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Abstract: The ability of large language models (LLMs) to generalize across diverse
domains remains a significant challenge in natural language processing. While LLMs have
achieved remarkable success on specific tasks, their performance often deteriorates when
applied to data from different domains due to their limited capacity for cross-domain
adaptation. In this paper, we propose a novel approach for improving domain
generalization by combining meta-learning and continual learning techniques, which we
refer to as Meta-Continual Adaptation. This method leverages the strengths of meta-
learning to enable LLMs to quickly adapt to new domains while simultaneously employing
continual learning to prevent catastrophic forgetting when transitioning between tasks.
We demonstrate the efficacy of our approach through extensive experiments on multiple
cross-domain benchmarks, showing that Meta-Continual Adaptation significantly
enhances the robustness and generalization ability of LLMs compared to traditional
methods. Our results reveal that this approach not only improves the performance of LLMs
across diverse domains but also reduces the need for extensive retraining, making it more
efficient and scalable for real-world applications. Finally, we discuss potential avenues
for future research, including the integration of unsupervised data and further optimization
of learning strategies.
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SU THICH GNG SIEU LIEN TUC TRONG CAC MO HINH NGON NGU LGN CHO TONG QUAT HOA
XUYEN MIEN MANH ME

Tém tit: Kha nang khai quat hoa cia cac mo hinh ngon ngir 16n (LLM) trén nhiéu mién
khac nhau van 1a mot thach thire dang ké trong x1r ly ngdén ngir tw nhién. Mac du LLM da
dat dugc thanh cong dang ké trong cac tac vu cu thé, nhung hiéu sut ciia chiing thuong
giam khi ap dyng cho dir li¢u tur cac mlen khac nhau do kha néng thich u'ng lién mién han
ché. Trong bai bdo nay, ching toi dé xuit mét phuong phap méi dé cai thién kha nang
khai quat hoa mién bang céch két hop cac ky thuat hoc siéu lién tuc va hoc lién tuc, ma
chung t6i goi la Thich ng siéu lién tuc. Phuo’ng phap nay tan dung thé manh cua hoc siéu
lién tuc de cho phép LLM nhanh chong thich ing voi cac mién mai dong thoi str dung hoc
lién tuc dé ngin ngtra tinh trang quén tham khoc khi chuyen d6i giira cac tac vu. Chiing
to1 ching minh hi¢u qua cua phuong phap nay thong qua cac thir nghlem mo rong trén
nhiéu chuan muyec lién mién, cho thay Thich 1 tng siéu lién tyc tang cuong dang ke kha nang
manh mé& va khai quat héa cua LLM so vai cac phuon g phap truyén thong Két qua cua
chung t6i cho thiy phuong phap nay khéng chi cai thién hiéu suit cia LLM trén nhiéu
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mién khac nhau ma con giam nhu cau dao tao lai rong rai, giap phuong phéap nay hiu qua
hon va ¢6 kha nang mo rong hon cho cac ting dung trong thé gi6i thue. Cudi cung, ching
to1 thao luan vé cac huéng nghién clru tiém nang trong twong lai, bao gom tich hop dir liéu
khong giam sat va to1 uvu hoa hon nira céc chién luoc hoc tap.

Tir khoa: M6 hinh ngon ngit 1on; mo hinh 1y luan; siéu hoc; hoc lién tuc.

1. INTRODUCTION

The rapid advancement of large
language models (LLMs) has revolutionized
the field of natural language processing
(NLP), achieving state-of-the-art results
across various tasks, such as text
classification, machine translation, and
question answering. However, despite their
success, LILMs often face significant
challenges when it comes to generalizing
across different domains. While a model may
excel in one domain, its performance can
degrade when applied to a new, unseen
domain. This issue is particularly evident
when models are exposed to limited or
mmbalanced domain-specific data, resulting in
a phenomenon known as domain shift.

Cross-domain generalization is crucial
deploying LLMs in real-world
applications, where models are expected to
perform well on diverse and dynamic data
distributions. The problem arises because
training techniques typically
assume that tramning and test data are drawn
from the same distribution. As a result, models
are often not equipped to handle the
complexities of domain-specific variations
and transfer learning becomes a crucial area of
research. Existing solutions, such as domain
adaptation or fine-tuning, struggle with
efficiently adapting to new domains while
maintaining performance on previously

for

traditional

learned domains.

To address this issue, we propose a
novel approach that combines meta-learning
and continual learning techniques, which we
term Meta-Continual Adaptation. Meta-
learning enables models to learn how to
adapt to new tasks or domains with minimal
data, while continual learning focuses on
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preventing catastrophic forgetting during
the process of learning new domains. By
integrating these two techniques, Meta-
Continual Adaptation empowers LLMs to
efficiently adapt to new domains while
preserving their performance on previous
ones.

In this paper, we present a detailed
methodology for implementing Meta-
Continual Adaptation in LLMs, alongside
experiments conducted on multiple cross-
domain benchmarks. We demonstrate that our
approach not only enhances domain
generalization but also improves the
robustness of LLMs in practical, real-world
scenarios. Our contributions are as follows:

e We propose a unified framework for
combining meta-learning and continual
learning in LLMs to improve cross-domain
generalization.

e We evaluate our approach on several
benchmark datasets, showing significant
improvements in model performance when
transitioning between domains.

We analyze the efficiency and
scalability of our method, offering insights
into its potential for deployment in large-scale
applications.

The remainder of this paper is organized
as follows: Section 2 reviews related work in
the areas of domain adaptation, meta-leamning,
and continual learning. In Section 3, we
introduce the proposed method, Meta-
Continual Adaptation. Section 4 outlines the
experimental setup, including datasets and
evaluation metrics. Section 5 presents the
experimental setups. Section 6 discusses the
implications of the experimental results and
analysis. Finally, we conclude our findings and
possible future research directions in Section 7.



2. RELATED WORK

The integration of meta-learning and
continual learning has significantly advanced
the adaptability and robustness of Large
Language Models (LLMs) across various
tasks and domains. This section reviews
recent advancements 1n these areas,
highlighting key methodologies and their
contributions over the past five years.

Meta-learning, or "learning to leam",
enables models to rapidly adapt to new tasks
with minimal data by leveraging prior
knowledge. In the context of LLMs, this
approach has been explored to improve
efficiency and performance. For instance, Seo et
al. (2024) mtroduced the "Tramn-Attention"
method, employing meta-learning to determine
which parts of the model to focus on during
continual learning, thereby improving efficiency
and reducing forgetting.

Continual learning addresses the
challenge of learning from a stream of data
without forgetting previously acquired
knowledge. However, LLMs often experience
catastrophic forgetting when adapted to new
domains. Jovanovic and Voss (2024) provided
a comprehensive analysis of incremental
learning in LLMs, synthesizing state-of-the-
art paradigms such as continual learning,
meta-learning, parameter-efficient learning,
and mixture-of-experts learning. Their review
highlighted critical factors influencing the
design and development of LLM-based

learning systems.

The intersection of meta-learmning and
continual learning, known as meta-continual
learning, has been explored to enhance the
adaptability of LLMs. Irie et al. (2022)
proposed a method based on 'self-referential

weight matrices' (SRWM) to address
catastrophic  forgetting. Their approach
demonstrated  that in-context learning

algorithms suffer from catastrophic forgetting,
but their method effectively solves such "in-
context catastrophic forgetting".

Despite significant progress, several
challenges remain in integrating meta-
learning and continual learning within LLMs.
These include mitigating catastrophic
forgetting, ensuring efficient adaptation to
new tasks, and maintaining performance
across diverse domains. Future research is
poised to address these challenges by
developing more sophisticated models and
learning strategies, ultimately enhancing the
versatility and robustness of LLMs in dynamic

environments.
3. PROPOSED METHOD

This section presents our proposed
Meta-Continual Adaptation (MCA)
framework, which integrates meta-learning
and continual learning into a unified training
paradigm for large language models (LLMs).
The goal is to enable LLMs to adapt rapidly to
new domains with minimal data while
retaining previously learned knowledge, thus
improving generalization in cross-domain and
non-stationary environments.

3.1. Problem Formulation

Let T = {T4,T2:::;, T} denote a
sequence of tasks, each from potentially
different domains Dy, D, ..., D,. Each task T;
is defined over a distribution Di(x, y), from
which input-output pairs are drawn. The
objective is to learn a model f 0 that:

(1) adapts quickly to a new task Ty
sampled from Dy using limited examples.

(i1) preserves performance on previous

tasks Ty, ..., Ti-1.

(111) generalizes well to future, unseen
tasks.

3.2. Overview of the MCA Framework
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Figure 1. Meta-Continual Adaptation (MCA) framework

Our MCA framework 1s description on
Figure 1, which consists of three key
components:

- Meta-Learning Initialization: We learn
a set of parameters 0 that serve as a good
mitialization for fast adaptation to new tasks.
Inspired by MAML, this is adapted to LLMs
using parameter-efficient tuning such as
adapters or LoRA.

- Continual Memory Consolidation: To
prevent catastrophic forgetting, we maintain
an episodic memory M that stores
representative samples from previous tasks.
Memory replay reinforces older knowledge
during training.

- Domain-Conditioned  Adaptation
Modules: We introduce domain-specific
modulation through adapter layers or task
embeddings, enabling the model to
dynamically shift between domain-specific
and shared representations.

3.3. Training Algorithm

Each training iteration consists of two
phases:

e Meta-Update Phase (Fast
Adaptation):
- Sample a batch of tasks from

{T;} & j:nera *
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- For each task T;, compute adapted
parameters:

0. =0-aA LT (£)
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e Continual Consolidation Phase
(Memory Replay):

- Sample past tasks T; € M.
- Apply replay regularization:
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3.4. Domain-Aware Task Modulation

To enable flexible adaptation, we use a
domain embedding vector d;for each
task/domain, and use it to modulate internal
representations via:

e Adapter gating: inject domain-
specific information into hidden states:



h = h + Adapter(h,,d.)

e Attention scaling: use d; to
condition attention weights:
) QK™ +2ad
Attention(Q, K,V d ) = softmax| ——— |V
V dk

This allows the model to selectively
retrieve domain-relevant knowledge while
maintaining shared representations.

3.5. Inference and Adaptation

During inference on a new domain D

, we perform a small number of gradient updates
using a few labeled samples. The model
leverages the meta-learned initialization and
domain-conditioned modules for fast and stable
adaptation. Additionally, memory consolidation
from previous tasks prevents degradation on
earlier domains.

Meta-Continual Adaptation combines fast
leaming via meta-updates, robust memory
retention through replay and regularization, and
domain-awareness via task-conditioned
components. This unified approach empowers
LLMs to generalize across tasks and domains
more effectively than using either paradigm alone.

4. EXPERIMENTAL SETUP

To evaluate the effectiveness of the
proposed Meta-Continual Adaptation (MCA)
framework, we conduct comprehensive
experiments across diverse NLP tasks and
domains. Our goal is to assess (1) the ability
of the model to adapt to unseen domains with
minimal supervision, and (2) its capacity to
retain previously acquired knowledge over a
sequence of domain shifts.

4.1. Datasets

We utilize the following datasets
spanning multiple domains and task types:

¢ Amazon Multi-Domain Sentiment
Dataset (Blitzer et al.,, 2007): Includes
product reviews from multiple categories
(books, electronics, DVDs, etc.). We treat
each category as a separate domain.

e MultiNLI (Williams et al., 2018):
Natural language inference dataset containing
examples from multiple genres (fiction,
letters, telephone speech, etc.).

¢ TydiQA-GoldP (Clark et al., 2020):
A multilingual question answering dataset
with domain variation through language and
topic shift.

¢ BioASQ and PubMedQA: Domain-
specific QA  datasets used to test
generalization into biomedical text.

e CLINC150 (Larson et al., 2019):
Used for intent detection across user queries
with diverse topics and services.

Each dataset is split into training,
adaptation (meta-test), and evaluation partitions
to simulate continual domain shifts.

4.2. Baselines

We compare MCA with the following
baselines:

¢ Fine-Tuning: Standard training on
source domain(s), followed by adaptation to
the target domain.

e MAML (Fmm et al, 2017):

Gradient-based meta-learning algorithm.
e EWC (Kirkpatrick et al., 2017):

Regularization-based  continual  learning
approach.
e Replay (Rolnick et al, 2019):

Experience replay using memory buffers.

¢ AdapterFusion (Pfeiffer et al.,
2021): Domain-conditioned adapter modules
for cross-domain transfer.

e Prompt-based Meta-Tuning (Gu et
al., 2022): Meta-learning with prompt-tuning
on few-shot tasks.

Our approach, MCA, is compared to these
baselines i both few-shot adaptation and
multi-domain continual learning settings.

4.3. Implementation Details

e Model Backbone: We use a 1.3B
parameter T5 or LLaMA-based architecture
with support for adapters and prompt tuning.

e Adapters: Lightweight modules
inserted  between  transformer layers,
initialized randomly and trained during meta-
updates.

e Memory Size: We use episodic
memory buffers of size 200 per task/domain.

e Meta-Training: Performed on a
randomly sampled set of source domains
using first-order approximation of MAML.
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¢ Learning Rates: Meta learning rate:
le-4; inner-loop rate: Se-5.

e Batch Sizes: 8§ tasks per meta-batch,
16 examples per task.

e Number of Updates: 3 inner-loop
steps per task during meta-training and
adaptation.

e Hardware: Experiments run on
NVIDIA A100 GPUs with mixed precision
training.

4.4. Evaluation Metrics

We evaluate performance using the
following metrics:

e Task Accuracy / F1: Standard
performance metrics for each task (e.g.,
classification accuracy, QA F1).

e Forgetting Measure (FM)
(Chaudhry et al., 2018): Measures the
performance drop on previous domains after
learning new ones.

e Forward Transfer (FT): Measures
mmprovement in performance on new tasks
when pre-trained on others.

¢ Domain Generalization Score
(DGS): Measures the gap between in-domain
and out-of-domain performance across tasks.

Table 1. The Experiments’s results

e Adaptation Speed: Number of
gradient steps required to reach peak
performance on a new domain.

5. RESULTS

This section presents empirical results
that validate the effectiveness of the proposed
Meta-Continual Adaptation (MCA)
framework across multiple NLP tasks and
domains. We report on cross-domain
performance, forgetting behavior, adaptation
speed, and provide ablation analyses.

5.1. Cross-Domain Performance

Table 1 presents the accuracy and F1
scores of MCA and several baselines across
different domain transfer tasks. MCA
consistently outperforms fine-tuning, MAML,
and continual learning methods such as EWC
and Replay in both in-domain and out-of-
domain evaluations.

On the Amazon multi-domain sentiment
dataset, MCA achieves an average accuracy of
87.4%, outperforming standard fine-tuning
(81.1%) and MAML (84.3%). Similar gains are
observed in MultiNLI, where MCA improves
matched and mismatched accuracies by 4.5%
and 5.8%, respectively.

Model Amazon MultiNLI MultiNLI TydiQA CLINC150

(Acc) (Matched) | (Mismatched) (F1) (Acc)

| Fine-Tuning 81.1% 72.4% | 70.8% 63.5% 89.7%
| MAML 84.3% 74.6% 73.2% 67.8% 90.3%
EWC 82.0% 73.1% 71.9% 65.1% 90.1%

: Replay |  83.4% 75.0% 73.5% 68.2% 91.4%
AdapterFusion 85.2% 76.5% 75.0% 69.9% 91.8%

: MCA (Ours) 87.4% 78.3% 76.6% 72.1% 93.2%

These results demonstrate that MCA not
only adapts effectively to new domains but
also generalizes well to tasks from unseen
domains, which 1s essential for lifelong and
real-world applications.

5.2. Knowledge Retention and Forgetting
To evaluate the extent of knowledge
preservation, we calculate the Forgetting

Measure (FM) after each sequential task. As
depicted in Figure 2, MCA exhibits the lowest

30 | TRUONG DAI HOC HAI PHONG

forgetting scores among all baselines. On
average, it maintains over 90% of its initial
performance on prior domains, compared to
only 76% for fine-tuning and 82% for EWC.

Replay-based baselines reduce forgetting
but tend to sacrifice adaptation performance.
MCA, in contrast, maintains a strong balance
between retention and adaptation, validating the
benefits of integrating episodic memory with
meta-learned initialization.
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Figure 2. Forgetting Measure Across Sequential Tasks

5.3. Adaptation Speed

We assess how quickly each method
adapts to a new domain in a few-shot setting.
MCA achieves 90% of its peak performance
within only 5-10 gradient steps, whereas
MAML and fine-tuning require 20-30 steps to
converge. This efficiency is particularly useful

in time-sensitive or resource-constrained
environments, such as online learning or on-
device adaptation.

To assess the contribution of each

component in MCA, we conduct an ablation
study as:

Table 2. The Experiments’s adaptation speed

Configuration Amazon Acc. FM | A(éﬁ;g{t:tion
Full MCA 87.4% 0.08 8
- w/o Replay Memory 84.7% 0.19 9
- w/o Domain Modulation 83.1% 0.13 14
- Meta-Learning Only 84.3% 0.23 21
- Continual Learning Only 81.5% (.12 26

The results confirm that both memory
replay and domain-conditioned modules are
critical to performance. Removing either leads
to significantly increased forgetting and
slower adaptation.

In addition to quantitative metrics, we
manually inspect outputs from question
answering and intent classification tasks.
MCA consistently generates more

contextually grounded and domain-relevant
responses, especially in specialized fields like
biomedical or legal QA. In contrast, other
models produce generic or partially incorrect
answers, revealing limited domain sensitivity.

5.4. Computational Cost Analysis

One of the key considerations in
deploying large language models (LLMs) in
real-world, cross-domain applications is
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computational efficiency. Although the
proposed Meta-Continual Adaptation (MCA)
framework improves generalization and
robustness, it introduces additional
computational overhead due to the integration
of both meta-learning and continual learning
components.

5.4.1. Meta-Learning Overhead:

The inner-loop adaptation of meta-
learning requires multiple gradient steps on
support sets for each new task or domain. This
results in increased training time compared to
standard fine-tuning, particularly in few-shot
scenarios where task-specific adaptation is
frequent. However, this cost is offset by the
model’s ability to quickly adapt with fewer
examples, reducing the total number of
training iterations over time.

5.4.2. Continual Learning Cost:

The mcorporation of memory replay
mechanisms (e.g., episodic memory buffers)
and regularization strategies (such as
distillation or similarity alignment) introduces
moderate storage and computation demands.
Nevertheless, our experiments show that using
lightweight memory (e.g., 512 samples per
task) and parameter-efficient fine-tuning (e.g.,
LoRA adapters) keeps these costs manageable
without compromising performance.

5.4.3. Domain Inference Module:

The unsupervised domain inference
mechanism incurs a small additional cost due
to periodic clustering operations (e.g., K-
means). Since clustering is applied at the task
level (rather than per instance) and cached
across steps, the runtime impact is minimal.

5.4.4. Scalability Considerations:

While MCA introduces a multi-
component training pipeline, we design it to
be modular and compatible with scalable
backbones. Empirically, the overall compute
mcrease 1s approximately 1.2—1.4% compared
to standard continual fine-tuning baselines,
but this i1s compensated by higher data
efficiency, reduced catastrophic forgetting,
and significantly fewer retraining cycles
needed during deployment.
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6. CONCLUSION & FUTURE WORK

In this work, we proposed Meta-
Continual Adaptation (MCA) - a unified
framework that synergistically integrates
meta-learning and continual learning to
enhance the cross-domain robustness of large
language models (LLMs). The results from
extensive experiments across diverse NLP
benchmarks  demonstrate = that MCA
effectively addresses the fundamental
challenges of rapid adaptation, knowledge
retention, and domain generalization.

Key Contributions and Findings

Our empirical analysis reveals that MCA
consistently outperforms strong baselines,
including fine-tuning, MAML, EWC, and
replay-based continual learners. Specifically:

e Fast Adaptation: MCA leverages
meta-learned initialization to enable few-shot
learning with significantly fewer gradient
steps compared to other methods.

* Robust Knowledge Retention: By
incorporating episodic memory replay and
regularization, MCA minimizes forgetting
and maintains stability across previously seen
domains.

e Domain-Aware Generalization: The

integration of domain-conditioned adapter
modules facilitates  selective  knowledge
modulation, improving performance in

heterogeneous and evolving task environments.

Ablation studies confirm that the
success of MCA lies in the interplay between
its meta-learning core, its continual learning
mechanisms, and its domain-aware
architectural components. Removing any one
of these elements significantly degrades
overall performance.

Implications for Lifelong NLP Systems

The proposed framework is particularly
well-suited for real-world applications
where LLMs must continuously adapt to
shifting user contexts, domains, and data
sources. These include:

e Conversational Al that evolves with
user preferences;



¢ Scientific and medical QA systems
that must integrate new research findings;

¢ Multilingual assistants that
incrementally adapt to different languages or
cultural contexts.

By combining adaptability, memory,
and modularity, MCA offers a scalable
foundation for lifelong language learning.

Limitations

While promising, MCA has several
limitations:

1. Memory and Compute Costs:
Episodic memory and meta-updates increase
training complexity and inference latency,
especially in large-scale deployment.

2. Domain Label Dependency: The
framework assumes the availability of domain
or task identifiers, which may not be feasible
m unsupervised or open-world settings.

3. Scalability Challenges: Extending
MCA to hundreds of diverse domains without
performance degradation remains a technical
challenge.

Addressing these limitations 1s essential
for broader adoption.

Future Directions

Future work may pursue the following
directions:

¢ Unsupervised Domain Inference:
Automatically detecting domain/task shifts
using clustering or contrastive learning can
remove reliance on domain labels.

e Efficient Memory Management:
Exploring learnable memory selection,
compression, or prioritization will help scale
MCA to larger environments.

¢ Multimodal and Multitask
Extension: Adapting MCA to handle vision-
language, code-language, and speech-
language tasks would extend its utility.

¢ Instruction-Based Lifelong
Learning: Integrating MCA with instruction-
tuned LLMs can support continuous
alignment with evolving user needs and goals.

Conclusion

This study demonstrates that combining
meta-learning and continual learning in a
unified architecture substantially enhances the
cross-domain generalization capacity of
LLMs. By supporting rapid adaptation,
minimizing forgetting, and enabling domain-
aware knowledge transfer, Meta-Continual
Adaptation offers a viable and effective
solution for building adaptive, resilient, and
lifelong NLP systems. As LL.Ms continue to
evolve, frameworks like MCA will be
essential to unlocking their full potential in
dynamic, real-world environments.
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