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Abstract

Interactive Recommendation (IR) has gained significant at-
tention recently for its capability to quickly capture dynamic
interest and optimize both short and long term objectives. IR
agents are typically implemented through Deep Reinforce-
ment Learning (DRL), because DRL is inherently compatible
with the dynamic nature of IR. However, DRL is currently
not perfect for IR. Due to the large action space and sam-
ple inefficiency problem, training DRL recommender agents
is challenging. The key point is that useful features cannot
be extracted as high-quality representations for the recom-
mender agent to optimize its policy. To tackle this problem,
we propose Contrastive Representation for Interactive Rec-
ommendation (CRIR). CRIR efficiently extracts latent, high-
level preference ranking features from explicit interaction,
and leverages the features to enhance users’ representation.
Specifically, the CRIR provides representation through one
representation network, and refines it through our proposed
Preference Ranking Contrastive Learning (PRCL). The key
insight of PRCL is that it can perform contrastive learn-
ing without relying on computations involving high-level
representations or large potential action sets. Furthermore,
we also propose a data exploiting mechanism and an agent
training mechanism to better adapt CRIR to the DRL back-
bone. Extensive experiments have been carried out to show
our method’s superior improvement on the sample efficiency
while training an DRL-based IR agent.

1 Introduction

Interactive Recommendation (IR) is recently popular and
becoming accepted as an reasonable recommender work-
flow. Traditionally, the recommendation problem was con-
sidered to be a classification or prediction task (such us
collaborative filtering and content-based filtering methods).
However, this may not match the real recommendation sce-
nario. It is now widely agreed that formulating it as a se-
quential decision problem can better reflect the user-system
interaction (Lin et al. 2023). Therefore, IR can be formu-
lated as a Markov decision process and be solved by Rein-
forcement Learning (RL) or Deep Reinforcement Learning
(DRL). DRL-based IR can naturally capture users’ unique
dynamic interests and balance between short and long term
targets, similar to the well-known Reinforcement Learning
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based on Human Feedback (RLHF) mechanism in ChatGPT
(OpenAlI 2024). There has been a variety of commercial ser-
vices on interactive recommendation systems based on DRL
(Chen et al. 2019b; Yu, Shen, and Jin 2019; Zhou et al. 2020;
Cai et al. 2023a).

However, sample inefficiency is a significant issue that
hinders the further development of IR (Yu 2018). Sample
efficiency refers to the training performance which can be
achieved limited to a certain number of training samples. It
measures the training difficulty of an RL agent. For IR tasks,
the DRL models usually turn out to be even more sample-
inefficient than other typical DRL tasks (e.g., robotic con-
trol, game agents, etc.) (Chen et al. 2021). Because conduct-
ing DRL from high dimensional observations is empirically
observed to be sample-inefficient (Lake et al. 2017; Kaiser
et al. 2024). Unfortunately, IR usually has to encode users’
profiles into high dimensional observations to convey abun-
dant semantic information. This makes the IR agents can be
hardly trained to the ideal effect within limited online inter-
action. So it cannot quickly attract users’ interest, leading to
the failure of maintaining a certain number of active users
(Gao et al. 2023b). This is a fatal problem for the online rec-
ommendation business.

Some approaches have been proposed to address the sam-
ple efficiency problem in IR. Commonly, they can be classi-
fied into three streams of methods based on different inten-
tion (some methods may belong to more than one category):
(i) Improve functional components in DRL; (ii) Increase sig-
nificative reward signals. (iii) Enhancing the state represen-
tation method. The first class enhance the policy for making
action (Zou et al. 2020) or the way of exploiting samples
(Chen et al. 2022b). The second class usually trains off-
line user simulator to simulate users’ behaviours and give
reward feedback towards recommendation (Shi et al. 2019;
Ie and other 2019; Rohde et al. 2018; Zhao et al. 2023).
The last class aims at enhancing the representation meth-
ods for extracting users’ profile (Liu et al. 2020; Xi et al.
2023). Works of the last class are usually based on the con-
sensus (Laskin, Srinivas, and Abbeel 2020): If an agent can
acquire high quality semantic information from high dimen-
sional observations, DRL-based recommendation methods
built on top of those representations should be significantly
more sample-efficient. In this paper we name it DRL Rep-
resentation Consensus.



Our work falls into the last class of work, which refines
the state representation. But rather than process state in-
formation feed-forwardly (such us pooling embeddings or
applying a neural network), we consider to use an auxil-
iary task paralleled with the main DRL task to learn seman-
tic information for representations. Our motivation comes
from the self-supervised contrastive learning in traditional
Deep-Learning recommendation paradigm. However, there
are three obvious problems: (i) In traditional recommen-
dation paradigm, sufficient contrastive samples are derived
from static datasets. But in IR scenarios, interaction history
cannot provide such enough samples. (ii) In traditional rec-
ommendation paradigm, contrastive learning is usually used
to constrain users’ high-level sequence or graph represen-
tations. But directly applying it in IR will cost greatly for
the large action space. (iii) IR models conducts online rec-
ommendation and offline training simultaneously, so con-
trastive learning must be conducted along with online rec-
ommendation. Whether a stable IR agent will be success-
fully trained in this way has not been very clear.

To tackle these problems, we propose Contrastive Repre-
sentation for Interactive Recommendation (CRIR) method.
The CRIR is implemented through one state representation
network and our proposed Preference Ranking Contrastive
Learning (PRCL). The PRCL tackles the problem (i) by
fully taking advantage of users’ different preference mea-
surements towards different interacted items at every mo-
ments. The state representation network addresses problem
(ii) by generating interest weights to select behavior repre-
sentations which approximate the high-level user represen-
tation. This approach along with PRCL could avoid compu-
tation around whole potential action set mentioned in prob-
lem (ii). Through ranking those interests weights, a Posi-
tional Weighted InfoNCE Loss in PRCL is applied to max-
imize the agreements between user’s preferable interests at
a specific moment. Different from prior contrastive methods
in DRL((Laskin, Srinivas, and Abbeel 2020; Zhang et al.
2020a)), we apply an data exploiting and agent training
mechanism to solve problem (iii). In these two mechanisms,
PRCL is conducted separately with main DRL task, but
can achieve better effect. Extensive experiments conducted
on Virtual-Taobao simulation environment and a simulator
based on ml-1m dataset further verify the effectiveness of
the whole proposed CRIR.

2 Related Works
Interactive Recommendation

Interactive recommendation is an online task in which
agents generate recommended items and optimizes itself in
the process of interacting with users. It usually models the
recommendation problem as a Markov decision process and
solved by RL or DRL (Lin et al. 2023; Chen et al. 2021).
DRL is trained by a reward feedback evaluating its action
towards the current state. But Traditional recommendation
datasets are sparse and cannot give an explicit rating towards
every action. So some researchers develop reward models
which tracks and simulates users’ behaviors from datasets
or online services (Shi et al. 2019; Ie and other 2019; Rohde
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etal. 2018; Zhao et al. 2023). Some researchers collect some
dense datasets to ease further research (Gao et al. 2022a,b).

IR has been studied from various standpoints. SlateQ (Ie
et al. 2019) was proposed to decompose slate Q-value to
estimate a long-term value for individual items, stating a
way to recommend a page-view of items through one in-
teraction. PGCR (Pan et al. 2019) utilized both policy gradi-
ents, time-dependent greed and actor-dropout to balance ex-
ploration and exploitation. TPGR (Chen et al. 2019a, 2023)
designed a tree-structured policy gradient method to handle
the large discrete action space hierarchically. Cai et al. (Cai
et al. 2023b) designed two stochastic reward stabilization
frameworks to replace the direct stochastic feedback with
that learned by a supervised model so that to stabilize train-
ing process. In addition to general interactive recommenda-
tion, many scholars have paid attention to the practicability
of IR systems. CIRS (Gao et al. 2023b) designed a causal
inference based model to burst Filter Bubbles in IR. DORL
(Gao et al. 2023a) made detailed analysis on Matthew Effect
in IR and contribute to penalizes unbalanced exposure dis-
tribution. Dubbed RLUR (Cai et al. 2023a) focused on the
user retention issue on short video IR.

Contrastive Learning in Recommender System

Contrastive Learning (CL) and Self-Supervised Learning
(SSL) have brought much attentions by different research
communities including CV (Chen et al. 2020; He et al.
2020a) and NLP (Gao, Yao, and Chen 2021; Zhang et al.
2020b). Some works concentrated on applying CL or SSL
in DRL (Laskin, Srinivas, and Abbeel 2020; Zhang et al.
2020a) but most of which were centralized on enhancing vi-
sion encoders for RL algorithms. As far as we concerned,
few works have ever tried CL for IR paradigm. We make
discussions mainly on contrastive self-supervised learning
in recommender system.

Applying CL in sequential recommendation models
raised much attentions in recent years (Chen et al. 2022c).
Xin et al. (Xin et al. 2020) used dataset labels to compute
cross-entropy loss as reward to train a RL model, then used
the RL model to enhance existing self-supervised sequen-
tial recommendation models in deep learning paradigm.
GESU (Chen et al. 2022a) concentrated on incorporating
social information to sequential recommendation models.
ICL (Chen et al. 2022d) learns users’ intent distributions
via clustering, and then leverages the learnt intents into
the user representation via their proposed contrastive ap-
proach. Graph contrastive learning also performs well on
graph based recommendation tasks (Zhu et al. 2021). SGL
(Wu et al. 2021) adopted a multi-task framework with con-
trastive SSL to improve the GCN-based collaborative fil-
tering methods (He et al. 2020b; Wang et al. 2019). NCL
(Neighborhood-enriched Contrastive Learning) (Lin et al.
2022) explicitly incorporates the potential semantic neigh-
bors into contrastive pairs to enrich semantic information in
graph. LightGCL (Cai et al. 2023c) can alleviate the prob-
lem caused by inaccurate self-supervised contrastive signals
by injecting global collaboration.



Sample Efficiency in IR

As mentioned in the introduction, sample inefficiency is a
tricky problem for DRL and IR (Chen et al. 2021) that still
remains to be well treated. Many classical DRL methods
also have many strategies to deal with sample inefficiency,
e.g. PPO (Schulman et al. 2017), SAC (Haarnoja et al.
2018b,a), CRR (Wang et al. 2020), DDPG (Lillicrap et al.
2016). However, those naive DRL methods are not enough
to treat with IR scenarios. Many works have broadened new
horizons to make interactive recommendation more reliable.
DRR (Liu et al. 2020) proposed some basic state represen-
tation method and a generative recommendation paradigm
utilizing DDPG. NICF (Zou et al. 2020) designed an ex-
ploration policy with multi-channel transformer to capture
users’ shifting interest in cold-start settings. KGRL (Zhou
et al. 2020) utilized knowledge graph to enhanced seman-
tic information in reinforcement learning. Xi et al. (Xi et al.
2023) used transformer as state representation network and
CRR as backbone RL framework along with pre-trained
embeddings to make recommendation. LSER (Chen et al.
2022b) applied Locality-Sensitive Hashing algorithm in ex-
perience replay procedure to sample most valued training
batches. DACIR (Wu et al. 2022) aligned embeddings from
different domain into a shared latent space to fertilize em-
bedding information for cross-domain interactive tasks.
Although IR has gained significant attention recently, re-
search on its sample efficiency remains neither sufficient nor
systematic. Some recent works are noteworthy, but they ad-
dress different problems or are applied in very different con-
texts (such as TPGR, DORL, KGRL, LSER, DACIR, etc.).
Consequently, our options for baseline are limited. So we
choose SAC, CRR, PPO, DRR, and NICF as baselines.

3 Contrastive Representation
Framework Preliminaries

CRIR uses the auxiliary, paralleled task PRCL to get bet-
ter representations for main DRL task. In this paper we
name this training mechanism as Auxiliary Mechanism.
As shown in Figure 1, the proposed Contrastive Represen-
tation is composed of a State Representation Network and
the PRCL method. They cooperate to acquire high level rep-
resentations through the connection of Interest Weight. The
Interest Weight is utilized to formulate State Representation
for RL, and also indicate the importance of the interacted
items in PRCL at every specific moment. The replay buffer
is a general components in off-policy DRL (Lillicrap et al.
2016). Here it stores historical interaction transitions. It will
sample a batch of transitions while training the agent and
conducting PRCL. Each transition contains one users’ inter-
action history and other profiles at one past moment. In our
implementation, we use DDPG (Lillicrap et al. 2016) along
with Priority Experience Replay mechanism (PER) (Schaul
et al. 2015) as our DRL backbone for its effectiveness and
stability.

State Representation Network

Some works have already employ attention mechanism or
transformer (Vaswani et al. 2017) to model state representa-
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tion in IR (Liu et al. 2020; Gao et al. 2023b; Xi et al. 2023).
However, what we need is the explicit degree of emphasis
to different behaviors of the user at a specific timestamp.
We discover that the weighted sum attention mechanism in
Deep Interest Network (Zhou et al. 2018) naturally fits this
paradigm. Its effectiveness is also validated by various on-
line recommendation services. So it is determined as part of
the state representation network to model the state informa-
tion and generate preference scores of interacted items.

As shown in Figure 2, features and behavior histories of
the current user are fed into their respective embedding lay-
ers. Behavior history contains not only item features but also
feedback given by the user at each moment. Then weights
for each single behavior will be computed through each ac-
tivation unit, whose specific structure is shown in Figure 2.
The settings for activation unit and Dice activation function
follow Deep Interest Network (Zhou et al. 2018).

Average information should be preserved to retain ba-
sic state information and stabilize convergence. This idea is
proved to be effective in DRR (Liu et al. 2020). So we em-
ploy the average pooling in parallel with the weighted sum
attention module. The final state representation of user u at
timestamp ¢ is formulated as:

1 t t
sue= (5w ®@h:) & (Y Aw,hr) hr), (D)
T=1 T=1

where A(-,-) € R is the activation unit, with representations
of user u; € RPR and behaviors h, € RPR as input, Dp is
the representation dimension, ® and & stands for the outer
product and concatenation separately.

Preference Ranking Contrastive Learning

This section will specifically states our proposed PRCL. We
will first give a brief introduction to the problem defini-
tion and then specifically introduce the procedure of PRCL,
including Data Augmentation and Positional Weighted In-
foNCE Loss. Figure 1 could vividly show the process.

IR Objective The optimization objective of the whole IR
process could be formulated as maximizing J,, g:
Ul T,
Juo = Z Z ]Eaf,;e [T(su,t;wa au,tﬁ)]v
u=1 t=1
where w, 0 are the parameter sets for state representation and
DRL components, separately. I/ is the user set, T}, is the in-
teraction length for user u, s, € RPs is the representation
for user state s at timestamp ¢ with parameter set w. (s, a;)
is the reward returned from environment while taking action
a; at state s;. The action a;g € RP is actually the repre-
sentation of the chosen item to be recommended. This max-
imization goal could be transformed to the goal particularly
for PRCL task around user u:
T, [As,|

Z Z In P(St;w,at,k)v
k

t=1

2

use 3)
where P(sy..,,at 1) is the joint probability for the agent tak-
ing action ay j, at state s, As, is the potential action set for
state s;,,,. Our PRCL is concentrated on optimizing Eq (3).
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Figure 1: Overview of Contrastive Representation for Interactive Recommendation.
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list of the behavior representation sequence is formed as

Figure 2: Weighted sum part of the state representation net- [h1, he, -+ hy] with higher interest weight ranking ahead.

work (Zizl A(ut, hy) - by in equation Eq (1)). Then positive and negative pairs for contrastive learn-

ing should be generated. In every interaction, the atten-

tion scores ranking the second to the the |n/2]-th will be

Data Augmentation treated as candidate positive items. Randomly choose & €

(i) Sampling: The replay buffer samples history interac- {2,--+, [n/2]}, then (hy, hy) is treated as the positive pair.

tions to train the DRL agent. We should also sample data Every tuple like (hi, ) where t € {[n/2] +1,--- ,n}is

for PRCL. Considering that PRCL is conducted at different treated as negative pairs for this interaction. Finally, we get

stage with the main DRL task, we design an data sampling one positive pair and [n/2] negative pairs for each transition
mechanism, which can achieve both two optimization goals in the training batch to conduct PRCL.

simultaneously. In our implementation, we use two batches

of data to conduct contrastive learning. One is sampled in Positional Weight InfoNCE Loss Since it is reasonable

totally random from the replay buffer, and another is the for the agent to make action according to the current state,

data for training the DRL networks in the next round, us- it’s reasonable for this distribution of action a; ; in Eq (3) to

ing the PER sampling strategy. This mechanism ensures that be written as Gaussian-distribution-like loss around state s;:

every transition undergoing reinforcement learning also ex-

periences contrastive learning at least once. In this paper T, [Asl
we name this data exploiting mechanism as Mixed Mech- Lo =— Z Z log
anism. Therefore, the goal of DRL and PRCL could be a

exp(—aEkWst)
S exp(—af; W)

t,j

t=1
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(ii) Weighting: As shown in Figure 2, the state represen-
tation network can either model the state information or gen-
erate interest weights for different behaviors. One single be-
havior with larger weight value means that the current user
Dot Product is predicted to pay more attention to the item in this behav-
ior. These weights plays critical roles at the following (iii)

N C))



where W € RP*Ps _n order to simplify the computational
complexity, we utilize representative behavioral representa-
tion to approximate the state s; and the sum-up operation
around potential action set A,,. The optimization goal for
user u at timestamp ¢ could be formulated as:

exp(—h} - h*)

Ly(t) = —log ) (5
2t exp(—hT - h)
where h* = h;, 1 = argmax w;, t < T, is the optimal be-
i<t

havioral representation, k is the chosen behavior index from
positive set mentioned in (iii) Ranking, N, is the negative
behavior set at current state s;, also mentioned in (iii) Rank-
ing. \V;, could be seen as negative sampling, utilized to al-
ternate computation on the whole potential action set.

Considering that different hy should have different simi-
larity value with h*, we decide to use a coefficient to model
this discrimination of different contrastive pairs. Obviously
the ranking position can measure the importance of the
contrastive pair in training the representation. So we use
1/+/Ry(hy) to smooth the discrimination, where R, (/)
is the ranking position for item hj of user u mentioned at
(iii) Ranking. The proposed Positional Weighted InfoNCE
Loss is formulated as:

1 exp(—hf - h*)
— log — .
VRu(hy) 30 exp(=hyy - h*)

4 Experiments
In experiment section we want to investigate the following
research questions.
* (RQ1) How does CRIR perform with other IR methods
aiming at improving sample efficiency?
¢ (RQ2) What contributions dose each PRCL components
make in the whole system?

* (RQ3) Does the sampling and training mechanism con-
tribute greatly to the training performance?

Experimental Setup

Recommendation Environment Traditional recommen-
dation datasets are too sparse to evaluate the interactive rec-
ommender systems (Gao et al. 2023a). Because instant feed-
back is demanded at every timestamp in interactive settings.
Dataset can hardly reflect this. So we use Virtual-Taobao
(Shi et al. 2019) and a dataset-oriented simulator based on
ML-1M ! to evaluated CRIR and baseline methods. These
simulators will generate a reward signal towards every rec-
ommendation reflecting the performance, which satisfy our
problem settings. Specifically, we add some dynamic fea-
tures, like shifting interest, to the ML-1M-based simulator.
This is intended for verifying whether experimental methods
could perfectly catch dynamic information in recommenda-
tion environment.

To fully investigate the sample efficiency of each model,
we conduct our experiment in totally cold-start settings,
which means all representation parameters are randomly

"https://grouplens.org/datasets/movielens/1m/

12062

initialized. The model with superior sample efficiency can
quickly learn features of users and items from scratch.

Evaluation Metrics We use two widely used metrics in
IR: Cumulative Reward ), 7, in an episode and Click
Through Rate (CTR) as our evaluation metric, following
previous IR works (Gao et al. 2023b; Chen et al. 2022b;
Gao et al. 2023a). Here CTR is denoted as the proportion
of positive rewards among all rewards in an episode. Posi-
tive reward is denoted as those rewards greater than 0 in both
of the two simulation environment.

Sample efficiency is measured through the training ef-
fect within the same quantity of data (Mai, Mani, and Paull
2022). So we use line chart rather than static table to fully
display experimental result at every episode.

There are two reasons why IR cannot be evaluated by
list-wise accuracy indicators such as NDCG@K, HR@K.
One reason is that precision-based metrics cannot reflect the
performance of decision tasks (Gao et al. 2023a). Another
reason is that IR usually applies generative recommendation
method rather than scoring-and-ranking method.

Baselines
Section 2.

SAC, named Soft Actor Critic, utilized action distribu-
tion construct an entropy to constrain action space.

CRR, named Critic Regularized Regression, is a model-
free RL method that improve sample efficiency by regu-
larizing weights for policy learning.

PPO, named Proximal Policy Optimization, optimizes a
surrogate objective function with gradient ascent while
limiting the policy update size to ensure stability.

The reason why we chose these baselines is in

DRR explored some feasible state representations and
investigated a basic generative paradigm applying DDPG
for IR.

NICF, named Neural Interactive Collaborative Filtering,
utilize Q-learning and multi-channel transformer to en-
hance the exploration policy.

CRIR w/o CL (Ablation Study) is our CRIR method
without our PRCL approach. It only enhanced the state
representation network . This experiment is conducted to
verify the contribution of PRCL.

Similar to the DRR, CRIR also use DDPG as implemen-
tation backbone and utilize a generative recommendation
paradigm. So through the comparison between DRR and
CRIR w/o CL, the contribution of the designed state rep-
resentation network could be verified.

Overall Performance and Ablation Study (RQ1)

We first make observations on Virtual-Taobao environ-
ment. Figure 3 (a) shows the cumulative reward metric. Our
CRIR approach outperforms the others in the Virtual-Taobao
environment under cold-start settings. It takes the lead in
finding a good recommendation policy at around 8000-th
episode, while the others have not reached this level within
20000 episodes. The ablation study between whole CRIR
and CRIR w/o CL, as well as that between CRIR w/o CL and
DRR, demonstrate the contribution of PRCL and the state
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Figure 3: Performance for the proposed, ablation and baseline methods in cold-start setting. Each curve in the graph is repeated
for 5 times and 95% confidence intervals are depicted. (a)-(d) are the results for RQ1, (e) and (f) are for RQ2-1.

representation network, separately. But the improvement is
slight by only use the representation network. The CRIR w/o
CL method performs better than DRR, SAC, CRR, PPO and
NICF in early stage, but fails to keep up with CRIR, and
gradually declines to the same with the others. Its represen-
tation structure helps capture the user’s interest initially but
fails to make further progress in subsequent episodes. As
CTR metric depicted in Figure 3 (b) shows, most of the mod-
els finally rise up to around 0.8. Note that the reward signals
for Virtual-Taobao are greater or equals to 0, which makes
high CTR scores easy to achieve. So through the compari-
son between cumulative reward and CTR, we can know that
although most baselines finally reach the same level with
CRIR at CTR metric, they get less high-reward actions than
CRIR. Baseline methods expect CRIR w/o CL still suffer
from sampling inefficiency before 6000-th episode. SAC can
scarcely rise but sometimes succeed in CTR metric. PPO
fails to learning a correct policy in cold-start settings. The
reason for this is that on-policy methods like PPO could
hardly filter unimportant or blured transitions from cold-start
representations. These on-policy methods usually require
well pre-trained representations. NICF is designed specifi-
cally for discrete action space initially, it seems not compat-
ible with continuous environment like Virtual-Taobao.

Then we make observations on ML-1M-based envi-
ronment. Figure 3 (c) shows cumulative reward metric,
CRIR outperforms the best on ML-1M oriented simulator.
CRIR w/o CL converges slower than CRIR but outperforms
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all the other methods. Methods except PRCL , CRIR w/o CL
and NICF fails within 2000 episodes in this simulator. One
reason is that the dynamic features of user interest change
quickly in the simulator. The other reason lies in the cold-
start setting. These methods do not have enough sample ef-
ficiency to find valid policy in such settings. The CTR metric
depicted in Figure 3 (d) seems very consistent with the cu-
mulative reward metric shown in Figure 3 (c). The reason
for this phenomenon is that the simulator returns rewards
ranged from -1 to 1, with positive value roughly equal with
negative values.

In summary, experiments conducted in two environments
demonstrate the effectiveness of CRIR in improving sam-
ple efficiency. The comparison between CRIR w/o CL, DRR
and CRIR confirms the utility of CRIR’ state representation
network and PRCL method.

Contribution Quantitative Study (RQ2)

We conduct two quantitative contribution studies on two
key factors of CRIR to study their detailed contributions.
The first experiment studies quantitative research on differ-
ent frequency of the PRCL. The frequency of PRCL is de-
noted as the ratio of the times PRCL conducted in that of the
RL. The second experiment studies the significance of the
discriminative coefficients 1/4/ R, (h) in equation Eq. (6).
‘We make these two experiments on Virtual-Taobao.

For the first experiment (RQ2-1), we set the PRCL fre-
quencies in {0,0.25,0.5,0.75,1.0}. Episode reward and
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Figure 4: Study on coefficient strategy, data sampling and agent training mechanism of PRCL. Each curve is repeated for 5

times and 95% confidence intervals are depicted.

CTR are shown in Figure 3 (e) and (f) separately. The sample
efficiency is boosted with the increase of PRCL frequency.
The increment of performance seems not linear. The differ-
ence between 0.25 and 0.5 is much larger than that between
0.5 and 0.75. It states that PRCL can effectively improve
sample efficiency. But the increment has a limit while in-
creasing the frequency. And PRCL is more capable of opti-
mizing hard metrics like episode reward, than easy metrics
like CTR.

For the second experiment (RQ2-2), we use balanced co-
efficients w to replace the 1/4/ R, (h) in equation Eq. (6)
as baseline method. To guarantee the same average inten-
sity for contrastive learning, we set all the coefficients to
w = (1/1T/2)) K2 (1/7/6) ~ 0.3183 where T = 50
is the max sequence length for state representation. The re-
sult can be seen in Figure 4(a). As the result shown, the dis-
criminative coefficient strategy performs better than the bal-
anced one. The balanced strategy performs approximately
the same with the PRCL with learning frequency of 0.25 in
Figure 3(e). This demonstrates the utility of the proposed
discriminative coefficients in PRCL.

Sampling and Training Mechanism Study (RQ3)

We will verify our proposed data sampling and training
mechanism mentioned in Section 3 (RQ3-1). The proposed
data sampling mechanism utilizes two batches of interac-
tion data for PRCL — one is the batch planed to train DRL
immediately (sampled by PER strategy) while the another
is randomly sampled from the replay buffer. This sampling
strategy is named as Mixed Mechanism. Accordingly, we
may consider other two mechanisms — totally sampling
randomly from the buffer, or just using the data planed
for DRL training. We name them Divided Mechanism and
Combined Mechanism separately.

Considering that our PRCL task is conducted indepen-
dently with the DRL, we also study the dependent way to
conduct PRCL (RQ3-2). In DRL task, our state representa-
tion network is updated by value function (critic network)
in DRL. So it means that the Positional Weighted InfoNCE
Loss is added to the loss of the value function as a constraint.
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In this way the loss of value function is formulated as:

L= %52 +7v* LpreL (7
where ¢ is the TD-error in DRL, «y is hyper-parameter that
controls the strength of PRCL, and Lprcy is defined in
Eq (6). We name this training mechanism as Constrained
Mechanism. We choose v € {0,0.5,1.0}. Conversely, we
name CRIR’s training strategy as Auxiliary Mechanism.

As shown in Figure 4(b), the Mixed Mechanism performs
the best among all data sampling strategies. The compar-
ison between Mixed, Divided and Combined Mechanism
demonstrates the effectiveness of our Mixed Mechanism. It
shows that representation will be learnt better by utilizing
DRL training samples along with some extra samples. As
shown in Figure 4(c), the ~y value have little effect on the
performance. PRCL seems to have no improvement in Con-
strained Mechanism. This demonstrates the effectiveness of
our Auxiliary training strategy.

5 Conclusion

This paper states that sample inefficiency is a tricky problem
that hinders the development of IR. Inspired by contrastive
learning in traditional recommendation paradigm, we pro-
pose Contrastive Representation for Interactive Recommen-
dation (CRIR), which contains a state representation net-
work and Preference Ranking Contrastive Learning (PRCL).
These two methods could help the agent learns better repre-
sentations. Then the sample efficiency is improved accord-
ing to the DRL Representation Consensus. Different from
precious works, we apply an auxiliary contrastive learning
task in parallel with the main DRL task. We also adopt an
data sampling strategy to ensure the different optimization
goals will not be conflicted. Extensive experiments have ver-
ified the effectiveness of the the proposed CRIR.
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