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Abstract
Recently, sequential recommendation has become
a significant demand for many real-world applications, where the recommended items would be displayed to users one after another and the order of
the displays influences the satisfaction of users. An
extensive number of models have been developed
for sequential recommendation by recommending
the next items with the highest scores based on the
user histories while few efforts have been made
on identifying the transition dependency and behavior continuity in the recommended sequences.
In this paper, we introduce the Adversarial Oracular Seq2seq learning for sequential Recommendation (AOS4Rec), which formulates the sequential recommendation as a seq2seq learning problem to portray time-varying interactions in the recommendation, and exploits the oracular learning
and adversarial learning to enhance the recommendation quality. We examine the performance of
AOS4Rec over RNN-based and Transformer-based
recommender systems on two large datasets from
real-world applications and make comparisons with
state-of-the-art methods. Results indicate the accuracy and efficiency of AOS4Rec, and further analysis verifies that AOS4Rec has both robustness and
practicability for real-world scenarios.

1

Introduction

Interaction sequences are commonly used on online services
to track user behaviors towards Internet content. Sequential
recommendation is one of the most successful recommending strategies in both industry and academia, where the sequence could be taken to characterize users’ preferences and
avoid exploiting sensitive information. The sequential recommender system has been widely used in online services
such as E-commerce platforms and on-demand video services. Recommender systems should identify the pattern of
user behaviors and infer the dynamics of user interests to improve users’ engagement and potential consumption.
⇤

Equal Contribution
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There have been many instances of outbreaks on improving the accuracy of sequential recommendation, where the
recommender system can be built upon long/short-term interest [Li et al., 2017a], context features [Tang and Wang,
2018], knowledge graph [Xu et al., 2019], etc. Beyond that,
researchers have made efforts on model ensemble from various aspects and injection of prior knowledge [Ren et al.,
2019], in expectation of further increment of accuracy and
diversity[Wu et al., 2019]. [Zhang et al., 2020] further analyses on the sequence-level representation endow with explanation, making the recommendation much convincing.
We observe that the items which users might be interested
in are usually in specific orders, i.e., there exists order effect
among items for a specific user. Meanwhile, recommending
a sequence of items to be displayed one after another is necessary for many mobile applications such as news feed and
short-video feed. However, most previous works focus on
predicting the next items based on the historical sequences in
sequential recommendation, and select the top-K items based
on the similarity between the feature vector and item embedding. Hence, these recommendations neglect the sequencelevel behavior continuity and the transition dependency between the items in the future interactions. Enlightened by
recent advances in sequence-to-sequence (seq2seq) learning
[Sutskever et al., 2014], we attempt to retrieve the user preference and yield the subsequent sequence of items to be displayed to users with specific order in a generative way.
In light of this, we propose the Adversarial Oracular Seq2seq learning for sequential Recommendation
(AOS4Rec), which integrates the sequence-level oracle
[Zhang et al., 2019] and adversarial training [Goodfellow et
al., 2014] into the seq2seq auto-regressive learning. Specifically, we formulate the sequential recommendation as a
seq2seq learning problem, i.e., seq2seq recommendation, and
model the sequence-level continuity and the transition dependency via the auto-regression. To solve the inherent exposure
bias [Ranzato et al., 2015] in the auto-regressive learning and
optimize the recommendation on the sequence level, we introduce the oracular learning to fill the gap between training and recommendation, and then propose a novel seq2seqrecommendation generative adversarial network (SSRGAN)
to optimize the entire recommended sequence with the
discriminator score. Evaluation over YOOCHOOSE and
MovieLens-20M datasets verifies that AOS4Rec performs
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well on the accuracy metrics and ranking metrics, outperforming several state-of-the-art recommender systems. Further analysis indicates that adversarial learning and oracular
learning can boost the performance of seq2seq recommendation, and the proposed AOS4Rec is available and efficient to
be used in real-world applications.
The contribution can be summarized as follows:
• We propose a seq2seq learning strategy for sequential
recommendation, which yields a sequence of items consistent with the user preference in sequence level rather
than on next-item prediction.
• We present the adversarial oracular learning over the
seq2seq recommendation, reducing the exposure bias in
the auto-regression while improving the integrality in
the recommended sequences.
• Evaluation on large-scale datasets verifies that the proposed method outperforms several state-of-the-art recommender systems with a similar complexity.

2

Related Work

Sequential recommendation. Many approaches have been
proposed to recognize the sequential patterns of users and
make recommendation, where implicit user behaviors are
passively tracked over a sequence of time. Common solutions
to sequential recommendation include modelling item-toitem similarity [Xu et al., 2019], identifying sequential context [Hidasi and Karatzoglou, 2018], and fitting knowledgebased behavior pattern [Ren et al., 2019]. Several works attempt to retrieve the main preference within the sequence by
attention mechanism [Li et al., 2017a; Kang and McAuley,
2018] or convolutional embedding [Tang and Wang, 2018],
and fine-tune the model by pretrained embedding [Sun et al.,
2019]. However, most of the sequential recommender systems aim at recommending a list of next items sorted by the
predicted scores. They are not appropriate for the emerging
feed-based mobile applications where the order of the item
sequence is significant. The proposed AOS4Rec considers
the transition dependency and behavior continuity between
consecutive recommended items and is capable of yielding
appropriate items in sequence.
Adversarial learning for recommendation. Recently, adversarial learning have been introduced to the recommendation task, where a recommender yields the next item via generative manner and a discriminator aims to distinguish the
ground truth from the generated items [Wang et al., 2017].
Adversarial learning have been successfully used to improve
the performance of recurrent recommendation [Bharadhwaj
et al., 2018], enhance the robustness of the pairwise ranking
[He et al., 2018], and contribute to the point-of-interest recommendation by exploiting the spatio-temporal information
[Zhou et al., 2019]. Besides, the generative design can also
introduce diversity to the recommendation [Wu et al., 2019].
AOS4Rec benefits from the adversarial learning, which uses
Wasserstein GAN (WGAN) [Arjovsky et al., 2017] and actorcritic algorithm to achieve identical optimization objective as
well as the fast and stable training.
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Sequence-to-sequence learning. Seq2seq model is verified to be promising on many natural language generation
tasks [Sutskever et al., 2014], which encodes the input sequence into a single vector and recurrently generates the outputs to form a sequence. In practice, the sequence generation
is executed by searching over the output sequences greedily via beam search. Seq2seq techniques are recently used
on recommender systems to investigate the transition dependency [Yu et al., 2019] among the items and present users
with items in an order [Sun and Qian, 2019]. In this paper,
we take advantage of seq2seq models with adversarial oracular learning to improve the sequential recommendation.

3
3.1

Seq2seq Recommendation
Formulation of Sequential Recommendation

Let U = {u1 , u2 , ..., u|U | } denote the set of users and
I = {i1 , i2 , ..., i|I| } denote a universe of items. Each user
u 2 U has interacted with a sequence of items S u =
(iu1 , iu2 , ..., iu|S u | ) in order. Given the user interaction history
x = (x1 , x2 , ..., x|x| ) 2 {S u1 , S u2 , ..., S u|U | }, the goal is to
recommend a sequence of items y = (y1 , y2 , ..., y|y| ) that
conform to the user interest by considering the sequential information. The length of the recommendation is usually set
to a fixed number of T .

3.2

Limitations of Existing Sequential Methods

The existing sequential recommender systems such as [Li et
al., 2017a; Hidasi and Karatzoglou, 2018; Tang and Wang,
2018] mainly solve the sequential recommendation in the
similar way as the next-item recommendation, i.e., encoding the historical sequence x into the feature vector, and
then selecting the top-K items based on the similarity between the feature vector and item embeddings or the probability distribution upon the candidate item set. However,
the results might be sub-optimal because the items are derived individually from the item set, where the mutual effect
between the successive items, which is called as transition
dependency, are neglected. Besides, these works mostly focus on monitoring the sequence-level representation of the
previous interest rather than the future interest, while owing
to the behavior continuity, user behaviors would appear following the short-term interest and interest drifting, providing
evidence for recurrently generating a sequence of appropriate items rather than selecting the top-K items. For example,
in the scenarios like news feed and short-video feed where
the users watch the news/videos in the recommended order,
recommender systems are expected to generate a sequence of
items with sequential impact, while directly generating a list
of items sorted by “score” goes against the requirement of
order among items. Hence, the recommender system should
take into account the sequence-level behavior continuity and
transition dependency, and attempt to simulate the user behaviors to make better-personalized recommendation.
Considering the sequential influence in the recommendation, we conform to the sequence-to-sequence (seq2seq)
learning [Sutskever et al., 2014] in neural language processing and formulate the sequential recommendation as a
seq2seq recommendation problem.
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3.3

Seq2seq Learning for Recommendation

The existing seq2seq learning are mainly modelled by autoregression. In the seq2seq recommendation, the autoregressive model factorizes the joint probability P (y|x) into
the product of probabilities over the next item in the sequence given the history interaction x and the context seQ|y|
quence y1:t−1 : P (y|x) = t=1 P (yt |y1:t−1 , x). Once the
model has finished training, the recommended sequence is
generated by the beam search of size b. As the recommendation of every step is strictly conditioned on the previous
recommended items, the auto-regressive learning describes
the time-varying processes in the seq2seq recommendation,
i.e., the sequence-level behavior continuity as well as transition dependency between successive items. In the settings of
seq2seq recommendation, the sensitive personal information
other than the historical interactions is unused and unknown.
The Seq2seq recommendation model consists of both sequence encoder and sequence decoder. The sequence encoder
captures the user preference and computes hidden representations from the history interaction x, while the sequence
decoder takes the context sequence y1:t−1 as input at each
decoding step t to generate the next recommended item yt .
Without loss of generality, we consider two most common
seq2seq models in the recommendation task, i.e., RNN-based
attentive model and Transformer-based model. The RNNbased model utilizes bidirectional recurrent units as the sequence encoder to obtain the hidden states while an unidirectional recurrent units with attention mechanism is applied to
recommend the target sequence of items. In this paper, the
gated recurrent unit (GRU) is employed in the RNN-based
model, which is common in many recurrent recommender
systems. In the Transformer-based model [Vaswani et al.,
2017], the sequence encoder and decoder are both composed
of identical building blocks stacked by residual connection.
In the sequence encoder, the building block consists of a selfattention layer and a feed-forward layer. In the sequence decoder, an additional attention layer is inserted between the
self-attention layer and feed-forward layer, which performs
the attention over the output of sequence encoder. Besides,
the self-attention layer is masked to prevent current item from
attending to subsequent items in the decoder to guarantee the
auto-regression. The positional embedding is also added on
the item embeddings to make use of the order information in
the item sequence. The seq2seq recommendation is usually
trained by maximum likelihood estimation (MLE).
However, the above auto-regressive learning still suffers
from two major limitations: (1) The context sequence of autoregression is usually set to the ground-truth prefix, denoted
⇤
, during the training time. Meanwhile, the entire
as y1:t−1
sequence, denoted as ŷ, is generated by the sequence decoder when executing recommendation such that the previous generated sequence ŷ1:t−1 must be treated as the context. Hence, the context items are drawn from the data distribution at training stage, as opposed to the model distribution drawn at the recommendation stage, leading to the discrepancy of exposure bias [Ranzato et al., 2015] between the
two stages. (2) Although the auto-regressive loss can capture the behavior continuity and transition dependency in the
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sequence generation, the MLE loss might not be a good objective for the seq2seq recommendation because it only tries
to imitate the subsequent user behaviors over the historical
interactions, which is too simple to measure the sequencelevel generation quality from a global perspective in the data
distribution.

4

Adversarial Oracular Learning

In this section, we introduce Adversarial Oracular Seq2seq
learning for sequential Recommendation (AOS4Rec), which
enhances the performance of the seq2seq recommendation
via the sequence-level oracle and adversarial learning.

4.1

Sequence-level Oracle for Auto-regression

To directly alleviate the negative impacts from the seq2seq
learning, we conform to [Zhang et al., 2019] and introduce
sequence-level oracle in the auto-regression.
Oracular learning in seq2seq recommendation. The exposure bias in the auto-regressive learning comes from the
inconsistent distribution of context input between the training stage and the recommendation stage. If the context is fed
with both ground truth items and the recommended items in
the training stage, the exposure bias will be mitigated. The
above insight inspires the oracular learning. Specifically, an
item sequence of length T , named oracle recommendation, is
selected from the model distribution, and then mixed with the
ground truth recommendation to form the context sequences.
Denote the oracle recommendation as yo = {y1o , ..., yTo } and
the complete context sequence as yc = {y1c , ..., yTc }. During each decoding step j, the context item yjc is selected from
the ground truth recommendation yj⇤ with a probability of p
or from the oracle recommendation yjc with a probability of
1 − p. Then, the prefixes of yc are fed to sequence decoder
during the training time to replace the original ground-truth
context, and maximize the likelihood of the ground truth sequence as the standard seq2seq learning. At the beginning of
training, the ground truth recommendation should be given a
higher probability to help the model learn more from the data
distribution and avoid being trapped into the local optimum.
As the training goes on and the model starts to converge, the
oracle recommendation should be chosen more often to handle the situations happened in the recommendation stage and
reduce the gap between training and recommendation. Thus,
the selection probability should be set to one at the beginning
and decrease gradually. In practice, the probability p decays
with the training epoch e following the sampling schedule of
µ
, where µ is a tunable hyper-parameter.
p = µ+exp(e/µ)
Oracle selection by BLEU score. To select an appropriate
sequence as the oracle, we adopt the BLEU score [Papineni
et al., 2002] in machine translation. The BLEU computes
the n-gram overlap between model generation and reference,
and counts the number of position-independent matches. It
utilizes a modified n-gram precision to avoid generating unreasonable items in successive subsequence. Specifically,
it counts the n-gram occurrences in the reference and then
clips the count of generated n-grams by the reference count.
The clipped n-gram counts are divided by the number of
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the origin n-grams counts to compute a precision score pn .
Then, the BLEU score can be simply computed by the exponential weighted sum of the precision scores: BLEUrec =
PN
exp( n=1 log pn /N ). It can be inferred that the consideration of BLEU allows for more flexible recommendation with
the sequence-level n-gram matching and thus encourages the
model to capture the transition dependency and behavior continuity in the auto-regressive learning. To equip the oracular learning with BLEU score, we perform a beam search of
size b, which is the same as the recommendation stage, to select the candidate recommended sequences (each of length T )
from model distribution. Then, the sequence with the highest
BLEU score (compared with the ground-truth) is selected as
the oracle recommendation yo .

4.2

Adversarial Learning for Recommendation

Though oracular learning could solve the exposure bias in the
auto-regressive learning, the MLE is still used as the optimization target, yet the seq2seq model suffers from the drawback (2) described in Sec. 3. Therefore, we apply the adversarial learning [Goodfellow et al., 2014] to optimize the
seq2seq recommendation with the sequence-level objective.
Adversarial learning for seq2seq learning. The adversarial learning consists of a generator (G) and a discriminator
(D). The generator produces the output to fool the discriminator and the discriminator tries to distinguish the generation
from the ground truth. In the seq2seq recommendation, the
generator produces the entire recommended sequence given
the interaction history while the discriminator learns to maximize the score of ground-truth D(x, y⇤ ) and minimize the
score of generation D(x, ŷ), depicted by:
⇤

min max Ey⇤ ⇠pgt (x) [log D(x, y )]
G

D

+ Eŷ⇠pG (x) [log(1 − D(x, ŷ))]

(1)

To deal with the back-propagation problem from discrete
output of sequential data, previous works [Yu et al., 2017;
Li et al., 2017b] formulate the seq2seq learning as a Markov
decision process (MDP) and train the generator with the
REINFORCE algorithm [Williams, 1992]. In concrete, at
each time step t, the agent (generator) possesses the state
ŝt = (x, ŷ1:t ) and selects the next action (item) ŷt+1 based
on the current state. The rewards except for the last time step
is set to zero, and the final reward is set to D(x, ŷ). Owing
to the sequence-level optimization, the adversarial learning
could eliminate the exposure bias and optimize the seq2seq
recommendation with the sequence-level measurement, i.e.,
the discriminator score. However, there are two fatal problems in the existing adversarial learning methods for seq2seq
recommendation. First, the discriminator is trained to minimize logarithmic loss in Eqn.(1) while the generator is trained
to directly maximize the discriminator score in the reinforcement learning (RL) settings, introducing discrepancy in the
joint optimization of generator and discriminator. Second, the
use of REINFORCE algorithm results in slow convergence
and unstable training, which might not be suitable for the
inherently hard-trained adversarial learning. Therefore, we
introduce Seq2Seq-Recommendation Generative Adversarial
Network (SSRGAN) in this paper.
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SSRGAN for seq2seq recommendation. SSRGAN exploits WGAN [Arjovsky et al., 2017] for the identical optimization target and actor-critic algorithm [Konda and Tsitsiklis, 2000] for fast and stable training. The training objective
in SSRGAN is depicted as:
min max Ey⇤ ⇠pgt (x) [D(x, y⇤ )] − Eŷ⇠pG (x) [D(x, ŷ))]. (2)
G

D

It can be deduced that the discrepancy is eliminated in SSRGAN since the generator and discriminator are now trained
with the same objective D(x, ŷ) in Eqn.(2). In addition,
different from previous adversarial learning approaches, the
discriminator score D(x, y1:t ) at step t < T in SSRGAN
represents the estimation of state-value function for state
st = (x, y1:t ), where the state-value function VG (st ) is defined by the expected return of the generator from state st :
VG (st ) = Eyt+1:T ⇠PG (st ) [D(x, y)].
(3)
With the above definition, the bootstrap algorithms, e.g., TDlearning or Q-learning, can be applied in SSRGAN training.
Generator training in SSRGAN. To accelerate the convergence while stabilizing the seq2seq recommendation, we
employ the bootstrapping actor-critic algorithm in the generator training. The gradient of generator is thereby deduced
by:
rG = Eŷ⇠pG (x) [

T
1X
(γD(x, ŷ1:t ) − D(x, ŷ1:t−1 ))
T t=1
(4)

r log PG (ŷt |x, ŷ1:t−1 )],

where the discount rate γ is always set to 1 in SSRGAN. Besides, note that D(x, ŷ1:t−1 ) is not conditioned on the selected item yt , so that we have:
Eŷ⇠pG (x) [D(x, ŷ1:t−1 )r log PG (ŷt |x, ŷ1:t−1 )]
X
PG (ŷt |x, ŷ1:t−1 ) = 0.
=D(x, ŷ1:t−1 )r

(5)

ŷt

Accordingly, with an accurate estimation of VG (s), the G
is actually optimized by an unbiased estimation of generator
gradient in Eqn.(2):
1X
rG = Eŷ⇠pG (x) [
D(x, ŷ1:t )r log PG (ŷt |x, ŷ1:t−1 )]
T t=1
= rEŷ⇠pG (x) [D(x, ŷ)],

(6)
Discriminator training in SSRGAN. To learn the discriminator score D(x, y1:t ) in the actor-critic algorithm for every
step t, the discriminator is now optimized by:
X
⇤
rD1 =Ey⇤ ⇠pgt (x) [
rD(x, y1:t
)/T ]
t2{1,...,T }

− Eŷ⇠pG (x) [

X

t2{1,...,T }

rD(x, ŷ1:t )/T ].

(7)

Obviously, the above formula is equivalent to training discriminator with Eqn.(2) if D(x, y1:t ) = VG (st ) for every
t < T . Moreover, an additional TD(0) error is introduced
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Figure 1: The architecture and training procedures of AOS4Rec.
During the oracular learning, the context sequence samples from
ground truth item with probability p or from the oracle item with
1 − p at each time step. In the adversarial training, the generator
takes the previous generated item as context input.

to stabilize the estimation of state-value function, where the
gradient is calculated by:
rD2 =

T −1
1 X
[Ey0 ⇠PG (x,ŷ1:t−1 ) D(x, {ŷ1:t−1 , y 0 })
T − 1 t=1

−D(x, ŷ1:t−1 )]rD(x, ŷ1:t−1 ).
(8)
To compute the expectation in Eqn.(8), we sample c next
items from the distribution PG (x, ŷ1:t−1 ) for every step t.

4.3

Training with Hybrid Loss in AOS4Rec

In summary, we combine the seq2seq, oracular and adversarial learning in AOS4Rec, as shown in Fig. 1. First, we
train the seq2seq model with the seq2seq learning and oracular learning. At each training step, the historical sequence
x and ground truth recommendation y⇤ are sampled from the
dataset. b = 5 candidate sequences ycan = {y1can , ..., ybcan }
are generated by beam search based on the model distribution
PG (x), and then the oracle recommendation yo is selected
from ycan by BLEU score and mixed with the ground truth
y⇤ as the context sequence yc , where µ is set to 12 in the
mix probability p. After the model convergence, SSRGAN is
initialized by the trained seq2seq model, where the weight of
generator is directly copied from the seq2seq model, and then
the discriminator is pretrained with data sampled from dataset
and the trained generator. Then, generator and discriminator
are jointly optimized by alternative learning, where the generator gets progressed via training on g-steps = 1 updates with
Eqn.(4), and the discriminator is updated by d-step = 5 with
Eqn.(7) for stabilizing the training process. Moreover, discriminator is also trained by Eqn.(8) with the sampled successive item sets of size c = 3 for an accurate state-value
function estimation. Besides, Gumbel noise [Gumbel, 1948]
is added in the sequence sampling for increasing both efficiency and robustness of the generation.

5
5.1

# User
168202
85307

# Item
25804
19295

Min.
12
50

Max.
200
9254

Avg.
18.67
214.08

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


GAN

*−)

YOOCHOOSE
MovieLens

Evaluation
Settings

Datasets. We evaluate the proposed AOS4Rec with the
baseline methods on two datasets from real-world applications. The datasets vary significantly in domains, behav-
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Candidate
3e-4, 5e-4, 7e-4, 1e-3, 3e-3
64, 128, 256
1, 3, 5, 7, 10
8, 12, 16

Selected
1e-3
128
5
12

Table 2: Hyper-parameter settings in AOS4Rec.

ior patterns, and sparsity: (1) YOOCHOOSE. The YOOCHOOSE dataset contains a collection of sessions encapsulating the click events from users. The sessions are short
and the items present strong sparsity in the dataset. (2)
MovieLens. We use MovieLens-20M Dataset, which is a stable benchmark dataset for evaluating performance of recommender systems. We follow the same preprocessing procedure from [Kang and McAuley, 2018; Xu et al., 2019]. We
discard users and items with fewer than 4 interactions, and
then split the datasets into training sets, validation sets and
test sets based on the length of sequences in the datasets,
where the second last 20% items of the sequence are used
for validation and the last 20% items are used for testing. As
the sequence may be very long, we only take at most 6 items
at the end of the sequence for validation and test respectively
for YOOCHOOSE dataset, and at most 80 items at the end of
the sequence for validation and test respectively for MovieLens dataset. All remaining items in the datasets are taken
for training. Specific statistics are shown in Tab. 1.
Baseline methods. To show the effectiveness of the proposed AOS4Rec, we implement three groups of recommendation baselines. The first group only considers user feedback without considering the sequence order of interactions:
(1) PopRec is the simplest method which only recommends
the most popular items (also used for evaluating the complexity of datasets); (2) BPR [Rendle et al., 2009] is a legacy
method for matrix factorization from implicit feedback. The
second group takes the sequential context into accounts: (1)
GRU4REC+ [Tang and Wang, 2018] improves GRU4Rec by
delicately-designed loss function and sampling strategy; (2)
SASREC [Kang and McAuley, 2018] uses self-attention to
capture the user preference within the sequence; (3) GCSAN
[Xu et al., 2019] establishes the correlation among items via
graph neural network and makes recommendation by Transformer; (4) Caser [Tang and Wang, 2018] applies convolutional operations on the embedding matrix for sequential representation; (5) BERT4REC [Sun et al., 2019] uses Transformer over the pretrained embeddings by BERT. The third
group includes the baselines that utilize adversarial learning
to generate the future items: (1) IRGAN [Wang et al., 2017]
combines generative and discriminative information retrieval
in the adversarial training, with the parameters initialized
with BPR. (2) RecGAN [Bharadhwaj et al., 2018] bypasses
the generator differentiation problem by directly performing
policy gradient update and yields sequence of items. The
above baseline methods are all designed for recommending
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YOOCHOOSE
MovieLens

Prec@6
NDCG@6
BLEU@6
Prec@10
NDCG@10
BLEU@10

PopRec
0.109
0.126
0.002
0.403
0.424
0.001

BPR
0.163
0.175
0.004
0.439
0.448
0.004

GRU4REC+
0.492
0.530
0.056
0.645
0.621
0.038

SASREC
0.531
0.546
0.063
0.658
0.623
0.041

GCSAN
0.526
0.542
0.091
0.667
0.643
0.053

Caser
0.514
0.556
0.057
0.660
0.634
0.037

BERT4REC
0.527
0.541
0.060
0.663
0.645
0.042

IRGAN
0.366
0.402
0.017
0.484
0.491
0.015

RecGAN
0.498
0.539
0.098
0.620
0.619
0.065

AOS4Rec-R
0.539
0.552
0.128
0.651
0.660
0.090

AOS4Rec-T
0.552
0.560
0.135
0.682
0.680
0.074

Table 3: Performance of the recommender systems on the sequential recommendation task.

RNN
+Oracle
+Adver.
+both
+both -beam-1
Transformer
+Oracle
+Adver.
+both
+both -beam-1

Prec@6
0.502
0.515
0.520
0.539
0.504
0.532
0.541
0.547
0.552
0.528

YOOCHOOSE
NDCG@6 BLEU@6
0.509
0.120
0.512
0.118
0.534
0.128
0.552
0.128
0.510
0.115
0.537
0.116
0.549
0.115
0.558
0.129
0.560
0.135
0.530
0.118

Prec@10
0.627
0.630
0.645
0.651
0.632
0.660
0.665
0.671
0.682
0.662

MovieLens
NDCG@10 BLEU@10
0.642
0.080
0.653
0.083
0.658
0.090
0.660
0.090
0.650
0.079
0.631
0.061
0.653
0.067
0.667
0.071
0.680
0.074
0.647
0.060

tiveness of AOS4Rec over both RNN-based and Transformerbased recommender systems.

5.3

Table 4: Verification of the design in AOS4Rec.

the next items according to the corresponding output layers.
Implementation details. AOS4Rec is implemented over
both RNN-based attentive model (indicated by AOS4Rec-R)
and Transformer-based model (indicated by AOS4Rec-T) delineated in Sec. 3 with adversarial oracular learning and beam
search. We employ grid search to find the best settings of
hyper-parameters and list the details in Tab. 2. To conduct a
fair comparison, the embedding size is set to be 128 for all
baseline methods, so that most baselines can perform as well
as possible. The training of the baselines follows the recommended procedures in the corresponding papers.
Metrics. To quantify the performance of the compared recommender systems, we adopt Precision@K to evaluate the
accuracy, NDCG@K to evaluate the ranking performance
and BLEU@K to assess the identification of transition dependency. Here, K is set to 6 for YOOCHOOSE and 10
for MovieLens for the consideration of differences in the sequence lengths of the datasets. To avoid heavy computation
on all user-item pairs, we followed the strategy in many works
such as [Kang and McAuley, 2018; Xu et al., 2019], where
we randomly sample negative items to construct the candidate
item sets of size 1000 with ground-truth items for evaluation.

5.2

Performance of AOS4Rec

We first examine the performance of AOS4Rec with the stateof-the-art baselines. Tab. 3 demonstrates the results of the
compared methods. It can be observed that AOS4Rec-R outperforms the baseline methods on YOOCHOOSE dataset,
while AOS4Rec-T could surpass all the other methods on
both datasets. Besides, AOS4Rec presents robustness on
the dataset of either long sessions with long-term interests
(i.e., MovieLens) or short sessions with mostly short-term
interests (i.e., YOOCHOOSE), while some baselines (e.g.,
GRU4REC+ and Caser) may only perform well on dataset of
one attribute. Regarding the sequential metric BLEU, the improvement over the baselines is significant due to the involvement of adversarial oracular learning with the sequence-level
optimization. These results verify the availability and effec-
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We further investigate that adversarial learning and oracular learning are both essential parts of the sequential recommendation task. We experiment by adding oracular learning, adversarial learning or both of them on the vanilla
seq2seq learning with RNN-based model and Transformerbased model. Besides, we also conduct an experiment by
setting the beam size of all sequence generations to one in
AOS4Rec, indicating the method that recurrently yields the
top-1 items to form the sequence. We collect the metrics
on the datasets and record the result in Tab. 4. Compared
to the base models (i.e., RNN and Transformer), adversarial
learning and oracular learning bring about a remarkable increase in all three metrics respectively. The combination of
these two learning methods further improves the performance
from the base models by relatively 3.3%⇠7.4% on accuracy,
2.8%⇠8.4% on NDCG and 6.7%⇠21.3% on BLEU. Beyond
those, we observe that beam search is significant to the recommendation, especially for the BLEU metric.
The above findings are consistent with the intuition of
AOS4Rec. The oracular learning mitigates the discrepancy
between training and recommendation, while the adversarial learning ensures the generated sequence to be in a pragmatic sense. The improvements brought by those two learning strategies are orthogonal. In addition, AOS4Rec does not
modify the architecture of the base models or increase the
complexity of the models, revealing that AOS4Rec is available and efficient to be used in real-world applications.

6

Conclusion

This work presents the adversarial oracular seq2seq learning for optimizing sequential recommendation. The proposed
AOS4Rec takes both item-level transition dependency and
sequence-level behavior continuity into consideration with
seq2seq auto-regressive modelling. To make the model robust and capture the sequential impact in the generated sequences, AOS4Rec utilizes the adversarial learning and oracular learning to advance the seq2seq recommendation. In our
evaluation, we perform extensive analysis to verify the highly
positive performance of AOS4Rec on both RNN-based and
Transformer-based recommender systems.
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