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ABSTRACT

Sequential recommendation aims at predicting users’ preferences
based on their historical behaviors. However, this recommendation
strategy may not perform well in practice due to the sparsity of the
real-world data. In this paper, we propose a novel counterfactual
data augmentation framework to mitigate the impact of the imper-
fect training data and empower sequential recommendation models.
Our framework is composed of a sampler model and an anchor
model. The sampler model aims to generate new user behavior
sequences based on the observed ones, while the anchor model is
leveraged to provide the final recommendation list, which is trained
based on both observed and generated sequences. We design the
sampler model to answer the key counterfactual question: “what
would a user like to buy if her previously purchased items had been
different?”. Beyond heuristic intervention methods, we leverage
two learning-based methods to implement the sampler model, and
thus, improve the quality of the generated sequences when training
the anchor model. Additionally, we analyze the influence of the
generated sequences on the anchor model in theory and achieve
a trade-off between the information and the noise introduced by
the generated sequences. Experiments on nine real-world datasets
demonstrate our framework’s effectiveness and generality.
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1 INTRODUCTION

In the past few years, many sequential recommendation models
have been proposed and achieved encouraging performance on
various application scenarios. These models leverage sophisticated
mechanisms to predict users’ preferences from their historical be-
haviors. For example, the representative FPMC model [24] captures
the sequential user-item interactions by a two-order Markov chain.
Recently, more cutting-edge models like recurrent neural networks
(RNNSs) [19, 21], convolutional neural networks (CNNs) [28, 31]
and memory networks [4, 15] are applied to model the long-term
dependencies among user behaviors. Essentially, the sequential
recommendation models above capture the joint distribution of
two or more items based on their occurrence in a sequence, which
makes them require much more high-quality sequential data for
training compared with the non-sequential models. Unfortunately,
this demand conflicts with the sparse nature of the real-world data
— N items have N! permutations, but the sequences observed in
practice can only cover extremely few of them. Figure 1 illustrates
this problem for the E-commerce scenarios. We may observe that a
user purchased a camera, a camera battery, and a battery charger
over time. Generally, purchasing the camera is likely to trigger
different subsequent items, such as a camera lens and lens cleaner,
a roll film and a photo album, and so on. Although such potential
sequences are intuitively reasonable and informative for training
sequential recommendation models, they may not be recorded for
various reasons (e.g., the security and privacy issues and the limita-
tions on time, human resource, and budgets). From the perspective
of causal inference [2, 3, 6], these unrecorded sequences are coun-
terfactual data, which provide answers to a key counterfactual
question: “What would a user like to buy if her previously
purchased items had been different?”. As a significant comple-
mentary resource of the observed sequences, the counterfactual
sequences can more comprehensively reveal the user preference!
and thus help training a sequential recommendation model with
good precision and generalization power. Motivated by the analysis
above, we propose a novel framework to achieve Counterfactual
Data-Augmentation Sequential Rcommendation (called CASR for
short). The CASR framework enriches sequential data and improves

! As shown in Figure 1, when replacing the camera battery in the sequence with a
camera lens, the sequence ends with a lens cleaner rather than the battery charger.
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Figure 1: An illustration of our framework for counterfac-
tual data-augmented sequential recommendation.

sequential recommendation models. As illustrated in Figure 1, the
CASR framework is composed of a sampler model and an anchor
model. Driven by the aforementioned counterfactual question, the
sampler model generates counterfactual sequences from the real
ones. The anchor model provides the final recommendation list
and is trained based on both real and counterfactual sequences.
We first implement a naive sampler model that generates new se-
quences by substituting the items of the real sequences randomly.
Beyond this heuristic method, we further develop two types of
learning-based sampler models called data- and model-oriented
methods, respectively. The data-oriented method is able to generate
new sequences which are near the decision boundaries, while the
model-oriented method aims at maximizing the information of the
new sequences provided to the anchor model. Based on the theory
of probably approximately correct (PAC) learning [25], we analyze
the relation between the number of generated sequences and the
noise level of the sampler model. Accordingly, we design a simple
but effective controlling mechanism for the proposed framework
to achieve a trade-off between the noise and the information in
the generated sequences. Our CASR framework is applicable to
most existing recommendation systems, in which the sampler and
anchor models can be implemented by various sequential architec-
tures. The experiments on nine real-world datasets demonstrate
the usefulness of our framework — from the results, we can ob-
serve consistent improvement comparing with the state-of-the-art
sequential models.

In a summary, the main contributions of this paper can be con-
cluded as follows: (1) We propose a novel framework to empower
sequential recommendation models with counterfactual data. To
the best of our knowledge, our work makes the first attempt to
leverage the idea of counterfactual thinking in the recommendation
domain. (2) We implement the above idea in three ways, developing
a heuristic and two learning-based samplers to generate counterfac-
tual sequences. (3) We theoretically analyze the noisy information in
the counterfactual data and propose a simple but effective strategy
to ensure the informativeness of the generated sequences. (4) We
conduct extensive experiments based on nine real-world datasets
to verify our framework’s effectiveness and generality.

2 THE CASR FRAMEWORK

2.1 Sequential Recommendation

Suppose that we have a user set U and an item set 7. We denote
7 as the user-item interaction set?. Usually, 7 is organized as

{({u,—,tl.l,tiz, ...,tfi},tfiJrl)}{\il = {T;, tfi+1}£l, where each u; € U

and tle’ ! ¢ 7" Inthei-th sample in 77, the items interacted with

the user u; in history is represented as a sequence T; = {tl.l,tl.z, ...,tf" }
and tfiﬂ is the next item. Given {U, I, 7'}, sequential recommen-

dation aims at modeling the impact of the historical items on the
next one, and accordingly, predicting the users’ future preferences.
To achieve this aim, we often learn a probabilistic model, denoted
as A, by solving the following optimization problem:

Ii+1 i li+1 1-y;
max ]—[ log AH T T)YI(1 - A T;)) 790
(Ti, 1) eTUT-

I;i+1
i

history information T;. 7= {({us,tL, 2, ..., ti‘ },t£5+1)}51\11 is the set
of negative samples, and tisﬂ is randomly selected from the items
not interacted by us. The label y; =1 if (Ti,tl'ﬂ) € T, otherwise

y; =0. In the past few years, people have expllored different models
like CNN [28], RNN [19] or even transformer [17] to implement
A, but little attention has been paid to the sparsity of the training
data, which may pose great challenges for learning reliable item
correlations and achieving better recommendation performance.
To mitigate this problem, we establish a novel framework called
CASR for training sequential recommendation models.

Our CASR framework is inspired by the human introspection
behaviors, such as “what if I took another road?” and “what if I
bought a lens after a camera?”. Such behaviors are described by
the concept of counterfactual thinking in the causal inference do-
main [1, 6], which helps to explore (or imagine) the potential results
of the alternative previous actions. The key counterfactual question
for sequential recommendation is “what would a user buy if her pre-
viously purchased items had been different?”. As shown in Figure 1,
beyond training a sequential recommendation model A (i.e., the
anchor model), our CASR framework introduces a sampler model,
denoted as S, to answer this counterfactual question by generating
counterfactual sequences. In our framework, both § and A are
pre-trained based on the original dataset in the beginning. Then,
the counterfactual sequences produced from S are leveraged to
re-optimize A, which is finally leveraged to provide the recom-
mendation list. Clearly, the key of our framework is the design of
the sampler, which has a significant influence on the quality of the
generated sequences. We implement the sampler based on both
heuristic and learning-based methods, which will be introduced in
the following contents.

where A outputs the probability of interacting with ¢’ given the

2.2 Heuristic Sampler

The most straightforward way to generate counterfactual sequences
is replacing the historical items with the other ones in a random
manner. For a training sample ({u, A tl}, tl“) € 7, we first
indicate an index d, and replace t¢ with a random item 2. Then,

%In practice, interact can be click, purchase, add to shopping cart and etc..



we bring {u, i, td_l, 9, td“, s tl} into S to derive the next
item £+1, that is,

2l+1

P41 = arg max, e S(tlu, t, .., 1971 9 9t (@)

Atlast, ({w, £, ..., 19471, 1@ pd+1 41} #1+1Y is the generated coun-
terfactual sequence. This heuristic sampler model is easy to im-
plement. However, it has too many degree of freedom, and thus,
introduce too much randomness into the generated sequences. It
has been studied in the previous work [6, 7, 29] that different sam-
ples are not equally important for model optimization. To guarantee
the effectiveness of the generated sequences on the anchor model’s
optimization, we need to design some samplers with more reason-
able mechanisms.

2.3 Learning-based Samplers

In order to make the generated sequences more effective, in this sec-
tion, we improve the heuristic sampler by learning-based methods
from the data and model perspectives, respectively.

Data-oriented counterfactual sequence learning. In a clas-
sification problem, the input feature space can be split into many
subspaces according to different output labels. The borders between
different input subspaces are referred as the decision boundaries.
For the samples near the decision boundaries, the labels can be
easily altered even with a small change on the input features. As
demonstrated in the previous work [1, 9], these decision bound-
ary samples are usually discriminative in revealing the underlying
data patterns, and training based on them may lead to improved
model performance. Our data-oriented sampler is motivated by
this principle, and we generate the counterfactual sequence by
“minimally” changing the user’s historical items, such that her cur-
rently interacted item can be “exactly” altered. Formally, suppose
e; € RD is the embedding of item ¢, we measure the change of
the user behaviors based on the embedding space. For a given real
sequence ({u, 2 tl}, tl+1) € 7 and an index d, we optimize
the following objective:

: 2
minsacc [|era — etd||2

I+1 (3)

st t d=1 ya yd+1 4l

# arg max; ¢ r S(t|u, tl, et
where e;a and e,q are the embeddings of the changed and origi-
nal items. C indicates the item set for replacement, which can be
specified as J or other set to involve prior knowledge. In this equa-
tion, the objective aims to minimize the distance between the item
embeddings before and after the change (i.e., minimally changing
the user’s past behavior). The constraint ensures that the current
item is no longer t/*1. By combining them, we would like to change
the past behaviors in a minimum manner, such that the current
item can be exactly altered. Once we obtained ¢4, the final coun-
terfactual sequence is ({u, t1, ..., pd-1 ga pd+1 i1y, #1+1) where
#1+1 is derived according to equation (2). By such “minimum-exact”
optimization, in the generated counterfactual sequence, some small
change on t¢ will make the distance ||e;a —e,q ||§ not large enough

tl+1 fl+1

to alter , 1.e., the current item will return to the original

item t/*1
the decision boundaries. An intuitive illustration of this method

can be seen in Figure 2.

, which implies that the counterfactual sequences are near
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Figure 2: Illustration of the learning-based samplers. In the
data-oriented method, the “feeding bottle” is replaced by
a “baby bed”, which exactly change the next item from
baby feeding items to baby beddings. In the model-oriented
method, the “milk” can induce a counterfactual sequence
with the largest anchor model loss, which is selected as the
replacement item.

In practice, the major challenge comes from the non-differentiable
nature of objective (3). To solve this problem, we introduce a “vir-
tual” item ta, and its embedding is e,z = e,a + A, where Ais a
continuous vector indicating the distance between t@ and t4. Our
general idea is firstly learning e,z in a differentiable manner, and
then projecting e,z to the nearest real item. In order to learn e, z,
we relax objective (3) to the following differentiable target:

min ||A||g +aS(e,s1ley, e, .., €a-1, €0 + A e,av, .. e,0) (4)
AeRP

where we replace the item IDs in equation (3) with their embed-
dings for clear presentation, and A is the only learnable parameter.
The first term aims to minimize the distance between the virtual
and real items, that is, minimizing the change of the user behaviors.
The second term penalizes the larger probability of interacting with
the true current item e, .1, in other words, e,:+1 is not expected
to be predicted by S. Thus, this term plays a similar role as the
constraint in (3). ¢ is a tuning parameter balancing different ob-
jectives. Once we obtained e,z, the replacement item ¢4 is derived
according to the following projection method:

t% = arg mingacc |le,a — eta ||§, (5)

Model-oriented counterfactual sequence learning. Besides
the two samplers described above, the third potential implemen-
tation is a model-oriented method. This method is motivated by
the work in [6, 7], which leverages the principle that the samples
with larger loss can usually provide more knowledge to widen the
model’s experience and improve the model performance. In our
framework, we learn the counterfactual sequences via maximizing
the loss of the anchor model, and an intuitive illustration of this
method is provided in Figure 2. Formally, given a training sequence
({u, t1, %, ..., '}, t1*1) € 7 and an index d, we solve the following



optimization problem:

d_l,ta,td+1 ,tl)

5 eee

max;acc —log AG u, 11, ...t

t fl+1

s.t. = arg max;c 7 S(t|u, g1, a1 e gdtl tl) (6)

N S 2
legh — 5,13 < 2

where the objective is to maximize the loss of the anchor model?,
the first constraint states that the sequence is generated based on
S. The second constraint controls the distance between the revised
and original item embeddings. Smaller A means that efa should be
selected near the original item embedding, while larger 1 allows
e;Sa to be explored in a broader space.

To make this objective more tractable, we adopt a similar method
as used in the data-oriented method. We introduce a “virtual” item

t9, whose embedding is A-away from that of t4. We denote E,f =

F

F T oF
{ey, €€ 4 1€,y +A, € au

. et?l-} as the collection of the user
and revised item sequence embeddings, where ¥ is either A or S.
We soften the selection process of #1+1 to make the objective fully

differentiable, and the relaxed objective is:

EA S(eS|ES
may - > PO 2 M) - gl )
AeED 51T exp (rS(eIES))

where f is a tunning parameter controlling the importance of
the distance constraint. —log .?I(eiﬂ |EZY) is the loss on the sample
when i is the current item. M

2 exp(zS(e; |Ey))
layer upon S, indicating the probability of interacting with item
i. By multiplying them, the first term of equation (7) is actually
computing the expectation of the anchor model loss supported by
T . 7 is the temperature parameter, which tunes the softness of the
item distribution. When 7 — 0, all the items are equally considered
in the expectation. When 7 — oo, the mass of the distribution is
concentrated to a single item, and the expectation is reduced to the

arg max operation as used in the original objective (6).

imposes a softmax

Remark. Basically, data-oriented method learns the counterfactual
sequences based on the underlying patterns of the training data.
This is a “bottom-up” method, which is model agnostic, i.e., do
not rely on the specific anchor model. In contrast, model-oriented
method learns the counterfactual sequences under the guidance
of the anchor model, which is a “top-down” method, and highly
depends on the model it serves for. These methods are designed fol-
lowing different principles, and may play different roles in practice.

2.4 Learning Algorithm

We summarize the complete learning algorithm of our framework
in Algorithm 1. To begin with, the sampler model S and anchor
model A are both optimized based on the observed dataset 7. After
indicating the number of running times M and the index d, in each
iteration, the sampler model is executed on the observed sequence
to generate the counterfactual sequence. Once we have collected
the whole counterfactual dataset 7, the anchor model is retrained
based on 7~ U 7¢. There are three implementations of the sampler

3This objective is derived by bringing y; = 1 into equation (1).

Algorithm 1: Learning Algorithm of CASR

1 Pre-train S and A based on the observed dataset 7.
2 Initialize the counterfactual dataset 7; = 0.

3 Indicate the number of running times M.
4 Indicate the index d.
5 for iin [0, M] do

6 Select a training sample ({u, 2 tl}, tl+1).
7 Heuristic Method:

8 Randomly select an item ¢4.

9 Change the input sequence as

{¢1, .., ¢d71 e pdl gy

10 | Derive f!*! by equation (2).

1| Toe= ToU({uth, 097 1@ g gy g,
12 Data-oriented Method:

13 Learn the distance vector A by equation (4).

14 Derive t% by equation (5).
15 Derive £/*! by equation (2).
16 if 741 £ ¢1*1 then

17 To = To U ({u, !, .. 1471 pa pd+1ply fly,
18 end

19 Model-oriented Method:

20 Learn the distance vector A by equation (7).

21 Derive {*! by bring t9 into equation (2).

22 | Toe ToU({uth, . @708 1 %1 gy f,
23 end
4 Train A based on 7 U 7¢.

N

model to generate the counterfactual sequences. In the heuristic
sampler, the replacement item ¢4 is determined in a random manner
without any constraint. The next item, and accordingly, the whole
counterfactual sequence are derived based on equation (2). In the
learning-based samplers, the replacement items are selected by
learning to achieve some reasonable targets. More specifically, in
the data-oriented method, a virtual item embedding is firstly learned
to achieve the decision boundary sample in a differentiable manner
based on equation (4). Then the virtual item is projected to the
nearest real replacement item based on equation (5). Similar to the
heuristic sampler, the next item is derived based on equation (2), but
to ensure that it is different from the original item, there is a further
check on whether #/*! # ¢!*1 In the model-oriented method, the
virtual item embedding is learned based on equation (7), which is
directly used as the replacement item without approximation, and
its embedding is etﬂ; + A. Careful readers may find that, this method
is basically playing an adversarial game. The critical sequences
are generated to maximize the anchor model loss, which is later
minimized to learn the parameters in A. In this way, the generated
sequences can well challenge the anchor model, which broadens the
views of the anchor model and helps to achieve better performance.

2.5 Theoretical Analysis

In our framework, the current interacted item is estimated based
on equation (2). However, the sampler model S may be not per-
fect, and its predicted results may contain noise. In this section, we



theoretically analyze our method within the PAC learning frame-
work [25]. We would like to answer: “given the noise level of the
sampler model, how many samples one need to achieve sufficiently
well performance?”. Suppose g € {0, 1} is the true result of whether
a product is the real current item, and S can correctly estimate g
with the probability of 1 — 5, where 5 € (0, 0.5) indicates the noise
level of S.If S can exactly recover g (i.e., n = 0), then the generated
sequences are perfect without any noise. On the contrary, n = 0.5
means that S can only produce random results, and the generated
sequences are fully noisy. Then we have the following theory:

Theorem 1. Given a hypothesis class H, for any e, § € (0,1) and
n € (0,0.5), if A € H is the anchor model learned based on the
empirical risk minimization (ERM), and the sample complexity (i.e.,

log ()
e?(1-2n)%
the model estimated and true results is smaller than e with probability
larger than 1 — 6.

number of samples) is larger than then the error between

ProoF. Suppose the prediction error of A is s (i.e., 2, l(ga #
g) = s),* then the mis-matching probability between the observed
and predicted results comes from two parts: (1) The observed result
is true, but the prediction is wrong, that is, s(1—#). (2) The observed
result is wrong, but the prediction is right, that is (1 — s)n. Thus,
the total mis-matching probability is 17 + s(1 — 2n).

The following proof is based on the reduction to absurdity. We
firstly propose an assumption, and then derive contradicts to inval-
idate the assumption.

o Assumption. Suppose the prediction error of A (i.e., s) is larger
than e, Then, at least one of the following statements hold: (1)
The empirical mis-matching rate of A is smaller than n + @
(2) The empirical mis-matching rate of the optimal h* € H (i.e.,
the prediction error of h* is 0) is larger than n + ‘5(%2'7) These
statements are easy to understand, since if both of them do not
hold, we can conclude that the empirical loss of A is larger than
that of h*, which does not agree with the ERM definition.

o Contradicts. To begin with, we review the uniform convergence
properties [25] by the following lemma:

LEMMA 2.1. Let H be a hypothesis class, then for any e € (0,1)
and h € H, if the number of training samples is m, the following
formula holds:

P(|R(h) — R(h)| > €) < 2|H| exp (~2me?) )
where R and R are the expectation and empirical losses, respectively.

For statement (1), since the prediction error of A is larger than e,
the expectation loss R(A) is larger than n+e(1—2n). If the empirical
loss R(A) is smaller than n+ M then [R(A)— R(A)| should be

larger than w At the same time, according to Lemma 2.1,
21og (431)

EZ(TZU)Z , wWe have

when the sample number m is larger than

P (|R(y() —R(A)| > @) <.

For statement (2), the expectation loss of h* is 7, i.e., R(h*) = n.
If the empirical loss R(h*) is larger than 5 + w, then |R(h*) —
R(h*)| should be larger than w According to Lemma 2.1,

49 is the prediction from A.

2log (1)
TZU)Z’ we have

when the sample number m is larger than
P (IRH*) - Ryl > ) < 5.

As aresult, both of the above statements hold with the probability
smaller than §, which implies that the prediction error of A is
smaller than e with the probability larger than 1 — 6. O

From this theory, we can see: in order to guarantee some perfor-
mance with a given probability (i.e., € and  are fixed), one needs to
)
€2(1-2n)?
n) is larger, than more sequences have to be generated. Extremely,
if S can only produce noisy information (i.e., n = 0.5), then infinity
number of samples are required, which is impossible in realities.
This theory reveals the relation between the number of generated
sequences and the potential noisy information contained in them,
which helps to understand our framework in theory.

Tuning the noisy information. Inspired by this theory, we
introduce a confidence parameter k € [0, 1) to control the noisy in-
formation. In specific, the new sequences are generated according to
equation (2) only when max; ¢ r S(t|u, ., td_l, e, td+1, s tl) >
k, that is, the sampler model has more confidence on the predicted
results. In such a method, when « is larger, there can be less noisy
information. But at the same time, the number of counterfactual
sequences is smaller, which may impact the effectiveness of our
framework for improving the recommendation performance. If we
select a smaller k, more sequences will be generated for sufficiently
training the anchor model, but the noise rate can also be increased.
Thus, k controls the trade-off between the number and reliability
of the generated sequences. While such noise control method is
simple, it can achieve promising results in the experiments, and we
leave more advanced methods as the future work.

generate more than sequences. If the noise level of S (i.e.,

3 RELATED WORK

Relation with sequential recommendation. Sequential recom-
mendation has recently attracted increasing attention from the
research community. It basically aims to discover the underlying
patterns of the user sequential behaviors. In this field, people have
designed quite a lot of models based on Markov Chain [11, 24],
RNN [14, 19, 21, 31], CNN [28], Memory Network [4, 15, 22] and
Transformer [26, 30]. These studies mostly focus on designing ad-
vanced architectures to model the observed data. However, as men-
tioned before, the recorded user sequential behaviors in a recom-
mendation dataset can be extremely insufficient. It is well known
that a machine learning problem includes two inseparable aspects,
i.e., “model” and “data”. Our framework aims to improve sequential
recommendation from the data perspective, which is orthogonal to
the prevailing model-based research in this field.

Relation with counterfactual thinking. Counterfactual think-
ing is a concept describing the human introspection behaviors.
The typical question one may ask is: “what would ... if ...?". In
the machine learning community, many people leverage counter-
factual thinking to design more explainable, robust and fair mod-
els [8, 9, 18, 32], which has achieved many promising results. An-
other important application of counterfactual thinking is augment-
ing the training samples for data-scarce tasks. Along this research
line, many successes have been witnessed in the fields of neural



Table 1: Statistics of the datasets used in our experiments.

Dataset #User | #Item | #Interaction | Density Domain
MovieLens 6,040 3,629 836,478 3.82% Movies
Lastfm 1,860 2,824 71,355 1.36% Music
Book-Crossing 22,817 | 319,199 1,028,948 0.02% Books
Foursquare 2,288 7,056 128,530 0.80% Check-in
Jester 73,422 101 4,136,360 55.78% Jokes
Diginetica 33,364 | 43,589 223,562 0.02% E-commerce
Amazon-Video 5,131 1,686 37,126 0.43% E-commerce
Amazon-Baby 19,446 7,051 160,792 0.12% E-commerce
Amazon-Beauty | 22,364 | 12,102 198,502 0.07% E-commerce

language processing (NLP) [35] and computer vision (CV) [2, 3, 6].
Our work falls into this category, and we realize the idea of coun-
terfactual thinking in the field of sequential recommendation. More
importantly, we provide theoretical analysis on the relation be-
tween the number of generated sequences and the potential noisy
information contained in them.

Relation with adversarial training. Adversarial training [5]
is a promising learning paradigm, which has shed lights on a
number of machine learning applications, such as image gener-
ation [16, 33], language generation [20] and robust recommender
system [12]. The basic idea of adversarial training is to introduce an
opponent into the model optimization process. The opponent aims
to set “difficulties” for the original model, which is optimized by
learning from these “difficulties”. In this work, we borrow the idea
of adversarial training to generate counterfactual sequences. The
adversarial game is played between the sampler and anchor models.
With the purpose of challenging the anchor model, the sequences
generated from the sampler model are effective for optimizing the
anchor model.

4 EXPERIMENTS
4.1 Experiment Setup

Datasets. In order to verify the effectiveness and generality of
our framework. We base the experiments on nine public available
datasets, which cover six various recommendation domains. In spe-
cific, MovieLens IM is a dataset about user behaviors on watching
movies. Last.fm® records user habits when listening to the music.
Book-crossing” is a dataset about user preferences on the books.
Foursquare® contains user check-in behaviors in NYC and Tokyo.
Jester® is a dataset including user ratings on the jokes. Diginetical®,
Amazon-Instant-video, Amazon-Beauty and Amazon-Baby'! are e-
commerce datasets, each of which is composed of user purchasing
behaviors on the websites. The statistics of these datasets are sum-
marized in Table 1. Based on these quite different recommendation
domains, we would like to examine whether our framework is
generally effective for different user behavior patterns.
Baselines. We compare our model with the following represen-
tative models'?: BPR [23] is a well know recommendation algo-
rithm for capturing user implicit feedback. NAIS [13] is a popular

Shttps://grouplens.org/datasets/movielens/
Ohttp://millionsongdataset.com/lastfm/
http://www2.informatik.uni-freiburg.de/ cziegler/BX/
8https://sites.google.com/site/yangdingqi/home/foursquare-dataset
http://eigentaste berkeley.edu/dataset/
Ohttps://competitions.codalab.org/competitions/11161
"http://jmcauley.ucsd.edu/data/amazon/

2which is implemented in Bole1.0 [34] https://recbole.io/

attention-based neural recommender model. FPMC [24] is an early
sequential recommender model, where the behavior correlations
are captured by Markov chain. NARM [19] is a sequential rec-
ommendation model based on attentive recurrent neural network.
STAMP [21] is a neural sequential model by incorporating user
short-term memories and preferences. SASRec [17] is a sequential
recommendation model based on the self-attention mechanism.

Implementation details. In the experiments, each user’s inter-
acted items are chronologically organized into a session, which is
separated into many training samples recurrently. For example, if
the original session is ABCD, then the generated samples are A — B,
AB — C and ABC — D. Following the common practice, for each
user, the last and second last samples are used for model testing and
validation, while the others are left for training. Our framework is
executed on each sample in the training set. We evaluate different
recommendation models based on the well-known metrics includ-
ing F1 and NDCG, and we recommend 5 items to compare with
the ground truth. The hyper-parameters are determined based on
grid search. In specific, the learning rate and batch size are tuned in
the ranges of [1071, 1072, 1073, 107*] and [ 64, 128, 256, 512, 1024], re-
spectively. The regularization parameters @ and f are both searched
in the range of {10%|i is an integer in [-5, 5]}. The influence of dif-
ferent confidence parameter x’s and index d’s are discussed in the
following experiments. For the baselines, we set the parameters as
the optimal values reported in the original paper or tune them in
the same ranges as our model’s.

4.2 Overall Comparison

The overall comparison results are presented in Table 2, from which
we can see: among the baselines, NAIS and FPMC outperform BPR
in most cases. The winner between NAIS and FPMC varies across
different datasets. NAIS is able to capture the potential non-linear
feature correlations, while FPMC is better at modeling user sequen-
tial behavior patterns. We speculate that such different advantages
make them suitable for different recommendation scenarios, which
vary their performances on different datasets. By combining the
merits of neural network and the idea of sequential behavior mod-
eling, NARM, SASRec and STAMP exhibit better performance com-
paring with the other baselines, which is aligned with the previous
studies [17, 19, 21].

It is encouraging to see that the best performance of our frame-
work is better than all the baselines, and the improvement is consis-
tent on all the datasets and evaluation metrics. Considering that the
datasets span a large range of recommendation domains, this result
demonstrates the generality of our framework. Among different
data enrichment strategies, the heuristic method is the worst, for the
Diginetica dataset, it even lowers the performance of SASRec. This
observation manifests that while the random strategy is straightfor-
ward, it is usually suboptimal. The reason can be that the counterfac-
tual sequence space is very large, the randomly selected sequences
can be not critical for optimizing the anchor model, which lead to
the unsatisfied performance. Between the data- and model-oriented
methods, the latter can achieve better performance in most cases.
This is actually not surprising, since the sequences generated from
the model-oriented method are more targeted, which is tailored for
improving the anchor model. However, it should be noted that the



Table 2: Overall comparison between the baselines and our models. In the second module (line 6-9), we present the performance of the
original NARM and the results of applying our framework on NARM. The third and forth modules show the effectiveness of our framework
for SASRec and STAMP, respectively. In each module, we use bold fonts to label the best performance.

Datasets MovieLens Diginetica Book-Crossing Video Baby Beauty Foursquare Lastfm Jester
Metric (@5) F1 NDCG F1 NDCG F1 NDCG F1 NDCG F1 NDCG F1 NDCG F1 NDCG F1 NDCG F1 NDCG
BPR 1.47 2.73 3.33 7.11 0.35 0.66 4.33 9.62 0.60 1.17 1.17 2.33 2.13 4.37 0.35 0.67 7.98 22.14
NAIS 1.43 2.68 3.92 8.12 1.02 1.70 4.17 9.13 0.52 1.03 1.35 2.57 2.88 6.88 0.42 0.80 9.72 24.65
FPMC 2.67 4.67 6.67 13.35 0.43 0.93 3.83 7.59 0.63 1.20 0.98 1.77 2.40 2.40 2.05 4.19 8.77 17.09
NARM 4.93 9.45 7.15 14.45 0.50 1.12 4.50 9.53 0.90 1.69 1.33 2.57 3.55 7.27 2.75 5.53 7.25 14.69
H-NARM 5.07 9.46 7.72 15.35 1.07 2.44 5.48 10.84 0.95 1.79 1.67 3.19 4.33 8.52 4.97 9.65 11.68  27.01
D-NARM 5.18 9.59 8.32 16.71 1.13 2.68 5.90 11.85 1.12 2.07 1.73 3.29 4.33 8.62 5.05 9.82 11.87  27.27
M-NARM 5.27 9.67 8.32 16.72 1.22 2.89 5.88 11.95 1.22 2.27 1.75 3.36 4.33 8.79 5.10 9.99 11.98 27.47
SASRec 4.73 8.77 8.15 16.68 0.92 1.83 4.95 8.48 0.85 1.57 1.32 2.44 3.97 7.43 2.65 5.11 7.43 15.08
H-SASRec 4.75 8.77 6.65 | 13.64 ] 1.03 1.93 5.52 9.75 0.98 1.89 1.58 3.04 4.55 9.04 4.75 9.18 11.13  25.82
D-SASRec 4.93 9.05 8.77 17.27 1.27 2.32 5.98 10.41 0.98 1.89 1.62 3.12 4.75 9.17 4.90 9.37 11.58  26.82
M-SASRec 4.95 9.07 8.82 17.34 1.32 2.51 6.07 10.54 1.02 1.92 1.67 3.15 4.63 9.33 4.93 9.50 11.92 27.41
STAMP 4.57 9.16 7.18 14.71 0.80 1.87 4.55 9.41 0.77 1.40 1.30 2.67 3.38 6.74 2.77 5.48 7.45 14.98
H-STAMP 4.75 9.35 7.83 15.87 1.15 2.61 5.47 10.15 0.83 1.65 1.72 3.28 3.85 8.09 4.30 9.12 10.47  25.09
D-STAMP 4.82 9.45 7.90 16.02 1.23 2.80 5.75 11.73 0.88 1.71 1.75 3.35 3.92 8.20 4.35 9.26 10.58  25.48
M-STAMP 4.92 9.58 7.95 16.14 1.25 2.94 5.83 11.97 0.92 1.76 1.70 3.45 4.00 8.34 4.35 9.45 11.00 26.05

1 All the numbers are percentage values with “%” omitted, and we use | to label the lowered performances after using our framework.
2 We use “H-X”, “D-X” and “M-X” to represent the heuristic, data- and model-oriented methods when the anchor model is “X”.
3 The prefix of Amazon-Video, Amazon-Baby and Amazon-Beauty are removed for simplicity.
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Figure 3: Influence of the number of generated sequences.

Video Diginetica Foursquare Lastfm

12.7 18.2 9.8 10.5

10.9 16.3 . 8.8 . 95
—— Heuristic Method T Heuristic Method —— Heuristic Method —+— Heuristic Method

10.0 —+— Data-oriented Method 15.4 —+— Data-oriented Method 82 —+— Data-oriented Method 8.9 —+— Data-oriented Method
—+— Model-oriented Method —+— Model-oriented Method —+— Model-oriented Method —+— Model-oriented Method

9.1 14.4 77 8.4

1 3 5 7 9 1 3 5 7 9 1 3 5 7 9 1 3 5 7 9

Figure 4: Influence of the iteration number.

better performance of the model-oriented method is achieved by
using the information of the anchor model. If we do not know the
anchor model in advance, this strategy can be unavailable. While
the performance of the data-oriented method is slightly worse, it
is model agnostic, and can be leveraged in a pre-training fashion,
which can simultaneously serve for different anchor models.

4.3 The Number of Generated Sequences

In this section, we investigate the influence of the number of gener-
ated sequences. Suppose the size of the training set is N, we control
the number of generated sequences by running our framework on
r% of the complete training set. We tune r in [20, 40, 60, 80, 100], and
the intervened sequences are randomly selected. The parameters
are set as their optimal values tuned in the above experiments. Due
to the space limitation, we present the performance of NDCG@5
on the datasets of Video, Diginetica, Foursquare and Lastfm, respec-
tively. The results on the other datasets and F1@5 are similar and
omitted. For each dataset, the sampler and anchor models are se-
lected when their combinations can achieve the best performance
according to Table 2 and 3.

From Figure 3, we can see: in general, the performances of differ-
ent data enrichment strategies continue to rise until reaching some
optimal values, and then the results remain stable or go down as r
becomes larger. In order to achieve similar performance, heuristic
method may need to involve more training sequences. This observa-
tion is interesting, we speculate that the heuristic method can be too
arbitrary, which makes the sample utilization efficiency not high.
In contrast, the data- and model-oriented methods can effectively
discover the key information and generate critical sequences, which
results in similar performance even with fewer training samples.

Careful readers may be curious about that if we further run our
framework on the generated counterfactual sequences, then how
would the produced data influence the final performance? Actually,
such process can be iteratively proceeded!®, and the number of
iteration times is defined as L. To answer the above question, we
tune L in the range of [1, 2,3,4,5, 6, 7, 8,9, 10], and the results are
presented in Figure 4. We can see: in most cases, the performance

131t should be noted that the framework is only run on the most recently generated
samples, since running on the former data can lead to exactly same samples which
have already been generated.



Table 3: Influence of different sampler models. In the first column, we present the data enrichment strategies, where H, D and M correspond
the heuristic, data- and model-oriented methods, respectively. The second column indicates the sampler model (abbreviated as S-Model). For
each anchor model, we present the original performance in the first row for reference.

Datasets MovieLens Diginetica Book-Crossing Video Baby Beauty Foursquare Lastfm Jester
Method ‘ S-Model F1 NDCG | F1 NDCG | F1 NDCG F1 NDCG | F1 NDCG | F1 NDCG | F1 NDCG | F1 NDCG | F1 NDCG
Original NARM 4.93 9.45 7.15 14.45 0.50 1.12 4.50 9.53 0.90 1.69 1.33 2.57 3.55 7.27 2.75 5.53 7.25 14.69

NARM 4.95 9.23 7.03 14.12 1.00 2.17 5.15 10.27 0.90 1.68 1.58 2.98 4.33 8.52 4.72 8.98 11.17  26.00

H SASRec 5.07 9.46 7.72 15.35 0.98 2.08 5.48 10.84 0.88 1.66 1.67 3.19 4.28 8.54 4.97 9.65 11.68 27.01
STAMP 5.07 9.46 7.72 15.35 0.98 2.08 5.48 10.84 0.88 1.66 1.67 3.19 4.28 8.54 4.97 9.65 11.20 24.96

NARM 5.17 9.56 8.32 16.71 0.98 2.12 5.90 11.85 1.00 1.84 1.73 3.33 4.32 8.65 5.05 9.82 11.85  27.25

D SASRec 5.13 9.59 8.17 16.37 1.05 2.24 5.53 10.98 0.92 1.72 1.73 3.29 4.33 8.62 5.03 9.76 11.87  27.27
STAMP 5.18 9.59 8.27 16.59 1.13 2.68 5.82 11.79 1.12 2.07 1.70 3.26 4.25 8.52 5.02 9.75 11.58 26.51

NARM 5.27 9.67 8.32 16.72 1.05 2.26 5.88 11.93 1.03 1.91 1.75 3.36 4.32 8.73 5.03 9.95 11.98  27.47

M SASRec 5.27 9.67 8.30 16.71 1.10 2.32 5.88 11.95 0.95 1.80 1.75 3.36 4.33 8.79 5.12 9.93 11.97 2747
STAMP 5.27 9.68 8.32 16.71 1.22 2.89 5.83 11.91 1.22 2.27 1.75 3.36 4.22 8.63 5.10 9.99 11.97 27.46

Origin SASRec 4.73 8.77 8.15 16.68 0.92 1.83 4.95 8.48 0.85 1.57 1.32 2.44 3.97 7.43 2.65 5.11 7.43 15.08
NARM 4.72 8.79 6.65 13.64 0.88 1.70 5.15 9.65 0.92 1.73 1.50 2.84 4.17 8.73 4.48 8.74 11.13  25.82

H SASRec 4.70 8.73 5.20 11.38 1.03 1.93 5.52 9.75 0.98 1.89 1.50 2.85 4.55 9.04 4.75 9.18 10.85 25.76
STAMP 4.75 8.77 6.13 13.26 0.97 2.33 543 9.73 0.93 1.82 1.58 3.04 4.40 9.13 4.27 9.01 7.43 20.53

NARM 4.82 8.98 8.77 17.24 1.20 2.30 5.60 10.44 0.98 1.88 1.55 2.93 4.53 9.22 4.82 9.24 11.58  26.82

D SASRec 4.90 9.08 8.77 17.27 1.27 2.32 5.98 10.41 0.98 1.89 1.58 2.98 4.75 9.17 4.87 9.34 11.30  26.48
STAMP 4.93 9.05 8.60 17.03 1.03 2.53 5.75 10.10 0.98 1.88 1.62 3.12 443 9.23 4.90 9.37 10.28  24.49

NARM 4.88 9.03 8.80 17.34 1.32 2.51 6.07 10.54 1.00 1.91 1.65 3.11 4.57 9.34 4.88 9.45 11.85 27.32

M SASRec 4.92 9.06 8.82 17.34 1.30 242 6.07 10.54 1.02 1.92 1.65 3.11 4.63 9.33 4.90 9.40 1192 2741
STAMP 4.95 9.07 8.80 17.33 1.17 2.79 6.00 10.66 1.00 1.90 1.67 3.15 4.63 9.37 4.93 9.50 11.90 27.39

Origin STAMP 4.57 9.16 7.18 14.71 0.80 1.87 4.55 9.41 0.77 1.40 1.30 2.67 3.38 6.74 2.77 5.48 7.45 14.98
NARM 4.47 8.92 7.83 15.87 1.07 241 547 10.15 0.82 1.57 1.63 3.11 3.80 8.14 4.15 9.13 10.87  23.72

H SASRec 4.65 9.14 7.70 15.51 1.05 2.37 5.38 10.88 0.83 1.65 1.60 3.19 3.85 8.09 4.30 9.12 10.47  25.09
STAMP 4.75 9.35 7.83 15.83 1.15 2.61 5.20 10.43 0.78 1.55 1.72 3.28 3.77 7.72 4.28 9.07 10.38  24.96

NARM 4.78 9.41 7.90 16.02 1.20 2.72 5.68 11.61 0.87 1.67 1.75 3.35 3.92 8.21 4.33 9.35 10.58 2548

D SASRec 4.82 9.45 7.88 16.05 1.22 2.83 5.72 11.92 0.88 1.71 1.63 3.34 3.92 8.20 4.33 9.33 10.50  25.17
STAMP 4.78 9.45 7.88 16.05 1.23 2.80 5.75 11.73 0.85 1.66 1.75 3.34 3.90 8.17 4.35 9.26 10.55 25.22

NARM 4.87 9.57 7.95 16.14 1.25 291 5.83 11.97 0.92 1.78 1.70 3.46 4.00 8.34 4.43 9.46 11.00  26.05

H SASRec 4.92 9.58 7.95 16.14 1.25 2.94 5.73 12.08 0.92 1.76 1.70 3.45 3.92 8.30 4.35 9.45 10.63  25.36
STAMP 4.83 9.52 7.95 16.14 1.23 2.90 5.78 11.98 0.92 1.76 1.70 3.45 3.90 8.23 4.33 9.43 10.62 2533

1 We omit “%” on the numbers and “@5” on the evaluation metrics for simplicity.

declines as L becomes larger. The reason can be that in each itera-
tion, the generated samples can be noisy, running our framework
on them may accumulate the error to the next iteration. As the
iteration number increases, the samples are severely biased which
may lead to lowered performance.

4.4 Different Sampler Implementations

In this section, we investigate the influence of different sampler
implementations for the final performance. For each of the heuristic
and learning-based samplers, we use NARM, SASRec and STAMP
as the specific implementations, respectively. The parameters are
set as their optimal values tuned in the above experiments. From
the results presented in Table 3, we can see: in most cases, the
improvement of our framework is robust to different sampler im-
plementations, and the results are consistent for different anchor
models. More specifically, for the same sampler implementation,
the performance ranking between the heuristic, data- and model-
oriented methods are stable in most cases. This result suggests that
the performance can be more relevant with the internal designs
of different samplers, but not their specific implementations. It is
interesting to see that for each anchor model, the best performance
is achieved when the sampler implementation is different in more
cases. We speculate that different model architectures may reveal
the user sequential behavior patterns from different perspectives,

which may introduce more complementary knowledge to enhance
the final recommendation performance. Actually, this observation
is aligned with the spirit of many machine learning paradigms such
as co-teaching [10] and multi-view learning [27], which believe that
models with different parameterizations may inspire each other to
promote the final performance.

4.5 Hyper-parameter Analysis

In this section, we analyze the influence of the key hyper param-
eters in our framework. All the other parameters are set as their
optimal values, and we report the results on the same datasets and
evaluation metric as the above experiments.

Influence of the confidence parameter «: x sets the confi-
dence of the sampler model on the generated sequences. We tune
it in [0.0,1078,107,1074,1072,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0].
For the extreme cases, k = 0.0 means that we do not control the
noise, all the samples are allowed to participate the training of the
anchor model. When « is set as 1.0, no samples will be generated,
the result is exactly the performance of the original anchor model.
We present the results in Figure 5, from which we can see: the best
performance is usually achieved when k is moderate. This agrees
with our opinion in section 2.5, i.e., too small k may introduce too
much noisy information into the training process, while too large
k may severely reduce the number of generated sequences. Both of
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Figure 6: Influence of the index d.

these situations are suboptimal. By tunning k in proper ranges, we
are allowed to achieve better trade-offs to improve the recommen-
dation performance. Influence of the intervention index d: In
order to investigate the influence of the user recent behaviors, we
tune d in the range of [-1, -2, -3, —4, —5, —6], where the negative
value means that the index is from back to front. The results are
presented in Figure 6. We can see: for the heuristic method, the
performance fluctuates a lot as d varies, but even the best result
is still unsatisfied. In most cases, the performance of the learning-
based methods are more robust to the index d, and the slightly
better performances are usually achieved when d falls in the range
of [-2, -5], which may suggest that moderate d’s can be better
choices in practice.

4.6 Case Study

In order to provide an intuitive understanding of the generated
sequences by our framework. We present a case study based on
the MovieLens dataset in Figure 7, where the second last item is
altered, and the replacement item is selected from the whole item
set (i.e., C = ). In the heuristic method (the second line), the item
is altered in a random manner, and “House” is selected to replace the
original movie—“Run Lola Run”. However, the categories of these
movies are quite different, which makes the generated sequence
less reasonable, and may limit its effectiveness for promoting the
anchor model performance. In the learning-based methods (the
third and forth lines), the selected movies share the same categories
with the original item, i.e., “Ever After” and “Run Lola Run” are
both Romance movies, “Godfather” and “Run Lola Run” belong to
the same action and crime categories. This manifests that learning-
based methods can generate more reasonable sequences, which
can also be justified by the superior performance of these methods
according to above quantitative experiments.

5 CONCLUSION

In this paper, we propose to improve sequential recommendation
by enriching the user behavior sequences based on the idea of
counterfactual thinking. To achieve this goal, we design three im-
plementations including both heuristic and learning-based methods.
We also analyze the sample complexity of the designed framework,
and propose a simple but effective method to control the noisy
information. In the experiments, we evaluate our framework based
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Figure 7: Case study. In the first line, we present the orig-
inal user behavior sequence. The second line is the se-
quence generated from the heuristic method. The sequences
produced from the learning-based methods are shown in
the third (data-oriented method) and forth (model-oriented
method) lines. The picture of each movie is downloaded
from https://www.amazon.com/, and the categories of the
movies are also presented for reference.

on nine real-world datasets to demonstrate its effectiveness and
generality. This paper makes a first step on applying the idea of
counterfactual thinking to the field of sequential recommendation.
There is still much room for improvement. To begin with, one can
study how to simultaneously replace multiple items, or investigate
how to automatically learn the index of the item to be replaced.
Then, it is also interesting to explore other methods for relaxing
the intractable optimization targets, e.g., formulating the learning
process as a reinforcement learning problem.
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