they only
consider negative sampling from the perspective of discrete space, ignoring the process
of neighborhood aggregation in GNNSs.

Inspired by the work of Huang et al. [14], We consider combining the user-item
graph structure with a GNN-based aggregation process to synthesize hard negative sam-
ples, and propose a negative sampling-based service recommendation method (NSSR).
Specifically, the method uses interpolation mixing technology to pollute the negative
samples, and fuses the negative samples selected by the hard negative selection strategy
through the pooling operation to generate synthetic hard negative samples, which are
used in the GNN-based recommendation system. Thus, a more accu rate embedded rep-
resentation of users and services can be obtained, and finally services are recommended
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through the inner product of users and services. In summary, the contributions of this
paper are as follows:

e This paper proposes a negative sampling-based service recommendation method. The
method utilizes the information of non-interacted service’s neighbor nodes to generate
hard negative samples, and the samples is used for the training of the recommenda-
tion system based on graph neural network, which improve the accuracy of service
recommendation.

e We inject the information of the interactive services into the negative samples to make
the negative samples closer to the positive samples, and use the pooling operation to
fuse the information of the hard negative samples of different layers to synthesize
high-quality hard negative samples, and improve the recommendation model’s ability
to distinguish between positive and negative samples.

e We conduct corresponding experiments on the proposed method on real datasets from
Kaggle. The experimental results verify the effectiveness of the service recommen-
dation method proposed in this paper, which can better improve the recommendation
result of the GNN-based recommendation system.

The rest of this paper is organized as follows. Section 2 is related work on negative
sampling methods. Section 3 is the basic process of GNN-based recommender systems.
Section 4 details the steps of the method. Section 5 is experimental evaluation and
analysis. Section 6 is the conclusion and outlook of this paper.

2 Related Work

2.1 GNN-Based Recommender System

In recent years, with the rapid increase in the number of services, it is difficult for users
to find the services they are interested in from a wide variety of services. Therefore, rel-
evant researchers have explored collaborative filtering-based recommendation, usually
assuming that users with a similar history of interactions may have the same preferences
for the same services.

At present, GNN-based recommender systems have attracted much attention. It mod-
els users and services as a bipartite graph, and exploits graph higher-order connectiv-
ity to capture collaborative signals from user and service interactions to obtain better
latent representations of users and services. Among them, the neighborhood aggrega-
tion module affects the quality of the transmitted neighbor information, which largely
determines the accuracy of the recommender system. Therefore, NGCF [4] aggregates
neighbor information recursively to capture cooperative signals in higher-order con-
nectivity. Specifically, each node obtains its high-order representation by recursively
aggregating its neighbor information. When LightGCN [5] does not retain the target
node’s own information when updating node information through neighbor aggregation
and only uses neighbor information as to its representation. It is also found that feature
transformation and non-linear activation operations do not contribute to GNN-based
collaborative filtering recommendation.
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2.2 Negative Sampling Method

The negative sampling method will greatly affect the training quality of the model.
Negative samples with better effect can not only improve the training speed of the model,
but also provide more valuable information to the model for better training effect. At
present, the negative sampling methods mainly fall into the following categories:

Static Negative Sampling. Items are usually selected as negative examples in non-
interacted datasets, and by setting different strategies, the corresponding negative sam-
ples can be obtained as training data. For example, Rendle et al. [6] propose RNS
(Random Negative Sampling) to select a negative example from the negative sample
candidate set through a uniform distribution. The PNS (popularity-based negative sam-
pling) proposed by He et al. [16] uses the number of occurrences of items in the training
set as the weight for selection, that is, it prefers items with a high frequency of occurrence
as negative samples. However, the static negative sampling method does not change with
the training, does not adjust well to the training results and makes it difficult to mine
negative samples that are more useful to the model.

Hard Negative Sampling. Static negative sampling cannot be adjusted according to
the results of training, which may result in some negative samples containing useless
information, and making it difficult to mine negative samples that are more effective for
the model. Therefore, it is suggested that the discriminative ability of the model can be
improved if those samples that are misclassified can be utilized. For example: Zhang
et al. [8] consider that the negative examples with high prediction scores can improve
the quality of model training, so they propose dynamic negative sampling (DSN), which
can dynamically extract the highest scoring negative samples in each training. Kalantidis
et al. [9] propose the MoCHi model, which does not directly obtain negative samples
from the data, and synthesizes the negative samples directly in contrastive learning.
However, hard negative sampling only utilizes the semantic information of the samples
in the embedding space, and does not utilize the structural information on the user-item
graph.

Graph-Based Negative Sampling. The above studies consider negative sampling
using the semantic information of samples in the embedding space, but negative sam-
pling techniques based on graph structure have not been widely explored. Hamilton
et al. [16] propose a recommendation model (i.e.SamWalker) that utilizes social net-
work information to obtain negative samples through random wandering at target nodes.
Ying et al. [12] proposed the PinSage model based on the random wandering strategy,
which further leverages the structural information of the graph to select hard negative
examples through PageRank scores. Yang et al. [13] propose Markov Chain Monte Carlo
Negative Sampling (MCNs), which proposes to sample negative samples according to
the approximate distribution of positive samples, and redesign the sample distribution
of positive and negative samples according to the structural correlation on the graph.

Adversarial Sampling. Inrecent years, generative adversarial networks have gradually
become a popular neural network algorithm. The key to the adversarial sampling method
lies in the adversarial sampler, which is used to mine the data for negative information.
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Wang et al. [10] propose IRGAN, which selects negative examples through GAN, and
the generator acts as a negative sample, making it impossible for the discriminator to
distinguish positive examples from those selected by the generator. Park et al. [11]
propose AdvIR, which is based on GAN, with adversarial training in which adversarial
perturbations are imposed. However, the adversarial negative sampling model framework
is too complex, the training time is too long, and the training effect is unstable.

3 Preliminaries

Now, we introduce the collaborative filtering recommendation model based on graph
neural network (GNN).

When given asetofusers U = {u},item V = {v}, positive sample RT = {(u, v+)|u €
U, vt € V}, The recommender system predicts the user’s preference for unknown items
through the user’s historical interaction records in the positive sample.

Recent studies have shown that The CF model based on GNN has obvious advan-
tages in solving the above problems [4, 5, 12]. The main idea is to use the high-order
connectivity of the graph to capture the high-order neighbor node information of the
user (item) target node to generate the final latent representation, and then express its
preference degree through the inner product score. That is, § = el - e,. Next, we’ll give
a brief introduction to aggregation, pooling, and negative sampling optimizations.

Aggregation. Each user and item have an initial embedding vector ¢, and e,. In the
propagation process, by aggregating neighbor information, the cooperative signals of
neighbors can be captured. For example, the aggregation process of LightGCN is:

(l+1) — l §]+1) (1)
XN: \/7|Nu||1v ‘ ZN \/7|N v

ft, e; represent the embeddings of user u and item i in the /-th layer of GNN,

respectively. | Nill N is a symmetric normalization term, and |N,|, |N;| represent the

where e

number of first hop neighbors of user « and item i.

Pooling. GNNs for recommendation are different from GNNs [17, 18] for node classi-
fication, which directly use the representation of the last layer, and the former adopt a
pooling operation to generate the final representations of users and items. According to
[19], adopting a pooling operation helps avoid transition smoothing and determines the
degree of validity of node subgraph information.

Specifically, for an L-layer GNN, the pooling operation is used to generate the final
representations of users and items. For example, LightGCN uses a sum-based pooling
operation:

L L
[
f=Y el e = nel @)
1=0 =1
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NGCF uses a sum-based pooling operation:

= el = e® e G
Negative Sampling Optimization. The purpose of learning to rank is to rank users’
scores according to items. Items that users like are generally considered to have higher
scores than others. However, we usually only get implicit feedback information from
users. Therefore, we assume that users prefer interacted items to non-interacted items.
Since the user interacted items are only a small fraction, the BPR loss is used to represent
the learning objective:

max ]_[ P, >v7|©®) 4)

VYT~ (u)
where v and v~ represent positive and negative samples respectively, P, (x > y) repre-
sents that user u prefers x to y, and © is a parameter of the model. f;, (&) is the distribution of

negative sampling, and most recommended methods use uniformly distributed negative
sampling [4-6, 20].

4 Method

The overall framework of the NSSR model proposed in this paper is shown in Fig. 1,
including: (1) data preprocessing; (2) synthetic hard negative samples; (3) graph neural
network; (4) service recommendation.
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Fig. 1. Service recommendation framework

4.1 Data Preprocessing

This article uses three datasets, Shopify, 360Apps, and ProgrammableWeb respectively,
and do the following operations for these three datasets:

Eliminate Invalid Information. In all three datasets, there are some services with
incomplete interaction information, and the interaction objects of these services cannot
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be judged, which will affect the generation of negative samples and the training of neural
networks. So, we delete these incomplete interaction records.

Generate the Final Dataset. Since most users only have three or less interaction
data, in order to facilitate the training and testing of the neural network, we only retain
user data with more than four interaction records. For the Shopify and 360Apps datasets,
it still has a lot of interaction data after the above operation. In order to facilitate the
training of the model, we randomly extract part of the interaction data according to the
proportion of its application categories to generate the final dataset.

Take Raw Negative Samples. Following the convention [15], we adopt the same
method to select negative examples from the services that the user has not interacted
with to form the candidate set M .

4.2 Synthetic Hard Negative Samples

Positive Mixing. For an /layer GNN, each service v has L 4 1 layers embedding vector,
and each vector e() contains the previous / layer information. For the candidate set
M .These N negative examples have a total of N x (L + 1) vectors, which constitute a
negative sample candidate sete = {evl }.

Inspired by the technology of mixup [9, 21], we inject the service information e, +
that the user has interacted with into the negative sample vector in &, which can improves
the model’s discrimination ability. For each negative sample vector e( ) in the candidate
set, the operation of positive mixing is as follows:

¢D =a®el) 4 (1 - a<l>)eg§>, @€ (0,1) (5)

where a”) is the I-th layer mixing coefficient uniformly sampled from (0,1), which is
used to control the amount of information injected into positive samples and enhance
the model’s adaptability to different data. And ¢’ r represents the set of hard negative
samples after positive mixing, and &’ = {e’l(,?}.

Hop Mixing. Positive mixing generates synthetic negative samples v~ and their embed-
dings e,- according to the idea of aggregation in GNNs. For the hard negative sample
sete’ = {e’( )}obtamed in the positive mixture, we extract a hard negative example ¢’} ([)
l<i<M ) from each layer /(0 < [ < L) in the set. For example, when L = 2, we can
sample e'(? “?and e'(3) where v, v2, v3 can be the same service or different services.
Finally, the hard negative samples sampled in each layer are aggregated through the

pooling operation, and get the representation e,- of the synthetic negative sample v™.

The form is as follow:
/(0) 1 (L)
e =hoot(€h o €) ©)

where fy,001 is the pooling operation, and its operation is the same as the recommended
. . (0. .
pooling operation of GNN, e (1) is the [-th layer embeddmg vector of vy.

About how to select a valid e from each layer of ¢. A recent study on negative
sampling for link prediction (MCNS)[13] showed that the expected risk of optimal
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parameters between expected and empirical losses satisfies:

Elll6r —6%),11° _ ! ! 1 ! ! 7
[16r - nn]-;(Pd(v'u)— +Pn(v|u)_E> 7

where Py (v|u) and P,(v|u)) represent the estimated positive and negative distributions,
respectively, and T is the number of user-item node pairs, K is the number of negatives
for each user recruiting in the loss. By analyzing the above formula, we can conclude that
when the positive distribution is proportional to the negative distribution, the expected
risk is only affected by the positive distribution. And the higher the internal score of
the user and the item, the more accurate the interaction probability predicted by the
recommender system.

Based on the above theory, the problem then becomes how to select negative samples
according to the distribution of positive samples. Inspired by the idea that the inner
product approximates the positive distribution in the hard negative selection strategy
[22, 8], We calculate the inner product of the user vector and the negative sample vector,
and select the hard negative sample with the largest inner product. The hard negative
sample selection strategy of the /-th layer is of the following form:

e’g) = argmaxfy (u, [) - eg) (8)

where egi) € D, fyr(u, 1) is the mapping function, which represents the user’s
embedding in the I-th layer, and - is the inner product operation.

The mapping function in Eq. (7) depends on the pooling operation in Eq. (6). At
present, the mainstream pooling operations include sum-based and concat-based pooling
operations. Therefore, the inner product form of user embedding ¢, and negative sample
embedding e, - can be divided into two types:

e Sum-based pooling: ¢, - ¢,- = Zleo ey - eil_)
o Concat-based pooling: ¢, - ¢,- = ZILZO rel eil,)

In order to make fys («, ) in Eq. (3) consistent with the pooling operation for GNN

recommendation, we set fys (u, [) = e, for sum-based pooling and fis (u, ) = e for

concat-based pooling.

Loss Function. Through the above modeling process, we replace the negative sampling
method f;, (1) in Eq. (4) with the NSSR model, and the BPR loss function is updated as:

Lgpr = — > Ino (e, - e+ — ey - €,-) 9)
(u, v*) e Rt
ey— ~ fWR(u,v*)
where o () is the sigmoid activation function, R7 is the interaction set between the user

and the service, and e,~ ~ fWR(u,w) means that e, is obtained through the NSSR
model.
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4.3 Graph Neural Network

This paper adopts two graph neural network models, NGCF and LightGCN, for final
recommendation prediction. They aggregate the information of neighbors to the target
node, which can usually be expressed as:

etD) = AGG(ED, {e" : ieN,}) (10)
where AGG is an aggregation function that aggregates the information of the target node
and its neighbors in the /-th layer to obtain a higher-order representation.

This paper uses user feature sampling, positive sample data and strong negative
samples generated by the NSSR module as the input data of the graph neural network,
and uses the recommendation relationship as the label to train the graph neural network,
so that the graph neural network can achieve the ideal recommendation effect. The model
uses the inner product of the embedding vectors of users and services as the ranking
score of service recommendations. The calculation formula is as follows:

Sui=enei (11)

4.4 Service Recommendation

In the process of recommending services to users, we take the information of users,
positive samples and negative samples as input to generate synthetic difficult negative
samples, and it is used in the training process based on the GNN recommendation model,
so that users can more accurately recommend services of interest. The specific process
is as follows:

First, the dataset is preprocessed, according to the convention [15], we select some
of the non-interacted services as the negative sample candidate set.

Then, we inject positive sample information into the negative samples, and then fuse
the hard negative samples selected by the hard negative selection strategy through the
pooling operation to generate synthetic hard negative samples.

Next, we apply the synthesized hard-negative samples to a GNN-based recommen-
dation model which can make model more difficult to distinguish between positive and
negative samples and obtain a more accurate final embedding representation of users
and services, thereby improving model recommendation quality.

Finally, we obtain user and service embedding representations from model training,
and recommend high scoring services to users based on their inner product scores.

5 Experiments

5.1 Dataset Description

The datasets in this paper are the public datasets Shopify app store, Programma-bleWeb,
and 360Apps from Kaggle. The Shopify and 360Apps datasets contain user-App inter-
action data. The Shopify dataset contains 292,029 interaction records, and 360Apps
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contains 24,631,734 interaction records. To facilitate model training, we first preprocess
the data to remove incomplete interaction records and user data with less than 4 inter-
action records. According to the app category ratio, the data is randomly selected as
the final data set. The ProgrammableWeb dataset contains records of different Mashup
calling APIs, and we also remove the incomplete interaction records. Finally, we ran-
domly select 30% of the interaction records from the processed dataset as the test set
and 70% of the interaction records as the training set. The detailed information is shown
in Table 1.

Table 1. Statistics of the dataset

Dataset User Item Interactions Density
Shopify 5969 2831 44478 0.00263
ProgrammableWeb 6156 1550 12970 0.00136
360Apps 8724 1720 46026 0.00307

5.2 Evaluation Metrics

In this experiment, we use Recall @K, and NDCG @K (default setting K = 20) to evaluate
the effectiveness of users’ service preference ranking. Where Recall is the proportion
of correctly classified services to all the services of this category, and the Normalized
Depreciation Cumulative Gain (NDCG), which is used to evaluate the gap between the
ranking list of the recommender system and the real user interaction list. The formula
and meaning are as follows:

TP
Recall = —— (12)
TP + FN
V4 1
21t — 1
DCG = _ 13
; log,(i+1) (13
IREL| 2reli -1
IDCG = _— (14)
o logai+ D)
DCG
NDCG = —— (15)
IDCG

5.3 Baseline Methods

In order to verify the effectiveness of the experimental model, we conduct compara-
tive experiments on the recommendation module and the negative sampling module
respectively:
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Recommendation Model. To verify the effectiveness of the recommendation mod-
ule in this paper, we conduct comparative experiments on two GNN-based recommender
systems, LightGCN and NGCF.

a) LightGCN[5]: It is a state-of-the-art CF method. LightGCN believes that directly
using GCN for collaborative filtering recommendation would make the model too
complex, because each node in the user-item graph of CF does not contain any
attributes. LightGCN adopts a simple weighted sum aggregator and abandons feature
transformation and nonlinear activation to achieve better performance.

b) NGCF[4]: Inspired by graph convolutional networks, NGCF exploits the bipar-
tite graph structure by propagating embeddings. Cooperative signals are explicitly
encoded with high-order connectivity. Specifically, each node obtains its high-order
representation by recursively aggregating its neighbor information.

Negative Sampling Model. The proposed NSSR negative sampling method is
compared with RNS.

a) RNS[6]: Also called uniform negative sampling. During the training process, the
probability of each negative sample being selected remains unchanged, that is, one
is randomly selected as a negative example from the negative example candidate set.

5.4 Experimental Performance

Table 2. Service recommendation performance comparison

Shopify ProgrammableWeb 360Apps

Recall NDCG | Recall NDCG Recall NDCG
LightGCN + RNS 0.0517 10.0293 |0.3977 0.2619 0.4952 1 0.2916
LightGCN + NSSR | 0.1019 | 0.0514 | 0.4185 0.2902 0.5163 | 0.3069
NGCF + RNS 0.0824 ]0.0424 | 0.2256 0.1171 0.5082 | 0.2994
NGCF + NSSR 0.0845 ]0.0443 ]0.2523 0.1531 0.4407 | 0.2611

In this section, we cross comparison the recommendation module and the negative
sampling module to analyze the experimental results. From Table 2, Fig. 2 and Fig. 3
we can analyze that:

e LightGCN + NSSR consistently maintains the best performance among all compar-
ison methods. LightGCN has an average improvement of 50% for Recall@20, 30%
for NDCG@20.

e In most cases, LightGCN performs better than NGCF, indicating that feature trans-
formation and non-linear activation operations can indeed increase the training bur-
den of collaborative filtering recommendation, which will reduce the accuracy of
recommendation.
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Fig. 2. Comparison of Recall @20 values of different models
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Fig. 3. Comparison of NDCG @20 values of different models

e For both NGCF and LightGCN, NSSR outperforms RNS in almost all cases. We ana-
lyze the following reasons: (1) The negative samples are enhanced by the skipmixing
technique, which improves the generalization ability of the recommender system. (2)
The synthesized hard negative samples are obtained by aggregating multiple hard
negative samples from different layers, making the negative samples more informa-
tive. The generation of hard negative samples combines semantic information from
different samples, thereby providing the model with information-rich gradients.

Table 3. The number of user-App pairs in training and test sets with different sparsity

Shopify Train Test
0.26 30282 14196
0.20 22981 10815
0.15 17235 8112
0.10 11490 5408
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Table 4. Comparison of service recommendation under different densities in Shopify dataset

Density Recall NDCG
LightGCN | 0.0026 0.1019 | 0.0514
+NSSR 0.0020 0.0903 | 0.0417
0.0015 0.0753 00341
0.0010 0.0627 | 0.0262
LightGCN | 0.0026 0.0517  0.0293
+RNS 0.0020 0.0485 | 0.0259
0.0015 0.0444  0.0237
0.0010 0.0357 00176

—8— LightGCN+NSSR
—8— LightGCN+RNS

0.08

Recall@20

0.06

oo ///

0.1 0.15 0.2 0.26
density

Fig. 4. Recall@20 variation curve under different densities

In order to further explore the performance of different negative sampling methods
for different density datasets. We select the above mentioned LightGCN with the best
recommendation effect as the recommendation system, and conduct comparative exper-
iments on the Shopify dataset. Without changing the number of users and apps, we vary
the sparsity of the dataset by keeping the ratio of its training set to its test set constant
and only changing the number of interactions. The number of user-App pairs in the final
Shopify dataset for the training and test sets at different densities is set as shown in
Table 3.

By comparing Table 4 and Fig. 4 and Fig. 5. We find that both the Recall and NDCG
values of NSSR and RNS increase as the dataset density increases, but the Recall and
NDCG values of NSSR increase by a larger margin compared to RNS. We analyze
that due to the increase of user interaction data, the NSSR model can better capture
information from the RNS, enhancing the expression of difficult samples in the positive
mixture, while obtaining a better representation of the final negative sample embed-
ding by aggregating richer neighbor information, making it more difficult to distinguish
between positive and negative samples, improving the discriminative power of the model
and obtaining more accurate recommendations.
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—8— LightGCN+NSSR
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Fig. 5. NDCG@20 variation curve under different densities

5.5 Hyperparameters Analysis

In this section, we will analyze the impact of the three hyperparameters of embedding
size, node loss rate, and message loss rate on the performance of recommender systems.
The essence of embedding is to replace high dimensional of user and service with a low
dimensional vector, the dimension of which is the embedding size (Fig. 6).

0.102

0.1

0.098

Recall@20

0.096

0.094

0.092
8 16 32 64 128
Embedding size

Fig. 6. Recall@20 variation with different embedding sizes

We test the effect of different embedding dimensions of the service on the results of
the experiment. As the embedding dimension of the user with the service increases, it
effectively improves the results of the experiment. Embedding size increases significantly
from 8 to 16, increases slowly from 16 to 64, and flattens out when it is greater than 64.
When the embedding dimension is 8, it can be seen that the effect is not ideal, which
means that when the embedding dimension is very low, the result will be unsatisfactory
because the number of features after embedding of users and services is too small. As the
embedding dimension increases, the model becomes more complex, causing the training
process to be too slow. When the embedding dimension is 128, it is not much different
from the experimental results with the embedding dimension 64, but it is much longer
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than the time it takes, so we do not conduct relevant experiments on the subsequent
embedding dimensions (Fig. 7).
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Fig. 7. Variation of Recall@20 in the loss rate of different nodes

We then test the change in Recall @20 for different node loss rates. When the node
loss rate changes from 0.0 to 0.4, Recall@20 gradually increases, indicating that the
node loss rate within a certain range can make the training effect of the model better.
When the node loss rate is greater than 0.6, the training decreases, and when it is greater
than 0.7, the effect decreases sharply, indicating that too many nodes loss makes the
model obtain too little information, making it difficult for the model to make accurate
predictions (Fig. 8).
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Fig. 8. Variation of Recall @20 with different message loss rates

We also test the variation of Recall@20 for different message loss rates. When the
message loss rate changes from O to 0.5, the experimental effect is slowly improved,
and when the message loss rate is around 0.5, the model accuracy will reach the best.
It shows that losing some messages can make model recommendation more effective.
When the message loss rate is between 0.5 and 0.7, Reeall@20 decreases slowly, and
when the message loss rate is greater than 0.7, Recall @20 decreases significantly, which
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again shows that too much message loss will greatly affect the model’s recommendation
performance.

6 Conclusion and Future Work

This paper proposes a negative sampling-based service recommendation method. This
method firstly use interpolation mixing technique to inject positive sample information
into negative samples, and fuses the negative samples selected by the hard negative
selection strategy through the pooling operation to generate synthetic difficult negative
samples, which are used in the GNN-based recommendation system to obtain more
accurate user and service embedding representation. Finally, according to the inner
product score of the user and the service, recommend the service with high inner product
score to the user. The experimental results show that the method proposed in this paper
can effectively improve the accuracy of service recommendation. In future work, we
will consider reducing the number of false negatives, that is, we do not want the model
to regard services that users may be interested in as negatives. In future work, we will
consider the impact of the selection of negative sampling ratio on the model, and will
also consider reducing the number of false negative examples, that is, we do not want
the model to regard the services that users may be interested in as negative examples in
the future.
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