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ABSTRACT

Graph neural networks (GNNs) have recently emerged as state-of-
the-art collaborative filtering (CF) solution. A fundamental chal-
lenge of CF is to distill negative signals from the implicit feedback,
but negative sampling in GNN-based CF has been largely unex-
plored. In this work, we propose to study negative sampling by
leveraging both the user-item graph structure and GNNs’ aggrega-
tion process. We present the MixGCF method—a general negative
sampling plugin that can be directly used to train GNN-based rec-
ommender systems. In MixGCF, rather than sampling raw negatives
from data, we design the hop mixing technique to synthesize hard
negatives. Specifically, the idea of hop mixing is to generate the
synthetic negative by aggregating embeddings from different lay-
ers of raw negatives’ neighborhoods. The layer and neighborhood
selection process are optimized by a theoretically-backed hard se-
lection strategy. Extensive experiments demonstrate that by using
MixGCF, state-of-the-art GNN-based recommendation models can
be consistently and significantly improved, e.g., 26% for NGCF and
22% for LightGCN in terms of NDCG@20.
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Figure 1: An illustration of hop mixing for synthesizing a
negative item in MixGCF, where the user and item are rep-
resented by their ego-networks respectively, and the high-
lighted circles indicate the selected neighbors.
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1 INTRODUCTION

Recommender systems have been widely used for avoiding infor-
mation overload in applications as diverse as online shopping [53],
social network [29], advertising [15], and Web search [17]. Its goal
is to provide users with personalized information feeding, that is,
for each user, the problem of recommendation is to predict the
items that she or he will consume.

Among the most promising techniques for this problem has been
the usage of collaborative filtering (CF) [21], which models users’
historical interactions with items to profile users and items for pre-
dicting future interactions. To date, the most prevalent CF solutions
are to project users and items into the latent embedding space,
such as matrix factorization [23] and neural networks [14] based
techniques. To further improve the embedding quality, one promi-
nent direction is to model user-item interactions as a graph and
leverage graph neural networks (GNNs) [8, 11, 20] to incorporate
structural information into the embeddings. Notably, the GNN-
based recommendation models, such as PinSage [49], NGCF [43],
and LightGCN [13], have generated state-of-the-art performance
with Web-scale applications.
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The typical ow of (GNN-based) recommender systems is rel-
atively straightforward. Given a user-item interaction graph, it
begins with de ning an aggregation function over the structure to
propagate neighborhood information, usually followed by a pooling
operation for outputting both user and item embeddings. Similar
to conventional recommendation methods, its objective function
is designed to prefer an observed user-item pair (as positive) to

Present a general MixGCF framework with the hop mixing and
positive mixing strategies that can be naturally plugged into
GNN-based recommendation models.

Demonstrate the signi cant improvements that MixGCF brings
to GNN recommenders, as well as its consistent outperformance
over a diverse set of negative sampling techniques.

unobserved ones (as negative pairs). Take the widely-adopted BPR2 PRELIMINARIES AND PROBLEM

loss B]] for example, for each user and one of her positive items,
we conduct negative sampling to pick one item as the negative from
those she never interacts with.

Essentially, the negative samples play a decisive role in the per-
formance of (GNN-based) recommendation models. Commonly,
a uniform distribution is used for negative samplind3 43. To
improve the quality of negative samples, studies have attempted
to design new sampling distributions for prioritizing informative
negatives 17, 28 40, 44 48 52. In doing so, the model would be
challenged and forced to distinguish their di erences ata ner gran-
ularity. To improve negative sampling in GNNs, PinSadé][sam-
ples the negatives based on their PageRank scores and ME§IS [
re-designs both positive and negative sampling distributions with
their structural correlations in mind. However, these attempts in
GNNs only focus on improving negative sampling in the discrete
graph space, ignoring GNNs' unique neighborhood aggregation
process in the embedding space.

Contributions. In this work, we propose to design negative sam-
pling strategies for better training GNN-based recommender sys-
tems. We present a simple MixGCF framework for generating hard
negative samples. Instead of directly sampling real negatives from
the data, MixGCF takes inspirations from data augmentation and
metric learning to synthesize negative samples by leveraging the
underlying GNN-based recommender.

To make synthetic negatives hard for the recommendation mod-
els, MixGCF designs two strategies: positive mixing and hop mixing.
In positive mixing, we introduce an interpolation mixing method
to pollute the embeddings of raw negative samples by injecting
information from positive ones into them. In hop mixing, we sam-
ple several raw negative samples, efg.,Ey, andE , in Figure 1
and generate the embedding of the synthetic negaﬁld)y using
their polluted embeddings aggregated from selected hops of their

neighbors. For example, as indicated by the blue circles, hop 0, 1,

and 2 are selected fro@ By andE , respectively. It is worth men-
tioning that the selection of which hop from whose neighborhood
is guided by a designed hard selection strategy.

We perform extensive experiments on benchmark recommenda-

In this section, we rst review the overall process of graph neural
network (GNN) based collaborative Itering (CF) for recommender
systems. We then introduce the studied problem that concerns the
training of the above process.

2.1Graph Neural Networks for Recommendation

Commonly, the input of recommendation systems includes a set
of usersU = fDg, itemsV = fEy, and users' implicit feedback
Ot =f(D*E)jD2 U+E 2 Vg, where each pair indicates an inter-
action between useD and itemE". The goal is to estimate the user
preference towards items.

Recently, studies have shown that GNN-based CF models o er
promising results for this task 13 43 49. The main idea is to
measure usebD's preference on iteniEbased on their multi-hop
neighbors. Speci cally, these techniques generate the latent repre-
sentations of the target user and item, the inner product of which
is used to quantify the preference, that %D« E= ey’ eg.

Next, we brie y introduce the process of GNN-based CF, in-
cluding aggregation, pooling, and its optimization with negative
sampling.

Aggregation. Each user and item are associated with an initial
embeddingep andeg as its representation vector, respectively. In
order to exploit the CF signal from neighbor nodes, GNN-based
recommendation models apply di erent aggregation functions to
propagate information over neighbor8[13 37,43 49. Take Light-
GCN for example, its aggregation process is:
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where qg)-el(i:) are the embeddings of us& and itemEat ;-th
layer of GNN,Np denotes the set of items that interact with user
D, andNg denotes the set of users that interact with ite By
stacking multiple aggregation layers, each user/item can gather the
information from its higher-order neighbors. For simplicity, we use
el) as the;-th layer embedding in the following sections.

Pooling. Dierent from GNNs for node classi cation 11, 20,

tion datasets. Experimental results show that by replacing their de- \yhere representations in the nal layer are used, the GNN-based
fault negat|Ve Sampler to M|XGCF, the state-of-the-art GNN-based CF mode's USUa”y adopt the poo“ng Operation to generate the na|

recommendation models can be consistently improved, such as yepresentations for users and items. According 4], this can help
average relative increase of 22% for LightGCN and 26% for NGCF in 4yid over-smoothing and determine the importance of a node's

ous negative sampling techniques, the results of which demonstrate  gpeci cally, at the nal layer! , the pooling function is applied

the empirical advantage of MixGCF over them. to generate the nal user/item representatiors, eg. For example,
In summary, our work makes the following contributions: LightGCN uses sum-based pooling:
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Introduce the idea of synthesizing negative samples rather than
directly sampling negatives from the data for improving GNN-
based recommender systems.
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and NGCF uses concat-based pooling:
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Optimization with Negative Sampling.  The task of learning to
rank is to provide a user with a ranked list of items by assuming
that the items preferred by the user should rank higher than others.
However, the ranked item list for each user oftentimes can only be
inferred from the implicit feedback that only consists of the positive
observations. One straightforward solution is to assume that users
prefer the observed items over all unobserved ones. Due to the
large size of unobserved items (usually$r(jVj 2), the learning
objective is usually simpli ed by negative sampling as the BPR loss
[31]:

max %WE i Ej)
E“E 50)

“4)

whereE" andE denote the positive and negative items, respec-
tively, %(0 i 1) represents usebD prefers item0 overl, 5(D) is the
distribution of negative sampling, and is the parameter of the
model. Most recommendation methods consider negative sample
from a uniform distribution &s([D) asiniform®)) [13 14 29, 31, 43.

2.2 The Negative Sampling Problem

According to the loss function in Eq4), the negative sampling strat-
egy plays a critical role in the model training of recommendation.
Intuitively, the negative samples close to positive ones, a.k.a. hard

negative samples, can make the models better learn the boundary

between positive and negative instancet]. To this end, several

attempts have been made to sample hard negatives to improve the

optimization of general recommender systems [6, 17, 30, 52].
However, negative sampling for GNN-based recommenders has

remained largely unexplored. Notably, early attempts PinSagé]

and MCNS 4§ focus on improving the sampling distributions

at the discrete structure level, seeking better hard negative (raw)

nodesin the graph In this work, we ask the question of whether

we can synthesize harder negative sampgleshe continuous space

based on the GNN underlying the recommender.

3 THE MIXGCF METHOD

MixGCF is a general algorithm for negative sampling in GNN-
based recommendation. It can be directly plugged into existing
GNN-based recommendation algorithms, such as LightGCN and
NGCF.

Instead of sampling real items from the data as negative o28s [
31, 40,48 52, MixGCF proposes to synthesize informative (and
fake) negative items based on the graph structure for training GNN-
based CF recommendation models. Speci cally, MixGCF introduces
the positive mixing and hop mixing techniques to synthesize nega-
tive samples by mixing information from di erent local graphs.

The ow of MixGCF is illustrated in Figure 2. In positive mix-
ing, we develop an interpolation mixing method to inject informa-
tion from positive samples to negative ones, making hard negative
candidates. In hop mixing, we rst leverage a hard negative selec-
tion strategy to extract unique information from each of the hard
negatives generated above, and then use the pooling operation to

Figure 2: An overview of MixGCF, where eb) denotes the -

th layer embedding of node 4, and e%) denotes the ;-th layer
embedding generated by positive mixing.

combine the diverse information extracted for creating the fake but
informative negative items.

3.1 Positive Mixing
Recall that in & -layer GNN, for each itenft, we can have + 1

embeddings foE each of Whicha(E;) corresponds to the embedding
that is aggregated with layers 0 ; !).

To fake the negativdg with its embeddingeg in Figure 2, we
rst follows the convention [17, 49 to select" negative items to
form the candidate seM , with " usually being much smaller than
the number of items in the data. The$e negative items can form

a candidate negative embedding €&t fe&) gofsize" (I +1).

A very recent study 17 suggests that recommendation models
usually operate on an input space that mainly comprises of easy
negatives, therefore we propose to improve the quality of the em-
beddingskE of candidate negatives. Inspired kyyGD 7?18 51], we
introduce the idea of positive mixing to inject positive information
e+ into negative embeddings i&.<8GD?s an interpolation based
data augmentation method, which enforces the model to output
linearly between the training data. Speci cally, for each candidate
negative embeddin@&) 2 E, the positive mixing operation is
formalized as:

%) :u<?)e(§+(1 UNel) « ) 2 01y (5)

whereUt) is the mixing coe cient that is uniformly sampled for

each hop. Note that the mixing coe cient 0of<8GD?s sampled

from a beta distributionBetgVe Y, which has a heavy impact on
the model's generalization abilityqd. To decouple the impact, the
mixing coe cient U9 in our positive mixing is uniformly sampled
from (01) (cf. Section 4.3 for the empirical discussions\dil).



LetEObe the enhanced embedding set for the candidate negatives

M . Positive mixing enhances the negatives by (1) injecting positive
information into negative samples, which can help enforce the
optimization algorithm to exploit the decision boundary harder, and
(2) introducing stochastic uncertainty into them with the random
mixing coe cient.

3.2 Hop Mixing

With the embeddingsE® = fedé) g of candidate negative items
enhanced by positive mixing, we present the hop mixing technique
to generate the synthetic negative itef and its embeddinge .
The main idea of hop mixing is to leverage the hierarchical (layer-
based) aggregation process in GNNSs.

Speci cally, for each layer (O 1), we sample one candidate
negative embedding‘{% @ G ")from EX), which contains
all the;-th layer embeddings of the candidate negative itemdvin
Take! =2 for example, we can sampég), eog), andeog) from E©,
Note that0, 1, and2 are not necessary to be distinct.

The idea of hop mixing is then to combine all the-1embeddings
selected by layer to generate the representatagn of the (fake)
negativek . Speci cally, the representation is synthesized by fusing
all candidate embeddings by the pooling operation:

€E = Jool e(ﬁ);)- 'ed!E) ° (6)

whereed% denotes the-th layer embedding ok that is sampled
at layer;, and$,q0/( ) applies the same pooling operation used in
the current GNN-based recommender.
The essential question for hop mixing is how to e ectively sam-
ple candidate embeddir@d,% @ G ")from EX) at each layer
;. Notably, a recent study on negative sampling for graph represen-
tation learning (MCNS)48 theoretically shows that the expected
risk of the optimal parametegheg between the expected los$\ )
and empirical loss (\) ) satis es:
. o 11 . 1 1,
iy \ e =G ey teigy O
where ?3(BD)» - (§D) denote the estimated positive distribution
and negative distribution, respectively, is the number of node
pairs, and is the number of negatives for each user recruiting in
the loss. This derivation suggests thatif (§D) is proportional to
?3(BD), the expected risk is only dependent on tRg(ED), and the
interaction probability between a user-item pair with a high inner
product score can be estimated accurately.

Algorithm 1: The training process with MixGCF

Input: Training setf (D« E)g, Recommendefignn, Number
of negative candidaté , Number of aggregation
layers! .

for C=1¢2» ) do

Sample a mini-batch of positive paif¢De E)g.

Initialize lossL = 0.

/I Negative Sampling via MixGCF.

for each(De E) pair do

Get the aggregated embeddings of each node by

BNN-

Get the set of candidate negative embeddifgby

uniformly sampling" negatives.

Get the updated set of negative candid&8by (5).

Synthesize a hard negativex based orECby (6).

L=L+Inflep ee e ep°.

end
Update\ by descending the gradients, L .

end

The query in Eq(8) is dependent on the pooling module of
the GNN used for recommendation. As discussed in Section 2, the
mainstream pooling module in GNN-based recommendatid® [

43 can be categorized into sum-based and concat-based pooling
operations. Therefore, there are two options for the inner product
between the target user embeddieg and the embedding of the
synthesized negativeg :

Sum-based poolingp eg = P?]_DO_-eD et
Concat-based poolingpy eg = ;!:Oeg) eﬁ:).
To make the selection process in E§)consistent with the pooling
used in the GNN recommender, we I&t (D¢) = ep for sum-based

pooling and%, (D) = eE,) for concat-based pooling, respectively.

3.3 Optimization with MixGCF

Now, we can use the proposed MixGCF method as the negative
sampling methodbs( ) in the loss function (Eq(4)) to optimize the
parameters of the GNN-based recommendation model. Straightfor-
wardly, the BPR loss f)Lénction can be updated as

L BPr= Inflep e ep ep® ()

D-E)20*

ee  SvixecrDE)

Based on the above theory, the suggested way for negative sam-Wheref () is the sigmoid function 0" is the set of the positive

pling is to select the negative according to the estimated positive
distribution. Here we apply the inner product score to approximate
the positive distribution and pick the candidate sample with the

feedback, anegg mixccHDe E) represents that the instance
(embeddinggge is synthesized by the proposed MixGCF method.

highest score, which is also called the hard negative select strat- 3-4  Discussions on MixGCF

egy [30 57. Formally, the hard selection strategy at theh layer
is implemented as:

eog = argmaxg(D+) e(’&) .
) 20

where is the inner product operation, anéipy (D) is a query map-
ping that returns an embedding related to the target ugkfor the
;-th hop.

8)

General Plugin. Observed from Eq9), the proposed negative
sampling method MixGCF can be naturally plugged into the
ranking loss. In addition, MixGCF is a simple and non-parametric
method. Altogether, these make MixGCF a general technique for
improving a set of GNN-based recommendation models.

Data Augmentation. Unlike the prior e orts which elaborate
versatile strategies to sample an existing negative item, MixGCF



instead proposes the paradigm of synthesizing negative items based
on the hop-wise sampling. Such a method could be also understood
from the perspective of data augmentation, since the synthesized in-
stance is conformed to but di erent from the existing instance3d.

This enables the recommender to be trained on the more sophisti-
cated data, leading to an improved generalization.

Approximation of Multiple Negatives. As shown in metric
learning [16 32 34, recruiting multiple negative instances in loss
function for each update can speed up the convergence of the
underlying model and o er better performances. Instead of directly
sampling multiple negatives, MixGCF naturally provides a low-cost
approximation of them by hop mixing, potentially making it bene t
from the metric learning conclusion above.

3.5 Time Complexity

The time cost of MixGCF mainly comes from two parts. For the hop
mixing module, the computational complexity of the hop-grained
negative selection scheme$q"!3 ), where" is the size of the
negative candidate set, is the number of GNN layers, an8lis
the embedding dimension. For the positive mixing module, the
complexity of the linear combination i$ ("!3 ), which is equivalent

to the hop mixing module's. Therefore, the time complexity of
MixGCF is$ ("13 ).

4 EXPERIMENTS

We evaluate our proposed MixGCF method on three benchmark
datasets with three representative GNN-based CF modes LightGCN,

NGCF, and PinSage as the base recommenders. We compare MixGC

with other state-of-the-art negative sampling methods to demon-
strate the superiority of our proposed method. We then conduct the
hyper-parameter study and ablation study to analyze the behavior
of MixGCF.

4.1 Experimental Settings

Dataset Description. In this paper, we evaluate our method on
three benchmark datasets: Alibab4d, Yelp201843, and Ama-
zon [48, which are publicly available. Each dataset consists of the
user-item interactions solely, as summarized in Table 1. We follow
the same settings described iAd3 48 to split the datasets into
training, validation, and testing sets.

Evaluation Metrics. We choose the widely-used Recali@and
NDCG@# as the evaluation metricg{ = 20by default). Unlike the
previous studies [14, 39, 48] that conduct the sampled metrics, we
compute Recall@ and NDCG@& by the all-ranking protocol 2.

We report the average metrics of all users in each testing set.

Recommender. To verify the e ectiveness of MixGCF, we per-
form experiments on three GNN-based recommenders as follows.
The detailed descriptions are in Section 2.1.

LightGCN [13: This is a state-of-the-art CF method. LightGCN
claims that the design of NGCF is heavy and burdensome since
each node in the user-item graph is only described by an ID.
LightGCN omits the non-linear transformation and applies the
sum-based pooling module to achieve better empirical perfor-
mance.

Table 1: Statistics of the datasets.
Dataset | #Users [ #ltems] #Interactions| Density

Alibaba | 106042 | 53591 90%407| 000016
Yelp2018| 31668 | 38048 1.562406| 000130
Amazon | 192403 | 63001 1.689188| 000014

Table 2: Overall Performance Comparison.

Alibaba Yelp2018 Amazon

Recall NDCG| Recall NDCG| Recall NDCG
LightGCN+RNS 0.0584 0.0273 0.0628 0.0513 0.0398  0.0177
LightGCN+DNS 00737 00343 | 00695 (00571 | 00449 00211
LightGCN+IRGAN | 0.0605  0.028Q 0.0641 0.0527 0.0412 0.0185
LightGCN+AdvIR 0.0583 0.0273 0.0624 0.0510 0.0401 0.0185
LightGCN+MCNS | 0.0632  0.0284 0.0658 0.0529 0.0423 0.0192
LightGCN+MixGCF| 00763 00357 | 00713 00589 | 00460 (070216
NGCF+RNS 0.0426  0.0197 0.0577 0.0469 0.0294 0.0123
NGCF+DNS 00453 (00207 | 00650 00529 | 0.0312 0.0130
NGCF+IRGAN 0.0435 0.0200 0.0615 0.0502 0.0283 0.0120
NGCF+AdvIR 0.0440 0.0203 0.0614 0.0500 00318 0.0134
NGCF+MCNS 0.0430 0.0200 0.0625 0.0501 0.0313 00136
NGCF+MixGCF 00544 (010262 | 00688 00566 | 00350 00154
PinSage+RNS 0.0196  0.0085 0.0410 0.0328 0.0193 0.0080
PinSage+DNS 00405 (00183 | 00590 00488 | 0.0217  0.0088
PinSage+IRGAN 0.0200 0.0090 0.0422  0.0343 (00248 00088
PinSage+AdvIR 0.0196  0.0090 0.0387 0.0313 0.0243  0.0087
PinSage+MCNS 0.0212  0.0095 0.0432 0.0349 0.0202 0.0088
PinSage+MixGCF | 00489 00226 | 00632 00525 | 00273 (00124

NGCF[43: Inspired by Graph Convolution Network11, 20,
NGCF applies the message-passing scheme on the bipartite user-
item graph to exploit the high-order neighbors' information. To

g be speci ¢, each node obtains the transformed representations of
its multi-hop neighbors by recursively aggregating the message
propagated from the adjacent neighbors.
PinSage[49: As an inductive variant of GNN, PinSage designs
a random-walk based sampling method to sample neighbors for
each node and proposes to sample hard negative based on PageR-
ank score. We apply a sum-based pooling strategy to generate
the embeddings of nodes.

Baselines. We compare the proposed method, MixGCF, with static
(RNS), hard negative (DNS), GAN-based (IRGAN and AdvIR), and
graph-based (MCNS) sampler, as follows:

RNS [31]: Random negative sampling (RNS) strategy applies
uniform distribution to sample negative items. It is independent
of the recommender and is applied in various tasks.

DNS[52: Dynamic negative sampling (DNS) strategy is the state-
of-the-art sampler 17, 30, which adaptively selects the negative
item scored highest by the recommender. Such the negative is
viewed as the hard negative and can provide a large gradient to
the parameters.

IRGAN [40: IRGAN integrates the recommender into a gener-
ative adversarial net (GAN) where the generator performs as a
sampler to pick the negative for confusing the recommender.
AdvIR [28: AdVIR is also an adversarial sampler that incorpo-
rates adversarial sampling with adversarial training by adding
adversarial perturbation.

MCNS[48: Markov chain Monte Carlo negative sampling (MCNS)
is the pioneer to theoretically analyze the impact of negative
sampling in link prediction. Based on the deduced theory, MCNS
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