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Abstract

Sequential recommendations play a crucial role in many real-world applications. Due to the
sequential nature, reinforcement learning has been employed to iteratively produce recom-
mendations based on an observed stream of user behavior. In this setting, a recommendation
agent interacts with the environments (users) by sequentially recommending items (actions)
to maximize users’ overall long-term cumulative rewards. However, most reinforcement
learning-based recommendation models only focus on extrinsic rewards based on user feed-
back, leading to sub-optimal policies if user-item interactions are sparse and fail to obtain
the dynamic rewards based on the users’ preferences. As a remedy, we propose a dynamic
intrinsic reward signal integrated with a contrastive discriminator-augmented reinforcement
learning framework. Concretely, our framework contains two modules: (1) a contrastive
learning module is employed to learn the representation of item sequences; (2) an intrinsic
reward learning function to imitate the user’s internal dynamics. Furthermore, we combine
static extrinsic reward and dynamic intrinsic reward to train a sequential recommender system
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based on double Q-learning. We integrate our framework with five representative sequential
recommendation models. Specifically, our framework augments these recommendation mod-
els with two output layers: the supervised layer that applies cross-entropy loss to perform
ranking and the other for reinforcement learning. Experimental results on two real-world
datasets demonstrate that the proposed framework outperforms several sequential recom-
mendation baselines and exploration with intrinsic reward baselines.

Keywords Sequential recommendation - Contrastive learning - Reinforcement learning -
Intrinsic reward

1 Introduction

Recommender systems have been widely deployed in many web services such as e-commerce
platforms, social networks, and media streaming sites. In these scenarios, users’ interests
hidden in their behaviors are intrinsically and evolving over time, which is difficult to make
appropriate recommendations [35]. To address this problem, various methods have been
proposed to make sequential recommendations (SRs) by capturing users’ dynamics interests
from their historical interactions (see [14, 15, 35]). Unlike conventional recommendation
methods, SRs model the users’ temporal preferences in a sequence and generate the next-
item recommendation accordingly.

Considerable research efforts have been dedicated to SRs. One line of work represents
the stream of historical user-item interactions as unidirectional sequences and encodes them
via recurrent neural networks (RNNs) to predict the users’ future behavior (see [13, 14, 20]).
Recently, another line of research achieved state-of-the-art performance based on applying
graph neural networks (GNNs) to compute SRs (see [5, 31-33]). The underlying idea of these
works is to model observed user-item interactions as directed subgraphs by the timestamps
in ascending order. The resulting topological patterns can in turn be encoded via the GNNs
to produce accurate and expressive embeddings of the items.

Besides, SRs can also be phrased as a Markov decision process (MDP) so that rein-
forcement learning (RL) techniques can be employed to improve the recommendation
performance. However, it is often infeasible to train a RL-based recommender system in
an online fashion because one would need to expose real users to unrefined recommenda-
tions during the training process [36]. As a result, learning the policy from logged implicit
feedback is of vital importance. Xin et al. [36] propose a self-supervised RL framework with
reward-driven properties. Graph convolutional Q-network (GCQN) [19] is a graph-based RL
recommendation model, where an RL agent aims to obtain more refined representations for
states and actions based on exploiting graph structures. Generally speaking, in RL-based
recommender systems, the recommendation agent interacts with the environments (users) by
sequentially recommending items (actions) to maximize the users’ overall long-term cumu-
lative rewards. In most scenarios, these rewards are artificially given based on user feedbacks.
For example, if a user u interacts with a recommended item, then the agent receives a positive
reward [19]. In [36], to distinguish the different behaviors of users (click or purchase), the
authors define the click reward 7. and the purchase reward r,, respectively. Here, we take
these artificially designed rewards as extrinsic rewards.

However, these extrinsic rewards suffer from the following three problems: Firstly, in real-
world recommendation scenarios, extrinsic rewards based on observed interactions are sparse.
Hence, even though a set of actions may correspond to helpful recommendations, it is difficult
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to identify them and assign positive rewards because of a lag of observed user feedback.
Second, due to the static nature of extrinsic rewards, the environment is not guaranteed to have
internal dynamics that reward the agent for recommendations corresponding with the users’
preference. Third, extrinsic rewards do not incorporate the need for diverse recommendations
and fail to enforce a policy that explores the state space during training. Therefore, we argue
that only considering extrinsic rewards in a RL setting may be insufficient and lead to sub-
optimal results.

To tackle the aforementioned problems, we develop a contrastive discriminator-augmented
reinforcement learning (CDARL) framework based on a dynamic reward function that
incorporates the principles of contrastive learning. The proposed framework can be eas-
ily integrated into existing recommendation models. Specifically, given a user’s historical
interaction sequence, an encoder is deployed to compute a low-dimensional vector repre-
sentation of the sequence. We consider this to be the state representation s; at time ¢ and
augment the recommendation model with two final output layers. One of them is the super-
vised layer trained with a cross-entropy loss to compute an optimal ranking of the items. The
second layer is trained with RL, which acts as a regularizer to improve the recommendation
performance.

To fit the parameters of the RL module, several item sequence augmentation methods are
applied to each training sequence to generate a set of perturbation sequences (also known as
views). Here, we randomly perturb the sub-sequence twice, leading to two perturbed versions
of the original sequence. Sub@equently, we also apply the same recommendation model to
produce state representations st and s . Moreover, we leverage a contrastive loss to maximize
their similarity. In this way, it can 1nfer accurate user representations and select appealing
items for each user. In order to obtain the intrinsic reward, we need to measure the distribution
of the environmental states. Here, we apply a transition encoder to transfer the current state
to the next state. Next, we train a discriminator to distinguish between the predicted next state
and the real next state. In this way, we can obtain the current user state. In order to encourage
the recommendation agent to explore novel states, we consider the contrastive loss and the
discriminator’s classification loss as intrinsic rewards. That means frequently visited states
are accompanied by low intrinsic rewards, imposing more attention on exploring novel states.
We verify the effectiveness of CDARL by integrating it into four state-of-the-art sequential
recommendation models.

To summarize, our main contributions are as follows:

e We propose a contrastive discriminator-augmented reinforcement learning framework,
which can be integrated into several state-of-the-art models for sequential recommenda-
tions.

e We design a novel, intrinsic reward learning function that aims to imitate the user’s
internal dynamics. We show that this module leads to a performance boost of about 5%.

e We conduct an extensive, empirical study on two public datasets. The results demonstrate
that our framework outperforms the existing state-of-the-art recommendation methods
and exploration methods by a significant margin.

The remaining of this paper is organized as follows. We briefly review related work in Sect.
2. The preliminary concepts are introduced in Sect. 3. In Sect. 4, we present the proposed
CDARL model in detail. The results of the experiments are analyzed in Sect. 5. Finally, we
conclude the paper and list some future works in Sect. 6.
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2 Related work

In this section, we briefly review the related works in the area of reinforcement learning for
recommender systems, contrastive learning, and exploration with intrinsic rewards.

Reinforcement learning for recommender systems. In recent years, reinforcement
learning has been widely examined in the context of recommender systems. In particu-
lar, Q-learning techniques were successfully integrated into plenty of recommender systems
[19, 36, 40]. Most of the approaches use function approximators (e.g., a neural network)
that compute approximations of the state-action value function. In turn, a policy is derived
by selecting the actions (i.e., recommendations) that maximize the value function. Besides,
policy-based optimization is another strategy for RL-based recommendation, which directly
fits a policy function that maximizes the expected rewards. Chen et al. [2] propose a policy-
gradient-based recommendation algorithm to address data biases in learning from logged
feedback collected from multiple behavior policies. The authors later extend this work to
two-stage recommender systems with a candidate generator in the first stage and a more
powerful ranking tool in the second stage (see [23]). Another attempt [34] is a graph-based
explainable recommendation framework based on RL, in which a policy-guided path reason-
ing unit is trained to provide recommended items along with the corresponding paths in the
graph.

Contrastive learning. Contrastive learning aims to learn high-quality representation in
a self-supervised manner. It has been widely adopted in computer vision, natural language
processing, and recommender systems. In the computer vision community, self-supervised
visual representation learning frameworks have been proposed, including SimCLR [3, 4]
and MoCo [6, 11], which use image augmentation or momentum updated memory bank
to learn the embeddings. When it comes to the area of natural language processing, many
works aim to acquire universal word representation via self-supervised techniques [7, 24].
In the recommender system field, contrastive learning is used to improve the performance of
recommendations [41]. CP4Rec [35] is a contrastive pre-training framework for sequential
recommendation, which is equipped with the contrastive learning framework to extract self-
supervised signals just from raw data and utilizes them to pre-train the recommendation
model. In addition, contrastive methods have also been developed for graph representation
[10, 21, 26] and sequence learning [12, 28].

Exploration in RL. Exploration is a crucial aspect of finding optimal RL policies. To
face the challenges of exploration, several works based on extrinsic rewards and intrinsic
rewards have been proposed. Extrinsic rewards are artificially given based on user feedback
(see [19, 36]). They define different user behaviors (click or purchase) as different rewards
and then maximize users’ overall cumulative rewards. While intrinsic rewards constitute
a promising solution to provide qualitative guidance for state exploration. For example, the
intrinsic curiosity module (ICM) is an effective exploration algorithm for RL [1, 25]. Thereby,
curiosity is defined as the error in an agent’s ability to predict the consequence of its actions.
Besides, EMI [16] aims to extract predictive signals that can be used to guide exploration
based on mutual information. In [17], empowerment is regarded as an intrinsic reward signal
to enable the agent to explore by maximizing its influence over the near future. Although
intrinsic rewards have been studied in several RL literature, there is still little work on intrinsic
rewards applied to RL-based recommender systems.
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3 Preliminaries

In this section, we introduce a set of preliminary concepts that will be used in this paper,
including the formulation of the SR problem and the corresponding RL setup.

3.1 Sequential recommendation

Let 7 denote the set of items. Hence, |Z| indicates the number of items. A (chronologically
ordered) user-item interaction sequence can be represented as x1.; = {x1, X2, ..., X;—1, X¢},
where x; € 7(0 < i <1t) is the i-th interacted item, its embedding is defined as ey, . The task
of making sequential recommendations consists of predicting the next item x,4 that a user
is likely to interact with at the ¢ 4 1-th step given the sequence of previous interactions xi.;.

3.2 RL for recommendation

In terms of RL, we model the sequential recommendation problem as a MDP. Thereby, the
recommender agent interacts with the environment £ (users) by sequentially recommending
items (actions) with the goal to maximize the cumulative reward. More formally, this leads
to a MDP consisting of the quintuple (S, A, P, R, y) defined as follows:

e State space S: A state s; € S is defined as the historical interactions of a user before
time ¢. For our purpose, the state of a user can be represented by the internal state of a
sequential model G (e.g., sy = G(x1.)).

e Action space A: An action a; € A consists of recommending a set of items to a user at
time ¢. In this work, we focus on offline data so that we can get the action at time ¢ from
the user-item interaction, e.g., a; = x;4+. Thus, we assume that the recommender agent
only recommends one item to the user at each time step.

e Transition probability P: The transition probability P : (S;41, S;, ar) — p(S¢+118¢, ar)
indicates the probability of transitioning from state s; to s;1; when the recommender
agent performs the action a;.

e Reward RR: After the recommender agent performed an action a; given the state s;, it
receives an immediate reward given by R : (s;, a;) +> r(S;, a;) according to the user’s
feedback ( e.g., via a click or purchase).

e Discount factor y: The parameter y € [0, 1] denotes the discount factor for future
rewards. It is noteworthy that when y = 0, the recommender agent only considers the
immediate reward. y = 1 implies that all future rewards are weighted equally.

With the notations and definitions above, the reinforcement learning objective corresponds
to the maximization of the cumulative expected rewards

Izl

nle%xETNm; Zy’r(st,at) ; M
t=0

where 7y is the target policy which maps a state s, € S to an action distribution, 6 denotes
all trainable parameters of the policy, and T = (s, ao, S1, . . .) is the trajectory of states and
actions sampled from the policy 7y and the transition probability P, respectively.
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4 Methodology

In this section, we first give an overview of the proposed framework CDARL. Then, we elab-
orate each module component in detail and finally discuss how to train the model parameters.

4.1 An overview of the proposed framework

The architecture of the proposed CDARL framework is shown in Fig. 1. Given a user’s his-
torical interaction sequence, a sequential model G produces a state representation s;. The
representation is passed to the decoder model, which produces recommendation scores for
each item. A sequence augmentation module is applied to generate two perturbed sequences,
leading to perturbed state encodings produced by G. We leverage a contrastive loss to dis-
tinguish whether the two representations are derived from the same user historical sequence.
To achieve this target, we maximize the similarity between the encodings of the modified
views derived from the same sequence. Subsequently, we combine the two perturbed states
with actions to produce two predicted next states for the perturbed sequences. In order to
obtain a dynamic intrinsic reward signal, we utilize a discriminator and employ a classifi-
cation loss to discriminate between the real next state and the predicted next state. After
that, a linear combination of the contrastive loss and the discriminator’s classification loss is
formed, serving as intrinsic rewards to imitate the users’ internal dynamics, encouraging the
recommendation agent to explore novel states. Finally, we combine extrinsic and intrinsic
rewards and employ temporal difference (TD) learning to update the policy. As we show later
in the experimental section, the proposed framework can be easily integrated into existing
sequential recommendation models.

4.2 Contrastive representation learning for sequences

Let M; € RZ1%4 denote the item embedding matrix, where d is the embedding dimension.
It maps the high-dimensional one-hot representation of an item to a low-dimensional dense
representation. Given an item sequence x1.;, we apply a look-up operation from M; to form
the input embedding matrix E; € R**¢. Here, G denotes a sequential recommendation model
that encodes the input sequence into a latent representation s;. Stacking a decoder f on top
of G allows to obtain a vector of recommendation scores f o G(x1,) = (y1,..., yz)T,
where o denotes the composition of two functions. Then, the cross-entropy loss is deployed

Augmentation

Sequence
methods ‘Encoder

090000

s,
—
a

(b) discriminator augmented intrinsic reward

(a) contrastive representation for sequence
Fig. 1 The architecture of the proposed CDARL framework. Overall, our framework contains two modules:

a contrastive learning is employed to learn the representation of sequences. b A discriminator-augmented
intrinsic reward learning function is designed for RL-based sequential recommendations
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to learn the ranking task

\Z] yi
Lep ==Y Yilog(p). where pi= —r—. @
i=1 1€V
Y; is an indicator function with Y; = 1 if the user interacted with the i-th item in the next
time step and Y; = 0, otherwise.

To obtain a better representation for each item sequence, we consider applying the con-
trastive learning method illustrated in Fig. 1(a). In this paper, we mainly focus on the following
augmentation approaches, which can construct different views of the same item sequence.

Item embedding mask. For each item x; in the sequence X = [x1,x2,...,x:], we
randomly mask some dimensions of its embedding e,,. Here, we change some dimensions
of e,; to 0 with probability pask.

Item sequence crop. For each item sequence X, we randomly select a continuous sub-
sequence with the sequence length lrop = | Perop * | X|]. More formally, we first randomly
select a position ¢ for each sequence, then intercept the continuous sub-sequence from c to
the end of this sequence with a proportion pc,.p. Therefore, this augmentation method can
be formulated as:

X = fcrop (X) = [x¢, Xeq1s - - - xc+lm,,,—l]- 3)

Item sequence delete. For each item sequence X, we randomly delete some items in the
sequence. Here, the deletion probability is set as pgerere, and the length of the sequence after
deletion is lgerere = | Pdeiete * | X|]. Specifically, we randomly select /;,70;. locations of the
sequence and delete the items at the corresponding locations. Therefore, this augmentation
method can be formulated as:

XU = ftore (X) = [Xis Xit1s -+ s Xgpre - 4)

Item sequence insert. Similar to the delete operator, we randomly insert some items
(randomly sample from Z) to the item sequence X with a probability p;,s.rs, and the length
of the sequence after insertion is li;serr = | X| + | Pinsert * | X|]. This augmentation method
can be formulated as:

. X
)rlﬂsert — f ert = |X;, xi+ vt Minsert

Item sequence reorder. According to [27, 30], the precise ordering of the interactions
is often irrelevant. Therefore, we adopt item permutation for the sequence augmentation.
More concretely, for each item sequence X, we first randomly choose a position ¢. Then we
randomly shuffle the continuous sub-sequence from position c to the end with a proportion of
Preorder- We define the length of the reordered sub-sequence as lyeorder = LPreorder * 1 X1]-
Then, the continuous sub-sequence [X¢, Xc1, - - ., Xc, 040 —1] 1S Teordered so that we obtain
(X0 X0 s e XL lourger—11 Via random shuffling. Thus, the sequence augmentation method
can be formulated as

XA — frorder(X) = [X1, X2y oo X0y oo Xy e X (6)

Based on these augmentation methods mentioned above, at each iteration, we randomly
perturb each item sequence twice with the same augmentation method and generate two
modified sequences X’ and X " The sequential model G is employed to encode the two
perturbed item sequences leading to s, = G(X’) and s, = G(X'). It is worth noting that
we also employ different augmentation methods to generate these two perturbed sequences.
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Namely, we first randomly sample one of the above augmentation methods to generate a
perturbed sequence and then randomly sample another augmentation method to generate the
second perturbed sequence. We define this method as random combination.

Finally, a contrastive loss function is applied to distinguish whether the two perturbed
sequence representations are derived from the same user historical sequence. Therefore, we
maximize the similarity between the representations of the modified views derived from
the same user historical sequence and minimize the similarity derived from different item
sequences. That lead to

(#(s1)r7)
LCL=—é > log : ™

(s/ S//)ED e(‘p(S;vS;/)/T)_’_ Z e(qﬁ(s;,s’)/r)’
o s—eS™

where D = [(s; s?)} denotes the set of perturbed states. ¢ is a similarity function. In

our case, we apply the cosine similarity to measure the difference between the encodings
¢(u,v) = u'v/|ul/||v]. S~ denotes the set of negative samples. Here, we treat the other
2(B — 1) augmented states within the same minibatch as negative examples, where B is the
batch size. T > 0 is the temperature parameter.

4.3 Discriminator-augmented intrinsic reward

In this subsection, we design an intrinsic reward learning function for RL-based sequential
recommendations. It aims to encourage the recommendation agent to explore novel states
and imitate the user’s internal dynamics based on its behavior.

To ease the notation, we treat s; and s: as the states for the RL-based sequential recom-
mendation. Recall that a; = x,11 denotes the action at time 7. In order to obtain an intrinsic
reward learning function defined on the set of all state-action pairs, our proposed CDARL
framework is based on a contrastive learning principle and a discriminator.

As illustrated in Fig. 1(b), we introduce a transition encoder fjy (s;+1|s;, a;) that transfers
state s; to s, based on the selected action. In order to obtain the predicted next state, we
first concatenate the perturbed states and actions to form two state-action pairs (s;, at) and

(s:, a;). Then two fully connected layers are employed leading to
S, =0 (W<2>a (W(” (s;||a,))> 8)
S =0 (W<2>a (W(l)(s; ||at))) , ©)

where o denotes the activation function (e.g., ReLU), || is the concatenation operator, and
W(l), W® are the trainable parameters.

Subsequently, we train a discriminator to distinguish between the real next state in the rec-
ommendation environment and the predicted next state obtained from the transition encoder.
Here, the real next state s;41 can be obtained from the recommendation model G based on
the item sequence x1.,+1, namely, s;,11 = G (x1.1+1). More formally, we still apply two fully
connected layers to obtain the probabilities

Ptrue =0 (W(4)¢ (W(3)St+l>) (10)
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Prate = (W0 (WP, ) | (12)

where o (e.g., sigmoid) and ¢ (e.g., ReLU) are activation functions. WS and W® are the
trainable parameters. Then, the loss function of the discriminator is given by

Lp = (=108 prrue = 10g(1 = plrgre)) + (=108 prrue —10g(1 = pry)) . (13)

In order to encourage the recommendation agent to explore novel states, we treat the
combination of the contrastive learning loss and the discriminator’s classification loss as
intrinsic rewards

ri={0—=pB)LcL+BLp, (14)

where 8 € [0, 1] determines the weight assigned to the two parts of the intrinsic reward.
Thus, the total reward for the recommendation agent can be defined as

r=re+ri, (15)

where r, denotes extrinsic reward (e.g., 0.2 for click reward and 1.0 for purchase reward)
and r; denotes the intrinsic reward defined above.

For the training of the RL component and consistency with [36], we adopt double Q-
learning [29] which is more stable and robust in the off-policy setting. We apply a fully
connected layer on the top of recommendation model G to calculate the Q-values

0 (sa) =8 (s +b). (16)

where § denotes the activation function, h; and b are the trainable parameters. Finally, we
utilize the one-step TD loss to train the double Q-learning model

2
Lrp = (r + ymaxQ' (s;+1,d") — Q (Sz,az)> , (17)
a
where Q' is another Q function given by
0’ (s1.a) =5 (sih” +b'). (18)

where h] and b’ are the trainable parameters. Each Q function is updated with a value from
the other Q function for the next state.

4.4 Model training

To effectively learn the parameters of our framework, we apply the combined loss function
L=A-Lce+d—=2) -(Lecr+Lp+Lrp), (19)

where Lcg aims to perform the ranking task, Lcy and Lp in Eq. (14) are employed to
explore the novel state while in Eq. (19) aims to obtain refined representations for each
item sequence. L7p is used to train the RL part for the sequential recommendation. A is a
coefficient that balances different losses. In this paper, the ranking task can be regarded as the
main task. The remaining tasks are auxiliary tasks. We employ a hyper-parameter X to adjust
the weight between the main task and auxiliary tasks. During testing, we directly utilize the
trained parameters to predict the next item for each item sequence.
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5 Experiments

In this section, we conduct extensive experiments on two real-world sequential recommen-
dation datasets to evaluate the effectiveness of the CDARL framework. We aim to answer
the following research questions:

e RQ1: Can the CDARL framework augment existing sequential recommendation algo-
rithms, such as GRU4Rec and SASRec, etc.

e RQ2: How does CDARL’s intrinsic reward module perform compared with other intrinsic
reward methods, such as ICM and GIRIL, etc.

e RQ3: What is the contribution of the different designs of CDARL (e.g., different aug-
mentation methods, the contrastive learning module, or the intrinsic reward module) to
the overall performance? How does the reward change during models’ learning?

e RQ4: How do different hyperparameter settings (e.g., discount factor y, perturbation
rate p and intrinsic reward weight 8) impact the model performance?

5.1 Experimental settings

In this subsection, we mainly introduce some experimental settings, including datasets, eval-
uation metrics, baselines, parameter settings, etc.

5.1.1 Datasets

We conduct experiments on two datasets collected from real-world e-commerce platforms.
The statistics of these datasets after preprocessing are summarized in Table 1.

RC15 is a session-based dataset collected from the RecSys Challenge 2015 (see https://
recsys.acm.org/recsys15/challenge/). Each session contains a sequence of clicks and pur-
chases. Following [36], we remove the sessions that have a length smaller than three and
sample 200k sessions. We sort the interaction records in one session by the timestamps in
ascending order.

RetailRocket is collected from a real-world e-commerce website (see https://www.
kaggle.com/retailrocket/ecommerce-dataset). It contains sequential events corresponding to
a user viewing an item’s detail page or adding it to the cart. Similar to [36], we treat views
as clicks and adding to the cart as purchases. We only keep the 3-core datasets and filter
unpopular items that participate in less than three interactions and the sequences with length
smaller than three.

For each dataset, we randomly assign 80% of the sequences to the training set and 10%
to the validation set. The remaining 10% serve as test set. Following [36], we evaluate each
sequence in the validation and test set one-by-one and compute the rank of the item in the

Table 1 Statistics of the datasets

Dataset RC15 RetailRocket
#Sequences 2000000 195523
#Items 26702 70852
#Clicks 1110965 1176680
#Purchases 43946 57269
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next step. The ranking is computed on the basis of the whole item set. Each experiment is
repeated 5 times with a different random split, and the average performance is reported.

5.1.2 Evaluation metrics

To evaluate the recommendation performance of the CDARL framework, we employ two
widely used ranking-based metrics: top-k hit ratio (HR @k) and top-k normalized discounted
cumulative gain (NDCG@k). Following [36], we calculate HR and NDCG for clicks and
purchases, respectively, and report HR@k and NDCG @k with k = 5, 10, 20. For all these
metrics, the higher the value, the better the performance.

5.1.3 Baselines

To verity the effectiveness of CDARL, we focus on two aspects: First, we compare our

framework with several representative sequential recommendation models. In particular,

we compare the performance of these models with and without incorporating the CDARL

framework, enabling a systematic performance evaluation in a controlled setting. Second, we

compare our framework with several other exploration methods based on intrinsic rewards.
Thereby, we employ the following recommendation baselines:

e GRU4Rec [14] applies a gated recurrent unit (GRU) with a ranking based loss to session-
based recommendations.

e Caser [27] is a convolutional neural network-based recommendation method, which
captures high-order Markov chains by applying horizontal and vertical convolutional
operations.

e NItNet [38] is a simple convolutional generative model for session-based recommen-
dations. It enlarges the receptive field and residual connections to increase the network
depth.

e SASRec [15] is a self-attention-based sequential model, which can capture long-term
semantics.

e GRU-SQN, Caser-SQN, NItNet-SQN, SASRec-SQN [36] integrate self-supervised Q-
learning (SQN) with GRU, Caser, NItNet, and SASRec, respectively, to further improve
the recommendation performance.

e CP4Rec [35] is a contrastive pre-training framework for sequential recommendation,
which is the state-of-the-art model.

e CP4Rec-SQN is based on CP4Rec. We integrate SQN with it to augment the recom-
mendation performance.

Moreover, we consider the following exploration baselines:

e ICM [25] is an exploration algorithm for reward learning based on curiosity.

e GIRIL [37] is a reward learning model which generates intrinsic reward signals via a
generative model. It enables the agent to do sampling-based self-supervised exploration.

e EMI [16] is an exploration method that extracts the predictive signal that can be used for
exploration within a compact representation space.

e DAM [9] is a discriminator-based reward learning method. It trains a discriminative
model to access the predicted next state and true next state and takes the classification
loss as intrinsic rewards.
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5.1.4 Parameter settings

Following [36], we treat the last 10 items before the target timestamp as the input sequences.
We optimize all models using Adam [8]. Its main advantage is that the learning rate can
be self-adaptive during the training phase, which eases the pain of choosing a proper learn-
ing rate. It is worth noting that we also try to use other optimizers, such as AdaGrad [22],
RMSProp [18] and AdaDelta [39], but Adam performs best. The item embedding size is
fixed to 64 and the batch size to 256 for all methods. The learning rate is set to 0.01
for RC15 and 0.005 for RetailRocket. We fix the extrinsic reward following [36], e.g.,
the click reward is set to 0.2, while the purchase reward is set to 1.0. Following the set-
ting in [35], we apply the cosine similarity with temperature t as the similarity function
for the two datasets and t is tuned in {0.1, 0.3, 0.5, 0.7, 0.9}. The perturbation rate p and
the weight for the intrinsic reward g is tuned in the sets {0.5, 0.6,0.7, 0.8, 0.9, 1.0}, and
{0,0.1,0.2,0.3,0.4,0.5,0.6,0.7, 0.8, 0.9, 1}, respectively. The loss weight A and discount
factor y is searched in {0, 0.1, ..., 0.9, 1}and {0, 0.2, 0.4, 0.6, 0.8, 1}, respectively. All other
hyperparameters are assigned according to the settings specified in the original publications.
We train all models on a single NVIDIA GeForce GTX 1080 Ti GPU.

5.2 Recommendation comparison (RQ1)

Tables 2 and 3 summarize the best results of all considered recommendation baselines on
RetailRocket and RC15, respectively. Bold scores indicate the best performance. Note that
we report the best performance among all the augmentation methods mentioned in Sect. 4.2
for each CDARL-based baseline and that the improvements of CDARL over other baselines
are all statistically significant (i.e., the p-value < 0.05 by a ¢ test).

On the RetailRocket dataset, the proposed CDARL framework achieves consistently better
performance than the corresponding recommendation baselines when predicting both clicks
and purchases in terms of all evaluation metrics. Specifically, CDARL exhibits more sig-
nificant performance gains when combined with GRU4Rec, Caser, and NItNet compared to
SASRec and CP4Rec. For example, compared with GRU4Rec, GRU-CDARL exhibits a per-
formance boost of around 10-12 percentage points when predicting purchases and a boost of
around 6-7 percentage points when predicting clicks. GRU-CDARL also has an increase of 4-
8 percentage points when compared to GRU-SQN. It is noteworthy that CP4Rec is the current
state-of-the-art model, while CP4Rec-CDARL still outperforms CP4Rec and CP4Rec-SQN
in terms of all evaluation metrics. Here, SQN is another reinforcement learning method
for the recommendation task, which integrates a Q-learning module into a recommendation
algorithm that aims to model the long-term cumulative extrinsic reward. It is apparent that
SQN consistently outperforms the base model for both click and purchase recommendations.
However, SQN considers only extrinsic rewards and ignores intrinsic rewards. The CDARL
framework integrates extrinsic and intrinsic rewards to improve the recommendation perfor-
mance further when predicting clicks and purchases. This indicates that it is not sufficient
to consider only extrinsic rewards since they are artificially designed and cannot be changed
with the environment. In contrast, intrinsic rewards can dynamically change based on the
environment, which can imitate the user’s internal dynamics and obtain better recommenda-
tion performance.

When it comes to the RC15 dataset, CDARL achieves considerable improvements when
combined with the GRU4Rec and NItNet models compared to SQN. However, applied to the
Caser model, CDARL is slightly worse than SQN with respect to NDCG when predicting
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purchases. Concerning the SASRec model, CDARL is slightly outperformed by SQN with
respect to NDCG@5 when predicting clicks. For the CP4Rec model, CDARL is slightly
worse than SQN concerning HR @20 when predicting purchases. On all other tasks, CDARL
achieves a better recommendation performance. This further highlights the positive effect of
intrinsic rewards on the recommendation tasks.

For a more fine-grained analysis, CDARL achieves larger performance increases when
predicting purchases compared to clicks. On both datasets, the number of purchases is much
smaller than the number of clicks. In turn, the intrinsic rewards are better suited for enforcing
exploration in the case of sparse data. In summary, the proposed CDARL framework con-
sistently improves the base model’s recommendation performance and outperforms SQN in
most cases.

5.3 Exploration comparison (RQ2)

In this subsection, we analyze different exploration methods with intrinsic rewards. Table 4
summarizes the results of all exploration baselines on RC15 and RetailRocket. We choose
GRU as the base model. Bold scores indicate the best performance in each column. Underlined
scores mark the second best results. Note that we report the best performance among all the
augmentation methods mentioned in Sect. 4.2 for CDARL. The last row for each dataset
shows the relative improvements of our method compared to the strongest results, which is
significant at p-value < 0.05. Also, note that NON means we only consider extrinsic reward
and ignore intrinsic reward, equivalent to GRU-SQN.

We observe that CDARL achieves consistently better performances than the corresponding
exploration baselines in terms of all evaluation metrics. Moreover, the performance boost on
RetailRocket is more significant than the one on RC15. NON achieves poor performance on
the two datasets. This indicates that extrinsic rewards are insufficient to explore the novel
state. ICM, GIRIL, EMI, and DAM are the most commonly used exploration methods for
reinforcement learning. They have been deployed in several environments, including Atari
games, 3D navigation in Unity, and real-world robotic manipulation task using Sawyer’s arm.

Although these exploration methods have achieved better performances in these fields,
they are not suitable for sequential recommendations. For example, on the RC15 dataset,
GIRIL does not improve the recommendation performance when predicting purchases.
Indeed, it even leads to lower performance. On the RetailRocket dataset, ICM, GIRIL, and
EMI also lead to a performance drop in the purchase recommendations. Although these
exploration methods slightly outperform GRU-SQN in some cases, these small gains are
insufficient to verify their overall effectiveness. These results further show that it is neces-
sary to study exploration methods suitable for sequential recommendation tasks carefully.

The proposed CDARL framework considers the contrastive loss and the discriminator’s
classification loss as intrinsic rewards to encourage exploring the novel state. Both the self-
supervised learning method and the state discriminator consider the characteristics of item
sequences making CDARL more suitable as an exploration method for sequential recommen-
dation tasks. Especially on the RetailRocket dataset, CDARL leads to a performance increase
of around 6-8% when predicting purchases and 3—6% when predicting clicks. Moreover, it
leads to a performance increase of 16.04% in HR @5, 19.77% in NDCG@5 compared to the
strongest baselines when predicting purchases, and 16.10% in HR @5, 16.71% in NDCG @5
for click prediction. The p-value of significance tests is less than 0.05, which demonstrates the
improvement is significant. These results further underline the effectiveness of the proposed
exploration method.
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5.4 Study of CDARL (RQ3)

To answer RQ3, in this subsection, we mainly focus on studying different designs of CDARL.
We start by exploring different augmentation methods. And then analyze each component
in our framework via an ablation study. Finally, we discuss how the reward changes during
models’ learning.

5.4.1 Comparison of different augmentation methods

In this subsection, we analyze how different augmentation methods impact the performance
and choose GRU as the base model. Table 5 shows the performance of each augmentation
method on RC15 and RetailRocket when predicting clicks and purchases, respectively. Bold
scores indicate the best performance. We observe that the item embedding mask achieves
poor performance on the two datasets. In contrast, the performance produced by the item
sequence perturbation is consistently better than that of item embedding perturbation. This
shows that item sequence perturbation can obtain better representations for item sequence
and result in better recommendation performance. For a fine-grained analysis, on the RC15
dataset, random combination obtains the best performance when predicting purchases; item
sequence crop and reorder results best performance when predicting clicks. This is due to the
sequences of click are denser than purchase, item sequence crop and reorder can reduce the
noise in the sequence to a certain extent to obtain better performance. On the RetailRocket
dataset, item sequence crop leads to best performance when predicting clicks, and the random
combination results in best performance when predicting purchases. In general, different
augmentation methods can bring different recommendation performances. We need to choose
an appropriate augmentation method for different datasets.

5.4.2 Ablation study

Since there are several distinct components in our framework, we analyze their impact on
the overall performance via an ablation study. More concretely, we choose GRU as the base
model and item sequence reordering as augmentation method and consider the following
variants:

e GRU utilizes a GRU to model the input sequences and considers neither extrinsic reward
nor intrinsic reward.

e SQN: Based on GRU, SQN introduces a Q-learning head that aims to model the cumu-
lative extrinsic rewards.

e GRU-CL utilizes a contrastive loss to train the GRU model.

e CDARL-C only treats the discriminator’s classification loss as intrinsic rewards neglect-
ing the contrastive learning loss.

e CDARL-D considers the contrastive learning loss as intrinsic rewards but neglects the
discriminator.

e CDARL considers all features of our proposed framework, including both extrinsic
rewards and intrinsic rewards (e.g., the contrastive loss and discriminator’s classification
loss).

Figure 2 shows the performance of each variant on RC15 and RetailRocket when predict-
ing clicks and purchases, respectively. It is apparent that the experimental results of these five
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Fig.2 An ablation study with HR@10 on RC15 and RetailRocket

variants on the two datasets show the same trend. Specifically, GRU exhibits the worst perfor-
mance indicating that it does not suffice to capture item sequences based on a sequential model
alone. SQN outperforms GRU, which indicates that extrinsic rewards can improve the rec-
ommendation performance to a certain extent. GRU-CL outperforms SQN further; the results
show that HR@10 decreases about 7.4% than SQN on RetailRocket when predicting pur-
chases since it is equipped with the contrastive learning framework to extract self-supervised
signals from the raw data and improves the recommendation performance. In addition, the
results of the latter three variants are better than SQN and GRU, which shows that intrin-
sic rewards further improve the recommendation performance. More concretely, CDARL-D
outperforms CDARL-C, especially on the RetailRocket dataset. CDARL-D decreases about
11.6% tor HR @ 10 when predicting clicks and 8% when predicting purchases. This indicates
that contrastive learning as the intrinsic reward is better suited to explore novel states. CDARL
achieves the best performance since the two intrinsic rewards parts enforce the environment’s
exploration when predicting both clicks and purchases.

5.4.3 In-depth analysis of reward changes w.r.t epoch

In this subsection, we make an in-depth discussion as to how the reward changes during
models’ learning. To enable a fair comparison, we still choose GRU as the base model and item
sequence reordering as the augmentation method. Figure 3 shows how the cumulative reward
and HR changes during the training process on RC15 and RetailRocket when predicting clicks
and purchases, respectively. For the sake of fairness, we show the top 10 recommendation
results, and the cumulative reward here refers specifically to the extrinsic reward. We analyze
whether intrinsic rewards can promote the accumulation of extrinsic rewards to improve the
recommendation performance.

On the RC15 dataset, whether SQN or CDARL, cumulative_reward @ 10 increases with
training epochs and finally stabilizes. However, under the same epoch, CDARL gets more
cumulative reward than SQN, which indicates that when adding intrinsic reward, the recom-
mendation agent explores more novel states and then obtains more extrinsic reward. Similarly,
HR @10 also increases gradually and stabilizes when predicting clicks and purchases, but
CDARL consistently outperforms SQN. This shows that the introduction of intrinsic rewards
further enhances the exploration ability of the recommendation agent and obtains better rec-
ommendation performance. Regarding the RetailRocket dataset, in the first 4 epochs, SQN
achieves more cumulative rewards and recommendation performance than CDARL. How-
ever, with the increase of training epochs, CDARL gradually outperformed SQN and finally
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Fig.3 In-depth analysis of reward changes with HR@ 10 on RC15 and RetailRocket

stabilized. One possible reason is that the click and purchase sequences of the RetailRocket
dataset are denser than that of RC15. In the early training process, the extrinsic reward is
enough for the recommendation agent to explore the users’ state. The addition of the intrinsic
reward has a negative effect. However, as training epochs increase, it is harder to explore
novel states with extrinsic reward alone. At this point, the intrinsic rewards come into play,
driving the recommendation model to achieve better performance. In general, the introduc-
tion of intrinsic rewards has different performances on different datasets but will ultimately
play a positive role in improving the recommendation performance.

5.5 Parameter sensitivity analysis (RQ4)

In this subsection, we investigate how the different hyperparameters (e.g., the discount fac-
tor y, the item sequence perturbation rate p, and the intrinsic reward weight g) affect the
performance of CDARL. We analyze one hyper-parameter at a time by fixing the remaining
hyper-parameters at their optimal value. As above, we select GRU as the base model and
item sequence reordering as the augmentation method.

5.5.1 Impact of the discount factor y

Figure 4 illustrates the HR@10 and NDCG@ 10 of GRU-CDARL with different discount
factors on RC15 and RetailRocket datasets. We can see that the recommendation performance
of GRU-CDARL improves when the discount factor y increases from O to 0.6. If we continue
increasing y from 0.6 to 1.0, the recommendation performance will decrease sharply. When
y = 0, the recommender agent only considers the immediate reward but ignores the long-
term reward, which results in a slightly worse performance. When y = 1, the performance
decreases suddenly. This is due to the average sequence length of the two datasets being only
6. If we consider the long-term reward excessively, it will introduce some noise, resulting in
the degradation of the recommendation performance.

5.5.2 Impact of the perturbation rate p

Figure 5 shows the HR@10 and NDCG@ 10 for GRU-CDARL while the perturbation rate
p varies from 0.5 to 1.0. We can see that on the RC15 dataset, when predicting clicks, as p
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Fig.4 The performance (with respect to HR@ 10 and NDCG @ 10) of GRU-CDARL obtained with different
discount factors y on RC15 and RetailRocket when predicting clicks and purchases

increases, HR@10 and NDCG @ 10 fluctuate in a small range before dropping sharply. This
sudden drop is due to the effect that overly excessive perturbations will destroy the temporal
structure of the original item sequence. When p = 0.6, HR@10 and NDCG@ 10 reach the
optimal value. When predicting purchases, as p increases, HR@10 and NDCG@10 begin
to rise after a slight decrease. When p = 1, GRU-CDARL achieves the best performance
since the purchase sequences are relatively sparse in the user-item interactions. Thus, even
significant perturbations have little impact on them and can improve the recommendation per-
formance. On the RetailRocket dataset, with increasing values of p, HR@10 and NDCG@ 10
both decrease when predicting clicks and purchases since the RetailRocket dataset is denser
than RC15 and the sequence orders have a more significant impact on the recommendation
performance. When we set p to 0.5, CDARL achieves the best performance.

5.5.3 Impact of the intrinsic reward weight 8

To study the impact of the intrinsic reward weight 8, we tune the parameter § in the interval
[0, 1]. Figure 6 shows the performance with respect to HR@10 and NDCG@ 10 for GRU-
CDARL on the two datasets when predicting clicks and purchases. Recall, 8 = 0 implies
that we only treat the contrastive learning loss as intrinsic rewards to explore the novel states.
For B = 1, we only treat the discriminator’s classification loss as intrinsic rewards.

It can be seen that HR@10 and NDCG@ 10 have the same trend at different intrinsic
reward weights. On the RC15 dataset, HR@10 and NDCG @10 fluctuate in a small range
when predicting clicks. For g = 1.0, both HR@ 10 and NDCG @ 10 reach the optimal value
showing that the discriminator’s classification loss has a greater impact on exploring the novel
states for the click sequences. When predicting purchases, HR@ 10 and NDCG@ 10 exhibit
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relatively large changes. When 8 = 0.9, HR@10 achieves the optimal value of 0.5613. For
B = 0.3, NDCG @10 achieves the optimal value of 0.3541. This indicates that the exploration
of the purchase sequences needs to combine different intrinsic rewards to achieve the best
recommendation performance. For the RetailRocket dataset, there are similar findings as for
the RC15 dataset. When predicting clicks, we have that § = 0.4 leads to optimal values
with respect to HR@ 10 and NDCG @ 10. However, when predicting purchases, we set 8 = 0
(i.e., we only consider the contrastive learning loss as intrinsic rewards) to achieve the best
HR@10. For 8 = 0.8, NDCG @10 reaches the optimal value. This demonstrates that distinct
components of intrinsic rewards have a different impact on recommendation performance.

6 Conclusions and future work

We proposed CDARL, a contrastive discriminator-augmented reinforcement learning frame-
work that addresses the sequential recommendation task. The underlying rationale is to
construct a dynamic, intrinsic reward function that leverages contrastive learning principles.
In addition, we combined extrinsic and intrinsic rewards with training a double Q-learning
model to improve the recommendation performance. In order to verify the effectiveness
of our framework, we integrated the CDARL framework with five representative sequen-
tial recommendation models. Thereby, we compared our framework with four exploration
methods with intrinsic rewards. Experimental results on two real-world datasets demonstrate
that the proposed framework leads to significant performance gains. Especially on the Retail-
Rocket dataset, CDARL achieves consistently better performance than both recommendation
and exploration baselines. This indicated that the designed intrinsic rewards were critical to
sequential recommendation tasks, which can dynamically change based on the environment
and imitate the user’s internal dynamics. This was also the main reason for obtaining better
recommendation performance. For future work, we plan to investigate whether the CDARL
can be integrated into other recommendation frameworks such as graph-based or context-
aware recommendation systems.
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