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This paper presents the task of aspect-based sentiment analysis (ABSA) that rec-
ognizes the sentiment polarity associated with each aspect of entities discussed
in customers’ reviews, focusing on a low-resourced language, Vietnamese. Un-
like conventional classification approaches, we leverage reinforcement learning
(RL) techniques by formulating the task as a Markov decision process. This ap-
proach allows an RL agent to handle the hierarchical nature of ABSA, sequen-
tially predicting entities, aspects, and sentiments by exploiting review features
and previously predicted labels. The agent seeks to discover optimal policies by
maximizing cumulative long-term rewards through accurate entity, aspect, and
sentiment predictions. The experimental results on public Vietnamese datasets
showed that the proposed approach yielded new state of the art (SOTA) results
in both hotel and restaurant domains. Using the best model, we achieved an

Vietnamese improvement of 1% to 3% in the F1 scores for detecting aspects and the corre-
sponding sentiment polarity.
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1. INTRODUCTION

Aspect-based sentiment analysis (ABSA) involves identifying sentiments directed towards specific
aspects of entities mentioned in texts. It has been widely applied in monitoring brand reputation, analyzing
customer feedback, and tracking public sentiment towards social and political events. Formally, given a text,
a prediction model is built to determine the set of triples < e,a,p >, where e represents entities, a denotes
the associated aspects, and p indicates the sentiment polarity. Figure [1|illustrates a customer review of four
key triples which are ROOM, CLEANLINESS, positive; SERVICE, GENERAL, positive; FOOD&DRINK,
QUALITY, positive; and FOOD&DRINK, STYLE&OPTION, negative.

The structure of ABSA prediction is inherently hierarchical, reflecting the natural progression of
sentiment expression: first, entities are identified; next, aspects related to each entity are extracted; and
finally, the sentiment associated with each aspect is determined. This order - entities — aspects — polarity
enables each prediction stage to leverage the context established in the preceding stages, creating a more ac-
curate and context-sensitive sentiment analysis. Until now, conventional approaches have framed the task as a
classification problem, using independent or joint learning methods. Researchers have explored incorporating
deep learning methods, such as recurrent neural networks [[L], [2], convolution neural networks [3], trans-
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former models [4]-[7], attention models [8]], and multi-task solutions [9] to capture the contextual and semantic
nuances of input texts for sentiment analysis. These techniques have shown promising results in capturing fine-
grained sentiment information, unfortunately, they do not well capture the context-dependent dependencies
among entities, aspects, and polarity.
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Figure 1. A sample review’s hierarchical structure, annotated with entities, their aspects, and polarity

Recently, reinforcement learning (RL) [10] has shown promise in various domains such as robotics
[[L1], wireless networks [[12], and game [13]]. However, its application to natural language processing (NLP)
tasks remains largely restricted to conversational systems [[14]. Given RL 's unique strength in handling sequen-
tial decision-making, it presents a promising approach for ABSA. By treating ABSA as a Markov decision pro-
cess, ABSA’s hierarchical structure - progressing from entity recognition to aspect identification and, finally,
to sentiment prediction - can be managed as a series of sequential decisions. In this setting, deep Q-learning
is leveraged to dynamically update state representations as it identifies entities, assigns them to relevant as-
pects, and finally predicts the sentiment for each aspect. Through optimizing these decisions for long-term
rewards, the approach is expected to improve classification accuracy by capturing the structured dependencies
often missed in traditional classification methods. To our knowledge, no prior work has framed ABSA as an
RL problem, especially for low-resource languages, making this a novel direction in sentiment analysis. This
paper makes the following contributions: i) introduces a new approach using RL to solve the ABSA task with a
specific focus on a low-resource language, a.k.a Vietnamese; and ii) extensively conducts different experiments
to verify the effectiveness of the proposed approach on two available benchmark datasets.

The remainder of the paper is structured as follows. Section 2 describes related work. Section 3
shows how to treat ABSA as a Markov decision process. Then, section 4 mathematically designs an RL agent
to solve this Markov decision process. Section 5 presents the deep Q-learning to solve the ABSA in the RL
setting. Section 6 describes the public benchmark corpus, setups of experiments, experimental results, and
some discussion. Finally, we conclude the paper and point out some future lines of work in section 7.

2.  RELATED WORK

Research on sentiment analysis has been performed for different levels such as document level, sen-
tence level, phrase level, and aspect level [15]. There are two mainly used approaches to explore sentiments:
lexicon-based approaches and machine learning approaches. The former one [16] is extremely feasible for
sentiment analysis at the sentence and phrase levels. The latter one enables systems to acquire new abilities
without being explicitly programmed to do so. Some typical work is a naive Bayes model along with an sup-
port vector machine (SVM) model [17]], semi-supervised machine learning that integrates pre-processing and
classification algorithms for unlabelled datasets [18§]], attention (CNN-RNN) [8]. In recent years, sentiment
analysis has become more prominent, and ASBA is a valuable and quickly expanding research field. Complex
algorithms [3l], [3], [7], [9], [19] like long short-term memory (LSTM), pre-trained models like BERT, and
GPT-2 may be used to accomplish the task. These classification techniques have shown promising results in
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capturing fine-grained sentiment information. Unfortunately, they may not effectively capture the hierarchical
and interdependent nature of aspect-based sentiments.

RL [[10] is a powerful machine learning technique where an agent learns to make decisions by inter-
acting with an environment, receiving rewards or punishments, and adjusting its actions to maximize long-term
cumulative rewards. It is primarily used for sequential decision-making tasks rather than classification tasks.
For example, several RL models have been studied in planning and control problems [20], action-conditional
video prediction [21]], and wireless networks [12]. RL can be combined with other techniques, such as deep
learning, to perform tasks in NLP such as sequence-to-sequence learning for text generation and classifica-
tion tasks [14], [22]. RL demonstrates promise in NLP classification tasks, especially those with multiple or
hierarchical labels, where capturing the inter-dependencies among various labels is essential. Therefore, incor-
porating RL can be an interesting research direction to explore and can potentially lead to novel approaches
and improved ABSA models.

3. ABSA AS A MARKOYV DECISION PROCESS
We suppose a review z is associated with n label triples of (a’,a’,, a;,) (¢ = 1...n) which involve n
sentiment polarity a; towards targeted entities a? and their associated aspects a’. This can be modeled as a
step-by-step decision-making process as shown in Figure
i) Step 1. Initialization: start with all states initialized with the input text = where no entities, aspects, or
sentiments are identified, and x is yet to be processed.
ii) Step 2. Sequential decision-making for the i*” triple

th

— Entity identification: at the state s'T*, the agent scans x and identifies the i*" entity a’ (e.g., ‘hotel’).

Update the state to s'2 to include a’, where t = (i — 1) * 4.

— Aspect identification: based on the current state s'2, the agent identifies an aspect a’, related to the
entity a’ (e.g., ‘cleanliness’ of ‘hotel’). Update the state to s'2 to include a’, a’.
— Sentiment prediction: the agent predicts the sentiment a; for the identified a’, (e.g., positive senti-
ment for ‘cleanliness’). Update the state to s'** to include a’, a!, a;.
iii) Step 3. Decision on next triple prediction: the agent moves to the next part of the text to identify more en-
tities, aspects, and sentiments by repeating Step 2 - Sequential decision-making for the (i + 1)*" triple.
It updates the next state for the next round of the sequential decision-making process until the entire text
is processed. Otherwise, it reaches the ending state X4,
iv) Step 4. Reward assignment: the agent receives rewards based on the accuracy of its predictions. Cu-
mulative rewards guide the learning process, encouraging the agent to refine its policy for better future
predictions.

Sequential Decision Making for the jth triple

predict
aspect

Initialize End

Figure 2. The visualization of ABSA as a Markov decision process

4. MATHEMATICALLY DESIGN AN RL AGENT TO SOLVE ABSA
The RL agent is represented as a tuple (S, A, Y, q,r,~), where S refers to the set of states, .4 denotes
the set of finite possible actions (i.e., |.A| < o), Y is the ground truth labels, q is transition probabilities by
taking an action in a given state, r is reward function, and v € [0, 1] is a discount factor. A deterministic
curricular policy 7 : § — A is a mapping from states to actions as follows:
i) State: the state s ~ S is represented as a tuple (f, h), where f is a vector representation of the review x
from input dataset D; and h is an action history. In this study, x is represented by a list of consecutive
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token indices tokenized by a sub-word tokenizer (see Figure[3). This tokenizer is based on SentencePiece
with a certain number of sub-word token strings, converts tokens strings to ids and back, and adds
several special token strings to format the input review such as: [CLS] - add to the begin of the sentence
to represent the whole tokens; [UNK] - represent unknown tokens which are not tokenized by tokenizer
with the given vocabulary; and [PAD] - extend padding tokens to the list of token strings to make all input
reviews have the same length. Review f is forwarded into a pre-trained transformer-based model By (e.g.,
BERT, ELECTRA, etc.), where 6 refers to trained parameters, for extracting features. After that, we use
the output hidden vector of token [CLS] as a representation vector H(f,0) = By(f)jcrs) € R9B0
where 0 denotes pre-trained parameters, and dp, is the hidden output dimension of 3.

ii) Action: the agent learns to predict a set of tuple of entity-aspect-polarity action A = {(ag, ag, ap)}ti=1..n,
where a; € Ae, aj € A, and a}, € A, are entity, aspect, and polarity actions respectively; n is the
number of predicted actions. Due to the hierarchical structure of target labels, each action is predicted
by the current state s and action history h. Therefore, given by a policy model 7, sequentially we predict
an entity first, an aspect next, and a polarity last as shown in Figure 2}

ae ~ m(Hg, hlae); h' < hU {ae}

ay ~ m(Hg, h'|aa); B’ < h' U {a,}
ap ~ (Hg, h"|ap); K" < h" U {ap}

We also add another binary step a; € A¢ = {0, 1} (t stands for terminate) after predicting each tuple
action (ae, @a, ap) to detect whether this is the last item of A or not. We define a; as 1 if the agent wants
to predict another tuple action, and as O otherwise. Basically, our policy aims to predict consequence
tuples (ag, aj, aj,, ay) for solving hierarchical multi-label ABSA classification:

(ad,al, a;, at), (a2, a2, af,, at), .., (ae s ay,ay,af)
where n is the number of predicted triples.
iii) Transitions: as described by the action prediction process, each episode (trajectory) has 4 x n steps. Each
step is represented as a tuple (f, h), and after taking an action a, the next state becomes (f, k'), where
h =hU{a}.
iv) Reward: we combine two types of rewards into one reward r; at step ¢:

Ty = 5tﬂ[a€ == 1]7’1,15 + (1 — 5t)]I[T == O]TQJ/

Where r; ; and 3 ; denotes dense exploration and sparse competition rewards respectively; d; is a linear
annealing factor. Our target is finding an optimal policy 7 that maximizes the discounted long-term
reward, which means the higher reward is the better score. The dense exploration reward 71 ; is calculated
by the number of correct labels and the sparse competition reward r5 ; is calculated at the end of each
episode 7 by using a F-score metric with a pair of predicted actions A and its targets Y :

2
2t 1 (A7, Y7) Pre=1(A;,Y:) + Rec (A, Y;) ©

where Pre denotes precision score and Rec denotes recall score.

In summary, we treat ABSA problem as an Markov decision process task where the agent learns
to predict a list of consecutive actions and maximize the reward represented by F}-score. If the number of
transitions is too small or too large, the F'P and F'N might be much bigger than TP, the reward will be
smaller, and the agent could be worse. This environment is challenging to make the F-score higher for every
incremental timestep.

5.  DEEP Q-LEARNING FOR ABSA

In this section, we delve into the architecture and methodology of our deep Q-network (DQN) model,
which is tailored to address the complex requirements of the tasks. As depicted in Figure (3] the architecture
begins by processing the input review through a pre-trained transformer model, such as BERT or ELECTRA,
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to extract a comprehensive and contextualized representation of the review. This representation serves as the
input for the DQN, which acts as an agent learning to predict a sequence of actions necessary for navigating
the hierarchical structure of the ABSA task. During the training phase, the primary focus is on refining the
parameters of the Q-network, ensuring that it can effectively learn from the data and improve its predictive
capabilities.

Action history E
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Clean ]—)[ ™ K

B Tm ] — | ROOMSHCLEANLINESS !

g 1) positive
Clean cheap ] > [ eS| (| | | oo
room with cheap Trm Trm I ﬁ g —> > .
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the center e T O O
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center m m ] _____________________
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[SEP] ]—)[ Trm Trm ] — : positive
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Y Y Y
Input sentence Pretrained transformer-based models Deep Q-network

Figure 3. An overview of our model architecture using pre-trained transformer-based models as review
representation encoders and DQN as an agent to learn to predict a sequence of actions (labels) for solving
multi-label text classification

In the conventional RL models, the agent selects one action from the entire action set at each step, often
without constraints, which can lead to repetitive actions within an episode. However, in the context of ABSA,
the label triples < e, a,p > for a given review must be unique, preventing duplication within an episode. To
adapt this requirement to the RL framework, our model is designed to ensure that the agent takes non-repetitive
actions throughout both the training and testing phases. We manage duplication by employing a three-level
tree structure. The initial level comprises the root, succeeded by entities, their respective aspects, and ending
with their potential polarity. Traversing from the root to the leaf will establish the triples of < e, a,p >. Any
previously visited branch is blocked by setting the log-likelihood to —in f, equating to a probability of 0. To
maintain sequential labeling, we update the action set after each step to remove duplication and enforce the
agent to predict entities first, followed by aspects, and finally their polarity.

In a deterministic environment, we simplify the problem by assuming a fixed relationship between
actions and subsequent states. The goal is to train a policy 7 that maximizes the expected discounted cumulative
reward, also known as the return, from any starting state sg. This is mathematically expressed as:

Ry, = Z fytftort

t=to

Where v € [0,1) is the discount factor. The discount factor + ensures that the infinite sum converges by
reducing the weight of future rewards, thereby prioritizing immediate rewards over distant ones. This is crucial
in balancing the trade-off between short-term and long-term rewards.

The core of DQN is the action-value function Q* : S x A — R, which provides the expected return
of taking action a in state s and following the optimal policy thereafter. The optimal policy 7* can be derived
by selecting the action that maximizes this function:

7 (s) = argmax Q* (s, a)
a
Since the true (Q* is unknown, we use a neural network to approximate it. The network parameters 6 are
updated to minimize the difference between the predicted Q-values and the target Q-values, derived from the

Bellman equation:

Q"(s,a) =E[r +7Q"(s',7(s")) | 5,q]
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For the optimal Q-function Q*, the Bellman optimality equation is:
Q*(s,0) = E [r+ymaxQ"(s',a') | 5.0

In practice, the Q-learning update rule is applied to iteratively adjust the parameters 6 by minimizing
the temporal difference error. Instead of using mean squared error (MSE), which is sensitive to outliers, we use
the Huber loss. The Huber loss is defined as:

L(e) = E(s,a,s/,r)GD [59(6)]

where D is the replay buffer containing past experiences, and the loss function Lg(6) is:

|6(0)] — L otherwise

Lo(6) = {W(@) if5(0)] < 1

The Huber loss behaves quadratically for small errors (like MSE) and linearly for large errors (like
mean absolute error (MAE)), providing robustness to outliers in the Q-value estimates. The update to the
parameters 6 during training is performed using stochastic gradient descent or its variants, such as Adam [23]],
by computing the gradient of the loss function with respect to 6:

0« 60— aVyL(0)

Where «a is the learning rate, controlling the step size of the update. This detailed formulation allows the
DQN to effectively learn an approximation of the optimal Q-function by iteratively minimizing the temporal
difference error, thereby improving the policy 7 to maximize the expected return.

The deep Q-learning algorithm for reinforced ABSA is detailed in Algorithm[I] Our model employs a
feed-forward neural network designed to handle state transitions by taking as input the difference between the
current state s; and the previous state s;_1, represented as Asy.

Algorithm 1 DQN for ABSA
Input: Environment env; Q network (Qy; trainable parameters ¢; learning rate «; replay buffer D.
0"+ 0 > Initialize V parameters
while not coverage do
s¢ < env.reset() > Reset environment
for each environment step do
a; < argmax,, Qg (s¢,at) > Sample action
St41  env.step(ay) > Take an action a;
D + DU {(s¢,at, R(at|st), st4+1)} > Append transition to buffer D
St < St+1
end for
for each gradient step do
0+ 0—aVyeL(0) > Update Q network
0«10+ (1—-71)¢
end for
end while

The neural network outputs a vector of QQ-values, Q(s, a; 6), where 6 represents the parameters of the
neural network. The number of outputs corresponds to the discrete action space, which has a total dimension
given by:

|A‘ = |~Aentity| + ‘Aaspecl| + |~Apolarity| + |~Aterminati0n|

Where |Acniity|> [Aaspect|s [Apolarity |» and [ Arermination | are the sizes of the action sets for entities, aspects, polarity,
and termination, respectively.
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The Q-values are computed as Q(s,a;0) = f(Asy;6), where f is the function approximated by
the neural network, mapping state differences to Q-values for each possible action a. To extract meaningful
features from each input review, we utilize a pre-trained model By as the feature representation model. This
model processes the raw input x of a review and generates a feature vector ¢(x):

¢(x) = By(x)

This feature vector ¢(x) serves as the input to the neural network, allowing the Q-learning algorithm to leverage
pre-trained knowledge for improved performance in sentiment analysis tasks. The action selection in each state
involves choosing the action a* that maximizes the Q-value:

* — .0
a" = argmax (s, a; 6)

This action selection strategy ensures that the policy 7 is aimed at maximizing the expected cumulative reward
over time. By integrating these mathematical formulations, the model effectively learns to map state-action
pairs to their expected returns, thereby optimizing the policy for sentiment analysis tasks in a discrete action
space.

6. EXPERIMENTS

This section first presents the dataset used to conduct experiments. Then, experimental setups such as
evaluation metrics and model training parameters are shown. Finally, experimental results are elaborated and
compared with several strong SOTA baselines.

6.1. Datasets

The dataset used to perform experiments is a public dataset released in the ABSA challenges of VLSP
2018 at https://vlsp.org.vn/vlsp2018/eval/sa. The campaign dealt with data in two domains, namely restaurants
and hotels. The number of entities, their aspects, and corresponding polarity mentioned in each review are
diverse. The information about the training, development, and test sets is summarized in Table E} For each
review, its aspects are identified by the tuples (entities, attributes) (Phase A). While in Phase B, we need to
further identify the polarity for each aspect tuple as positive, negative, or neutral.

Table 1. Statistics on the train, dev, and test sets of two datasets on two domains

Domain Dataset #Reviews  #Aspects
Restaurant Training 2961 9034
Validation 1290 3408

Test 500 2419

Hotel Training 3000 13948
Validation 2000 7111

Test 600 2584

6.2. Experimental setups

To evaluate the performance, we use the metrics proposed by the campaign. They are precision, recall,
and F1-score in micro-averaged. In conducting experiments, we implemented the models using Pytorch. For
pre-training language models, we exploited different ones available for Vietnamese. They are mBERT [24],
viBERT [25], phoBERT [26], and vElectra [25]. The models’ hyper-parameters were chosen via a search on the
validation set. We varied different hyper-parameters to find the optimized sets for ones such as filter window
sizes, dropout rates, optimization methods, learning rates, batch sizes, and number of epochs.

6.3. Experimental results

Two kinds of experiments were implemented. First, we conducted experiments to verify how pre-
trained transformer-based models impact the prediction performance of the proposed RL-based approach.
Then, we compare this proposed approach with the existing SOTA results on two benchmark datasets.

A reinforcement learning paradigm for Vietnamese aspect-based sentiment analysis (Viet The Bui)
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6.3.1. The effectiveness of different pre-trained language models on the RL-based approach

Figures [4] and [5] draw the convergence curves for the RL approach using four available pre-trained
language models on two phases. They illustrate the convergence patterns observed in the hotel and restaurant
datasets. It’s evident from these plots that the algorithms converge effectively after several iterations on devel-
opment sets. Notably, employing vElectra as a review encoder resulted in the highest performance, followed
by phoBert, viBERT, and mBert.

0.85 0.8
£ o8 =4
[} S 0.75
Q Q
% 0.75 2 Bert
— — —— mBer
I, 0.7
o 0.7 —— ViBert
0.65 0.65 vEelectra
T T 1 T T 1 ——— phoBert
0 50 100 0 50 100
Number of epochs Number of epochs
Dev - Phase 1 Dev - Phase 2
Figure 4. Convergence curves on the development set of the hotel dataset
0.8
(0] (0]
508 8 0.75
Q Q
1%5] w1
08 T 07 —— mBert
—— ViBert
0.65 vEelectra
0.75 . . . Y T T T T 1 ——— phoBert
0 50 100 0 50 100
Number of epochs Number of epochs
Dev - Phase 1 Dev - Phase 2

Figure 5. Convergence curves on the development set of the restaurant dataset

6.3.2. Comparing the RL-based approach with the existing SOTA work

This section presents the experimental results of the proposed approach compared to the SOTA results
on two public Vietnamese datasets. To conduct a comprehensive comparison, we’ve chosen the best three exist-
ing methods: JointLearning-mBERT, JointLearning-viBERT, and MultiTask-PhoBERT. For the RL approach,
we implemented the algorithm using four different backbone models. Each model utilizes a distinct pre-trained
language model for Vietnamese: mBERT, viBERT, phoBERT, and vElectra. Tables[2]and [3]show experimental
results on the test sets of two domains.

For the hotel domain, it can be seen from Table 2] that the RL approach performed better than all ex-
isting models. Using vElectra and phoBERT yielded the best performance. Notably, vElectra slightly captures
the nuances of reviews better than phoBERT, leading to improved F1 scores in both phases. We achieve a
new SOTA of 83.51% in the F1 score for Phase 1, and 78.55% in the F1 score for Phase 2. Using the best
RL-vElectra model, we achieved an F1 score of 83.52% for Phase 1 and 78.55% for Phase 2 on the hotel
dataset.

For the restaurant domain, the RL approach demonstrated notably superior performance compared to
the three existing SOTA models (see Table[3). We also see an improvement in the F1 scores in both two phases.
Compared to the best model of MultiTask-phoBERT, the RL-vElectra significantly boosted the F1 scores by
1.02% for Phase 1, and 2.8% for Phase 2. Using the best RL-vElectra yielded the highest performance of
85.25% for Phase 1, and 74.35% for Phase 2 on the restaurant dataset.

Using the same pre-trained language models, the proposed RL approach consistently outperformed
the conventional classification approach across both datasets. Notably higher performance was achieved with
both mBERT and viBERT, while phoBERT yielded slightly better results. Among all language models, using

Int J Artif Intell, Vol. 14, No. 4, August 2025: 3375-3385



Int J Artif Intell ISSN: 2252-8938 ) 3383

v-Electra achieving the best performance and established a new SOTA result on both two datasets. These
findings demonstrate that the proposed RL approach surpasses the existing SOTA classification methods.

Table 2. Experimental results on the test set of the hotel domain
Phase 1 Phase 2
Pre Rec F1 Pre Rec F1

Baselines

JointLearning-mBert [25]] 85.32 76.04 8042 78.17 6556 71.31
JointLearning-viBert [25] 83.93  80.26 82.06 80.04 70.01 74.69
MultiTask-phoBERT [9] 8745 78.17 8255 8190 7322 7732
Reinforcement Learning

RL-mBert 8596 7738 8145 79.67 71.13 75.16
RL-viBert 86.59 79.83 83.08 81.04 7430 77.52
RL-phoBert 86.28 79.53 8276 8138 7465 71.87
RL-vElectra 87.82 79.60 83.51 8286 74.66 78.55

Table 3. Experimental results on the test set of the restaurant domain
Phase 1 Phase 2
Pre Rec F1 Pre Rec F1

Baselines
JointLearning-mBert [25] 84.03 82.64 83.33 65.70 71.43 6845
JointLearning-viBert [25] 8421 84.25 84.23 69.75 7292 71.30

MultiTask-phoBERT [9]] - - 8423  69.66 73.54 71.55
Reinforcement Learning

RL-mBert 83.57 84.61 84.09 69.54 7058 70.05
RL-viBert 8435 8446 8441 7273 7284 7278
RL-phoBert 84.13 8446 8430 7286 73.19 73.02
RL-vElectra 85.89 84.62 8525 7499 7372 7435

7. CONCLUSION

In this paper, we present a new and effective approach to sentiment analysis for Vietnamese which
leverages RL techniques instead of conventional approaches. Instead of modelling the tasks as a classification
problem with supervised learning techniques, we formulate the prediction task as a Markov decision process.
Here, we deploy a RL agent to sequentially predict labels, effectively leveraging review features and previously
predicted labels. The agent seeks to discover optimal policies by maximizing long-term rewards, reflecting pre-
diction accuracy. The experimental results on public Vietnamese datasets showed that the proposed approach
yielded new SOTA results in both two domains of hotels and restaurants. Specifically, we achieved 83.51% in
the F1 score for Phase 1, and 78.55% in the F1 score for Phase 2 on the hotel dataset. Employing the identical
RL-vElectra model likewise achieved the highest performance, reaching 85.25% for Phase 1 and 74.35% for
Phase 2 on the restaurant dataset. In the future, we continue to try different types of reward functions to find the
best one. Other kinds of large language models should also be integrated to optimize the review representation
that captures the full context of reviews.
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