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Abstract

This paper presents a novel architectural paradigm addressing
knowledge degradation in large language models during continual
fine-tuning. The framework leverages a Mixture-of-Experts-style
approach, integrating multiple low-rank adapters governed by an
intelligent routing mechanism. By freezing core model parameters
and dynamically allocating task-specific expertise, this method pre-
serves inherent world knowledge while enhancing performance
across diverse downstream applications. The proposed Dynamic
LoRA-Experts with Prototype-Ensemble Matching (DLEPM) frame-
work demonstrates superior performance on sequential NLP bench-
marks, achieving 89.2% average accuracy with only 5.4% forget-
ting—outperforming existing continual learning methods. Empirical
evaluations validate the framework’s efficacy in maintaining large
language model fidelity during continuous adaptation.

CCS Concepts

« Computing methodologies — Continual learning; Natural
language processing; Transfer learning.
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1 Introduction

Large Language Models (LLMs) such as BERT [7], GPT-2 [25], and
LLaMA [32] have demonstrated remarkable capabilities across a
wide range of natural language processing (NLP) tasks. These mod-
els are typically pre-trained on massive corpora and subsequently
fine-tuned for specific downstream applications. However, most
fine-tuning practices assume static data and task availability—an
assumption that breaks down in real-world settings where data
arrives continuously, tasks evolve, and domain shifts are common.
This creates a need for continual learning in LLMs, where models
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must assimilate new information without overwriting previously
learned knowledge.

A central challenge in continual learning is catastrophic forget-
ting, wherein performance on earlier tasks deteriorates as the model
is fine-tuned on new ones. In the context of LLMs, this can manifest
as the loss of factual knowledge, degraded linguistic competence,
or bias toward recently seen data. While some techniques like re-
hearsal buffers or regularization have been explored to mitigate
forgetting [16, 26], these approaches often incur memory overhead,
privacy risks, or computational inefficiency.

Recent progress in parameter-efficient tuning methods offers
promising alternatives. Techniques such as adapters [11], prefix
tuning [18], and Low-Rank Adaptation (LoRA) [12] allow models to
learn new tasks with minimal updates to the base model. LoRA, in
particular, injects lightweight trainable parameters into attention
and feedforward layers of transformer-based models while keep-
ing the pre-trained weights frozen. However, most studies apply
LoRA in multi-task or domain adaptation settings, and its use in
continual fine-tuning across a sequence of language tasks remains
underexplored.

To address these limitations, we propose a novel framework
for continual LLM adaptation, called Dynamic LoRA-Experts with
Prototype-Ensemble Matching (DLEPM). Our method deploys a
bank of LoRA-based expert modules, with each expert dedicated
to a specific stage in the learning timeline. A lightweight routing
network dynamically selects the most relevant expert module for
a given input during inference, allowing the model to preserve
task-specific knowledge without interference. Furthermore, we in-
troduce a prototype-ensemble matching mechanism that maintains
task-level feature representations (prototypes) in the embedding
space. During inference, predictions are made via an ensemble of
expert outputs and their similarity to stored prototypes. This en-
ables semantic alignment across tasks, robustness to distributional
drift, and improved generalization in non-stationary environments.

Our key contributions are: (1) We propose DLEPM, a continual
fine-tuning framework for LLMs that combines dynamically routed
LoRA-based experts with a prototype memory mechanism. (2) We
design a routing network that learns to activate task-appropriate
adapters at inference time, enabling scalable and interference resis-
tant knowledge integration. (3) We incorporate a prototype-based
ensemble classification strategy that enhances robustness and mit-
igates forgetting through representation-level reasoning. (4) We
validate DLEPM on sequential NLP tasks across GLUE [34] and
text classification benchmarks, demonstrating improved perfor-
mance and reduced forgetting compared to existing adapter- and
LoRA-based methods.
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2 Related Work

Continual learning for large language models is an emerging field
that addresses the need for updating models with new knowledge
while retaining previously learned capabilities. In this section, we
review key areas relevant to our work, including continual fine-
tuning of LLMs, parameter-efficient adaptation techniques, expert
routing in modular networks, and prototype-based representation
learning.

2.1 Continual Learning in LLMs

Traditional fine-tuning of LLMs on new tasks often leads to cata-
strophic forgetting—a well-documented issue where performance
on prior tasks degrades when a model is trained on new data. This
problem is exacerbated in LLMs due to their large parameter count
and the tightly coupled nature of learned knowledge. One approach,
Elastic Weight Consolidation (EWC) [16], applies regularization
to penalize changes to parameters deemed important for previous
tasks. A comprehensive survey of continual learning methods [4]
covers memory-based rehearsal approaches. However, these ap-
proaches are often computationally expensive or violate data pri-
vacy constraints.

Recent studies explore continual pretraining or continual fine-
tuning strategies that involve constrained gradient updates [13],
selective memory retention, or mixture-of-task prompting [23].
Work on lifelong pretraining for LLMs with dynamic task alloca-
tion [15] has shown promise in this direction. Despite these efforts,
the challenge remains in balancing model plasticity and stability
without retraining the entire network or retaining large portions
of historical data.

2.2 Parameter-Efficient Tuning and LoRA

To enable scalable adaptation of LLMs, parameter-efficient tun-
ing (PET) techniques have gained widespread popularity. These
include adapter modules [11] that insert small trainable layers be-
tween frozen transformer blocks, prefix tuning [18] which prepends
learnable vectors to the input sequence, and Low-Rank Adaptation
(LoRA) [12] which introduces trainable rank-decomposed matrices
into transformer layers while freezing the pre-trained model. This
approach has been successfully applied in multi-task and cross-
lingual scenarios [37].

While PET methods reduce the risk of catastrophic forgetting
by avoiding full fine-tuning, their application in continual learning
remains underexplored. Most existing approaches assume access
to task identifiers and lack mechanisms for dynamic adaptation
across evolving task sequences. Recent work on quantized LoRA
for efficient fine-tuning [6] has primarily focused on single-task
scenarios.

2.3 Expert Routing in Modular LLMs

Inspired by Mixture-of-Experts (MoE) models, routing-based mod-
ularity has emerged as a promising paradigm in large-scale mod-
els. Early work demonstrated that sparsely activated expert net-
works [28] can scale efficiently. Recent architectures like GLaM [8]
and Switch Transformers [9] leverage learned gating mechanisms
to select task-specific experts, improving both efficiency and spe-
cialization.
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In continual learning, task-specific adapters with routing allow
selective reuse of prior knowledge. AdapterFusion [22] proposes
combining multiple adapters through learned attention mecha-
nisms. However, these methods often require task identifiers or
assume known task boundaries, limiting their practicality. Our work
extends this idea by introducing a lightweight, task-agnostic rout-
ing network that learns to dynamically select LoRA-based experts
based on input representations alone.

2.4 Prototype-Based Representation Learning

Prototype-based methods represent each class or task as a centroid
in the feature space, facilitating robust classification and knowledge
retention. Prototypical networks [29] introduced distance-based
classification using class prototypes for few-shot learning, demon-
strating effective generalization. Prototype-based methods have
been applied [10] to semantic matching in NLP tasks.

In continual learning, prototypes serve as lightweight summaries
of task-specific features, reducing the need to retain raw examples.
Contrastive learning with prototypes [31] has been used for contin-
ual text classification. Prototype-based classification in iCaRL [27]
demonstrated effectiveness for continual visual recognition. Our ap-
proach incorporates a prototype-ensemble mechanism that comple-
ments dynamic adapter routing, combining symbolic task memory
with deep representations for more stable inference.

2.5 Ensemble Methods for Lifelong NLP

Ensembling techniques are known to improve robustness and gener-
alization in neural models. Ensemble learning has been applied [19]
to multilingual transfer and used [14] for model compression through
knowledge distillation. The ELLA (Efficient Lifelong Learning Al-
gorithm) [24] employs ensemble-based strategies for catastrophic
forgetting mitigation. However, traditional ensembles are computa-
tionally expensive and scale poorly.

Our work proposes a hybrid ensembling approach—combining
outputs from routed LoRA experts and prototype similarity scores
offering a balance between expressiveness, efficiency, and contin-
ual adaptation. This approach differs from standard ensembles by
maintaining a fixed backbone and dynamically selecting specialized
components rather than maintaining multiple full models.

3 Methodology

We propose Dynamic LoRA-Experts with Prototype-Ensemble Match-
ing (DLEPM), a modular framework for continual fine-tuning of
large language models (LLMs) under non-stationary NLP task streams.
DLEPM is designed to retain previously acquired knowledge while
enabling efficient adaptation to new tasks. The framework combines
two core components: (1) dynamically routed low-rank adaptation
modules (LoRA-Experts) and (2) a lightweight prototype-based
ensemble matching mechanism for robust classification and knowl-
edge retention.

3.1 Problem Formulation

Given a sequential stream of NLP tasks 71, 72, . . ., 7;, where each
task 7; introduces a new set of labels or domains (e.g., new intents,
sentiment classes, topics), our objective is to adapt a pre-trained
LLM to this evolving task stream without catastrophic forgetting.
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During task 7;, access to past task data 71, ..., 7i—1 is restricted.
The model must maintain high accuracy on all previously learned
tasks while efficiently adapting to new ones.

Our architecture comprises: (1) A frozen transformer-based back-
bone fy (e.g., BERT, RoBERTa, or GPT-2) shared across all tasks. (2)
A bank of task-specific LoRA adapter modules £ = {Ly, Ly, ..., L;}
inserted into attention and feedforward blocks. (3) A routing net-
work R that dynamically assigns input samples to the most relevant
LoRA expert(s) during inference. (4) A prototype memory M that
stores task-level embedding centroids for ensemble-based decision
refinement.

3.2 Dynamic LoRA-Experts

To facilitate modular adaptation, we attach LoRA adapters to se-
lected layers in the frozen LLM. For each task 7;, we instantiate a
new expert module L;, defined by low-rank matrices (A;, B;):

AW; = A;B;, with rank(A;),rank(B;) < d

where d is the dimensionality of the original weight matrix in the
attention or MLP layer. The modified forward pass for a transformer
block with LoRA enhancement becomes:

h= fy(x) + AWix

This ensures parameter-efficient tuning where only a small number
of parameters are updated per task, while the backbone remains
unchanged. The LoRA formulation allows us to add task-specific
adaptations without modifying the pre-trained weights, thereby
preserving the model’s general language understanding capabilities.

3.3 Routing Mechanism

To support dynamic selection of task-relevant experts during in-
ference, we train a lightweight routing network R that maps the
frozen LLM’s output embedding to a probability distribution over
LoRA experts:

a=R(fo(x)) € R’

The final contextual representation is computed as a weighted sum
of expert-enhanced outputs:

t
h= Z aj - (fo(x) + AWjx)
j=1
This enables task-agnostic expert selection without requiring ex-
plicit task IDs or hard boundaries, making the system suitable for
real-world continual learning scenarios. The routing network learns
to identify task characteristics from input representations alone,
eliminating the need for external task labels during deployment.

3.4 Prototype-Ensemble Matching

To complement modular adaptation, we introduce a semantic-level
decision refinement mechanism using prototype memory. After
training on task 7;, we compute prototype vectors {y_} for each
class c in the task by averaging frozen embeddings:

pe=57 2y o)

XES.
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where S denotes stored or cached samples from class c. During
inference, we combine similarity to these prototypes with the clas-
sifier logits to produce final predictions:

7 =argminA - CosSim(h, ) + (1 — A) - logit,
c

Here, A € [0, 1] balances the influence of prototype similarity versus
classifier confidence. This ensemble approach mitigates feature
drift and enhances generalization in overlapping or imbalanced
label spaces. The prototype memory serves as a semantic anchor,
providing stable reference points that help maintain consistent class
boundaries across task transitions.

3.5 Training Procedure

The training pipeline for DLEPM follows an incremental pattern.
For each task 7;, a new LoRA expert L; is initialized and trained
using the task-specific data, while keeping the backbone frozen.
The routing network R is jointly trained with L; to learn soft ex-
pert selection. This joint training ensures that the router learns to
associate input patterns with appropriate expert activations. Af-
ter training, class prototypes from the current task are computed
and added to the prototype memory M. Inference for any sam-
ple uses a combination of expert-enhanced representations and
prototype-guided scoring to determine the final class.

3.6 Implementation Details

We use the bert-base-uncased checkpoint from HuggingFace
Transformers with its associated tokenizer across all tasks. The
model weights are frozen during continual fine-tuning. For all LoRA
modules, we use a rank r = 8, scaling factor @ = 16, and dropout
rate of 0.1. LoRA is applied to the query and value projection layers
in the transformer. The router is a two-layer MLP with hidden
size 128 and GELU activation, followed by a softmax temperature
7 = 0.8 for expert weighting. The ensemble similarity and logits
are balanced using A = 0.5 across all tasks.

We use a maximum input sequence length of 128 tokens. The op-
timizer is AdamW with a learning rate of 2x10~4, weight decay 0.01,
and linear warmup over the first 10% of steps. Each task is trained
for 5 epochs with a batch size of 32. Each experiment is repeated
across 3 random seeds (42, 123, 2023), and we report mean values
across runs. All experiments are conducted on a single NVIDIA
A100 GPU with 40GB VRAM. The framework is implemented using
PyTorch 2.0 and HuggingFace Transformers v4.35.

4 Experimental Setup

4.1 Datasets

We evaluate DLEPM on three task sequences built from GLUE [34]
and text classification datasets. The first sequence consists of SST-
2[30] —» AG News [36] — TREC-6 [17], progressing from sentiment
analysis to news categorization to question classification. The sec-
ond sequence includes IMDB [20] — Yelp Polarity [36] — Amazon
Reviews [21], focusing on various sentiment analysis domains. The
third sequence comprises SNLI [1] — RTE [3] — CB [5], testing
natural language inference capabilities. For each sequence, models
are fine-tuned sequentially without access to prior task data.
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Table 1: Performance comparison across continual NLP tasks.
AvgAcc: average accuracy (%), FA: final accuracy on all tasks
(%), FM: forgetting measure (%).

Method AvgAce FA FM
EWC [16] 804 761 113
Replay Buffer [4] 82.6 77.9  10.7
AdapterFusion [22] 84.1 79.8 9.6
L2P [35] 85.3 80.5 8.1
ELLA [24] 867 823 79
DLEPM (Ours) 89.2 846 5.4

4.2 Baselines

We compare DLEPM against several strong baseline methods. EWC [16]

applies regularization to prevent significant changes to important
parameters. Replay Buffer [4] stores and replays examples from
previous tasks during training. AdapterFusion [22] combines mul-
tiple task-specific adapters using learned attention mechanisms.
L2P [35] uses learnable prompts in a pool for continual learning.
ELLA [24] employs an efficient lifelong learning algorithm with
ensemble-based strategies. All methods are implemented under
consistent settings for fair comparison.

4.3 Evaluation Metrics

We follow standard continual learning evaluation protocols and
report three key metrics. Average Accuracy (AvgAcc) measures the
mean accuracy across all tasks, averaged after each task completion.
Final Accuracy (FA) measures accuracy on the entire set of tasks
after training on the last task. Forgetting Measure (FM) computes
the average drop in performance on previously learned tasks, cal-
culated as the difference between the best accuracy and the final
accuracy for each task [2]. These metrics comprehensively assess
both the model’s ability to learn new tasks and its capacity to retain
knowledge from previous tasks.

5 Results and Discussion
5.1 Quantitative Results

Table 1 summarizes the performance of DLEPM and baseline meth-
ods across the continual NLP task sequences. DLEPM achieves the
highest overall performance and the lowest forgetting across all
task sequences, demonstrating 89.2% average accuracy and 84.6%
final accuracy with only 5.4% forgetting. This represents signifi-
cant improvements of 2.5% in average accuracy and 2.3% in final
accuracy compared to the next best method (ELLA), while reducing
forgetting by 2.5 percentage points.

The superior performance of DLEPM can be attributed to its
dual mechanism of dynamic expert routing and prototype-based
ensemble matching. The routing network successfully learns to
activate appropriate experts even without explicit task identifiers,
while the prototype memory provides semantic anchoring that
stabilizes predictions across task boundaries. This effectiveness in
preserving linguistic knowledge from earlier tasks while adapting
to new domains validates our design choices.

Mridul Banik

5.2 Ablation Studies

To evaluate the impact of dynamic expert selection, we compare
DLEPM with a variant using static task-specific adapters without
routing. Results show that dynamic routing improves final accuracy
by 2.3% and significantly reduces forgetting by 1.8 percentage points.
This highlights the benefit of using learned routing to determine
the most appropriate expert modules without explicit task identity.

We further assess the contribution of the prototype-ensemble
module by removing it during inference. The ablation leads to a
2.5% drop in final task accuracy and increases confusion between
similar classes, particularly in sentiment polarities. This confirms
that prototype memory provides valuable semantic alignment for
robust classification under feature drift. The combination of both
components yields the best performance, validating our hybrid
approach.

5.3 Memory and Computational Efficiency

DLEPM scales with a fixed number of lightweight LoRA modules
per task, each contributing only 0.5% of the total model parame-
ters. Compared to replay buffers that require storing thousands
of examples or full fine-tuning strategies that risk catastrophic
forgetting, our method offers superior memory efficiency while
maintaining or improving task performance. Prototype storage is
also minimal—typically requiring only a few embedding vectors
per class, totaling less than 1MB for the entire prototype memory
across all tasks.

The computational overhead during inference is modest. The
routing network adds approximately 5% to inference time, while
prototype similarity computation adds another 3%. This 8% total
overhead is negligible compared to the performance gains achieved,
making DLEPM practical for deployment in resource-constrained
environments or real-time applications.

5.4 Qualitative Analysis

We visualize task-specific representations learned by DLEPM using
t-SNE [33] on sentence embeddings from the final task in the SST-2
— AG News — TREC-6 sequence. Figure 1 shows well-separated
clusters for each class, indicating strong task retention and dis-
criminative feature learning. Classes from earlier tasks (Positive,
Negative) maintain clear boundaries despite being learned before
later tasks, demonstrating effective forgetting mitigation.

The visualization reveals that DLEPM maintains distinct seman-
tic regions for different classes and tasks. The distance between
clusters from different tasks (e.g., sentiment classes versus news
categories) indicates successful task separation, while the com-
pactness within clusters suggests strong within-class consistency.
This spatial organization in the embedding space provides empir-
ical evidence for the framework’s ability to organize knowledge
hierarchically without interference.
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t-SNE Embedding of Text Representations
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Figure 1: t-SNE visualization of sentence embeddings after
the final task in the SST-2 — AG News — TREC-6 sequence.
Clusters reflect strong class separation and retention across
continual tasks.

6 Conclusion and Future Work

In this paper, we introduced DLEPM—a modular framework for con-
tinual fine-tuning of large language models that integrates dynami-
cally routed LoRA-based experts with prototype-ensemble match-
ing. Designed to address the persistent challenge of catastrophic for-
getting, DLEPM enables task-specific adaptation without compro-
mising the stability of previously acquired knowledge. Our method
leverages the power of parameter-efficient LoRA adapters and a
lightweight routing mechanism to assign appropriate experts for
each task, even in the absence of explicit task identifiers.

The integration of a prototype-based ensemble decision module
enhances robustness during inference by aligning predictions with
semantically meaningful feature representations. Extensive eval-
uations on sequential NLP benchmarks demonstrate that DLEPM
consistently outperforms strong baselines in terms of average accu-
racy, final task performance, and forgetting mitigation. Importantly,
it achieves this while maintaining a fixed frozen backbone, incurring
minimal memory and compute overhead, and remaining compatible
with widely used pre-trained LLMs.

Future research directions include extending DLEPM to task-free
and unsupervised continual learning settings, where labeled task
boundaries may not be available. Exploring transformer-based or
attention-aware routers may allow more expressive and context-
sensitive expert selection beyond softmax gating. We also plan
to investigate continual prototype refinement and compression
methods to further reduce memory usage. Extending DLEPM to
vision-language or speech-text scenarios by incorporating multi-
modal adapters represents another promising direction. Finally,
formalizing the behavior of modular adaptation and prototype-
guided inference could help quantify forgetting and guide future
model designs with provable generalization bounds.
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