arXiv:2009.03376v1 [cs.LG] 7 Sep 2020

Simplify and Robustify Negative Sampling for
Implicit Collaborative Filtering

Jingtao Ding’  Yuhan Quan®’ Quanming Yao®> YongLi® Depeng Jin®

1Tsinghua University, 24Paradigm Inc (Hong Kong)

Abstract

Negative sampling approaches are prevalent in implicit collaborative filtering for
obtaining negative labels from massive unlabeled data. As two major concerns in
negative sampling, efficiency and effectiveness are still not fully achieved by recent
works that use complicate structures and overlook risk of false negative instances.
In this paper, we first provide a novel understanding of negative instances by
empirically observing that only a few instances are potentially important for model
learning, and false negatives tend to have stable predictions over many training
iterations. Above findings motivate us to simplify the model by sampling from
designed memory that only stores a few important candidates and, more importantly,
tackle the untouched false negative problem by favouring high-variance samples
stored in memory, which achieves efficient sampling of true negatives with high-
quality. Empirical results on two synthetic datasets and three real-world datasets
demonstrate both robustness and superiorities of our negative sampling method.

1 Introduction

Collaborative filtering (CF), as the key technique of personalized recommender systems, focuses on
learning user preference from the observed user-item interactions [27, 33]]. Today’s recommender
systems also witness the prevalence of implicit user feedback, such as purchases in E-commerce
sites and watches in online video platforms, which is much easier to collect compared to the explicit
feedback (such as ratings) on item utility. In above examples, each observed interaction normally
indicates a user’s interest on an item, i.e., a positive label, while the rest unobserved interactions
are unlabeled. As for learning an implicit CF model from this positive-only data, a widely adopted
approach is to select a few instances from the unlabeled part and treat them as negative labels, also
known as negative sampling [[10, 33]. Then, the CF model is optimized to give positive instances
higher scores than those given to negative ones [33].

Similar to other related applications in representation learning of text [26] or graph data [29], negative
sampling in implicit CF also has two major concerns, i.e., efficiency and effectiveness [10, 45].
First, the efficient sampling process is required, as the number of unobserved user-item interactions
can be extremely huge. Second, the sampled instances need to be high-quality, so as to learn
useful information about user’s negative preference. However, since implicit CF is an application-
driven problem where user behaviors play an important role, it may be unrealistic to assume that
unobserved interactions are all negative, which introduces false negative instances into training
process [20,[25]148]). For example, an item may be ignored because of its displayed position and form,
not necessarily the user’s dislike. Therefore, false negative instances naturally exist in implicit CF.

Previous works of negative sampling in implicit CF mainly focus on replacing the uniform sampling
distribution with another proposed distribution, so as to improve the quality of negative samples.
Similar to the word-frequency based distribution [26] and node-degree based distribution [29]
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used in other domains, an item-popularity based distribution that favours popular items is usually
adopted [10,41]]. In terms of sample quality, the strategy emphasizing hard negative samples has been
proven to be more effective [28], as it can bring more information for model training. Specifically,
this is achieved by either assigning higher probability to instances with large prediction score 32 45]]
or leveraging techniques of adversarial learning [[11} 28] [37]. Nevertheless, the above hard negative
sampling approaches cannot simultaneously meet the requirements on efficiency and effectiveness.
On the one hand, several state-of-the-art solutions [[11, 28] use complicate structures like generative
adversarial network (GAN) [[17] for generating negative instances, which has posed a severe challenge
on model efficiency. On the other hand, all these methods overlook the risk of introducing false
negative instances and instead only focus on hard ones, making the sampling process less robust for
training an effective CF model with false negatives.

Different from above works, this paper formulates the negative sampling problem as efficient learning
from unlabeled data with the presence of noisy labels, i.e., false negative instances. We propose to
simplify and robustify the negative sampling for implicit CF, which has three main challenges:

How to capture the dynamic distribution of true negative instances with a simple model? In
the implicit CF problem, true negative instances are hidden inside the massive unlabeled data,
along with false negative instances. Although negative instances in other domains follow a skewed
distribution and can be modeled by a simple model [26, 46], it remains unknown if this prior
knowledge can be applied in the implicit CF problem that expects true negative instances only.
How can we reliably measure the quality of negative samples? Given the risk of introducing
false negative instances, the quality of negative samples needs to be measured in a more reliable
way. However, it is non-trivial to design a discriminative criterion that can help to accurately
identify true negative instances with high quality.

How can we efficiently sample true negative instances of high-quality? Although learning
effective information from unlabeled and noisy data is related to general machine learning ap-
proaches including positive-unlabeled leaning [22] and instance re-weighting [31]], these methods
are not suitable for implicit CF problem, where the huge number of unobserved user-item in-
teractions requires an efficient modeling. Instead, our proposed method needs to maintain both
efficiency, by sampling, and effectiveness, by considering samples’ informativeness and reliability
simultaneously. This has not been tackled before in both implicit CF and other similar problems.

Solving above three challenges calls for a deep and fundamental understanding of different negative
instances in implicit CF problem. In this paper, we empirically find that negative instances with
large prediction scores are important for the model learning but generally rare, i.e., following a
skewed distribution. A more novel finding is that false negative instances always have large scores
over many iterations of training, i.e., a lower variance, which provides a new angle on tackling
false negative problem remained in existing approaches. Motivated by above two findings, we
propose a novel simplified and robust negative sampling approach, named SRNS, that 1) captures the
dynamic distribution of negative instances with a memory-based model, by simply maintaining the
promising candidates with large scores, and 2) leverages a high-variance based criterion to reliably
measure the quality of negative samples, reducing the risk of false negative instances effectively.
Above two designs are further combined into a two-step sampling scheme that constantly alternates
between score-based memory update and variance-based sampling, so as to efficiently sample true
negative instances with high-quality. Experiment results on two synthetic datasets demonstrate the
robustness of our SRNS under various levels of noisy circumstances. Further experiments on three
real-world datasets also empirically validates its superiorities over state-of-the-art baselines, in terms
of effectiveness and efficiency.

2 Background

Training an implicit CF model generally involves three main steps, i.e., choosing scoring function
r, objective function L and negative sampling distribution pps. The scoring function r(p,; q;; )
calculates the relevance between a user U 2 U and an item 1 2 1 based on U’s embedding p, 2 R

and i’s embedding q; 2 RF, with a learnable parameter . It can be chosen among various
candidates including matrix factorization (MF) [23]], multi-layer perceptron (MLP) [19], graph
neural network (GNN) [3} 39], etc. For example, the generalized matrix factorization (GMF) [[19]]
is: r(py;di; )= ~(p, 4;), where the learnable parameter of r is a vector and  denotes
element-wise product. A large value of r(p,; q;; ) indicates U’s strong preference on i, denoted



Table 1: Comparison of the proposed SRNS with closely related works, where rk(jju) is the (U; J)’s
rank sorted by score, pop; is the J’s item popularity, B is the mini-batch size, T is the time complexity
of computing an instance score, E is the epoch of lazy-update, and F denotes false negative.

Pns(i|u) Optimization Time Complexity Robustness
Uniform [33] Uniform({j € Ru}) SGD (from scratch) O(BT) X
NNCEF [10] o (pop;)*7® SGD (from scratch) 0(B2T) X
AOBPR [32] x exp(—rk(|u)= ) SGD (from scratch) O(BT) X
IRGAN [37]  learned pns(j|u) (GAN) REINFORCE (pretrain) ~ O(B|Z|T) x
AdvIR [28] learned pns(j |u) (GAN) REINFORCE (pretrain) O(BS1T) X

SRNS (proposed)  variance-based (see (@) SGD (from scratch) O(%(Sl + S2)T) 4

by ryi for simplicity. Each observed instance between U and the interacted item i 2 Ry, i.e., (U; i),
can be seen as a positive label. As for the rest unobserved interactions, i.e., f(U;j)jj 2 Ryg, the
probability of (u; j) being negative is

Pueg (ju; 1) = sigmoid(rui  ry;); (D
which approaches to 1 when ry;  ry;j. In other words, when learning user preference in implicit
CF, we care more about the pairwise ranking relation between an observed interaction (u;i) 2 R

and another unobserved interaction (u; J), instead of absolute values of ryj and ry;. The learning
objective can be formulated as minimizing following loss function [33]:

L(Fougi Taigs ) =D oo [Bi pusciing [ 100 PreeGiui D] @

where the negative instance (U; j) is sampled according to a specific distribution pns(jju). Learning
above objective is equivalent to maximizing the likelihood of observing such pairwise ranking
relations ry; > ryj, which can be replaced by other objectives used in implicit CF problems, such as
marginal hinge loss [43]] and binary cross-entropy loss [19]].

The most widely used pns(Jju) is the uniform distribution [33]], suffering from low quality of samples.
To solve this, previous works [11, 28} 132] propose to sample much harder instances, containing more
information. Among them, state-of-the-arts [11}[28]] simultaneously learn a parameterized pns(jju) to
maximize above loss function in (2), based on GAN. Therefore, the sampled negative instance (U; j)
corresponds to a low Pyeg(Jju; i) and a high ryj, which is generally hard for CF model to learn. In
other words, (U, j) has a high probability of being positive, denoted as Ppos (jju; i) =1 P (jju; i).
Different choices of pns(jju) in previous works are listed in Table [I} Since none of them have
enough robustness to handle false negative instances, and GAN-based model structure is much more
complicate, our goal is to propose a more robust and simplified negative sampling method.

3 SRNS: the Proposed Method

To improve robustness and efficiency for negative sampling in implicit CF, we seek for a deep
understanding of different negative instances, including false negative instances and negative instances
obtained by uniform sampling or hard negative sampling. We then describe the proposed method
based on these understandings.

3.1 Understanding False Negative Instances

In previous works [28),132], the positive-label probability Py (or the prediction score) is widely used
as the sampling criterion, as it is proportional to the sample difficulty. Therefore, in Figure |1 (details
on setup are in Appendix C.2), we have a closer look at the negative instances’ distribution w.r..
Ppos and further analyze the possibility of using P to discriminate true negative instances and false
negative instances. Besides, we are also curious about the model’s prediction uncertainty regarding to
different negative instances, and investigate the variance of P} in Figure Ekd).

Based on above analysis of negative instances in implicit CF, we have following two findings:

1) The score distribution of negative instances is highly skew. Regardless of the training, only a few
negative instances have large scores (Figure [[[a)).
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Figure 1: Analysis of negative instances on ML-100k. D: difficulty level; Label Error Ratio (LER):
= (#of false negative samples)= (# of all selected negative samples) ; CCDF: complementary cumulative distribution
function, p50: median value among a set of negative instances, St&Mean: normalized variance).

2) Both false negative instances and hard negative instances have large scores (Figure[I(b)), making it
hard to discriminate them (harder negative samples are more likely be false negative, Figure[T|c)).
However, the false negative instances have lower prediction variance comparatively (Figure|1[d)).

The first finding demonstrates the potential of just capturing a part of the full distribution corre-
sponding to those large-scored negative instances, which are more likely to be high-quality. Similar
observations have also been discussed in graph representation learning, suggesting a skewed negative
sampling distribution that focuses on hard ones [42] 46].

As for the second finding, it provides us a reliable way of measuring sample quality based on
prediction variance, sharing the same intuition with [8]] that improves stochastic optimization by
emphasizing high variance samples. Specifically, we prefer those negative samples with both large
scores and high variances, avoiding false negative instances that always have large scores over many
iterations of training. In terms of robustifying negative sampling process, none of above works in
implicit CF and other domains have tackled this problem, except for a simple workaround that only
selects hard negative samples but avoids the hardest ones [43} 46].

3.2 SRNS Method Design

As above, on the one hand, we are motivated to use a small amount of memory for each user, storing
hard negative instances that have large potential of being high-quality. This largely simplifies the
model structure, by focusing on a partial set of instances, which thus improves efficiency. On the
other hand, we propose a variance-based sampling strategy to effectively obtain samples that are both
reliable and informative. Our simplified and robust negative sampling (SRNS) approach addresses
the remaining challenges on model efficiency and robustness. Algorithm [I]shows the implicit CF
learning framework, i.e., minimizing loss function in (2)), based on SRNS.

Algorithm 1: The proposed Simplified and Robust Negative Sampling (SRNS) method.

Input :Training set R = {(u; i)}, embedding dimension F, scoring function r with learnable parameter
and memory {Muy|u € U}, each with size S1;
Output : Final user embeddings {pu|u € U} and item embeddings {qi|i € Z}, and r;

Initialize {pu|u € U} and {qi|i € Z}, and {Mu|u € U};
fort=1;2;::;;T do
Sample a mini-batch Rpatch € R of size B;
for each (U; 1) € Ropatch do
Get the candidate items from uU-related memory My;
Sample the item j from M, based on the variance-based sampling strategy ([@);
Uniformly sample Sy items from {k|k € Ry} (Mu), and merge with original M;
Update My based on the score-based updating strategy (3));
Update embeddings {pu; qi; qj } and parameters  based on gradient w.r.z. L ().
end
end

The learning process of the SRNS is carried out in mini-batch mode, and alternates between two
main steps. First, according to the high-variance based criterion, a negative instance for each training
instance (u; 1) is sampled from u’s memory My, (line @), which already stores S; candidates with
high potential. To improve efficiency, all positive instances of a same user U is designed to share one
memory My,. Second, as the model is constantly changing during the training process, M, requires
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5 Conclusion

In this paper, we propose a simplified and robust negative sampling approach SRNS for implicit
CF, which can efficiently sample true negative instances that are of high-quality. Motivated by the
empirical evidence on different negative instances, our score-based memory design and variance-based
sampling criterion achieve efficiency and robustness, respectively, in negative sampling. Experimental
results on both synthetic and real-world datasets demonstrate SRNS’s robustness and superiorities.
Finally, one interesting future works would be studying the theoretical convergence guarantee of
the proposed method. We will attempt to address this issue by learning from importance sampling
methods [8},47]] in stochastic optimization.
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A Comparison Between Different Approaches

A.1 General Machine Learning Approaches

Learning an implicit CF model from the positive-only data is also related to Positive-Unlabeled (PU)
learning and learning from noisy labels, as the rest unobserved instances are unlabeled and noisy.
Motivated by these general machine learning approaches, this paper formulates the negative sampling
problem as efficient learning from unlabeled data with the presence of noisy labels, and pays more
attention on those true negative instances hidden inside the massive unlabeled data. The following
table and review on literatures discuss the differences between different approaches that can be
adapted for this problem.

Learning from

Approaches Positive-Unlabeled Data Learning from Noisy Labels Negative Sampling
Positive/Negative known or estimated from unknown unknown
Class Prior data [[13}/30]
Assumption on positive or negative labels negative labels with noise unobserved
Unlabeled Data (14 122]) 1214 131]] 126 129, 133]]
Hand}mg minimizing the empirical manually des1gn1ng. [21124] §amplmg unobseryed
Uncertainty of risk estimator [12, 22 or automated learning the instances as negative
Unlabeled Data g instance weight [21} 31} 135] labels [26) 29} 133]

Learning from Positive-Unlabeled Data. Since implicit feedback data contain positive instances
only, the implicit CF problem is also related to learning from positive-unlabeled (PU) data. PU
learning formulates the problem as a binary classification, accounting for the fact that both positive
and negative labels exist in the unlabeled data [12} 114} 22]. However, it normally requires an accurate
estimation of the class-prior, which is challenging in real-world data [13}[30]. Moreover, a direct
optimization on the whole unlabeled data is generally inefficient, especially for implicit CF, where an
efficient training approach supporting large-scale data is necessary [22} 34]. In our proposed solution,
above issues are avoided by efficiently sampling negative instances from the unlabeled data and,
motivated by the idea of PU learning, we carefully distinguish those true negative instances from
others.

Learning from Noisy Labels. By regarding unobserved instances as a combination of true negative
labels and noisy labels, another choice is adapting the implicit CF into learning from noisy labels.
Typical learning approaches include curriculum learning [2f], self-pace learning [24] and instance
re-weighting 21,131} 35]]. The first two approaches prefer easier instances during training process
S0 as to improve robustness, while these easy instances may be ineffective for learning a CF model.
Without prior information about the noisy labels, instance re-weighting approach learns the weight
of each instance with bi-level optimization on training and validation data [21} 31} 35]]. However,
the size of unlabeled data in implicit CF can approach to nearly a product of user count and item
count, making above non-sampling approach become unaffordable in terms of learning efficiency.
Therefore, this work focuses on negative sampling and aims to handle noisy labels correctly at the
same time.

A.2 Specific Negative Sampling Approaches

Negative sampling approaches have also been widely adopted in other domains of embedding
learning for text, graph, etc. Motivated by these works that tend to leverage a simple model for
capturing negative sampling distribution, we design a memory-based model that simply maintains the
promising candidates with large scores. More importantly, we propose to robustify negative sampling
by emphasizing high-variance samples, which is novel in both CF and other domains. The following
table and review on literatures discuss the differences between different approaches.

Negative Sampling in Other Domains. Negative sampling approaches are widely used in many
tasks like word embedding [26], graph embedding [6]] and knowledge graph embedding [38]. In
terms of capturing the distribution of negative instances, these applications generally requires a rather
simple model. For example, Word2Vec [26] sets the negative sampling distribution proportional
to the 3/4 power of word frequency, which favours those frequent words. Later works on graph
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Domain

Text

Graph

Knowledge Graph

Collaborative Filtering

fact composed of

Learning semantic word node proximities  head/tail entity and  “S€T preferences among
Objective relationships P nuty items
relation
SZrE;)mllilf) frequency-based degree-based uniform [4], uniform [33],
S traI:egyg 26] [29. 136] bernoulli [40] popularity-based [10] 41]
Improving self-paced based (46 based 32 43
Sample GAN [3] leaning score-based [46], score-based [32}45]],
Quality GAN [13] GAN [5.17] GAN [111 28]
favouring
Leveraging . high-degree favouring
Skewness in favoxl(r)lrrzi f[rzegjuent nodes [29}136] or large-scored none
Distribution ’ positive-alike instances [46]
nodes [42]
Handling avoiding the hardest
False none none none .
Negative instances [43]]

embedding [29} 36] readily keep this skewed distribution by adapting it to the node degree. Similarly
in knowledge graph, it has been observed that negative instances with large scores are important but
rare and focusing on this partial set makes the model much simpler [46]. Another recent work on
negative sampling of graph representation learning proposes that the negative sampling distribution
should be positively but sub-linearly correlated to their positive sampling distribution [42]. However,
in terms of avoiding false negative instances, none of them have tackled this problem by designing
a robust sampling approach. Since the implicit CF is a different problem where the reliability of
sampled negative instances is much harder to guarantee, we propose to reduce this risk by emphasizing
high variance samples. Meanwhile, motivated by above examples in other domains, we also leverage
a simple model to efficiently capture the distribution of negative instances which are of high-quality.

B Implementation Details

B.1 Running Environment

The experiments are conducted on a single Linux server with AMD Ryzen Threadripper
2990WX @3.0GHz, 128G RAM and 4 NVIDIA GeForce RTX 2080TI-11GB. Our proposed SRNS
is implemented in Tensorflow 1.14 and Python 3.7.

B.2 Baselines

We compare the SRNS with following state-of-the-art approaches: (1) Uniform [33]], which uniformly
selects negative samples from the unlabeled data. (2) NNCF [10]], which uses a negative sampling
distribution proportional to the 3/4 power of item popularity. A hyper-parameter S is the number of
positive samples per item. b is the number of negative samples per positive sample. (3) AOBPR [32],
which improves uniform strategy by adaptively oversampling hard instances. A hyper-parameter

controls the skewness of distribution / exp( rk(jju)= ). (4) IRGAN [37], which uses an
adversarial sampler by conducting a minimax game between the recommender and the sampler. A
hyper-parameter is the temperature in sampling distribution (Eq. (10) in [37]). (5) RNS-AS [IL1],
which leverages adversarial sampling to generate hard negative samples. A hyper-parameter Ng is
size of candidate set for sampling and is the temperature. (6) AdvIR [28], which exploits both
adversarial sampling and training (i.e., adding perturbation) to generate better negative samples. Ng
and are defined similarly as above. controls the perturbation size. (7) ENMF [9], as a baseline,
we also compare with an non-sampling approach that regards all the unlabeled data as negative labels
and carefully assigns instance weights. A hyper-parameter € controls above weight for a negative
instance.
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B.3 Detail of MLP based r

The MLP based scoring function r(p; q;; ) [19] takes the concatenation of p, and q;, i.e., Zg =
[pu; qi] 2 R?F, as the input. Then there are H hidden layers, and the Ith layer is defined as

z) = sigmoid(W,z, 1 + by); (%)

where Wy 2 R 9 1 and b; 2 R denote the weight matrix and bias vector in this layer. Specifi-
cally, dg = 2F and we set d; = %d| 1. The last layer outputs the prediction score ry;, defined as

Fui = W;+1ZH + bH+1; (6)

where Wry+1 2 R and byy+1 2 R. The learnable parameters  in this MLP based r are
fWi;big(i=1;::;;H +1).

B.4 Hyper-parameter Tuning

Our SRNS’s hyper-parameters can be divided into three parts: (1) sampling related part, including
memory size S1, expansion size Sy, temperature , variance-based criterion weight , warm-start
epoch number Tg. (2) r related part, including embedding dimension F and hidden layer number H.
(3) optimization related part, including learning rate |r and L2 regularization reg.

In synthetic noise experiments, since we do not explicitly split a validation set on synthetic data,
we draw two different train/test splits. The hyper-parameters are searched in the first round and
afterwards are kept constant in another round. Note that the false negative instances (F) in there two
rounds are also independent with each other, as they are simulated by random sampling from the
corresponding test set. We run each synthetic data experiment 400 epochs without early stopping and
repeat five times. The scoring function r is GMF [19]]. The memory size S;=S, are fixed as 20/20.
The temperature is 1. Adam optimizer with 1 = 0:9, , = 0:999 is used and the mini-batch size
is set to 1024. The lazy-update epoch number E = 1. The rest hyper-parameters are tuned according
to average NDCG@3 in the last 50 training epochs. Specifically, first we use grid search to find the
best group of non-sampling related hyper-parameters, i.e., (F; Ir; reg), using the vanilla Uniform
method [33]] as the negative sampling strategy. Then we fix (F; Ir; reg) and search the rest sampling
related hyper-parameters, i.e., ( ; To), under different settings of noisy supervision ( ). See TableE]
for detailed information.

Table 4: SRNS’s hyper-parameter exploration in synthetic noise experiments (Section 4.2)

Hyper-parameter Tuning Range Opt. (Ecom-toy)  Opt. (ML100k)
Ir [5;10;50] x 10 ¢ 0.001 0.001
reg [0;1;10] x 10 3 0.0 0.001
F [8; 16; 32] 32 8
[5:0; 10:0; 20:0; 50:0] - -
To [50; 100] - -

In real data experiments, we conduct the standard procedure to split train/validation/test set. We
run 400 epochs and terminate training if validation performance does not improve for 100 epochs,
which has also been repeated five times. Both GMF and MLP (defined in Appendix are tested.
Adam optimizer with 1 = 0:9, > = 0:999 is used and the mini-batch size is set to 1024. The
lazy-update epoch number E = 1. The embedding dimension F is set as 32 (ML-1m), 16 (Pinterest)
and 8 (Ecom), respectively. We further show similar results with different F 2 8;16;32; 649
in Appendix [C.4] The rest hyper-parameters are tuned according to the best NDCG@1 on the
validation set. Specifically, first we use grid search to find the best group of non-sampling related
hyper-parameters, i.e., (Ir; reg), using the vanilla Uniform method [33] as the negative sampling
strategy (For MLP based r we also search H). Then we fix them and search the rest sampling related
hyper-parameters, i.e., ( ; ;To;S1;S2=S;). To ease the tuning process, we first fix and Tp as
0 (difficulty-only sampling), then search the best ( ; S1;S2=S;). After that we fix them and search
the best group of ( ; Tp) (variance-based sampling). Also, we repeat above step by changing memory
size S to its next or previous value. For example, if current best S; is 16, we further test 8 and 32.
Note that we do not search sampling related hyper-parameters when using MLP based r, by directly
using those for GMF. See Table [5|for detailed information.
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Table 5: SRNS’s hyper-parameter exploration in real data experiments (Section 4.3)

Para. Tuning Range Opt. (Ecom)  Opt. (ML1m) Opt. (Pinterest)
Ir [5;10;50; 100] x 10 * 0.001 0.001 0.001
reg [0;1;10;100] x 10 # 0.001 0.01 0.0
SRNS [0:5;1:0; 2:0; 10:0] 2.0 10.0 10.0
GMEF [0:1;1:0; 2:0; 5:0; 10:0; 20:0; 50:0] 0.0 5.0 5.0
To [25;50; 100] 25 50 50
S1 [2;4;8;16;32] 8 8 16
S2=S1 [1;2;4;8] 2 8 4
SRNS Ir [5;10;50] x 10 * 0.001 0.001 -
Mip Ted [0;1;10;100] x 10 4 0.001 0.01 -
H [0;1;2;3] 3 3 -

Table 6: Baselines’ hyper-parameter exploration in real data experiments (Section 4.3)

Method  Para. Tuning Range Opt. (Ecom) Opt. (ML1m) Opt. (Pinterest)
Uniform Ir [5;10;50;100] x 10 * 0.001 0.001 0.001
reg [0;1;10;100] x 10 * 0.001 0.01 0.0
Ir [5;10;50;100] x 10 4 0.001 0.001 0.001
NNCE reg [0;1;10;100] x 10 # 0.0 0.0 0.0
b [32;64;128; 256;512; 1024; 2048] 32 2048 2048
S [1;2;4] 2 2 2
Ir [5;10;50;100] x 10 4 0.01 0.01 0.005
ENMF reg [0;1;10;100] x 10 # 0.001 0.0001 0.0
c [0:01;0:03; 0:05; 0:07; 0:1; 0:3; 0:5; 0:7] 0.1 0.3 0.01
Ir [5; 10;50; 100] x 10 4 0.0005 0.0005 0.0005
AOBPR  reg [0;1;10;100] x 10 # 0.001 0.01 0.0
[5; 10; 20; 50; 100; 200; 500; 1000; 2000] 10 1000 2000
Ir [5;10;50;100] x 10 4 0.0005 0.0005 0.0005
IRGAN  reg [0;1;10;100] x 10 # 0.001 0.001 0.001
[0:5;1:0; 2:0] 2.0 1.0 1.0
Ir [5;10;50;100] x 10 * 0.001 0.0005 0.0005
reg [0;1;10;100] x 10 # 0.0 0.001 0.01
RNS-AS
[0:5;1:0; 2:0; 10:0] 1.0 0.5 0.5
Ns [10; 20; 30; 40] 10 10 10
Ir [5; 10;50; 100] x 10 4 0.0005 0.0005 0.0005
reg [0;1;10;100] x 10 # 0.0 0.0001 0.001
AdvIR [1;10;100] x 10 2 0.01 0.01 0.01
[0:5; 1:0; 2:0; 10:0] 1.0 1.0 1.0
Ns [10; 20; 30; 40] 10 10 10

As for the baselines listed in Appendix [B.2} except Uniform [33] that have been tuned as above,
others have also been carefully tuned according to their validation NDCG@ 1. For IRGAN, RNS-AS
and AdvVIR using GAN-based structure, we use a pretrained model (i.e., trained under Uniform) to
initialize. See Table[@] for detailed information.

B.5 Evaluation Metrics

As defined in Section 4.1, our used metrics, i.e., Recall and NDCG, can provide a comprehensive
evaluation of model performance. The former measures whether the ground truth item is presented on
the ranked list, while the latter measures the performance at a finer granularity by accounting for the
position of hit. The two datasets (ML-100k and Ecom-toy) used in synthetic noise experiments are
rather small, with the item count jI j between 1000 2000, while the rest three in real data experiments
are much larger, with the highest value as 59290 (Ecom). Thus in real data experiments, we follow
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a common strategy [19 23] to fix the list length jSyj as 100, by randomly sampling 100  jGj
non-interacted items, because ranking the whole item set for each user is too time-consuming during
evaluation. When reporting NDCG @k and Recall @k, we choose a rather small value of truncated
length k 2 f1; 3g, because of following two reasons: (1) In real applications of implicit CF like
recommender systems, users tend to browse the items at first few positions of a list, making the
accuracy of rest recommended items less important. (2) In real data experiments we fix the length of
a ranked list as 100, thus choosing a large k may make this task too easy.

B.6 Variance Computation

To calculate the prediction variance std[Ppos(Kju; i)] (Eq. (4)) of each candidate instance (U; K) stored
in the memory My, we directly use the prediction results from previous iterations, without any extra
forward or backward passes in the r. In our implementation, we consider the prediction probability
in the latest few epochs, which is due to following two reasons: (1) prediction history near the
beginning period of training process is not stable for all kinds of negative instances, and thus can
be excluded from the computation. (2) this implementation makes the overhead constant (O(1)) for
each sampling operation. In our experiments, we determine the uncertainty only based on the latest 5
epochs. Specifically, at tth training epoch,

Sty (Kju; D] = 1/ -t ollPrsCausdl, MeanlPr (DI =s;

v @)

Mean[Ppos (Kju; i)] = =t s[Pros(kiuiDl=s:
In real data experiments where the datasets are much larger, it is time-consuming to compute the
prediction probability (Ps) for all user-item pairs (jUj jlj) at each epoch. Thus we prune the item
space for each user’s memory update process, so as to avoid logging P, for all items. Specifically,
for u at tth training epoch, the newly extended candidates in M, can only be randomly sampled from
an item set, denoted as var_set,, which has already been generated at (t = 5)th epoch. At the mean
time, for v 2 var_set,, we log Pyos(Vju; i) values at the subsequent 5 epochs. Therefore, among U’s
memory My, besides the original items that have been maintained from previous epochs, the newly
added items also have the P, history in the latest 5 epochs, which supports the variance computation
above. Note that var_sety is also generated by random sampling from U’s non-interacted items, and
its size is larger than memory size S;, but much smaller than item count j1j. We fix jvar_set,j as
3000 (ML-1m) and 600 (Pinterest, Ecom), respectively.

C Experiment Details

C.1 Dataset Description
We choose following four raw datasets and build five datasets for performance evaluation.

Movielens (ML)-lOOlﬂ This is a widely used movie-rating dataset containing 100,000
ratings on movies from 1 to 5. We follow the common preprocessing to convert it into
implicit feedback data, regarding those high-rated records (4  5) as positive labels [2837].

Movielens (ML)-lnﬂ Similarly to ML-100k, this large dataset contains 1,000,000 ratings.
After similar converting procedure, we filter out users with less than 5 records.

Pinteresﬂ This implicit feedback dataset is constructed by [16] for a task of image
recommendation, and has been used for evaluating the implicit CF task [19].

Ecommerce (Ecom). This implicit feedback dataset is a subset of users’ item-click records
in a real-word E-commerce website between 2017/06 and 2017/07. For data preprocessing,
we filter out users/items with less than 4 records, so as to overcome the problem of high
sparsity. After that, we further obtain a toy dataset, denoted as Ecom-toy, by retaining top
1,000 users and 2,000 items sorted by number of records.

*https://grouplens.org/datasets/movielens/100k
3https://grouplens.org/datasets/movielens/Im
*https://pinterest.com
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C.2 Details of Figure 1

The experiment is conducted on ML-100k dataset, using the same train/test split as synthetic noise
experiments. We use GMF as the r and Uniform [33] as the negative sampling strategy. By flipping
labels of groundtruth records in the test set, we are able to obtain a set of false negative instances (FN)
that are in fact positive labeled but unobserved during the negative sampling process. Besides
uniformly sampling negative instances (UN) to update the model, we simultaneously obtain a series
of hard negative instances (HN) with different difficulty D. In following analysis, we adopt a
simple yet effective strategy to control D of a obtained HN: 1) uniformly sample D candidates from
T(u; J)iJ 2 Ryg; 2) select the negative instance with the highest value of ryj. When D gets higher,
HN becomes much harder. UN is the same as HN with D = 1.

As in Figure 1(a), we have a closer look at the negative instances’ distribution in terms of their positive-
label probabilities Pp that are proportional to the prediction scores. This is motivated by [46] that
has observed a skewed distribution of negative instances when learning knowledge graph embeddings.
Specifically, (a) is the distribution of negative instances f(u; j)ju 2 U;j 2 Ryg at 5 timestamps. We
measure the complementary cumulative distribution function (CCDF) F(X) = P (Ppos  X) to show
the proportion of negative instances that satisfy P, X. Since hard negative instances generally
have large Pp, we compare them with those false negative instances w.r.t. Ppos (Figure 1(b)).
We use the median value (p50) to represent each set. Then in Figure 1(c), we further analyze the
possibility of using P, to discriminate above two sets of negative instances. Specifically, under
different hard negative sampling strategies, we calculate the label error ratio in each mini-batch,
i.e., LER = (# of false negative samples)=(# of all selected negative samples). Unlike others, false
negative instances follow the similar distribution as those positive instances in training data. Thus
the model can ideally become more and more confident about predicting them as positive instances,
and the corresponding variance of Py is low. Finally, to validate this, we compare Ppos’s variance
between different types of negative instances in Figure 1(d). The normalized variance is measured by
the ratio between standard deviation and mean value.

C.3 Synthetic Noise Experiments

To control the impact of false negative instances on the sampling process, we manually inject noisy
labels by slightly modifying each user’s memory M that stores S; candidate negative instances.
Specifically, for user U, there is always an instance in M, that is randomly sampled from U’s false
negative set F, and this instance is also dynamically updated together with M. As for the rest
S1 1 candidates in My, they cannot be selected from F,. To control the noise ratio, we vary
the size of false negative set by randomly sampling 100 (%) from Fy (2 [0;1]). Note that

(@ =0,ML-100k (b) =0:2,ML-100k (c) =0:6,ML-100k (d) = 0:8, ML-100k

03 M‘

[

0.1{ — a=0,To=0,Flat
a=10,T,=0,Flat
— a=10,T, =50, Increased

100 200 300 40
Epoch

(e) =0, Ecom-toy (f) = 0:3, Ecom-toy

Q

o

a

z 0.1- — a=0,To=0,Flat
a=10,To=0,Flat

/ — a=10,T, =50, Increased

0.00

Figure 5: Detailed results of Figure 3: Test NDCG vs. number of epochs on two datasets, with the
error bar for STD highlighted as a shade.
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