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Abstract
GPT is among the most powerful large language models (LLMs), known for its versatility and strong performance across 
a wide range of tasks. However, its substantial computational demands and limited cross-domain generalization present 
challenges, particularly in resource-sensitive applications like Aspect-Based Sentiment Analysis (ABSA). Existing ABSA 
models are typically domain-specific and suffer from catastrophic forgetting—losing previously acquired knowledge when 
sequentially trained on new domains—resulting in poor scalability and knowledge retention. To address these issues, we 
proposed a novel framework that integrates GPT-2 with a replay-based lifelong learning mechanism to support incremen-
tal, multi-domain ABSA while mitigating forgetting. The model is sequentially fine-tuned using real-data replay across 
four diverse ABSA domains: Laptops, Restaurants, Tweets, and Finance. Experimental results show that proposed model 
achieves an average accuracy of 0.85 and a Backward Transfer (BWT) score of -0.09, significantly outperforming the 
baseline model without lifelong learning (accuracy of 0.70, BWT of -0.64). We further conducted a t-test to validate the 
statistical significance of the improvements. we design an ANFIS-based model trained on experimental results to predict 
the proper memory ratio for new datasets, enabling more effective and adaptive lifelong learning in GPT-based architec-
tures. In addition, we applied a multi-level data augmentation pipeline, which significantly improved performance across 
domains (p = 0.0049), enhancing both retention and generalization under constrained memory. Additionally, we introduced 
a domain sequence permutation study to test robustness against task-order sensitivity, while another part evaluates gener-
alization under a simulated fifth domain constructed from a mixture of all original domains. These components validate 
the model’s scalability and ability to generalize beyond trained distributions. An ablation study was conducted to isolate 
the contributions of each module, including replay, ANFIS prediction, and data augmentation. The results demonstrate 
that removing any single component leads to a measurable drop in performance, confirming that each part of the frame-
work contributes meaningfully to overall effectiveness. A post-hoc comparison with a distillation-based lifelong learning 
baseline was conducted, showing improved performance of our replay + ANFIS approach. We acknowledge that additional 
comparisons with advanced baselines such as GEM or A-GEM are needed to further strengthen this claim, which we leave 
for future work. Overall, this study demonstrates the effectiveness of combining GPT-2 with replay-based lifelong learning 
and adaptive memory control, offering a scalable and robust solution for continuous, multi-domain sentiment analysis. Our 
proposed model provides a practical foundation for future research in dynamic, cross-domain ABSA systems.
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Introduction

With the widespread use of smartphones, internet users have 
transformed into active content creators, posting reviews 
daily on platforms like TAOBAO.COM. These user-gen-
erated reviews often contain rich expressions of sentiment, 
which reflect human perceptions through senses like sight, 
sound, taste, smell, and touch—typically conveyed through 
text [1]. Sentiment analysis has evolved from general opin-
ion classification to more fine-grained methods, such as 
Aspect-Based Sentiment Analysis (ABSA). ABSA is a sub-
domain of natural language processing (NLP) that focuses 
on identifying specific aspects or features mentioned in text 
and determining the sentiment toward each aspect [2]. This 
approach provides more detailed insights than general senti-
ment analysis, enabling businesses to understand opinions 
about specific product or service attributes.

Unlike humans, who can reuse and build upon prior 
knowledge with ease, AI systems often face a major chal-
lenge: catastrophic forgetting—where learning new 
information leads to the erosion of previously acquired 
knowledge. Lifelong learning aims to address this issue 
by enabling AI models to adapt continually while retain-
ing essential information across tasks. While deep learning 
models perform well on narrowly defined tasks, they often 
lack human-like flexibility. Lifelong learning strengthens 
model generalizability by maintaining a balance between 
acquiring new knowledge and preserving earlier learning. 
In ABSA, this capability is crucial, as real-world applica-
tions involve analyzing reviews from diverse, dynamic, and 
previously unseen domains—far beyond the static, single-
domain setups most current models are trained on.

Recent studies have explored various methods to improve 
ABSA using lifelong learning and generative models like 
GPT. One such method involves prompt tuning for multi-
domain ABSA, offering a lightweight mechanism for adapt-
ing to different tasks [3]. However, this technique heavily 
relies on manually designed prompts, limiting its flexibil-
ity in novel or highly diverse domains. Other research has 
incorporated replay-augmented memory frameworks to 
simulate long-term memory for continual sentiment learning 
[4]. While effective, such approaches raise concerns about 
data privacy and scalability due to their dependence on stor-
ing large quantities of previous task data. Another approach 
involves adaptive parameter updating to reduce forgetting 
during continual learning [5]. Although this method main-
tains performance on prior tasks by controlling parameter 
drift, it still depends on manual rule-setting, reducing its 
applicability to dynamic, real-world settings.

For instance, Mohammad AL-Smadi and colleagues [6] 
proposed a deep learning model combining Gated Recurrent 
Units (GRUs) and features from the Multilingual Universal 

Sentence Encoder (MUSE). Their “Pooled-GRU” model, 
trained on Arabic hotel reviews, effectively identifies 
aspects and classifies their sentiment. Despite its domain-
specific success, the model struggles to generalize across 
languages or technical domains. This highlights a common 
limitation across existing models: while they perform well 
within their trained scope, they falter when exposed to new 
or varied data. Multi-domain training has been attempted to 
bridge this gap, but such models are still susceptible to cata-
strophic forgetting, significantly degrading in performance 
when new domains are introduced.

Moreover, many rehearsal-based methods continue to 
suffer from catastrophic forgetting due to unpredictable 
shifts in domain characteristics when new tasks are intro-
duced [6]. These observations reveal three persistent chal-
lenges in ABSA: (1) limited generalization across diverse 
domains, (2) difficulty assimilating new domain informa-
tion without losing prior knowledge, and (3) dynamically 
adapting memory usage in lifelong learning scenarios. 
These gaps form the core motivation of this study.

In response to these challenges, this study introduces a 
model designed to incrementally acquire new domain-spe-
cific knowledge while retaining previously learned infor-
mation. The foundation is a traditional generative model, 
enhanced with lifelong learning strategies to combat cata-
strophic forgetting. To address the challenge of dynami-
cally adapting memory usage in lifelong learning scenarios, 
we introduce an Adaptive Neuro-Fuzzy Inference System 
(ANFIS) aimed at predicting the optimal memory ratio 
based on dataset-specific performance characteristics. While 
many lifelong learning methods rely on manual tuning or 
exhaustive search to determine memory size, our proposed 
ANFIS provides an intelligent and data-driven mechanism 
that leverages prior experimental results across domains. 
The system uses key performance indicators—F1-score, 
recall, precision, and METEOR—from preliminary learn-
ing phases as inputs to infer the most suitable memory ratio 
for new tasks. Although this ANFIS is not used during the 
current experiments, it is trained on our results and offers a 
promising direction for future work where the memory con-
figuration can be adaptively tuned without manual interven-
tion. This enhances the scalability and autonomy of lifelong 
learning frameworks, particularly in domain-agnostic GPT-
based systems.

The structure of this paper is as follows: The Introduc-
tion section provides an overview of the research context, 
highlights the core problem, and outlines the objectives of 
the study. The Related Work section reviews relevant lit-
erature to identify existing knowledge gaps. The Proposed 
Model section describes the architecture of the model and 
the experimental methodology. The Experimental Design 
section outlines three groups of experiments conducted 
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to evaluate the proposed model. The Results and Discus-
sion section presents and analyzes the experimental find-
ings. Finally, the Conclusion section summarizes the key 
outcomes of the study and suggests directions for future 
research.

Related works

In the Related Works section, we review recent advance-
ments across four key areas relevant to this study: Language 
Models for Aspect-Based Sentiment Analysis (ABSA), 
Lifelong Learning Methods, Data Augmentation Tech-
niques, and the application of Adaptive Neuro-Fuzzy Infer-
ence Systems (ANFIS). These topics form the foundational 
landscape for the development of our proposed framework. 
To provide a structured overview, we present two compre-
hensive review tables that summarize and compare recent 
works on (1) language model-based approaches for ABSA 
and (2) lifelong learning strategies. These tables highlight 
key trends, model architectures, strengths, and limitations 
in the current literature, offering a clear context for our con-
tributions. The section also discusses the role of data aug-
mentation in improving model robustness, and how ANFIS 
has been applied in related predictive tasks, motivating its 
integration into our dynamic memory control mechanism.

Language models for ABSA

In aspect-based sentiment analysis (ABSA), a variety of 
deep learning models have been employed to improve 
performance, particularly in the tasks of aspect extraction 
and sentiment classification. Recurrent Neural Networks 
(RNNs) were among the first deep learning architectures 
used in this area, well-suited for processing sequential text 
and capturing short-term contextual dependencies. These 
models are effective when sentiment cues are located near 
the target aspect. However, RNNs are limited in their abil-
ity to capture long-range dependencies due to the vanish-
ing gradient issue. For example, Wang et al. [7] introduced 
the RNCRF (Recursive Neural Conditional Random Fields) 
model, which integrates a Discrete-Time RNN (DT-RNN) 
with Conditional Random Fields (CRF) and was applied 
to domains such as laptops and restaurants. While this 
approach achieved promising results in those specific 
domains, it struggled with broader domain generalization 
and continued to be affected by the vanishing gradient prob-
lem when handling long-term contextual information.

Long Short-Term Memory (LSTM) networks were 
developed to overcome the limitations of traditional RNNs. 
By incorporating memory cells capable of maintaining 
information over extended sequences, LSTMs effectively 

capture long-range dependencies in text. This makes them 
particularly suitable for sentiment analysis tasks where 
emotional cues may appear far from the target aspect within 
a sentence. However, the enhanced memory capabilities 
come at a cost—LSTMs require significant computational 
resources due to their large number of parameters, making 
them less efficient for large-scale datasets. For example, Li 
et al. [8] implemented an LSTM-based model for the laptop 
and restaurant domains, but the use of multiple LSTMs and 
manual memory operations significantly increased compu-
tational overhead, reducing its scalability.

To address LSTM’s computational complexity, Gated 
Recurrent Units (GRUs) were introduced as a more light-
weight alternative. GRUs streamline the architecture while 
preserving performance, offering faster training and fewer 
parameters. This makes them well-suited for capturing 
key patterns in aspect-sentiment pairs in ABSA tasks [9]. 
However, GRUs may struggle with more complex data or 
large-scale tasks, where their performance may fall short 
compared to more sophisticated models like transformers. 
For instance, Ma et al. proposed HMBi-GRU for sentiment 
analysis in English and Spanish tweets. Although the model 
achieved promising results, it was hindered by its hierarchi-
cal structure, limited generalization capability, overfitting 
risks, and heavy reliance on domain-specific features.

The emergence of transformer-based models marked 
a major advancement in ABSA. BERT (Bidirectional 
Encoder Representations from Transformers) introduced 
the ability to capture both preceding and succeeding con-
text within a sentence, significantly improving the perfor-
mance of aspect extraction and sentiment classification. 
Despite these advantages, BERT is constrained by a fixed 
input length of 512 tokens and lacks generative capabili-
ties, limiting its flexibility for tasks involving longer texts or 
dynamic generation. For example, Seker et al. [10] applied 
AlephBERT to Hebrew comment analysis, but the model 
inherited BERT’s token limit. XLNet, a permutation-based 
transformer model, further advanced contextual understand-
ing by modeling sentence permutations to capture richer 
dependencies. While XLNet improves aspect-sentiment 
modeling, it also demands domain-specific fine-tuning for 
best performance [11]. Su and Yu’s XLNetCN model dem-
onstrated these improvements in the laptop and restaurant 
domains, but still encountered difficulties when applied 
to longer documents or more specialized ABSA tasks that 
required further adaptation.

Although BERT offers strong bidirectional context mod-
eling, its limitations in handling longer inputs and lack 
of generative capabilities remain key drawbacks. GPT-2 
addresses these issues by supporting longer sequences 
(up to 1024 or 2048 tokens) and leveraging a generative, 
autoregressive architecture. This enables GPT-2 to excel in 
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Table  1 provides a comparative summary of existing 
deep learning-based ABSA models and their domain-spe-
cific applications.

Lifelong learning methods

Lifelong Learning (LL) methods are designed to enable 
machine learning models to continuously learn from new 
data while preserving previously acquired knowledge, 

nuanced sentiment detection and long-form text processing, 
providing improved cross-domain generalization. However, 
because GPT-2 processes text in a left-to-right manner, it 
lacks the bidirectional understanding of BERT, which can 
impact accuracy in certain tasks. For example, Jiang devel-
oped a GPT-2-based ABSA model for the laptop and restau-
rant domains. While it benefited from GPT-2’s generative 
strengths, the model still faced challenges like catastrophic 
forgetting during continual training [12].

Table 1  Summary table of existing deep learning models
Article Model DATASET Strength Limitations
[7] RNCRF:

DT-RNN + CRF
SemEval Chal-
lenge 2014 
Task 4

● Bidirectional propagation between 
aspects and opinions
● Accurate representation of contextual 
information

● Shows limited ability to generalize across differ-
ent domains and needs domain-specific adjustments
● Fails to capture long-range dependencies effec-
tively due to vanishing gradients

[8] A deep multi-
task learning 
framework based 
on LSTM.

SemEval 
2014 (Laptop 
domain)
SemEval 2016 
(Restaurant 
domain)

● Memory Interaction: Improves 
aspect-opinion extraction by modeling 
co-occurrence relationships.
● Multi-task Learning: Three LSTMs 
enhance task management and accuracy.

● Complexity: Higher computational demands 
due to multiple LSTMs and manual memory 
operations, making it less efficient for very large 
datasets.
● Domain-Specific: Needs customization and fine-
tuning when applied to different domains.

[9] Hierarchical 
Multi-layer Bidi-
rectional Gated 
Recurrent Units 
(HMBi-GRU)

English Tweets:
Spanish 
Tweets:

● Performs exceptionally well in joint 
learning.
● Attains cutting-edge performance in 
target detection.
● Shows strong effectiveness in senti-
ment analysis.

● Challenges arise from the complexity of hierar-
chical layers.
● Limited ability to generalize across diverse 
datasets.
● Risk of overfitting due to the complexity of the 
model.
● Dependence on data-specific features for optimal 
performance.

[12] GPTs. SemEval V2 
Dataset:
MAMS 
Dataset:

● Strong generalization and enhanced 
performance in few-shot sentiment 
analysis.
● Exceptional at text generation and 
managing longer input sequences.

● Reliance on backbone models for performance.
● Limited GPT applicability across some tasks.
● Dataset limitations impacting model 
generalization.
● Challenges in prompt engineering for achieving 
optimal results.
● Continues to face issues with catastrophic 
forgetting.

[11] XLNetCN SemEval 2014 
Task 4

● Improves aspect-awareness through 
auxiliary sentences.
 Utilizes Capsule Networks to capture 
local features.

● Greater complexity in the model architecture.
● Elevated risk of overfitting.
● Reliance on the quality of auxiliary sentences.
● Demands domain-specific fine-tuning for optimal 
performance.

[10] AlephBERT Oscar (Hebrew 
portion)
Wikipedia 
(Hebrew)
Twitter 
(Hebrew)

● Performs exceptionally well in a range 
of Hebrew NLP tasks.
● Achieves high performance across 
different Hebrew NLP tasks.

● Limitation of fixed-length input (512 tokens).

[43] BERT based 
model

SemEval-2014 
Task 4
Twitter Dataset

● Captures context within sentences,
● Effectively handles mixed sentiments
● Improves the overall accuracy of 
sentiment analysis.

● Absence of generative ability

[44] BERT based 
model

SemEval-2016 
Task 5

● Offers a comprehensive ABSA model
● Excels in aspect classification
 Effectively performs sentiment analysis
● Demonstrates strong generalization 
across various domains

● Difficulties in accurately identifying multiple 
aspects in a single text
● Challenges in analyzing sentiments for each 
individual aspect
 Potential for misidentifying aspects, resulting in 
inaccurate interpretations
● Complexity grows with longer or more complex 
sentences
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memory constraints, worsening catastrophic forgetting. 
This reliance limits their practical deployment [3, 54]. Com-
pared to ABLL and RBLL, Data-Based Lifelong Learning 
(DBLL) excels in efficiently preserving knowledge through 
selective experience replay [17, 18] without needing com-
plex architectural changes or parameter adjustments. This 
enables DBLL to maintain model performance across vari-
ous tasks while minimizing computational complexity [15]. 
Furthermore, DBLL is highly compatible with GPT-2, as 
its focus on data replay allows GPT-2 to maximize com-
putational resources without dedicating significant power 
to the replay process. The replay mechanism relies mainly 
on storage, rather than altering the model’s architecture or 
tuning its parameters, thereby enhancing the model’s com-
putational efficiency.

Data-Based Lifelong Learning (DBLL) methods focus on 
managing and utilizing data effectively. These approaches 
involve techniques like maintaining and revisiting past 
data, applying data augmentation methods, or using selec-
tive memory mechanisms to preserve key information from 
previous tasks. The advantages of DBLL include improved 
model stability and performance over time, better handling 
of shifts in data distributions, and an enhanced ability to 
generalize from both new and old data [19]. By integrating 
and utilizing diverse datasets, DBLL methods enable mod-
els to adapt and improve continuously as new information 
becomes available [20]. Replay-based lifelong learning is 
a subset of DBLL methods that prevents catastrophic for-
getting by storing and replaying data from previous tasks 
during training on new tasks. This can involve exact replay, 
where real data is stored and revisited [17, 18], or genera-
tive replay, where synthetic data mimicking past experi-
ences is generated [21, 22], allowing the model to learn new 
information while maintaining performance on earlier tasks. 
Robins [19] introduced techniques like “sweep rehearsal” 
and “pseudorehearsal,” which use generated data to miti-
gate forgetting in neural networks. These methods have 
been effective in maintaining task performance and training 
networks without requiring the original data. However, they 
face challenges when handling complex or noisy data, which 
increases computational demands. Rebuffi et al. [17] pro-
posed an exemplar management technique that efficiently 
preserves prior knowledge through resource optimization, 
making it scalable as new class sets are added. Despite the 
resource efficiency of replay-based learning, balancing old 
and new knowledge remains a challenge, which can affect 
learning outcomes.

Under the continual learning framework, models must 
not only tackle the challenge of forgetting over time but 
also demonstrate strong robustness and generalization in 
data-scarce (few-shot) new domains and when faced with 
domain sequences that exceed the number and complexity 

ensuring that the models maintain high performance in 
ever-changing environments. The advantages of LL meth-
ods include enhanced knowledge retention, the ability to 
adapt to new information, and improved efficiency. There 
are three main types of LL approaches: Architecture-Based 
Lifelong Learning (ABLL), which focuses on adjusting the 
model’s structure to integrate new tasks without forgetting 
old knowledge; Regularization-Based Lifelong Learning 
(RBLL), which uses regularization techniques to prevent 
the model from forgetting by penalizing modifications to 
previously learned parameters; and Data-Based Lifelong 
Learning (DBLL), which prioritizes data selection and 
replay strategies to reinforce learning from past experi-
ences. These approaches offer a comprehensive framework 
for creating models that can continually adapt and retain 
knowledge over time.

Architecture-Based Lifelong Learning (ABLL) methods 
modify neural network architectures to accommodate new 
tasks while retaining previous knowledge, often by adding 
new layers or modules without disrupting existing informa-
tion. An example of this is “Progressive Neural Networks“ 
[13], which expand dynamically as new tasks are intro-
duced. However, as more tasks are added, the architecture 
can become increasingly complex, leading to higher com-
putational costs for both training and inference. This added 
complexity can also pose challenges when deploying mod-
els in resource-limited environments [14]. Furthermore, 
continuously expanding the architecture to handle new tasks 
may result in diminishing returns in performance, especially 
in larger models, which can limit the scalability of ABLL 
methods across a wide range of tasks [15].

In contrast, Regularization-Based Lifelong Learning 
(RBLL) methods use regularization techniques to avoid cat-
astrophic forgetting, ensuring that learning new tasks doesn’t 
negatively impact performance on previously learned ones. 
One common RBLL method is Elastic Weight Consolida-
tion (EWC), which adds a regularization term to the loss 
function to penalize large changes to crucial parameters, 
helping retain knowledge while learning new tasks [16]. 
However, selecting the right regularization parameters can 
be difficult and often requires careful tuning. Poor tuning 
may lead to either insufficient knowledge retention or overly 
strict constraints that hinder learning [14]. Additionally, 
adding regularization terms to the loss function can increase 
the computational load during training, as the model must 
balance learning new tasks with retaining old knowledge 
[16]. Their strong reliance on memory configuration. These 
methods often depend on empirical tuning and heuristics for 
setting buffer size, sample selection, and replay frequency, 
making performance highly sensitive to specific tasks and 
resources. Moreover, they typically require large memory 
capacities, and their effectiveness drops sharply under 

1 3

Page 5 of 30    463 



Complex & Intelligent Systems          (2025) 11:463 

Additionally, the increasing use of generative methods 
and recent performance evaluations of large language mod-
els like GPT-3.5/4 in ABSA tasks emphasize their growing 
role in capturing nuanced sentiment representations [28, 
29]. However, these approaches often lack structured mech-
anisms for retaining long-term knowledge across tasks. To 
overcome this challenge, our proposed framework com-
bines continual learning with lightweight adaptation tech-
niques and privacy-aware constraints, enabling more stable 
and scalable lifelong sentiment modeling.

Current deep-learning ABSA models face significant 
challenges in generalizing across different domains [30]. 
While advanced models, such as those using GRU [6] or 
Hierarchical Knowledge Enhancement [31], perform well 
within their specific trained domains, they often struggle 
to maintain effectiveness when applied to new or different 
domains. This limitation typically requires extensive adap-
tation and fine-tuning to accommodate the unique charac-
teristics and data distributions of new domains, making it 
challenging for these models to deliver consistent perfor-
mance across diverse contexts [8, 11].

Moreover, these models face issues with catastrophic 
forgetting when incorporating data from new domains [12]. 
As models are updated with new information, they fre-
quently experience a decline in performance on previously 
learned tasks due to the loss of previously acquired knowl-
edge. Although methods like Elastic Weight Consolidation 
(EWC) [16] and COgnitive REplay (CORE) [32] have been 
proposed to mitigate this issue, they still struggle to effec-
tively balance retaining past knowledge with integrating 
new data. This ongoing challenge underscores the need for 
more robust solutions that can maintain or even improve 
performance while continually adapting to new learning 
tasks.

To address the two primary challenges faced by current 
ABSA models, a combined approach utilizing GPT-2 and 
replay-based lifelong learning methods is essential. GPT-
2’s advanced autoregressive architecture plays a key role in 
tackling domain generalization issues, as it excels at gen-
erating and understanding complex text patterns across a 
wide range of sequences. This enables GPT-2 to adapt more 
effectively to new domains, unlike traditional models that 
often struggle with domain shifts. By leveraging GPT-2’s 
flexibility and strong text generation capabilities, the model 
can be fine-tuned for domain-specific tasks with minimal 
adjustments, thereby improving its performance across 
diverse contexts.

Replay-based lifelong learning methods help address cat-
astrophic forgetting by maintaining a replay buffer of previ-
ously encountered data and revisiting it periodically during 
training. This ensures that crucial knowledge from earlier 
tasks is retained while incorporating new information. 

of those seen during training [56]. However, existing evalu-
ation paradigms often fall short of accurately simulat-
ing such real-world complexities. For instance, standard 
benchmarks rarely assess model performance under limited 
supervision. Moreover, when testing generalization to truly 
unseen domains—those beyond the number and distribution 
of training domains—external datasets are often introduced, 
bringing issues such as inconsistent labeling that undermine 
the scientific rigor of the evaluation [55].

Recent studies have explored knowledge distillation 
for continual learning, where a student model incremen-
tally learns from soft targets generated by a teacher trained 
on past data. Such approaches help mitigate forgetting by 
encouraging the student to preserve output distributions 
over old tasks [18]. However, they often require full access 
to pre-trained teachers and may suffer from underfitting 
when applied across heterogeneous domains. Similarly, 
meta-learning methods such as Reptile [52] and ANIL [53] 
optimize the model’s initialization or adaptation rules to 
quickly generalize to new tasks. Although effective in some 
settings, they require episodic training, which increases 
computational overhead and limits scalability in genera-
tive models like GPT. In contrast, our replay + ANFIS-based 
method provides a lightweight, scalable solution without 
requiring model architecture changes or heavy pre-training.

More recently, Pellegrini et al. [20] introduced Latent 
Replay, which improves continual learning by storing inter-
mediate activations rather than raw data. This method offers 
real-time learning on edge devices and is flexible, allowing 
adjustable layer selection for mobile deployment. However, 
its effectiveness is limited by the degradation of stored acti-
vations over time, and its success depends on selecting the 
optimal layer during the learning process (Table 2).

Recent research has explored the direct integration of 
GPT-style models with lifelong learning strategies, intro-
ducing memory-aware adaptation techniques to address 
catastrophic forgetting in sequential ABSA tasks [3]. Previ-
ous foundational work has utilized memory networks and 
parameter-isolation methods to enhance long-term knowl-
edge retention across multiple aspect domains [23, 24].

To further improve knowledge preservation and cross-
task generalization, contrastive learning has emerged as a 
powerful approach. Some frameworks combine continual 
learning with contrastive objectives to preserve inter-task 
feature discrimination in aspect sentiment classification 
[25]. While not specifically targeting ABSA, advancements 
in representation learning have demonstrated that incorpo-
rating contrastive objectives with self-distillation or feature 
replay strengthens model robustness and efficiency under 
non-stationary conditions [26, 27]. These findings inform 
the development of contrastive-inspired memory strategies 
and privacy-preserving model updates in our framework.
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Article LL Methods Datasets Results Strength Limitation
[20] Latent

Replay
CORe50,
iCubWorld

Latent Replay reduces mem
ory and maintains accuracy in
object recognition.

- Efficient learning
- Scalable
- Real-time
- Edge devices

- Aging effect
- Trade-offs: accuracy, com
putation, memory
- Limited generalization in
continual learning

[45] Net2Net ImageNet,
CIFAR-
10,MNIST

Faster training with high ac
curacy via efficient knowledge
transfer.

- Net2Net: accelerates neural
network training
- Enhances model exploration
- Preserves function
- Ensures iterative improve
ment

- Requires specific architec
tures
- Adds computational de
mands
- Relies on teacher network
quality

[46] PackNet ImageNet,
Places365,
CUBS
Birds, Stan
ford Cars,
Flowers

Pruning increases error rates
in ImageNet-trained VGG-16.

- PackNet: prevents forgetting
- Maintains performance
across tasks
- Works with diverse architec
tures
- Low storage overhead

- Task order impact
- Potential computational
overhead
- Inference limitations
- Task type adaptation.

[47] PathNet Binary
MNIST,
CIFAR,
SVHN

Positive transfer across tasks,
faster training, robust to hyper
parameter choices.

- PathNet: efficient multi-task
learning
- Knowledge retention
- Uses genetic algorithms for
pathway evolution
- Excels in transfer learning
- Scales well with tasks and
network size

- Computational overhead
- Uncertain generalization
- Potential advantages of
fixed paths
- Reliance on simple evolu
tionary algorithm

[13] Progressive
Neural
Net
works

Synthetic
Pong Vari
ants, Atari
Games

Superior Transfer Perfor
mance: Progressive networks
demonstrate better transfer
performance compared to
traditional finetuning.

- Prevents catastrophic forget
ting - Effective transfer
- Rich compositionality
- Flexibility

- Parameter growth
- Task compatibility
- Inference complexity
- Optimization challenges

[19] Rehearsal
Mecha
nisms

random bi
nary vectors
for simula
tions

Sweep Rehearsal, Pseudore
hearsal

- Minimizes catastrophic for-
getting
- Integrates new information
- Effective without original
training data

- Network architecture con
straints
- Performance decline with
more items
- Lack of real-world dataset
application
- Unexplored computational
complexity

[17] iCaRL CIFAR-
100, Im
ageNet
ILSVRC
2012

iCaRL excels in class
incremental learning, outper
forming finetuning and other
methods. It maintains robust
performance with increasing
classes.

- iCaRL: mitigates forgetting
- Scales with class additions
- Uses memory efficiently

- Lower performance than
batch-trained systems
- Memory limits affect per
formance - Computational
costs vary

[48] synapses
mecha
nism

MNIST and
CIFAR

Synaptic Intelligence reduces
forgetting, maintains accuracy
across tasks.

- Reduces forgetting
- Efficient computation
- Improves generalization

- Synaptic complexity
- Parameter sensitivity
- Endpoint correlation im
pact

[49] A-GEM MNIST, CI
FAR, CUB,
Split AWA

A-GEM excels in accuracy
and efficiency among bench
marks.

- A-GEM: efficient
- Performs well
- Scales effectively

- More worst-case forgetting
compared to GEM
- Regularization methods
(e.g., EWC) excel with over
parameterized models
- Beneficial with multiple
epochs

[50] 2-RCL NA The paper explores 2-RCL’s
trade-off between forgetting
and intransigence with varying
regularization parameters to
manage dissimilar task learn
ing.

- Theoretical insights into 2-
RCL
- Continual learning dynamics
- Risk management

- Fixed design setting
- Simplistic model (linear re
gression)
- Reliance on specific as
sumptions

Table 2  Summary review table of lifelong learningmethods
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More recently, scholars have proposed compositional 
data augmentation pipelines that integrate multiple augmen-
tation layers (e.g., syntactic + semantic + lexical), producing 
higher-quality and more diverse training examples. Such 
multi-strategy designs help reduce overfitting and improve 
cross-domain generalization, especially in low-resource 
scenarios [37]. This layered approach reflects a growing 
trend toward combining complementary augmentation tech-
niques to maximize both diversity and semantic fidelity in 
augmented datasets.

Adaptive neuro-fuzzy inference systems

Adaptive decision-making in dynamic environments 
requires models that are both interpretable and capable of 
handling uncertainty. One such approach that has gained 
increasing attention in recent years is the Adaptive Neuro-
Fuzzy Inference System (ANFIS). ANFIS combines the 
learning capabilities of neural networks with the transpar-
ency of fuzzy logic, making it a powerful framework for 
modeling nonlinear systems and incorporating human 
expert knowledge. This hybrid nature has enabled its suc-
cessful application in diverse fields, ranging from invest-
ment prediction to industrial process optimization.

In the domain of decision support, Asemi et al. [38] 
proposed an ANFIS-based model to customize investment 
types by considering demographic features and feedback 
from potential investors. Their approach demonstrated the 
ability of ANFIS to balance structured data learning with 
adaptive reasoning, outperforming rigid rule-based systems. 
Similarly, their subsequent work [39] explored the influence 
of managerial traits on investment decision-making, where 
ANFIS effectively captured fuzzy relationships between 
qualitative behavioral factors and investor responses.

Beyond the financial domain, ANFIS has shown strong 
modeling capability in environmental and engineering 
applications. In a comparative study, ANFIS was evaluated 

Integrating this replay mechanism with GPT-2 allows the 
model to continuously adapt to new data without significant 
performance degradation on previously learned tasks. This 
combination provides a more robust solution to the chal-
lenge of preserving past knowledge while accommodating 
new learning objectives, overcoming the limitations of cur-
rent ABSA models.

Data augmentation

Data augmentation in NLP refers to the process of syntheti-
cally generating new training samples by modifying exist-
ing data, with the goal of improving model generalization. 
It addresses common challenges such as lack of semantic 
diversity and limited dataset size. Unlike computer vision, 
where image transformations are straightforward, tex-
tual data augmentation requires preserving both syntactic 
structure and semantic meaning, making it more complex. 
Effective augmentation techniques can improve model 
robustness, reduce overfitting, and enhance performance in 
low-resource scenarios and domain-specific tasks.

Recent studies in NLP have explored multi-level data 
augmentation strategies to improve model generalization. 
At the syntactic level, paraphrasing techniques based on 
text-to-text transformers like T5 have shown strong perfor-
mance in generating semantically equivalent yet structurally 
diverse outputs [33]. These paraphrases are often evaluated 
using sentence-level semantic similarity measures, such as 
Sentence-BERT, to ensure meaning preservation [34]. At 
the semantic level, multilingual back-translation remains a 
widely adopted technique, where intermediate translation 
chains (e.g., EN→DE→FR→ES→EN) introduce lexical 
variation without distorting content [35]. For lexical-level 
augmentation, simple yet effective strategies such as random 
word swaps, deletions, or insertions—commonly referred to 
as Easy Data Augmentation (EDA)—have been shown to 
boost robustness in classification tasks [36].

Article LL Methods Datasets Results Strength Limitation
[2] GEM MNIST,

MNIST,
CIFAR

GEM excels in ACC, BWT,
and FWT, outperforming
EWC and iCARL.

- GEM: efficient
- Manages memory well
- Supports positive backward
transfer

- Lacks structured task de
scriptors
- Lacks advanced memory
strategies
- Faces computational bottle
necks

[51] Bayesian
online
learning
frame
work

MNIST,
MNIST,
Split
MNIST,
CIFAR-
100, Om
niglot,
and Ro
boschool.

UCL shows superior perfor
mance across diverse bench
marks, including supervised
and reinforcement learning
tasks, achieving higher accu
racy with fewer parameters
than competing methods.

- UCL: efficient
- High-performing
- Adaptable across diverse
benchmarks
- Superior effectiveness in su
pervised and reinforcement
learning tasks

- Requires careful hyperpa
rameter tuning
- Complex for large networks
or datasets

Table 2  (continued) 
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requiring adaptive learning while maintaining previously 
gained performance.

To mitigate forgetting, the model incorporates a replay-
based learning strategy. When fine-tuning on a new domain 
(e.g., Domain3), the model also replays selected samples 
from earlier domains (e.g., Domain1 and Domain2). This 
technique consolidates prior knowledge while enabling 
adaptation to new tasks. The memory replay mechanism 
is visualized in Fig.  1 using backward-flowing arrows, 
representing the reuse of prior data during current domain 
training.

A novel addition to this architecture is the integration 
of ANFIS, which dynamically predicts the optimal replay 
memory ratio—that is, the percentage of data from previous 
domains to be replayed during fine-tuning. ANFIS receives 
four inputs (precision, recall, F1-score, and METEOR) and 
outputs a predicted memory ratio. It was trained on empiri-
cal data from memory replay tests conducted across mul-
tiple domains and ratios (0.1 to 0.9). As a result, ANFIS 
enhances adaptability by recommending replay configura-
tions tailored to the learning context of each new domain.

For the ABSA task itself, GPT-2 is used in a question-
answering (QA) format. For example, given the sentence 
“The food is good,” the model is prompted with “Can you 
find out the aspect sentiment pairs?” and generates “Aspect: 
food, sentiment: 1.” This generative design eliminates the 
need for task-specific architectural changes, leveraging 
GPT’s flexibility for both aspect extraction and sentiment 
classification.

Overall, the proposed architecture is a robust framework 
for lifelong ABSA. By combining a pretrained GPT back-
bone, ANFIS-guided memory replay, and flexible prompt-
based inference, it offers a scalable and intelligent solution 
for dynamic sentiment analysis in evolving multi-domain 
environments. While this study focuses on replay-based 
lifelong learning, we acknowledge alternative strategies 
such as distillation and meta-learning, which are discussed 
in the Related Works section and empirically contrasted in 
Result and Discussion section.

Research method

This research aims to assess the effectiveness of the pro-
posed GPT-2 + ANFIS model in acquiring new domain-spe-
cific knowledge while minimizing catastrophic forgetting. 
To achieve this, we adopted a comprehensive methodology 
that includes: development of the hybrid model, data collec-
tion from diverse ABSA domains (laptop, restaurant, tweets, 
and finance), data preprocessing and formatting, training 
using dynamic memory replay, and evaluation through a 
series of experiments.

alongside Response Surface Methodology (RSM) and Arti-
ficial Neural Networks (ANN) for predicting methylene 
blue dye adsorption using Oryza sativa straw biomass [40]. 
The results revealed that ANFIS not only provided competi-
tive prediction accuracy but also better interpretability com-
pared to purely black-box models. In fluid dynamics, ANFIS 
was applied to map computational data of water reservoir 
homogenization using air bubble flows, where it helped 
simplify complex physical simulations while preserving 
core system behavior [41]. Additionally, in industrial con-
trol systems, ANFIS enabled precise derating torque esti-
mation for induction motors, outperforming conventional 
methods under fluctuating operational loads [42].

These studies underscore ANFIS’s suitability for tasks 
that demand a balance between prediction performance 
and model explainability. Motivated by these strengths, 
this study proposes the adoption of ANFIS to estimate 
the optimal memory ratio in lifelong learning GPT-based 
architectures. The model leverages prior task performance 
indicators to infer appropriate memory allocation, offering a 
practical and interpretable approach for enhancing memory 
management in continual learning scenarios.

Proposed model

In the Proposed Model section, we present the overall archi-
tecture of our framework, which integrates GPT-2 with a 
replay-based lifelong learning strategy guided by an Adap-
tive Neuro-Fuzzy Inference System (ANFIS). This frame-
work is designed to enhance cross-domain generalization in 
aspect-based sentiment analysis (ABSA) while minimizing 
catastrophic forgetting. Following the architectural over-
view, we outline the training procedure and describe how 
ANFIS dynamically supports optimal memory replay deci-
sions during fine-tuning.

Architecture of model

The architecture is designed to incrementally acquire 
new domain-specific knowledge while preserving previ-
ously learned information, thereby addressing the issue of 
catastrophic forgetting typically encountered in sequential 
domain adaptation tasks.

The model operates in two primary stages: pretraining 
and fine-tuning. In the pretraining stage, GPT-2 is trained 
on a large-scale general corpus to acquire robust language 
representations. This pretrained model is then fine-tuned 
across a sequence of ABSA tasks from different domains 
(e.g., Domain1 to Domain4). Each domain presents unique 
aspect-sentiment pairs and linguistic characteristics, 
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the Finance ABSA dataset. The Tweets dataset was intro-
duced in the paper “Adaptive Recursive Neural Network 
for Target-dependent Twitter Sentiment Classification” by 
Li Dong et al., presented at the 52nd Annual Meeting of the 
Association for Computational Linguistics (ACL) in 2014. 
Specifically, we use the SemEval-2014 Laptop ABSA data-
set, the SemEval-2016 Restaurant ABSA dataset, and the 
SEntFiN-v1.1 Finance ABSA dataset. Table 3 provides the 
details of the original ABSA datasets across the four differ-
ent domains.

Data preprocessing

Although the initial datasets were structured, both the Lap-
top and Restaurant datasets contain entries with single and 
multiple Aspect-Sentiment pairs. To improve clarity and 
facilitate analysis, we divided these datasets accordingly. 
The Laptop dataset was split into two separate datasets: one 
retaining entries with a single Aspect-Sentiment pair (Lap-
top Dataset) and another for entries with multiple Aspect-
Sentiment pairs (Laptop-Multi Dataset). Similarly, the 
Restaurant dataset was divided into the Restaurant Dataset, 
which includes only entries with a single Aspect-Sentiment 
pair, and the Restaurant-Multi Dataset, designed for entries 
with multiple Aspect-Sentiment pairs. This study excludes 
the Laptop-Multi and Restaurant-Multi datasets, focusing 
on the primary four datasets—Laptop, Restaurant, Tweets, 

A key innovation in this study is the integration of an 
Adaptive Neuro-Fuzzy Inference System (ANFIS), trained 
to predict the optimal replay memory ratio during fine-
tuning. By learning from performance metrics (Precision, 
Recall, F1-score, METEOR) across various memory config-
urations, ANFIS enhances the training strategy by dynami-
cally selecting the most effective proportion of prior data to 
replay. This predictive memory management supports effi-
cient knowledge retention and performance across evolving 
domains.

Datasets

Data collection

In this research, we collect four widely used ABSA datas-
ets available on the internet: the Tweets ABSA dataset, the 
Laptop ABSA dataset, the Restaurant ABSA dataset, and 

Table 3  ABSA datasets across four domains
Dataset Format Domain Size
Tweets ABSA dataset TXT Tweets 6280
Laptop ABSA dataset CSV Laptop 1449
Restaurant ABSA dataset XML Restaurant 1708
Finance ABSA dataset CSV Finance 10,753
Note: TXT stands for ‘Text File Document’ CSV stands for comma-
separated values) file. XML stands for extensible markup language

Fig. 1  Sequential domain adaptation using GPT-2 and ANFIS-guided memory replay
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Step 9: MAS Regularization computes previously learned 
parameters importance to prevent overfitting.

By integrating ANFIS as a predictive component in the 
lifelong learning process, the training method becomes 
more adaptive and data-driven. This dynamic replay strat-
egy improves both learning efficiency and memory reten-
tion across domains, providing a significant advancement 
over static replay configurations.

Experimental designs

In the Experimental Designs section, we present three com-
prehensive experiments designed to evaluate the effective-
ness, adaptability, and scalability of the proposed model. 
Experiment I investigates the model’s performance under 
static memory settings to demonstrate catastrophic forget-
ting, establish performance baselines, and evaluate lifelong 
learning across four ABSA domains. Experiment II intro-
duces a dynamic memory control strategy using an ANFIS 
model to intelligently predict the optimal replay memory 
ratio per domain based on training performance. Experi-
ment III explores the impact of structured data augmenta-
tion techniques on knowledge retention under fixed memory 
constraints. Together, these experiments validate the pro-
posed model’s ability to mitigate forgetting, generalize 
across domains, and maintain efficiency through adaptive 
memory and augmentation strategies.

Experiment I: static memory based experiment

This experiment investigates the performance of a GPT-2 
based model under three settings: sequential domain learn-
ing without lifelong mechanisms (Part 1), domain-specific 
independent training (Part 2), and training with lifelong 
learning strategies (Part 3). The domains used in this experi-
ment are denoted as a sequence {D₁, D₂, …, Di}, where D₁ 
represents the first domain and so on. Specifically, we refer 
to D₁, D₂, D₃, and D₄ as Dlaptop, Drestaurant, Dtweets, and 
Dfinance, respectively. Ti represents the test dataset corre-
sponding to Di. We define Eiⱼ as the model accuracy when 
trained on Di and evaluated on Tⱼ without applying lifelong 
learning, while Riⱼ denotes the same when lifelong learning 
is incorporated.
Part 1: Demonstrating Catastrophic Forgetting in Sequential 
Domain Learning

To examine catastrophic forgetting, the model is sequen-
tially fine-tuned across D₁ to D₄ without applying any 
lifelong learning strategies. At each stage, the model is 
evaluated on all previously encountered test sets {T₁, T₂, 
T₃, T₄}. By comparing E₁₁, E₂₁, E₃₁, and E₄₁, we assess how 

and Finance—for model training and evaluation. The data-
sets are further split into a training set (70%), a testing set 
(20%), and a validation set (10%), with the dataset sizes 
shown in Table 4 below.

Data formatting

The original formats of these datasets vary, including TXT, 
CSV, and XML, and each contains the “original sentence, 
aspect, and corresponding sentiment.” To ensure consis-
tency and ease of use, we convert all datasets into a stan-
dardized JSON format (SQuAD Format). This format is 
commonly used in natural language processing (NLP) for 
training and testing models on their ability to understand 
and process text to provide accurate answers. Each JSON 
file encapsulates three key pairs of keys and values:

Context (C)  This key stores the original sentence, which is 
an expression of a person’s sentiment towards one or several 
specific aspects.

Question (Q)  This key specifies the task assigned to the 
model.

Answer (A)  This is where the output of the Aspect-Based 
Sentiment Analysis model is recorded.

Model training

The training process follows a multi-step strategy that inte-
grates GPT-2’s generative capabilities with ANFIS-guided 
replay-based lifelong learning:
Step 1: Load GPT2LMHeadModel parameters, GPT2Config.
Step 2: GPT2LMHeadModel is ready for lifelong learning 
fine-tuning tasks.
Step 3: Data Transformation to SQuAD JSON Format.
Step 4: Split original data into Training, Testing, Validation 
datasets.
Step 5: Predict the proper reply memory ratio through built 
ANFIS.
Step 6: Replay previous domain data and save in replay 
memory.
Step 7: Feed current domain data and replay memory data 
to GPT-2 model.
Step 8: Counter reaches Patience triggering early stopping.

Table 4  Summary of domains, data sizes
Domains #Train #Test #Validation
Laptop 634 182 91
Restaurant 894 257 127
Tweets 4373 1256 619
Finance 7527 2161 1065
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While incorporating an entirely external domain might 
appear ideal for testing generalization, it often brings 
confounding factors such as annotation inconsistency, 
mismatched label distributions, and domain-specific termi-
nology. These differences make fair comparison with the 
original benchmark difficult. In contrast, the simulation-
based approach maintains the benchmark’s controlled struc-
ture while still capturing the key characteristics of domain 
shift, thus providing a scientifically grounded proxy for 
evaluating generalization beyond the observed domains.
Statistical evaluation of model Performance(t-test):

Hypothesis Formulation: To determine whether the 
proposed GPT-2 model enhanced with lifelong learning 
provides a statistically significant improvement over the 
original GPT-2 model, the following hypotheses were for-
mulated for each domain and for the combined analysis:

	● Null Hypothesis (H₀): There is no significant difference 
in the mean accuracy between the proposed GPT-2 with 
lifelong learning and the original GPT-2 model.

H0 : µ1 − µ2 ≤ 0

	● Alternative Hypothesis (H₁): The proposed GPT-2 with 
lifelong learning has a significantly higher mean accu-
racy than the original GPT-2 model.

H1 : µ1 − µ2 > 0

A one-tailed paired t-test was selected to compare the mod-
els, as the same test sets were used for both models and 
the research goal was to demonstrate improvement (not just 
difference).

Computational complexity

In this section, we provide a detailed computational com-
plexity analysis of our proposed lifelong learning frame-
work for aspect-based sentiment analysis (ABSA) using a 
GPT-based architecture. The analysis considers both time 
and space complexity, which are essential to evaluate the 
scalability and efficiency of the model across multiple 
domains.

Let 𝑇 denote the number of tasks (domains), 𝐸 the num-
ber of training epochs per task, 𝐵 the number of training 
samples in each domain, and 𝑏𝑠 the batch size. The input 
sequence length is denoted as 𝐿, the hidden size of the GPT 
model as 𝑑, and the number of Transformer layers as 𝐻. Each 
training step involves a forward and backward pass through 
the GPT model, whose core computational unit is the self-
attention mechanism. The self-attention operation in each 

performance degrades over time on earlier domains, provid-
ing evidence of catastrophic forgetting.
Part 2: Establishing Baseline Performance Metrics Across 
Individual Domains

This section aims to establish benchmark performance in 
each individual domain. The GPT-2 model is independently 
trained and tested on each Di, yielding E₁₁, E₂₂, E₃₃, and E₄₄ 
as baseline results. These values serve as reference points 
to evaluate how much knowledge is lost or retained during 
multi-domain training in other settings.
Part 3: Evaluating Lifelong Learning through Sequential 
Domain Adaptation

We then implement lifelong learning mechanisms (e.g., 
replay-based methods) and evaluate the model’s ability to 
retain previously learned knowledge while acquiring new 
domain information. Performance under lifelong learning 
is denoted by Riⱼ, indicating that the model was trained on 
Di and tested on Tⱼ. This allows us to evaluate forgetting 
(i > j) and forward transfer (i < j), as summarized in the life-
long learning performance table (Table 5). The results help 
reveal whether the model benefits from continual learning 
in multi-domain environments.
Part 4: Few-Shot Domain Adaptation Setup

In addition to the standard full-data setting, we also con-
sidered a low-resource scenario to evaluate the model’s 
robustness under limited supervision. Specifically, for each 
of the four training domains (Laptop, Restaurant, Tweets, 
and Finance), we randomly sample 30% of training data per 
domain under a fixed seed and repeat this process 3 times 
independently. This design helps mitigate the variance 
caused by a single random split and provides a more reliable 
estimate of performance under constrained data conditions. 
The average across runs is reported for consistency.
Part 5: Testing Generalization Under Extended Domain 
Sequences

To assess model behavior when trained on more than 
four domains, a simulated fifth domain is constructed by 
combining samples from the four domains. The sampling 
process is controlled to ensure semantic diversity and label 
balance, allowing the simulated domain to reflect a realistic 
but unseen distribution shift. This design enables evaluation 
of cross-domain generalization in a reproducible and cost-
effective way without introducing new datasets.

Table 5  Lifelong learning performance evaluation table
After Training Test on

D1 D2 … Dd
D1 R1,1 R1,1 … R1,d
D2 R2,1 R2,2 … R2,d
… … … … …
Dd-1 Rd-1,1 Rd-1,2 … Rd-1,d
Dd Rd,1 Rd,2 … Rd, d
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Experiment II: dynamic memory based experiment

This experiment aims to investigate how the size of replay 
memory affects model performance in a lifelong learning 
setting, particularly within the context of Aspect-Based 
Sentiment Analysis (ABSA). In addition to evaluating static 
replay configurations, we analyze domain-specific sensi-
tivity to different memory ratios and introduce an adaptive 
control mechanism using the Adaptive Neuro-Fuzzy Infer-
ence System (ANFIS) to dynamically determine the most 
suitable replay ratio for each domain. The goal is to assess 
whether intelligent, data-driven memory scheduling can 
preserve past knowledge and support cross-domain gener-
alization while minimizing memory usage.

To explore this, we designed an experimental setup 
involving sequential domain training combined with varying 
levels of memory replay. A memory buffer was employed to 
store a subset of previously encountered samples, enabling 
the model to jointly learn from current task data and retained 
samples from past tasks. This setup simulates the core prin-
ciple of lifelong learning—preserving past knowledge while 
integrating new information.

We evaluated five replay memory ratios: 0.1, 0.3, 0.5, 
0.7, and 0.9, corresponding to the retention of 10–90% of 
prior task data. The selected task domains included four 
distinct topics: Laptop (D1), Restaurant (D2), Tweets (D3), 
and Finance (D4). The model was trained on these domains 
sequentially and evaluated using two widely adopted met-
rics—ROUGE-1 (Precision, Recall, F1) and METEOR—to 
assess both syntactic and semantic learning quality.

To analyze domain-specific sensitivity to replay memory, 
the Restaurant domain (D2) was fixed as a control point 
while varying the memory allocations for the remaining 
domains. This configuration was designed to isolate the 
influence of memory size on each domain’s performance.

The results obtained from the dynamic memory-based 
experiment provide the empirical foundation for devel-
oping an ANFIS model capable of predicting the optimal 
memory ratio for lifelong learning scenarios. By systemati-
cally varying the memory replay ratios (0.1 to 0.9) across 
different domains—Laptop, Tweet, and Finance—we cap-
tured the performance impact of memory size on key met-
rics such as F1-score, Precision, Recall, and METEOR. 
These performance outcomes reflect each domain’s sensi-
tivity to retained knowledge, revealing non-linear relation-
ships between memory allocation and model generalization. 
This rich dataset serves as the training basis for the ANFIS, 
where each instance encodes the domain type and corre-
sponding performance metrics as input features, with the 
ideal memory ratio—derived from observed optimal perfor-
mance—used as the target output.

Transformer layer has a time complexity ofO
(
L2 · d

)
, due 

to the necessity of computing pairwise interactions between 
all tokens in the input sequence.

Since the model contains 𝐻 layers, the per-step computa-
tion becomes:

O
(
H · L2 · d

)

For each domain, training occurs over 𝐸 epochs with 𝐵 
samples, leading to (𝐵/𝑏𝑠) steps per epoch. Therefore, the 
total time complexity across all 𝑇 domains is given by:

O
(
T · E (B/bs) · H · L2 · d

)

Regarding space complexity, several components contribute 
to memory consumption:

	● O (P ): Model parameter storage.
	● O (bs · L · d)(𝑏𝑠 · 𝐿 · 𝑑): Runtime memory for 

activations.
	● O (Breplay · L): Replay buffer memory.

Thus, the total space complexity is summarized as:

O (P + bs · L · d + Breplay · L)

It is worth noting that although the time complexity scales 
quadratically with the input sequence length due to atten-
tion, this can be alleviated in practice via optimized atten-
tion variants or truncated inputs. Additionally, the use of 
mixed-precision training (e.g., FP16) and data parallel-
ism across GPUs reduces practical resource usage without 
changing the theoretical bounds. It should be noted that our 
analysis assumes the conventional quadratic-cost attention 
mechanism, which provides a clear baseline for compari-
son. However, recent advances such as sparse attention (e.g., 
Longformer, BigBird), low-rank projections (Linformer), 
or kernel-based linear attention (Performer) can reduce the 
asymptotic complexity to nearly linear in sequence length. 
While these methods were not implemented in our current 
framework, they represent promising directions to further 
improve scalability in lifelong ABSA. We will highlight this 
limitation in the discussion and consider integrating such 
optimizations in future work.

In summary, the proposed framework demonstrates poly-
nomial time and space complexity, making it suitable for 
scalable and efficient lifelong learning on aspect-based sen-
timent tasks across diverse domains.
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learning performance. The process of implementation of 
ANFIS is shown in Fig. 2.
Step 1. ANFIS Inputs and Output
The ANFIS architecture is designed with four input vari-
ables and one output variable:
Inputs:
F1-score – Represents the harmonic mean of precision and 
recall, capturing the model’s balance between accuracy and 
completeness.
Precision – Measures how many predicted positive instances 
are actually correct.
Recall – Captures the proportion of actual positives that 
were correctly identified by the model.
METEOR Score – A metric for evaluating the semantic and 
syntactic quality of generated content, useful in capturing 
nuanced improvements across replay configurations.
These four inputs were selected because they collectively 
represent the model’s generalization capability, semantic 
understanding, and classification performance, all of which 
are influenced by memory size in lifelong learning.
Output:

Memory Ratio – The predicted replay memory size 
(between 0.1 and 0.9), which reflects the ideal proportion 
of past task data to retain in the buffer when training on a 
new domain.
Step 2. Dataset for ANFIS Training

The dataset used to train the ANFIS model is derived 
from experimental results obtained by varying memory 

The ANFIS model leverages this mapping to learn fuzzy 
if-then rules that generalize the influence of domain-specific 
characteristics and performance behavior on memory needs. 
Once trained, it enables intelligent and adaptive memory 
scheduling for unseen datasets by predicting a suitable mem-
ory ratio based on their semantic similarity and expected 
performance profile. This approach enhances lifelong learn-
ing efficiency by minimizing unnecessary memory usage 
while preserving prior knowledge, thus supporting scalable 
and context-aware GPT-based systems. The integration of 
ANFIS into lifelong GPT-based systems offers an inter-
pretable and data-driven mechanism to dynamically bal-
ance memory constraints and learning effectiveness across 
domains.

ANFIS building and applying for reply memory ratio 
prediction

To enable intelligent prediction of the optimal memory 
ratio for each dataset in a lifelong learning frameworks, 
we designed an Adaptive Neuro-Fuzzy Inference System 
(ANFIS) model. This model is trained on the empirical 
results of our dynamic memory-based experiment, where 
different memory ratios were applied to a GPT-based ABSA 
task across various domains. The goal of this ANFIS is to 
predict the most suitable memory ratio (i.e., replay buffer 
size) based on measurable characteristics of a domain’s 

Fig. 2  Steps of building and applying ANFIS for reply memory ratio prediction
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greater semantic diversity while preserving essential sen-
timent-related information, thereby improving the model’s 
generalization ability and robustness across domains.

In the experimental setup, a fixed replay memory ratio 
of 0.3 is applied uniformly across all domains. The data 
augmentation pipeline is designed as a three-level sequen-
tial process, combining semantic, syntactic, and lexical 
transformations. At the semantic level, multi-language 
back-translation is used to introduce latent semantic drift 
through a chained translation path (English to German, 
then to French, Spanish, and back to English). This is fol-
lowed by sentence-level paraphrasing using a pre-trained 
T5 model (Vamsi/T5_Paraphrase_Paws), which enhances 
structural variation in sentence construction. Finally, lexi-
cal-level diversity is introduced using Easy Data Augmen-
tation (EDA) techniques such as random word swaps and 
deletions to simulate linguistic noise, especially relevant 
in informal or low-resource text domains. These transfor-
mations are applied sequentially to each selected training 
instance to form a composite augmentation strategy.

To ensure the integrity of the augmented data, two evalu-
ation metrics are employed to assess augmentation quality, 
though they are not used for filtering. Semantic similarity 
between the original and augmented sentences is measured 
using Sentence-BERT embeddings, while surface-level 
variation is assessed through a normalized Levenshtein 
distance based on the longest common subsequence. These 
metrics serve as indicators for future quality control.

The experiment is conducted across four ABSA domains: 
Laptop (D1), Restaurant (D2), Tweets (D3), and Finance 
(D4). The model is trained sequentially on these domains 
and evaluated using classification accuracy (F1 score) on 
each domain-specific test set to determine the effective-
ness of the augmentation strategy under fixed memory 
constraints.

Evaluation method

Performance evaluation of the models in the 
experiments

Our dataset consists of contexts, questions, and answers, 
with the answers presented in sentence form. The core 
approach of this model is grounded in generative modeling. 
To evaluate its performance, we use ROUGE-1 (F1, recall, 
precision) and METEOR metrics to compare the actual 
answer sentences with those generated by the model.

ROUGE-1 Precision evaluates the proportion of words 
in the generated summary that are relevant (i.e., match the 
reference summary) relative to the total number of words in 
the generated summary.

ratios across three target domains: Laptop, Tweet, and 
Finance. For each domain and memory ratio (0.1, 0.3, 0.5, 
0.7, 0.9), we recorded the four input performance metrics. 
The memory ratio associated with the highest F1-score or 
stable multi-metric improvement in each domain setting 
was labeled as the “ideal” memory ratio and used as the 
ANFIS output. This yielded a total of 15 records across dif-
ferent configurations, serving as training data for the model.
Step 3. Fuzzy Rule Generation and Training

The fuzzy inference system was built using a first-order 
Sugeno-type model, with Gaussian membership functions 
applied to each input variable. Each input was assigned 
three membership functions: low, medium, and high. These 
linguistic terms allow the ANFIS to interpret input values 
in a human-understandable manner, enabling rule-based 
reasoning. The fuzzy rule base was automatically generated 
using a grid partitioning strategy, which constructs rules 
by combining input membership functions. For instance, a 
sample rule might state:

If F1-score is high and Precision is medium and Recall 
is high and METEOR is high, then the memory ratio 
is 0.7.

The model was trained in MATLAB using hybrid learn-
ing—combining gradient descent and least squares estima-
tion—until convergence was reached with minimal error.
Steps 4, 5 and 6. System Integration and Application

Once trained, the ANFIS model can be applied to a new 
domain dataset by feeding in its expected F1-score, Preci-
sion, Recall, and METEOR score (e.g., from small-scale 
pilot runs or estimated values based on domain similarity). 
In step 4, we apply cross validation method on new data-
set to find the measures for F1-score, Precision, Recall, and 
METEOR. In Step 5, we enter these measures to ANFIS 
then in step 6 the fuzzy rules will be applied to inputs and 
ANFIS will produce the proper reply memory ratio for new 
dataset as output. A suggested memory ratio, allowing adap-
tive tuning of the lifelong learning system’s replay memory. 
This enables dynamic memory control tailored to the perfor-
mance profile of the incoming dataset, optimizing resource 
utilization while preserving learning efficacy.

Experiment III: data augmentation based 
experiment

This experiment aims to explore whether a structured data 
augmentation strategy can enhance knowledge retention and 
mitigate catastrophic forgetting in lifelong Aspect-Based 
Sentiment Analysis (ABSA), particularly under constrained 
memory conditions where only 30% of previous domain 
data is retained. The primary motivation is to introduce 
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BackwardTransfer = 1
d − 1

d−1∑
i=1

Rd,i − Ri,i

 
� (6)

Backward Transfer measures the model’s ability to retain 
or lose knowledge during training, with negative values 
indicating forgotten information and positive values reflect-
ing the transfer of skills acquired throughout the training 
process.

Results and discussion

Results of experiment I: static memory based 
experiment

Part 1 Results: Evidence of Catastrophic Forgetting During 
Domain Transition

Table 6 (Experiment I part 1) below shows the perfor-
mance metrics for Elaptop, laptop, Erestaurant, laptop, Etweets, laptop, 
and Efinance, laptop. Initial training on the Dlaptop dataset 
yields a METEOR score of 0.81. However, after training 
on Drestaurant, the METEOR score drops to 0.65. This down-
ward trend continues with training on Dtweets, where it fur-
ther declines to 0.47, followed by a slight recovery to 0.57 
after training on Dfinance. The minor improvement following 
the Dfinance training may be attributed to the diverse dataset, 
which includes over 10,000 entries mainly from the finan-
cial news domain, possibly contributing to a small increase 
in the METEOR score.

A comparative analysis of Elaptop, laptop with the subsequent 
evaluations—Erestaurant, laptop, Etweets, laptop, and Efinance, laptop—
clearly shows that Elaptop, laptop outperforms the others. This 
confirms the presence of catastrophic forgetting, as indi-
cated by the model’s declining performance when trained 
sequentially across multiple domains.

Catastrophic forgetting across other domains

The model was trained sequentially across the following 
domains: Dlaptop, Drestaurant, Dtweets, and Dfinance, without 
the use of lifelong learning techniques. Initially, the model 
performs well on Dlaptop, achieving high METEOR scores. 
However, as training progresses through the Drestaurant, 
Dtweets, and Dfinance domains, there is a noticeable decline in 
the METEOR score for the laptop domain, indicating a loss 
of previously acquired knowledge. This decline in perfor-
mance is consistent with catastrophic forgetting, where the 
model’s ability to retain earlier knowledge diminishes as it 
learns new information.

Although the overall trend is a decrease in performance, 
there is a slight recovery in the laptop domain’s METEOR 

ROUGE − 1Precision

= Total number of unigrams in the generated summary

Number of matching unigrams  
� (1)

ROUGE-1 Recall assesses the proportion of words in the 
reference summary that are captured by the generated sum-
mary, relative to the total number of words in the reference 
summary.

ROUGE − 1 Recall

= Total number of unigrams in the reference summary

Number of matching unigrams  
� (2)

ROUGE-1 F1 is the harmonic mean of Precision and Recall, 
combining both into a single metric. The typical value of β 
for ROUGE-1 is 1, indicating that precision and recall are 
weighted equally.

ROUGE − 1F1

= 2 × ROUGE − 1Precision × ROUGE − 1Recall

ROUGE − 1Precision + ROUGE − 1Recall  
� (3)

The METEOR score is intended to assess the quality of a 
generated text by comparing it to a reference text.

METEOR =
(
1+α2)

×Precision × Recall
α2×Precision × Recall

× 1
1+P  

� (4)

Here, α is a parameter that controls the balance between pre-
cision and recall, with a typical value of 0.9, which gives 
more importance to recall. P represents the fragmentation 
penalty, which is determined by the number of contiguous 
segments of matched words.

Lifelong learning model accuracy

Lopez-Paz and Ranzato [2] employ episodic memory and 
loss constraints to prevent the degradation of performance 
on previous tasks while learning new ones. They also intro-
duce evaluation metrics such as Average Accuracy (ACC) 
and Backward Transfer (BWT) to assess the effectiveness of 
continual learning. Accordingly, we calculate two essential 
metrics—Accuracy and Backward Transfer—to evaluate 
the model’s proficiency in lifelong learning.

Accuracy = 1
d

d∑
i=1

Rd,i

 
� (5)

Accuracy is used to assess the overall performance of the 
lifelong learning model across all datasets.
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Experiments Training domains Testing domains ROUGE-1 METEOR
F1 R P

Part 1 Laptop Laptop 0.76 0.76 0.76 0.81
Restaurant 0.55 0.55 0.57 0.65
Tweets 0.38 0.37 0.39 0.47
Finance 0.45 0.45 0.46 0.57
Laptop Restaurant 0.55 0.56 0.55 0.63
Restaurant 0.85 0.85 0.86 0.87
Tweets 0.50 0.50 0.52 0.60
Finance 0.48 0.51 0.47 0.60
Laptop Tweets 0.22 0.22 0.24 0.36
Restaurant 0.28 0.28 0.29 0.42
Tweets 0.87 0.87 0.87 0.89
Finance 0.69 0.69 0.69 0.76
Laptop Finance 0.25 0.25 0.26 0.39
Restaurant 0.32 0.32 0.33 0.46
Tweets 0.25 0.24 0.26 0.39
Finance 0.85 0.85 0.85 0.88

Part 2 Laptop Laptop 0.73 0.73 0.74 0.79
Restaurant Restaurant 0.81 0.81 0.82 0.84
Tweets Tweets 0.86 0.86 0.86 0.88
Finance Finance 0.85 0.86 0.85 0.88

Part 3 Laptop Laptop 0.80 0.80 0.81 0.85
Restaurant 0.73 0.73 0.74 0.79
Tweets 0.78 0.78 0.78 0.83
Finance 0.74 0.74 0.74 0.80
Laptop Restaurant 0.61 0.61 0.61 0.68
Restaurant 0.84 0.84 0.84 0.86
Tweets 0.82 0.82 0.82 0.86
Finance 0.79 0.80 0.78 0.83
Laptop Tweets 0.26 0.26 0.27 0.40
Restaurant 0.31 0.32 0.32 0.45
Tweets 0.87 0.87 0.87 0.89
Finance 0.85 0.85 0.85 0.88
Laptop Finance 0.29 0.29 0.30 0.43
Restaurant 0.35 0.36 0.35 0.49
Tweets 0.36 0.36 0.37 0.50
Finance 0.85 0.85 0.85 0.88

Part 4 Laptop Laptop 0.83 0.83 0.84 0.88
Restaurant 0.75 0.75 0.76 0.81
Tweets 0.79 0.79 0.80 0.85
Finance 0.72 0.73 0.73 0.79
Laptop Restaurant 0.62 0.62 0.62 0.69
Restaurant 0.86 0.86 0.86 0.89
Tweets 0.81 0.81 0.81 0.87
Finance 0.78 0.79 0.78 0.84
Laptop Tweets 0.28 0.28 0.29 0.42
Restaurant 0.34 0.34 0.35 0.48
Tweets 0.88 0.88 0.89 0.91
Finance 0.86 0.86 0.86 0.89
Laptop Finance 0.30 0.31 0.31 0.45
Restaurant 0.37 0.37 0.38 0.52
Tweets 0.39 0.39 0.40 0.53
Finance 0.84 0.84 0.85 0.88

Table 6  Accuracy on laptop, restaurant, tweets and finance test domains
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The METEOR scores provide insights into the align-
ment between the model’s output and reference translations 
across different domains. As shown in Table 6 (Experiment 
II part), the results indicate the following:
In the Laptop domain (Dlaptop), the model achieves a 
METEOR score of 0.79.
In the Restaurant domain (Drestaurant), the METEOR score 
increases slightly to 0.84.
The Tweets domain (Dtweets) sees further improvement with 
a METEOR score of 0.88.
The Finance domain (Dfinance) also reaches a METEOR 
score of 0.88.

The higher METEOR scores observed in the Tweets and 
Finance domains suggest that the model’s output in these 
domains is better aligned with the reference text compared 
to the Laptop and Restaurant domains. Overall, the model 
performs best in terms of the METEOR metric in the Tweets 
and Finance domains. These scores can serve as bench-
marks for evaluating peak performance in future experi-
ments within each domain.
Part 3 Results: Lifelong Learning Performance and Knowl-
edge Retention

score during the Dfinance training, suggesting a potential 
beneficial overlap between the domains that aids in mem-
ory retention. Nevertheless, the general trend indicates a 
decrease in the METEOR score for the initial domain after 
exposure to all domains, confirming the presence of cata-
strophic forgetting.

In the tweets domain, the results across training epochs 
reveal interesting accuracy patterns. Initially, the METEOR 
score remains moderately stable, indicating that the model 
struggled to improve before learning domain-specific 
knowledge from the tweets data. However, once the model 
begins learning from the tweets domain, its accuracy rap-
idly improves, peaking at approximately 0.9, the highest 
score observed across all domains. Interestingly, the tweets 
training dataset (4,373 samples) is not the largest compared 
to the other domains (laptop: 634, restaurant: 894, finance: 
7,527), suggesting that dataset size alone does not account 
for the model’s performance. This points to the possibility 
that other domain-specific factors play a significant role in 
influencing the model’s accuracy.
Part 2 Results: Baseline Performance Metrics Across 
Domains

Table 7  Model lifelong learning performance comparison table
GPT-2 with Lifelong Learning
(Part III)

GPT-2 without Lifelong Learning
(Part I)

Test on
After Training Dlaptop- Drestaurant Dtweets Dfinance Dlaptop Drestaurant Dtweets Dfinance
Dlaptop 0.85 0.68 0.40 0.43 0.81 0.63 0.36 0.39
Drestaurant 0.79 0.86 0.45 0.49 0.65 0.87 0.42 0.46
Dtweets 0.83 0.86 0.89 0.50. 0.47 0.60 0.89 0.39
Dfinance 0.80 0.83 0.88 0.88 0.57 0.60 0.76 0.88

METEOR = 0.85 METEOR = 0.70
BackwardTransfer = -0.09 BackwardTransfer = -0.64

Experiments Training domains Testing domains ROUGE-1 METEOR
F1 R P

Part 5 Laptop Laptop 0.80 0.79 0.80 0.84
Restaurant 0.71 0.72 0.72 0.76
Tweets 0.76 0.77 0.76 0.81
Finance 0.73 0.73 0.73 0.78
Laptop Restaurant 0.60 0.61 0.60 0.66
Restaurant 0.83 0.82 0.83 0.85
Tweets 0.81 0.82 0.81 0.84
Finance 0.78 0.78 0.77 0.82
Laptop Tweets 0.25 0.26 0.26 0.39
Restaurant 0.31 0.31 0.32 0.44
Tweets 0.86 0.85 0.86 0.88
Finance 0.83 0.84 0.84 0.87
Laptop Finance 0.28 0.29 0.29 0.42
Restaurant 0.34 0.34 0.34 0.47
Tweets 0.35 0.36 0.36 0.49
Finance 0.84 0.84 0.84 0.87

Table 6  (continued) 
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evaluation and provide further evidence of the model’s 
adaptability and stability.
Part 5 Testing Generalization Under Extended Domain 
Sequences

To further evaluate the generalization ability of the pro-
posed model under extended domain shifts, we conducted 
an additional experiment by introducing a simulated fifth 
domain. Rather than selecting a completely external data-
set, which might introduce uncontrolled variables such as 
inconsistent annotations and domain-specific terminology, 
we opted to construct the fifth domain by combining sam-
ples from all four original domains—Laptop, Restaurant, 
Tweets, and Finance. This approach ensures semantic diver-
sity and label balance while maintaining consistency with 
the original benchmark structure, thus offering a scientifi-
cally valid way to simulate a realistic but previously unseen 
domain distribution.

The experimental results demonstrate that the model 
maintains highly consistent performance in this extended 
setting. For instance, when Tweets was used as the target 
domain, the F1-scores remained steady across both the orig-
inal and simulated setups, showing values such as 0.86 and 
0.88 in Part 3, and 0.85 to 0.88 in the simulated sequence. 
Similarly, the Finance and Restaurant domains showed 
minimal performance fluctuations, suggesting stable gener-
alization across related semantic spaces. Even for the Lap-
top domain, which initially showed lower performance due 
to its distinct feature space, the drop in F1-score was mar-
ginal in the simulated domain condition (e.g., from 0.30 to 
0.29), and the trend of performance improvement remained 
observable throughout the domain sequence.

These findings indicate that the model successfully cap-
tures domain-invariant features and adapts effectively to 
novel but semantically aligned domain combinations. The 
ANFIS-based adaptive memory controller and replay mech-
anism continue to contribute to the preservation of learned 
knowledge and the assimilation of new patterns. Overall, 
this experiment validates the robustness and scalability of 
our approach compared to the tested baseline and confirms 
its applicability to dynamic and evolving domain settings 
typical of real-world lifelong learning scenarios. Future 
work should include benchmarking against GEM, A-GEM, 
and other advanced lifelong learning methods for a more 
comprehensive evaluation.

To assess the impact of lifelong learning algorithms, 
we also collected performance data without applying these 
techniques, as shown in the clear section on the Table 7. In 
this case, the model was trained without the use of lifelong 
learning strategies, and the resulting performance metrics 
are provided. When trained on D1, the model achieves its 
highest score of 0.81 on that domain but experiences a sig-
nificant drop in performance when tested on D2, D3, and D4. 

In the left gray section of Table 7, we present the results 
from the model utilizing lifelong learning techniques. The 
METEOR score, which reflects the overall performance of 
the lifelong learning model across different domains, dem-
onstrates significant effectiveness, with an average score of 
0.85. The Backward Transfer (BWT) score of -0.09 indi-
cates a slight decrease in performance on previous tasks 
after learning new ones. In the context of lifelong learning, 
a negative BWT suggests that learning new tasks has mar-
ginally impacted the performance of earlier tasks, signaling 
the presence of catastrophic forgetting.

When trained on Dlaptop, the model performs optimally on 
Dlaptop itself (0.85), but its performance drops when tested on 
Drestaurant (0.68), Dtweets (0.40), and Dfinance (0.43). This drop 
reflects the model’s difficulty in transferring learned knowl-
edge to tasks it wasn’t originally trained on. The diagonal 
from the top left to bottom right shows the model’s perfor-
mance on a domain after being trained on that same domain, 
with scores of 0.85 (Dlaptop), 0.86 (Drestaurant), 0.89 (Dtweets), 
and 0.88 (Dfinance). Overall, the model demonstrates strong 
proficiency in each domain and retains previously acquired 
knowledge, effectively addressing catastrophic forgetting 
while maintaining good performance.
Part 4 Few-Shot Domain Adaptation Setup

In addition to the standard full-data setting, we further 
examine the robustness of our model under limited super-
vision. To simulate a low-resource scenario, we randomly 
sampled 30% of the training data from each of the four source 
domains—Laptop, Restaurant, Tweets, and Finance—using 
a fixed seed. To ensure the reliability and stability of the 
evaluation, this sampling process was repeated indepen-
dently three times, and the final performance was reported 
as the average across these runs. This design helps mitigate 
the potential variance introduced by a single random split 
and offers a more robust estimate of the model’s behavior 
when training data is scarce.

The results indicate that our model consistently maintains 
strong performance even when trained on only a fraction of 
the original data. In several domain adaptation settings, the 
accuracy under the few-shot setup is nearly equivalent to 
that of the full-data condition. For example, in the transfer 
from Laptop to Tweets, the model achieved 0.88 accuracy 
with 30% data compared to 0.87 with full data. Similarly, 
the Tweets-to-Finance direction yielded 0.86 versus 0.85, 
demonstrating stable generalization across domains. While 
slight drops were observed in more challenging transfer sce-
narios—such as Finance to Laptop—the overall trend sup-
ports the model’s resilience to supervision constraints.

These findings confirm that our method is not only effec-
tive in high-resource conditions but also robust in practical 
low-resource scenarios, where labeled data may be limited. 
The few-shot experimental results complement our full-data 
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in the laptop domain (p = 0.033), while improvements in 
restaurant, tweets, and finance domains were not individu-
ally significant. However, when combining all data, the pro-
posed GPT2 achieved a significantly higher mean accuracy 
(M = 0.104) than the original GPT2 (t = 3.77, p = 0.0009), 
supporting the overall effectiveness of the proposed method.

Combined Evaluation Across All Domains: To provide 
a more robust and statistically powerful analysis, all the 
accuracy scores (16 values for each model) were pooled 
together, and a one-tailed paired t-test was applied. The 
combined results showed a statistically significant improve-
ment in the proposed GPT2 model’s accuracy over the origi-
nal GPT2 model:

	● Mean Accuracy Improvement: +0.104
	● t-statistic: 3.77
	● p-value (One-tailed): 0.0009

This strongly supports the hypothesis that integrating 
lifelong learning into GPT2 enhances its performance 
across different domains.

The improvement across domains is also depicted in 
Fig. 3, which shows a bar chart of the accuracy scores. The 
bar chart indicates that the proposed model consistently 
achieves higher median accuracy and often demonstrates 
less variability in performance compared to the baseline 
GPT2. The most improvement can be observed in the Lap-
top domain.

Results of experiment II: dynamic memory based 
experiment

The results in Table 9 below indicate that in lifetime ABSA, 
replay memory plays a crucial role in maintaining task per-
formance across sequential domains. Larger replay ratios 
consistently lead to higher accuracy on both source and 
previously visited domains. For example, with a replay 
ratio of 0.1, models trained on the Tweets domain perform 
poorly on earlier domains such as Laptop (F1 = 0.42). When 
the memory ratio increases to 0.9, performance on Laptop 
rises significantly (F1 = 0.71), suggesting that higher replay 
enables effective knowledge retention and reduces cata-
strophic forgetting.

While larger memory clearly benefits retention, a closer 
analysis shows that memory efficiency peaks around moder-
ate ratios. Memory ratios between 0.3 and 0.5 yield perfor-
mance levels that are comparable to or only slightly lower 
than those obtained with 0.9 memory. This plateau effect, 
where additional memory offers diminishing improvements, 
suggests that 0.3–0.5 is a practical compromise between 
computational cost and model effectiveness.

After training on D2, the model performs well on D2 with a 
score of 0.87 but drops to a score of 0.65 when tested on D1. 
This decline exemplifies catastrophic forgetting.

A similar trend is observed with D3 and D4 training: the 
model performs best on the domain it was trained on, peak-
ing at 0.89 on D3, but struggles to retain this performance 
across other domains. Overall, the highest performance 
after training on a domain occurs within that same domain, 
indicating that the model has domain-specific knowledge 
that does not generalize well without lifelong learning 
techniques.

When comparing the METEOR and BWT metrics 
between models with and without lifelong learning meth-
ods, we observe a drop in METEOR from 0.85 to 0.70, 
while BWT increases significantly from − 0.09 to -0.64. As 
shown in Table 7, without lifelong learning, the model fails 
to maintain high performance across domains after learning 
new tasks, highlighting the issue of catastrophic forgetting. 
Additionally, we generated comparative line graphs (Fig. 
10) to visually depict performance fluctuations. These fig-
ures clearly show a decline in performance after training on 
data from different domains.

Each graph reflects the model’s adaptability and robust-
ness, with METEOR scores indicating how well the model 
retains knowledge across domains. By comparing the solid 
lines (with lifelong learning) and dashed lines (without life-
long learning), we can infer the effect of lifelong learning 
on the model’s performance. The overall conclusion from 
these graphs is that the model’s ability to transfer knowl-
edge across domains is significantly enhanced with lifelong 
learning, and it is prone to catastrophic forgetting when 
exposed to new data without these techniques.

Performance comparison of proposed model and 
original GPT2

Domain-Specific Comparison: Table  8 presents the aver-
age accuracy of each model and the statistical outcomes for 
each of the four domains: Laptop, Restaurant, Tweets, and 
Finance. A one-tailed paired t-test was conducted to evaluate 
whether the proposed GPT2 with lifelong learning signifi-
cantly outperforms the original GPT2 across four domains. 
The results showed a statistically significant improvement 

Table 8  Paired t-test results comparing GPT2 with lifelong learning 
and original GPT2
Domain Mean 

Accuracy 
(Proposed)

Mean 
Accuracy 
(Original)

Mean 
Difference

p-value 
(One-tailed)

Laptop 0.8175 0.6250 + 0.1925 0.033
Restaurant 0.8075 0.6750 + 0.1325 0.070
Tweets 0.6550 0.6075 + 0.0475 0.080
Finance 0.5750 0.5300 + 0.0450 0.074
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between fuzzy membership functions, inputs, rules, and 
output.

Following training, the model generated 108 fuzzy if-
then rules in its rulebase. A representative subset of these 
rules is presented in Fig. 7.

Once trained, the ANFIS system can predict the appro-
priate memory ratio for any new dataset. For instance, as 
shown in Fig. 8, given a new dataset with F1-score of 0.52, 
Precision of 0.52, Recall of 0.49, and METEOR score of 
0.59, the ANFIS recommends a memory ratio of 0.5. This 
decision is derived from the comprehensive interaction of 
the learned fuzzy rules and membership functions.

ANFIS prediction accuracy

To evaluate the ANFIS model, we employed a cross-valida-
tion approach, testing its predictions against actual optimal 
memory ratios observed in the experiments. The model suc-
cessfully learned the nonlinear relationship between perfor-
mance indicators and memory requirements, yielding high 
accuracy in predicting the most suitable memory ratios for 
each domain configuration.

Table 10 summarizes the actual best-performing memory 
ratios based on observed metrics and the predicted memory 
ratios generated by the ANFIS model:

As shown, the ANFIS model produced predictions close 
to the empirically optimal settings, suggesting it effectively 
generalized domain-specific trends.

Performance comparison

The adaptive recommendations led to improvements 
in model stability and performance consistency across 

Domain-specific sensitivity to memory is also observed. 
The Tweets domain exhibits strong intra-domain perfor-
mance across all settings, remaining robust even under low 
replay conditions. In contrast, the Laptop and Restaurant 
domains suffer more severe forgetting without sufficient 
replay support, likely due to their reliance on more domain-
specific linguistic patterns. Meanwhile, the Finance domain 
demonstrates stability across all replay settings, perform-
ing well regardless of training order or memory size, which 
implies an inherent resilience to forgetting.

Another notable observation is the model’s ability to 
benefit from backward knowledge transfer. When training 
proceeds to later domains, such as Finance, earlier domain 
performance improves if replay is present. This reflects a 
dual benefit of memory replay—not only preventing forget-
ting, but also enhancing cross-domain reinforcement. These 
findings reinforce the need for efficient, domain-aware 
memory scheduling strategies in lifelong learning settings.

ANFIS results

The ANFIS model was designed with four input parame-
ters—F1-score, Precision, Recall, and METEOR—and one 
output variable: the predicted memory ratio (Fig. 4).

The model was trained using empirical data obtained 
from the dynamic memory replay experiments, which were 
conducted on three target domains—Laptop, Tweet, and 
Finance—under five distinct memory ratios: 0.1, 0.3, 0.5, 
0.7, and 0.9. The resulting training performance of ANFIS 
is illustrated in Fig. 5.

The internal structure of the ANFIS model is shown in 
Fig. 6, depicting the layered architecture and interconnections 

Fig. 3  Bar chart of accuracy for 
GPT2 with lifelong learning and 
Original GPT2
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domains. Notably, adaptive memory scheduling using 
ANFIS:

	● Reduced unnecessary memory overhead by avoiding 
over-allocation for low-sensitivity domains.

	● Enhanced performance on domains with high semantic 
and structural complexity by allocating more memory 
proportionally.

	● Demonstrated cross-domain generalization by effective-
ly tuning replay size based on domain-specific charac-
teristics rather than arbitrary allocation.

Ablation study: disentangling the impact of replay 
memory ratios

To investigate how replay memory allocation affects con-
tinual learning performance in Aspect-Based Sentiment 
Analysis (ABSA), we conducted a targeted ablation study 
by varying replay ratios across domains. Specifically, we 
experimented with replay memory ratios of 0.1, 0.3, 0.5, 
0.7, and 0.9, assessing their influence on knowledge reten-
tion and generalization.

This design serves as a proxy for memory size analysis, 
as higher replay ratios inherently utilize more past samples 
in the buffer. Our results (see Table 9) show that increas-
ing the replay ratio significantly reduces catastrophic for-
getting—for example, on the Laptop domain, the F1-score 
improved from 0.42 to 0.71 when increasing the replay 
ratio from 0.1 to 0.9. This supports prior findings, it demon-
strated the importance of memory-preserving mechanisms 
like Elastic Weight Consolidation in continual learning [54].

Furthermore, we observed a saturation point around the 
0.5 replay ratio, beyond which performance gains dimin-
ished. These results suggest that moderate replay memory 
is often sufficient, depending on domain-specific character-
istics. Such empirical insights also informed the design of 
our ANFIS-based dynamic memory scheduler, which learns 
optimal replay settings adaptively—a strategy aligned, it 
emphasized the importance of balancing memory and learn-
ing efficiency in LLM-based ABSA continual learning [3].

Results of experiment III: data augmentation

This experiment investigates the impact of a multi-level 
data augmentation pipeline on model performance in life-
long Aspect-Based Sentiment Analysis (ABSA) under 
constrained memory conditions (0.3 replay ratio). The aug-
mentation combines multilingual back-translation, T5-based 
paraphrasing, and lexical EDA.

Results demonstrate consistent performance improve-
ments, particularly in the Laptop and Restaurant domains, 
where both in-domain and cross-domain accuracy increased. 
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improvements seen in 75% of domain combinations, the 
method proves to be an effective, scalable strategy for con-
tinual learning (Table 11).

Statistical evaluation of augmentation impact

To quantitatively assess the effectiveness of the proposed 
structured augmentation pipeline under constrained replay 

For example, Laptop test accuracy rose from 0.6105 to 
0.6909, and Restaurant from 0.6834 to 0.7208. While the 
Tweet domain also benefited in-domain, its cross-domain 
transferability slightly declined, suggesting sensitivity to 
noise. Finance-trained models showed robust performance 
across all domains.

Overall, the structured augmentation enhances model 
retention and generalization despite limited memory. With 

Fig. 5  ANFIS data training results

 

Fig. 4  Proposed ANFIS Model
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Fig. 7  Example fuzzy rules in ANFIS

 

Fig. 6  ANFIS structure
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memory (0.3 ratio), we conducted a paired t-test comparing 
model performance on original versus augmented datasets 
across 16 domain pairs. The augmentation strategy com-
prises chained multilingual back-translation, T5-based para-
phrasing, and lexical-level EDA, aiming to enrich semantic 
and lexical variability without compromising task integrity.

Across all domain combinations, the mean accuracy 
improved from 0.5948 (original) to 0.6114 (augmented). 
A paired t-test yielded a t-statistic of 2.31 and a p-value 
of 0.036, indicating a statistically significant improve-
ment (p < 0.05) due to augmentation. This suggests that the 
observed gains are unlikely to be due to chance and reflect a 
meaningful enhancement in model performance.

As visualized in Fig. 9 (see boxplot above), the augmented 
models exhibit both higher median accuracy and reduced 
lower quartile variance, particularly in cross-domain evalu-
ations. These results validate that our augmentation pipeline 
not only enhances in-domain retention (e.g., Laptop: 0.6105 
→ 0.6909) but also improves generalization across domains 
(e.g., Tweet → Rest: 0.7274 → 0.7282), albeit with excep-
tions where increased variability may introduce domain 
drift (e.g., Tweet → Finance: 0.4108 → 0.3559).

The findings confirm that structured augmentation can 
act as a compensatory mechanism in lifelong learning set-
tings with limited replay memory. By incorporating seman-
tic, syntactic, and lexical diversity, the method supports 
both stability and plasticity—key traits for continual learn-
ing systems

Table 10  Best-performing memory ratios
Domain Best 

Observed 
Memory 
Ratio

ANFIS 
Predicted 
Memory 
Ratio

F1-score @ 
Best Ratio

METEOR 
@ Best 
Ratio

Laptop 0.9 0.85 0.5997 0.6998
Tweet 0.9 0.85 0.8459 0.8723
Finance 0.7 0.72 0.8465 0.8819

Table 11  Data enhancement result comparison
Training Testing Original GPT-2 Augmented
laptop laptop 0.610501054 0.690854903

rest 0.441458639 0.476488173
tweet 0.300467101 0.319655913
finance 0.337366425 0.354022672

rest laptop 0.637359576 0.637531518
rest 0.683430024 0.720799621
tweet 0.328731537 0.365670376
finance 0.375898205 0.375815567

tweet laptop 0.635930724 0.675692808
rest 0.727364533 0.728206312
tweet 0.84929505 0.85966866
finance 0.41077152 0.355898687

finance laptop 0.712346351 0.734868187
rest 0.756829668 0.773876055
tweet 0.840961126 0.855843526
finance 0.867422032 0.857531989

Fig. 8  ANFIS prediction for a new dataset
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Fig. 10  METEOR changes in training epochs

 

Fig. 9  Model accuracy com-
parison: Original vs. augmented 
(replay ratio 0.3)
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continual aspect-based sentiment analysis using large gen-
erative models.

Conclusions

This paper demonstrates the successful development and 
evaluation of our proposed model, which combines GPT-2 
with a replay-based lifelong learning algorithm to signifi-
cantly enhance generalization across diverse domains. The 
model effectively learns new domain knowledge while min-
imizing catastrophic forgetting. Through a series of experi-
ments, our model achieved an average accuracy of 0.85, 
surpassing the model without lifelong learning, which had 
an accuracy of 0.70. Additionally, it achieved a Backward 
Transfer (BWT) score of -0.09, a notable improvement over 
the − 0.64 score of the non-lifelong learning model, indi-
cating strong accuracy and effective lifelong learning capa-
bilities. These achievements were systematically validated 
across multiple rigorous experimental setups, including few-
shot domain adaptation and extended domain sequence gen-
eralization, and further illuminated by an ablation analysis 
of replay memory ratios, which provided empirical founda-
tions for adaptive memory management. We also conducted 
a t-test comparison between the models with and without 
lifelong learning methods to demonstrate the significance 
of lifelong learning in improving the model’s performance.

In the Dynamic Memory-Based Experiment, we intro-
duced an Adaptive Neuro-Fuzzy Inference System (ANFIS) 
model to analyze the relationship between performance 
metrics and memory ratios. The ANFIS was trained using 
empirical results from the memory replay tests across mul-
tiple domains, and it was able to predict the optimal memory 
ratio for new datasets. Notably, ANFIS identified 0.7 as the 
most effective replay memory ratio, balancing past knowl-
edge retention with new learning efficiency. This integra-
tion of ANFIS offers a transparent, interpretable mechanism 
to support dynamic memory allocation in lifelong learning 
systems, adding a layer of intelligence and adaptability to 
memory scheduling.

Furthermore, we employed a structured, multi-level data 
augmentation pipeline—including chained multilingual 
back-translation, T5-based paraphrasing, and lexical-level 
EDA—to enhance model performance under constrained 
replay memory (0.3 ratio). This augmentation strategy 
significantly improved both within-domain retention and 
cross-domain generalization. A paired-sample t-test com-
paring accuracy between the original and augmented data-
sets confirmed the statistical significance of the observed 
improvements (p = 0.0049), validating that the augmen-
tation consistently enhances performance across most 
domain combinations. For example, when trained on the 

Post-hoc comparative analysis with knowledge 
distillation-based lifelong learning

To address the reviewer’s suggestion regarding the inclu-
sion of other lifelong learning techniques such as distilla-
tion or meta-learning, we conducted a small-scale post-hoc 
experiment comparing our replay-based lifelong learning 
model with a knowledge distillation-based approach.

In this additional experiment, we implemented a two-
stage distillation framework inspired by prior work in con-
tinual learning. A teacher model was trained using all domain 
data in a single batch setting (representing an upper bound). 
A student model (initially a copy of the base GPT-2) was 
then trained incrementally using a domain-wise sequential 
approach, with soft labels generated by the teacher model 
during training. This setup enabled the student to retain pre-
viously learned behavior while acquiring knowledge from 
new domains.

The experiment was conducted across the same four 
domains: Laptop, Restaurant, Tweets, and Finance. Per-
formance was evaluated using the same ROUGE-1 and 
METEOR metrics employed in our earlier experiments. 
Table 12 summarizes the average accuracy and Backward 
Transfer (BWT) scores of the proposed replay-based model 
and the distillation-based approach.

While the distillation-based model showed improve-
ment over the naive fine-tuning baseline (from Experiment 
I Part 1), it was consistently outperformed by our proposed 
replay-based lifelong learning approach. In particular, 
the distillation model exhibited a higher degree of forget-
ting, reflected in the BWT score of -0.22 versus − 0.09 for 
our method. Additionally, the METEOR score, indicating 
semantic fidelity and fluency, was slightly lower under the 
distillation-based setup.

These empirical results support our design choice of 
prioritizing replay-based methods over distillation for the 
ABSA task, particularly in dynamic, multi-domain settings. 
Moreover, unlike meta-learning approaches which often 
require task-specific adaptation strategies and episodic 
training, the replay + ANFIS strategy offers practical ben-
efits in terms of interpretability, adaptability, and compu-
tational cost.

We acknowledge that distillation and meta-learning 
are promising directions for future work. However, the 
results here provide empirical justification that our cho-
sen approach offers a balanced and scalable solution for 

Table 12  Comparative performance: replay-based vs. distillation-
based lifelong learning
Method Average Accuracy BWT METEOR
Replay-based (proposed) 0.85 -0.09 0.85
Distillation-based (baseline) 0.79 -0.22 0.81
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Laptop domain, accuracy on the same test set improved 
from 0.6105 to 0.6909, and from 0.3374 to 0.3540 on the 
Finance domain. We also extended our analysis through a 
comparative experiment with a distillation-based continual 
learning baseline. This additional evaluation confirmed that 
our replay + ANFIS framework achieved superior accuracy 
and lower forgetting, reinforcing its suitability for scalable, 
cross-domain ABSA.

Our study concludes that integrating GPT-2 with a replay-
based lifelong learning method, supported by both adaptive 
memory management and data augmentation, effectively 
mitigates catastrophic forgetting in aspect-based sentiment 
analysis (ABSA) while enabling the model to continuously 
acquire and adapt to new domain knowledge. This verti-
cal GPT model offers a scalable, intelligent solution for 
researchers and practitioners seeking persistent domain 
adaptation in evolving environments.

While the proposed framework demonstrates strong 
retention and generalization, future research should incor-
porate comparisons against stronger lifelong learning base-
lines (e.g., GEM, A-GEM) to further validate robustness. 
Another promising direction is the integration of contrastive 
learning to enhance cross-domain feature discrimination 
and alleviate the unidirectional limitation of GPT-2. Recent 
work has shown that contrastive embedding fusion in large 
language models (e.g., Flan-T5, LLaMA 2, DeepSeek-R1, 
and ChatGPT-4) can improve intelligent response genera-
tion by constructing emotion-aware and discriminative rep-
resentations [57]. Building on these insights, future studies 
could explore hybrid designs that combine replay-based 
continual learning with contrastive embedding strategies to 
further strengthen robustness and generalization in multi-
domain ABSA.
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