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ABSTRACT

Adapting Large Language Models (LLMs) to a continuous stream of tasks is a
critical yet challenging endeavor. While Parameter-Efficient Fine-Tuning (PEFT)
methods have become a standard for this, they face a fundamental dilemma in
continual learning. Reusing a single set of PEFT parameters for new tasks often
leads to catastrophic forgetting of prior knowledge. Conversely, allocating distinct
parameters for each task prevents forgetting but results in a linear growth of the
model’s size and fails to facilitate knowledge transfer between related tasks. To
overcome these limitations, we propose a novel adaptive PEFT method referred to
as Mixtures of SubExperts (MoSEs), a novel continual learning framework designed
for minimal forgetting and efficient scalability. MoSEs integrate a sparse Mixture
of SubExperts into the transformer layers, governed by a task-specific routing mech-
anism. This architecture allows the model to isolate and protect knowledge within
dedicated SubExperts, thereby minimizing parameter interference and catastrophic
forgetting. Crucially, the router can adaptively select and combine previously
learned sparse parameters for new tasks, enabling effective knowledge transfer
while ensuring that the model’s capacity grows sublinearly. We evaluate MoSEs
on the comprehensive TRACE benchmark datasets. Our experiments demonstrate
that MoSEs significantly outperform conventional continual learning approaches
in both knowledge retention and scalability to new tasks, achieving state-of-the-art
performance with substantial memory and computational savings.

1 INTRODUCTION

Large Language Models (LLMs) have significantly advanced the state of natural language processing
(NLP), powering systems that perform tasks such as summarization, question answering, dialogue,
translation, and reasoning (Brown et al., 2020; OpenAl, 2023; Touvron et al., 2023). These models are
typically pretrained on massive corpora using self-supervised learning and subsequently fine-tuned
for specific downstream applications. However, their training paradigm is inherently static: once
deployed, LLMs cannot easily incorporate new knowledge or adapt to evolving domains without
costly retraining or fine-tuning on large datasets.

In real-world scenarios, where data continuously arrives and user demands shift over time, models
must be updated efficiently without degrading past performance. Continual Learning (CL) addresses
this challenge by enabling models to acquire new tasks sequentially while retaining previously learned
knowledge (Parisi et al., 2019). Unfortunately, deep neural networks—especially those with shared
parameters—suffer from catastrophic forgetting when fine-tuned in sequence (McCloskey & Cohen,
1989; Kirkpatrick et al., 2017), as gradients for new tasks often override information critical for
earlier ones. Although CL has been extensively studied in smaller-scale settings such as image
classification, adapting it to large-scale language models remains an open problem. LLMs introduce
unique challenges for CL, including high memory requirements, difficulty in task boundary detection,
and interference due to overparameterization.

Several conventional strategies have been proposed to mitigate forgetting, but most struggle with
scalability and efficiency. Replay-based methods (Lopez-Paz & Ranzato, 2017; Chaudhry & et al.,
2019) maintain exemplar buffers from previous tasks and interleave them during training. However,
storing real data raises privacy and compliance concerns, particularly in sensitive domains such as
healthcare or finance. Moreover, replay buffers grow linearly with the number of tasks, limiting



their practicality. Regularization-based approaches such as Elastic Weight Consolidation (EWC)
(Kirkpatrick et al., 2017) and Synaptic Intelligence (SI) (Zenke & et al., 2017) and Architecture-based
approaches such as Supermasks in Superposition (SupSup) (Wortsman et al., 2020) and Winning
SubNetworks (WSN) (Kang et al., 2022) restrict updates to parameters deemed important for past
tasks. These methods, while effective in small models - convolutinal neural networks (CNNs), often
underperform on high-dimensional parameter spaces like transformers due to limited plasticity and
reliance on heuristic importance metrics.

In transformer-based LLM fields, Parameter-efficient fine-tuning (PEFT, Figure 1) offers an attractive
alternative by modifying only a small subset of model parameters for each task, reducing compu-
tational overhead and allowing quick deployment (Houlsby et al., 2019; Hu et al., 2021a; Li &
Liang, 2021). Adapter modules, LoRA (Low-Rank Adaptation), and prefix tuning have shown strong
performance in multitask and transfer learning scenarios. However, naive application of PEFT to
continual learning still leads to severe forgetting, as task-specific parameters can interfere without
proper isolation or coordination. Another promising direction is the use of Mixture of Experts (MoE)
architectures (Shazeer et al., 2017; Lepikhin & et al., 2020; Fedus & et al., 2022), which introduce
sparse routing to different expert subnetworks, increasing model capacity without proportionally
increasing inference cost. While MoEs allow for modular computation and dynamic routing, they
have not yet been successfully adapted for large language continual learning. Without a mechanism
to prevent expert overlap or drift, MoE-based models still experience performance degradation in
sequential settings (Zhang & et al., 2023).

To overcome these limitations, we propose a novel method for continual learning in LLMs, titled
Mixture of SubExperts (MoSEs) for parameter-efficient fine-tuning. Our method is designed to
integrate the strengths of modular expert-based computation with the efficiency of PEFT techniques,
enabling scalable, robust, and interference-rare LLM continual learning across tasks.
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Figure 1: Continual LLMs: the objective is to design a fine-tuned transformer that works well across
a sequential task: two types of parameter-efficient fine-tuning (PEFT) methods through Low-Rank
Adaptation (LoRA) at attention layers and Mixture of Experts (MoEs) at feed forward network (FFN)
layer. A, B are the learnable parameters, initialized respectively.

Our contributions are summarized as follows:

* We introduce a sparsely-gated Mixture of SubExperts (MoSEs) framework in which sparse experts are selected
and their sparse parameters are adaptively overlapped across tasks, thus maximizing the model scalability.

* Adaptively by selecting task-specific sub-experts with prompt embedding in sparse attention layers, our
MoSEs achieve minimal catastrophic forgetting while reducing computational overhead, without explicit
regularization or replay.

* We evaluate MoSEs on the TRACE benchmark datasets, which include a diverse set of language tasks,
demonstrating that MoSEs are the state-of-the-art method in terms of performance, forgetting, and parameter
efficiency.

2 RELATED WORK

Continual learning (CL), also known as lifelong learning, aims to enable models to sequentially
learn multiple tasks without catastrophic forgetting (Parisi et al., 2019). Classical CL methods are



broadly categorized into regularization-based, replay-based, and dynamic architecture approaches.
Regularization-based methods, such as Elastic Weight Consolidation (EWC) (Kirkpatrick et al.,
2017) and Synaptic Intelligence (SI) (Zenke & et al., 2017), constrain updates to important parameters
for past tasks by adding Fisher-based penalties. These methods are effective in small-scale models
but degrade under the scale and parameter redundancy of LLMs. Replay-based methods mitigate
forgetting by storing a subset of past data for rehearsal (Rebuffi et al., 2017; Chaudhry et al., 2019a;b;
Saha et al., 2021; Lin et al., 2023; Liang & Li, 2024). Although effective, they raise concerns about
data privacy and storage costs, particularly in domains such as healthcare and finance. Architecture-
based models, such as Progressive Neural Networks (Rusu & et al., 2016), Dynamically Expandable
Networks, allocate new sub-networks for each task, and Supermasks in Superposition (Wortsman
et al., 2020), which use fixed backbones with binary masks to carve out task-specific subnetworks.
While avoiding forgetting, they lead to linear parameter growth and inference inefficiencies, which are
prohibitive in large-scale transformer models. To alleviate the linear growth of expanded parameters,
Winning SubNetworks (WSN) (Kang et al., 2022) was proposed using a task-adaptive parameter
reuse mechanism. However, the effectivness and efficiency of WSN are limited to convolutional
neural networks (CNNs). In this work, we design a new subexpert routing continual learning method
with computational or memory constraints in LLMSs, where retraining or full fine-tuning is costly.

To adapt pretrained language models efficiently, parameter-efficient fine-tuning (PEFT) methods have
emerged as practical alternatives to full model updates. These include Adapters (Houlsby et al., 2019),
Prefix-Tuning (Li & Liang, 2021), and Low-Rank Adaptation (LoRA) (Hu et al., 2021a). These
methods introduce small, trainable modules while keeping most of the backbone frozen. LoRA, for
example, inserts low-rank matrices into attention and feed-forward layers, achieving performance
comparable to full fine-tuning with significantly fewer trainable parameters. While PEFT methods
excel at reducing resource demands and enabling multi-task deployment, they are not designed for
sequential learning. In continual learning settings, updating adapters or LORA weights across tasks
can still result in parameter interference unless task-specific modules are carefully isolated. Methods
such as AdapterFusion and Prompt Tuning offer some modularity, but fail to scale to long task
sequences or handle forgetting explicitly. Recent works have started combining PEFT with continual
learning (Zhang & et al., 2023), but often lack routing mechanisms that control expert sharing or
protection between tasks.

To address the issues of routing mechanisms, Mixture-of-Experts (MoE) models were introduced
to increase capacity without a proportional increase in compute by activating only a subset of
experts per input (Shazeer et al., 2017; Lepikhin & et al., 2020; Fedus & et al., 2022). MoEs
have shown remarkable scalability in language models such as GLaM (Du & et al., 2022), Switch
Transformers (Fedus & et al., 2022), and others. The sparse, conditional computation of MoEs offers
a natural avenue for continual learning: individual experts can potentially be assigned or reserved
for specific tasks. However, most MoE architectures are trained in multitask settings with joint
routing optimization. This leads to entangled expert specialization and makes it difficult to prevent
interference during sequential task updates. Additionally, conventional routing mechanisms are
typically optimized end-to-end and lack control over expert assignment post-training. As a result,
they do not support continual task addition or expert freezing without retraining the full model.
Recent works such as task-adaptive routing (Zhang & et al., 2023) or modular continual learning
have begun exploring MoE-based solutions, but they remain limited in scalability or require task
identity at inference. Our work builds on these insights and thorough observations by combining
parameter-efficient fine-tuning with task-aware, interference-free expert assignment, offering a novel,
sparse, and scalable solution to continual learning in LLMs.

3 PREREQUISITES

We begin by reviewing conventional fine-tuning approaches, including Low-Rank Adaptation (LoRA)
and Mixture-of-Experts (MoE), and discuss the key challenges these methods present for continual
learning (CL) in large language models (LLMs).

3.1 PRELIMINARIES

Problem Statement. Continual Learning (CL) involves training deep neural networks (DNNs)
on a time-varying data stream represented as a sequence of tasks, D = {Dy,--- , D7 }. Each task



Dy = {(x!, y!)}it, consists of n, data points, where ! € X; denotes an input sample, and y! € ),
is the corresponding label. Upon arrival of the ¢-th task Dy, the model fg is updated using only the
current task data, as previous data D, from earlier tasks are no longer accessible.

This work focuses primarily on task-agnostic incremental learning (TalL), a challenging CL setting,
where the task identity is available during training as the sequence index but is not provided at
inference time. The learning objective in this setting is formally as follows:
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3.2 Low-RANK ADAPTATION (LORA)

Low-Rank Adaptation (LoRA) (Hu et al., 2021a), stated in Figure 1, is a parameter-efficient fine-
tuning method tailored to adapt large pre-trained models, such as Transformers, by introducing
trainable low-rank matrices into selected layers while keeping the original weights 6 frozen at
all attention layers. This strategy has proven effective in continual learning scenarios involving
large language models (LLMs), where both computational efficiency and mitigation of catastrophic
forgetting are essential.

Rather than updating the full pre-trained weight matrix & € R?*¢ during training, LoRA re-
parameterizes it as:

0’ =01+ A0, where AO = BA, )
where A € R"™*? and B € R?*" are low-rank matrices with rank 7 < d. The base matrix  is
frozen and only low-rank matrices A and B are trained. The update A8 is scaled by a factor o/r
to regulate its magnitude. During inference, the low-rank update can either be merged into 8 for
efficient execution or retained as a modular adapter to allow flexible task switching.

LoRA offers several benefits for continual learning in LLMs. It significantly reduces the number of
trainable parameters, allowing for scalable multi-task training. Since the base model is kept frozen, it
effectively preserves prior task knowledge, helping to prevent catastrophic forgetting. Moreover, its
modularity facilitates task-specific adaptation and transfer learning while also reducing storage and
communication costs by requiring only the lightweight adapter weights to be stored or transferred.

However, LoRA also presents several limitations in real-world scenarios. As the number of tasks
increases, managing a large collection of adapters can introduce memory and storage challenges.
During deployment, if adapters are not merged into the base model, switching tasks may necessitate
loading different sets of weights, adding complexity to the inference process. Additionally, when
adapters are reused across tasks, interference between tasks can arise unless special care is taken to
manage this sharing.

3.3 MIXTURE-OF-EXPERTS (MOE)

Mixture-of-Experts (MoE), shown in Figure 1, is a modular architecture that enhances neural networks
by introducing a set of parallel expert subnetworks, combined with a routing mechanism that selects a
subset of these experts for each input (Shazeer et al., 2017) at all feed-forward network (FFN) layers.
MOoE introduces a set of [N expert networks and a routing function that selects a sparse subset of
k < N experts for each input, allowing conditional computation. For input x, the output is:

MoE(x) = Y Rj(z)- Ej(x), 3)

JETopK(R())

where R;(x) is the dense routing weight and E; is the j-th dense expert. This approach has gained
significant traction in scaling large language models (LLMs) efficiently and is increasingly adopted
in continual learning scenarios.

In the MoE architecture, each expert is a feedforward network, and a trainable gating function
determines which k£ out of N experts should process a given input. The use of sparse gating -
activating only a small subset of experts - ensures that the computational overhead remains low, even
when the number of experts is large.
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Figure 2: Mixtures of SubExperts (MoSEs): The Self-Attention layer is fine-tuned by MoSEs to operate on
task-specific tokens. Given, mﬁfl and x}, the MoSEs router adaptively distributes them across N sub-experts.
Each token is routed to the most relevant subexperts, and the final output is computed as the weighted sum of the
selected subexpert outputs, where the weights correspond to the router gate values (e.g., p = 0.65 or p = 0.72).

Specifically, conventional MoE models offer compelling advantages for continual learning. Experts
can specialize in different tasks or domains, which helps preserve previously learned knowledge and
reduces catastrophic forgetting. With sparse activation, MoE allows scaling up the model’s capacity
without increasing inference cost linearly. Like LoRA, only a fraction of the parameters is updated
per input, enabling efficient training on task-specific data and memory reuse. New tasks can be
handled by introducing or fine-tuning a subset of experts, facilitating incremental learning without
touching the base model.

Despite their promise, MoE poses several challenges in practice: Certain experts may be overused,
while others remain underutilized, leading to inefficient learning and poor generalization. The gating
mechanism can introduce instability or collapse, i.e., routing to the same experts, requiring careful
regularization and training tricks in continual learning. Task-specific routing and expert configurations
complicate deployment, especially in constrained environments. Moreover, as the number of tasks
increases, managing and storing expert configurations per task becomes a scalability bottleneck.

4  OUR MIXTURES OF SUBEXPERTS (MOSES)

To address the issues led by the classical MoE, we propose a new continual learning framework,
Mixtures of SubExperts (MoSEs), designed for large-scale language models, as shown in Figure 2.
MoSEs enable scalable and efficient continual learning by combining sparse mixture-of-subexperts’
representations, task-specific sparse routing, and parameter-efficient fine-tuning at attention layers.
To control model capacity growth, MoSEs select sparse subexperts and adaptively reuse previously
learned weights. Unlike traditional methods that require loading separate weights per task, our
MoSEs simplify task management through binary subnets and prompt-based control. To ensure a
balanced utilization of subexperts, we reinitialize the gating and expert score parameters s at the
beginning of each new task. Furthermore, to avoid routing instability and expert collapse, MoSEs
apply top-c% subexpert sparsity selection without freezing previously learned parameters, effectively
preserving prior knowledge while enabling robust and stable task adaptation.

4.1 MIXTURES OF SUBEXPERTS

Similar to LoRA, sparse Mixture-of-SubExperts (MoSEs) are augmented with pre-trained parameters
at selected transformer attention layers. Each MoSE layer consists of a pool of N sub-neural experts
and a trainable sparse routing function. For a given input representation x, the sparse router computes
a score vector R( ) € RY that weights the relevance of each sparse expert E (x). A sparse top-k
selection is applied to activate only the most relevant experts:

MOSEBth(m): Z Rl0®5t( ) Eé@ﬁi( ) (4)
JETopK (B! (z))



where R% 08! (z) is the sparse routing weight represented by sparse parameters 8 © &% and Eg ¢

is the j-th sparse expert calculated by [’Xo) E; at t-th task; binary masks m! = {&?, &'} obtained

by selecting top-c% of each weight score function s and 6 are learnable parameters, respectively.
Only selected subexperts are involved in the forward and backward passes, ensuring computational
efficiency and localized updates.

Each task is assigned its sparse routing mask to mitigate forgetting, activating a distinct subset of
sparse experts. Upon arrival of a new task ¢, we assign a layer-wise task-specific expert subset

MoSEg om?’ train only the parameters of Eé@&; and the routing weights R9~® 5t The hidden state k'
at the [-th layer is adapted by MoSE as follows:

h' = x6' + - MoSE;_  (x) ©)

where the pre-trained weight 8/ € R™*" and mixtures of subexports, MoSE! at layer I; 3 = a/7 is
determined by the adaptation rate o and rank size 7. This approach ensures that each task operates
within a minimally interfering subnetwork, enabling task-specific adaptation without overwriting
prior knowledge '. Task interference is further reduced by enforcing orthogonality in expert usage
patterns via the following task prompts.

4.2 TASK ADAPTATION

The prompt E = {el}]_, is a set of task-¢ dependent parameters of the {-th attention layer, where
e} € RE<XD has as sequence length L., and T is the total number of tasks. Each e; is associated with
a task-specific key k; € RP, which is also a learnable parameter aimed at capturing representative
features of a single task. To obtain a task adaptive hidden representation h in the [-th attention layer,
we concatenate the prompt e! into the [-th input hidden state x', as follows:

hl=z6'+ 13- MoSE%th (&) (6)

where & = [el; z!].

Algorithm 1 MoSEs at training time

Input: MoSEs foom.
Training set {{2;.+, i, }1, }1—1, Prompt E = {et}t 1, Task keys K = {k:}i—1,
subnetworks M = {m;}/_,, Learnable parameters 6, Score parameters s,

1:
2
3
4 number of training epochs of the ¢-th task ICy, fine-tuning layers [start., end.].
5: Initialize: 6, E, M, K
6:
7
8

for task t = 1 T do
Select the task speciﬁc Prompt e; and corresponding task key k.
: Generate the MoSEs f, 5., attach e; to start.-th to end.-th MSA layers, with foom,-
9: forepoche=1,--- ,Kftdo

10: Draw a mini-batch B = {(@i,¢, yi,¢) }ity

11: for (x,y) in B do

12: Obtain binary masks m; of the top-c% scores s at each target layer.

13: Calculate the per sample 10ss Liotar = Liask(0 © M, €4, y) + Apuit + Lputt (K ).
14: end for _

15: Update E, M, K, 0, s by back-propagation

16:  end for

17: end for

4.3 OPTIMIZATIONS OF MOSES

To ensure that the selected prompt keys remain semantically aligned with the input features, we
define a pull constraint loss that maximizes the cosine similarity between the normalized prompt keys

k; and the normalized input embeddings &; ;. Formally, for a batch of B inputs with one selected
prompt key per sample, the loss is defined as:

11 &
Lom==5 D> > (®is k). )

7,:1 f:l



This term encourages the model to select prompts that are maximally aligned with task-specific
representations. During inference, for each input, the model selects the most correlated prompt key k;
based on cosine similarity to the input embedding. The task ID associated with the selected prompt
key is then used by the MoSE:s to route the input & = [e;; ] through task-specific subnetworks
and generate predictions. This design allows the model to dynamically adapt to task semantics
without explicit task labels in the inference step. The total training objective of MoSEs becomes the
following:

[/total = £task + /\pull : £pully (®)
where Apyii is a coefficient that balances the influence of the pull constraint. In all experiments, we
set Apu = 0.1 and adopt Algorithm 1 for training and Algorithm 2 for evaluation.

5 EXPERIMENTS

We validate our method on large language benchmark datasets: a subset (TRACE 0.5K) and a full set
(5K), against continuous learning baselines.

5.1 EXPERIMENTAL SETTINGS

Datasets. To evaluate our MoSEs, the TRACE benchmark dataset (Wang et al., 2023) is utilized,
which was constructed based on three key principles: TRACE is free from contamination by LLM
pretraining corpora, it presents meaningful challenges to current large language models, and it
encompasses a diverse range of tasks. To meet these criteria, Wang et al. (2023) curated multiple
datasets and provided two standardized versions: (1) the TRACE 0.5K subset, with 500 training and
100 testing samples per task, and (2) the TRACE 5K full set, comprising 5,000 training and 2,000
testing samples per task. The full set ensures class balance and yields a total of 40,000 training and
16,000 testing examples. We use TRACE 0.5K for the main evaluation of MoSEs, while TRACE
5K is used in the Appendix (see Table 7) further to demonstrate the superiority of MoSEs over
baseline methods. TRACE evaluates models across five core capabilities: Factual Knowledge using
MMLU (Hendrycks et al., 2020) with 5-shot accuracy based on perplexity; General Reasoning using
Big-Bench-Hard (Suzgun et al., 2022) with chain-of-thought prompting and 3-shot exact match (EM);
Multilingual Understanding via TyDiQA (Clark et al., 2020) with 0-shot F1 across 11 languages;
Commonsense Reasoning using PIQA with 0-shot accuracy; and Reading Comprehension using
BoolQ (Clark et al., 2019) with 0-shot accuracy. In addition, TRACE assesses instruction-following
ability using two datasets: Self-Instruct (Wang et al., 2022), which provides 175 diverse prompts,
and LIMA (Li et al., 2023), which includes 300 high-quality prompts curated from community
interactions and expert knowledge. For safety evaluation, TRACE incorporates CoNa (Bianchi et al.,
2023), a dataset containing 178 expert-annotated prompts targeting sensitive and potentially harmful
instructions, such as those involving hate speech.

Baselines & MoSEs. We evaluate the performance of MoSEs in a continual learning setting,
comparing four approaches—three requiring training and one not (ICL):

* In-Context Learning (ICL): Task demonstrations are supplied as part of the language prompt, acting as a form
of prompt engineering (Brown et al., 2020). A 6-shot setting is used for our experiments.

¢ Single Full-Parameter Fine-Tuning (Single FT): This method involves training all model parameters in each
single task.

* LoRA-based Sequential Fine-Tuning (LoRA): Only the low-rank LoRA (r = 8, a = 32, 4.19M) matrices are
finetuned, leaving the LLM backbone fixed (Hu et al., 2021b). This method is chosen based on prior findings
of reduced forgetting with “Efficient Tuning” (Liu & Huang, 2023).

¢ Mixture of Experts-based Sequential Fine-Tuning (MoE): This method (Shazeer et al., 2017; Lepikhin &
et al., 2020; Fedus & et al., 2022) introduces sparse routing to different expert subnetworks with fixed model
capacity without proportionally increasing inference cost.

* Our MoSEs demonstrate its effectiveness on the Trace Benchmark datasets using E2T2, which denotes 2
experts with selection of top-2 and the length of the prompt sequence L. = 1.

Training & Inference. We evaluate and analyze the performance and behavior of our MoSEs
framework under two distinct continual learning settings: Task-Agnostic Incremental Learning (TalL)
and Task-Incremental Learning (TIL).



Table 1: (TalL) Performances of MoSEs (W/O[0-1], E2T2 (r = 2, a = 8)) across the TRACE benchmark
datasets (0.5K). Single FT refers to fine-tuning the model on single task and MT refers to Multi-task training.

Dataset C-STANCE FOMC MeetingBank Pyl150 ScienceQA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT #Params  Train/ Test

ICL 0.40 0.48 0.20 0.52 0.63 0.28 0.20 0.40 395 - - - /125h
Single FT 0.52 0.71 0.60 0.58 0.79 0.44 0.63 0.28 57.6 - 7.00B 201.8h/1.25h
LoRA 0.32 0.28 0.14 0.14 0.60 0.26 0.50 0.40 331 -22.67% 4.19M 20.18h/1.25h
O-LoRA 0.39 0.11 0.29 0.52 0.57 0.27 0.42 0.41 373 -1253% 4.19M 20.20h / 1.25h
MoE 0.43 0.56 0.21 0.54 0.56 0.22 0.46 0.40 422 -11.10% 4.22M 20.18h/1.25h
MoSEs, ¢=29.0% 0.52 0.68 0.32 0.58 0.63 0.27 0.52 0.40 49.1  -0.90 % 3.82M 20.16h / 1.20h
MoSEs, ¢=30.0% 0.58 0.71 0.31 0.54 0.57 0.25 0.52 0.41 484 -0.43 % 3.83M 20.16h / 1.20h
MT of LoRA 0.44 0.68 0.44 0.60 0.72 0.33 0.57 0.39 523 - 4.19M 20.18h/1.25h
MT of MoSEs, ¢=30.0% 0.54 0.72 0.44 0.60 0.72 0.44 0.58 0.41 55.6 - 3.83M 20.18h/ 1.20h

* Task-Incremental Learning (TIL): This is the simpler scenario. The model knows the specific task ID for both
training and inference.

» Task-Agnostic Incremental Learning (TalL): This setting presents a more challenging and realistic scenario.
During the training phase, the model is provided with sequential task IDs. In contrast, during inference,
it must infer the task on its own by utilizing a task ID that adapts to the given input. To bridge this gap,
we leverage prompts designed to be relevant to each specific task ID. This enables the model to implicitly
recognize the task from the input data during testing, even without receiving an explicit task ID.

5.2 PERFORMANCES

Effectiveness of MoSEs. The results in Table 1 demonstrate the effectiveness of MoSEs in task-
agnostic continual learning (TalL) across multiple dimensions. MoSEs achieve superior average
performance (49.1 with ¢ = 29% and 48.4 with ¢ = 30%), outperforming conventional approaches
such as LoRA (33.1), O-LoRA (37.3), and MoE (42.4). Importantly, MoSEs significantly mitigates
catastrophic forgetting, as shown by its minimal backward transfer (BWT) of -0.90% and -0.43%,
compared to much higher forgetting in LoRA (-22.67 %) and MoE (-11.10 %). Despite these gains,
MoSEs remain parameter-efficient, using only 3.82M-3.83M trainable parameters - fewer than other
baselines - and also reduces test-time latency to 1.20 hours, offering both performance and efficiency
advantages. Overall, these results highlight that MoSEs provide superior performance and transfer
efficiency while reducing memory and inference overhead, making it a practical and scalable solution
for continual learning in large language models.

Performances & Parameter Efficiency. The results presented in Figure 3 highlight the strong
performance and parameter efficiency of MoSEs across increasing numbers of tasks in the TRACE
0.5K benchmark. As shown in Figure 3(a), MoSEs with a 29.0% expert selection ratio consistently
outperform other baselines - such as LoRA, O-LoRA, and MoE - in terms of average performance,
maintaining higher accuracy as the number of tasks grows. Meanwhile, Figure 3(b) demonstrates that
MoSEs achieve this superior performance with significantly fewer trainable parameters. Specifically,
MoSEs with ¢ = 29.0% require notably fewer parameters than MoE and scales more efficiently
compared to other baselines, even as tasks accumulate. This underscores MoSEs’ ability to strike a
favorable balance between continual learning effectiveness and computational efficiency.
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Figure 3: Average Performances and Model Capasity of MoSEs on TRACE 0.5K.

5.3 ABLATION STUDIES

Sparse MoSEs Table 2 highlights the effectiveness of sparsity in MoSEs under the task-incremental
learning (TIL) setting on the TRACE 0.5K benchmark. Interestingly, the sparse MoSEs configuration



Table 2: (TIL) Performances of MoSEs (W/O[0-1], E2T2 (r = 2, a = 8)) across the TRACE benchmark

datasets (0.5K).
Dataset C-STANCE FOMC MeetingBank Py150 SciencecQA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT #Params  Train / Test
MoSEs, ¢=30.0% 0.53 0.74 0.39 0.57 0.73 0.44 0.58 0.41 549 +0.05%  3.83M  20.16h/1.20h
MoSEs, ¢=40.0% 0.56 0.72 0.41 0.58 0.71 0.37 0.54 0.40 53.6 -071% 4.0IM  20.17h/1.20h
MoSEs, ¢=50.0% 0.63 0.71 0.41 0.57 0.72 041 0.53 0.40 547 +0.16% 4.32M  20.18h/1.20h

Table 3: (TIL) Layer-wise Performances of MoSEs ¢=30.0%, E2T2 (r = 2,a = 8) across the TRACE
benchmark datasets (0.5K). W[0-31] denotes finetuning of all layers, while W/O[start-end] denotes skip the
layers of [start-end] without using any learnable parameters.

Dataset C-STANCE FOMC MeetingBank Pyl50 Sciencec QA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT  #Params  Train/ Test

MoSEs, W[0-31] 0.51 0.75 0.39 0.57 0.68 0.36 0.54 0.47 526  -1.50 % 4.13M 20.45h/1.21h
MoSEs, W/O[0-1] 0.53 0.74 0.39 0.57 0.73 0.44 0.58 0.41 549  +0.05% 3.83M 20.20h / 1.20h
MoSEs, W/0O[0-2] 0.55 0.77 0.37 0.59 0.68 0.42 0.55 0.41 543 -1.30% 3.88M 20.16h / 1.19h
MoSEs, W/O[0-3] 0.51 0.66 0.39 0.59 0.70 0.36 0.49 0.40 512 -120% 3.61M 20.02h/1.18h
MoSEs, W/O[0-4] 0.50 0.68 0.40 0.58 0.71 0.42 0.54 0.39 527 -230% 3.48M 19.98h/ 1.17h
MoSEs, W/O[0-5] 0.50 0.68 0.40 0.58 0.71 0.42 0.54 0.39 512 290 % 3.35M 19.97h / 1.16h

with ¢=30.0% achieves the highest average performance of 54.9%, outperforming denser variants with
¢=40.0% and ¢=50.0%, which yield 53.6% and 54.7%, respectively. In addition to superior accuracy,
the ¢=30.0% model also exhibits favorable backward transfer (BWT) of +0.05%, while maintaining
the smallest parameter footprint (3.83M) among the three. Despite slight gains in BWT at higher
sparsity (e.g., +0.16% for c=50.0%), the performance does not improve accordingly. These findings
demonstrate that properly sparse parameters of previously learned and newly learned parameters
in the attention layer (e.g., c=30.0%) strike an optimal balance between accuracy, stability, and
efficiency in continual learning.

Layer-wise Efficiency of MoSEs. Table 3 presents the layer-wise performance of MoSEs (¢ =
30%) and reveals that selective subnet tuning contributes to efficient performance with minimal
parameter overhead. The full-layer version, MoSEs W[0-31], achieves an average accuracy of 52.6
with a BWT of -1.50% and parameter count of 4.13M. Interestingly, MoSEs W/O[0-1]—which skips
tuning the bottom two layers—improves both average performance (54.9) and BWT (+0.05%) while
reducing parameters to 3.83M, indicating that early layers may not be essential for task adaptation
and can even lead to forgetting. As more lower layers are excluded, e.g., W/O[0-4], W/O[0-5],
the model size decreases further to 3.35M, but at the cost of degraded average accuracy (51.2) and
worsened forgetting (BWT up to -2.90%). This trend demonstrates a clear trade-off: while excluding
lower layers can improve efficiency, overly aggressive layer skipping degrades overall knowledge
retention and transfer. These findings confirm that MoSEs are robust and efficient, protecting universal
language understanding of transformers, especially when low-level layers are strategically frozen.
The optimal balance is achieved by MoSEs W/O[0-1], which combine strong performance, positive
transfer, and parameter savings.

Effect of Expert Configuration in MoSEs. Table 4 illustrates how varying the number of experts
(E#) and top-K selections (T'#) affects the performance and efficiency of MoSEs. The baseline
setting MoSEs, E2T2, with two experts and top-2 selection, achieves the best average performance
(54.9) and positive backward transfer (+0.05%) with only 3.83M parameters and a test time of 1.20h,
indicating an optimal trade-off between capacity and knowledge retention. As the number of experts
increases to three (E3T2, E3T3) or four (E4T2, E4T3), both the parameter count (4.94M-6.01M) and
forgetting grow significantly (BWT drops to as low as -3.20%), while the average accuracy declines
(down to 48.8). These results suggest that increasing expert diversity without sufficient selectivity
can dilute task-specific knowledge and introduce interference. Additionally, the training time slightly
increases with more experts (e.g., from 20.20h to 20.21h), and test time remains relatively constant,
showing that runtime cost is not the main bottleneck. Overall, the configuration E2T2 demonstrates
the best balance across all metrics, affirming that a minimal yet well-structured mixture of experts is
most effective for continual learning.

MOoSEs of Low-Rank and Scaling Factor Table 5 indicate that MoSEs with r = 2, « = 8 achieve
the best trade-off between performance and efficiency. It records the highest average score (54.9),
maintains a positive backward transfer (+0.05%), and uses the least number of parameters (3.83M)
with no increase in training or inference time. Increasing the rank and scaling factor leads to larger
models but worsens BWT and typically results in lower performance, suggesting diminishing returns
with higher capacity.



Table 4: (TIL) Expert Performances of MoSEs (W/O[0-1]), c= 30.0% (r = 2, = 8) across the TRACE
benchmark datasets (0.5K).

Dataset C-STANCE FOMC MeetingBank Pyl150 ScienceQA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT #Params  Train / Test

MoSEs, E2T2 0.53 0.74 0.39 0.57 0.73 0.44 0.58 0.41 549  +0.05 % 3.83M 20.20h / 1.20h
MoSEs, E3T2 0.52 0.62 0.36 0.54 0.64 0.41 0.52 0.41 502 -2.00 % 4.94M 20.20h / 1.20h
MoSEs, E3T3 0.55 0.70 0.36 0.56 0.62 0.32 0.51 0.41 504 -2.70 % 4.94M 20.20h / 1.20h
MoSEs, E4T2 0.54 0.72 0.32 0.56 0.63 0.36 0.54 0.41 509  -2.50 % 6.01IM 20.21h/1.21h
MoSEs, E4T3 0.48 0.68 0.34 0.54 0.60 0.35 0.52 0.40 488  -3.20% 6.01M 20.21h/1.21h

Table 5: (TIL) Rank-wise Performances of MoSEs (W/O[0-11]) ¢=30.0%, E2T2 across the TRACE benchmark
datasets (0.5K). Note that r is low-rank size and « is a scaling factor.

Dataset C-STANCE FOMC MeetingBank Pyl150 ScienceQA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT #Params  Train/ Test

MoSEs,r =2, =8 0.53 0.74 0.39 0.57 0.73 0.44 0.58 0.41 549 +0.05 % 3.83M 20.20h / 1.20h
MoSEs, r = 3,a =12 0.52 0.70 0.38 0.62 0.66 0.41 0.53 0.41 528 -0.99 % 5.03M 20.20h / 1.20h
MoSEs, r = 4, o = 16 0.41 0.71 0.40 0.56 0.71 0.35 0.53 0.40 508 -1.22% 5.95M 20.21h/ 1.20h
MoSEs, r = 8, o = 32 0.26 0.66 0.40 0.61 0.68 0.35 0.55 0.41 48.9 -1.03% 8.61M 20.22h / 1.20h
MoSEs, 7 = 16, = 64 031 0.64 0.41 0.62 0.74 043 0.57 0.40 514 -034%  16.90M  20.23h/1.20h

Backward Transfer Analysis. Figure 4 shows the task-wise transfer matrices of LoORA and MoSEs,
where each row represents the performance of a source task after learning a target task. The MoSEs
transfer matrix (fig. 4b) demonstrates significantly better retention of past knowledge, indicated by
consistently high values in the upper triangular entries (i.e., backward transfer from newer to older
tasks). Specifically, after learning new tasks (e.g., T6 or T8), the performance on earlier tasks (e.g.,
T2 and T4) remains stable, with values above 0.50—a strong indicator of positive or non-destructive
backward transfer. In contrast, LoRA (fig. 4a) shows degraded values in many such entries (e.g.,
below 0.30), suggesting more severe forgetting. This result confirms that MoSE’s task-specific
subnetwork selection and expert reuse mechanism effectively prevent catastrophic forgetting by
preserving prior task knowledge, enabling robust and scalable continual learning in LLMs.

T2 T4 T6 T8 T2 T4 T6 T8
(a) LoRA, r =8, = 32 (b) MoSEs (ours), ¢ = 29.0%
Figure 4: (TaIL) Transfer Matrixes on the TRACE (0.5K) measured by source and target.

6 CONCLUSION

Adapting large language models (LLMs) to a continuous stream of tasks remains a challenging
problem for continual learning. Conventional parameter-efficient fine-tuning (PEFT) methods suffer
from either catastrophic forgetting when reusing a single parameter set or unscalable memory growth
when allocating task-specific parameters. To address these limitations, we introduced Mixtures of
SubExperts (MoSEs), a continual learning framework that integrates sparse sub-expert mixtures with
task-specific routing. This design enables task isolation to prevent forgetting, while also allowing
the adaptive reuse of previously learned parameters to facilitate transfer across tasks. Our evaluation
on the TRACE benchmark demonstrates that MoSEs not only achieve superior knowledge retention
compared to strong baselines, but also scale to new tasks with sublinear growth in capacity. Overall,
MoSEs provide a promising direction for building scalable and memory-efficient LLMs capable of
robust continual adaptation.
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Table 6: (TalL) Expert Performances of MoE across the TRACE benchmark datasets (0.5K). E# denotes the
number of Experts, while T# denotes the number of Top-K selection among E#.

Dataset C-STANCE FOMC MeetingBank Pyl150 ScienceQA' NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT  #Params  Train/ Test

MoE, E2T1 0.40 0.12 0.19 0.55 0.49 0.26 0.39 0.41 351 -17.87% 4.22M 20.18h/ 1.25h
MoE, E2T2 0.43 0.56 0.21 0.54 0.56 0.22 0.46 0.40 422 -11.10% 4.22M 20.18h /1.25h
MOoE, E3T2 0.45 0.40 0.22 0.52 0.58 0.22 0.44 0.41 405 -1131% 4.49M 20.19h/ 1.25h
MOoE, E3T3 0.48 0.42 0.20 0.50 0.57 0.32 0.48 0.40 421 -11.49 % 4.49M 20.19h/ 1.25h

A APPENDIX

A.1 TRAINING DETAILS

During training, all baselines without LoRA adapters were trained using 5,000 samples for 10 epochs
with a constant learning rate of le-5. For baselines with LoRA adapters, we used the same number of
samples and training epochs, but with a learning rate of le-4. Across all experiments—including
those on C-STANCE, FOMC, MeetingBank, Py150, ScienceQA, NumGLUE-cm, NumGLUE-ds,
and 20Minuten—we used a batch size of 128 and no weight decay. During evaluation, inference was
performed with a temperature of 0.1. All training and testing were conducted using the DeepSpeed
framework on a single machine equipped with 8 x48GB NVIDIA RTX8000 GPUs. Full-parameter
fine-tuning was used in all models. Benchmark evaluations were carried out using the OpenCompass
toolkit with its default configuration.

A.2 ADDITIONAL ANALYSIS

Results of MoE Configurations on TRACE (0.5K). Table 6 reports the performance of various
Mixture-of-Experts (MoE) configurations on the TRACE benchmark datasets. The configurations
vary in the number of experts (E#) and the number of top-k experts selected per input (T#). Among
the models, MoE, E2T2 achieves the highest average accuracy of 42.2%, closely followed by
MoE, E3T3 at 42.1%. In contrast, MoE, E2T1 shows significantly lower performance at 35.1%,
suggesting that activating too few experts underutilizes model capacity. Increasing the number of
active experts per input improves both performance and stability. In terms of parameter count, the
models with three experts (E3T2, E3T3) require slightly more parameters (4.49M) compared to
their two-expert counterparts (E2T1, E2T2, each with 4.22M). However, all configurations maintain
comparable training times (approximately 20.18 - 20.19 hours) and a uniform test time of 1.25 hours,
thanks to the sparsity in expert selection. Additionally, backward transfer (BWT) metrics indicate
that configurations with more activated experts (e.g., E3T3 at -11.49%) exhibit reduced forgetting
compared to sparse models like E2T1 (-17.87% BWT). This demonstrates the benefit of wider expert
activation for continual learning stability.

Analysis of Transfer Matrices under TIL vs. TalL. Figure 5 compares the transfer matrices of
MoSEs under Task-Incremental Learning (TIL) and standard settings on TRACE 0.5K, with a sparsity
ratio ¢ = 30%. In the TIL configuration (fig. 5a), where task-IDs are provided during inference, the
model achieves consistently high accuracy along the diagonal (e.g., 0.75 for T2), demonstrating strong
task-specific specialization and minimal confusion between tasks. This setting reduces task ambiguity
and allows the routing mechanism to activate more relevant sub-experts. In contrast, the TalL setting
(fig. 5b), where task identity is unknown at inference time, leads to more diffuse and lower diagonal
values for later tasks (e.g., T6 and T8), indicating degraded performance due to increased interference.
The non-zero off-diagonal entries suggest partial task generalization, but also highlight the challenge
of identifying task-relevant subnetworks without explicit supervision. Nevertheless, even without
access to task-IDs, MoSEs exhibit performance close to that achieved under TIL, suggesting that
the model learns sufficiently disentangled and independent representations for each input sample.
This property provides evidence that MoSEs can implicitly infer task-relevant structures, enabling
robust adaptation and retention. Overall, the TIL setting enhances forward transfer and suppresses
interference, as evidenced by clearer task separation in the matrix, while the TalL setting underscores
the effectiveness of MoSEs in learning modular, task-independent representations.

Performances of MoSEs on TRACE (5K). Table 7 reports the TIL performances of various

baselines and MoSEs on the TRACE benchmark with 5K training samples. Notably, MoSEs with
a sparsity ratio of ¢ = 29.0% achieve strong overall performance, recording an average score
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(a) MoSEs (TIL), ¢ = 30.0% (b) MoSEs (TalL), ¢ = 30.0%

Figure 5: Comparisions of Transfer Matrixes on the TRACE (0.5K). TIL denotes that task ID is given in
inference.

Table 7: (TIL) Performances of MoSEs (W/O[0-1], E2T2 (r = 2, a = 8)) across the TRACE benchmark

datasets (5K).
Dataset C-STANCE FOMC MeetingBank Pyl150 ScienceQA NumGLUE-cm NumGLUE-ds 20Minuten Avg. BWT #Params  Train / Test
SeqFT-LoRA 0.32 0.56 0.13 0.36 0.25 0.23 0.27 0.40 315 -29.67% 4.19M 8.60d/6.11h
O-LoRA 0.43 0.27 0.26 0.30 0.67 0.30 0.14 0.41 346 -23.00 % 4.19M 9.29d/6.11h
MoE 0.43 0.45 0.21 0.40 0.69 0.24 0.06 0.40 36.0 -2234% 4.22M 8.90d/6.11h
MoSEs, ¢=29.0% 0.47 0.63 045 0.57 0.76 0.49 0.51 0.40 535  -0.90 % 3.82M 8.32d/ 6.04h
MoSEs, ¢=30.0% 0.45 0.69 0.45 0.56 0.79 0.48 0.51 0.40 541 +0.36 % 3.83M 8.32d / 6.04h
MoSEs, ¢=30.0% (TIL) 0.50 0.71 0.48 0.56 0.80 0.49 0.53 0.41 56.0 -0.81 % 3.83M 8.32d / 6.04h

of 53.5 and maintaining competitive backward transfer (—0.9%), which highlights the efficiency
of using fewer active experts while preserving knowledge. Although MoSEs with ¢ = 30.0%
slightly outperform in terms of average accuracy (54.1) and positive BWT, the results at ¢ = 29.0%
demonstrate a favorable trade-off between parameter efficiency and robustness. Importantly, the
overall performance trends remain consistent with those observed in the 0.5K setting, indicating that
MOoSE:s scale effectively with larger datasets without altering their relative advantages across sparsity
levels.

Peudo Codes The overall process of the MoSEs during training and testing is described as Al-
gorithm | and Algorithm 2. At the test time stated in Algorithm 2, MoSEs utilize a pre-trained
transformer backbone together with task-specific prompts and subnetworks. Given an input example
@, the model first generates a query feature ¢(x), which is matched against the set of task keys
{k:} to identify the most relevant task index t,. The corresponding prompt e;_ and sparse expert
subnetwork m,, are then selected. These components are combined to form the prompted MoSEs
function f,_, , where the prompt e, is attached to the designated MSA layers. Finally, the

= 0 Omy,
model produces a prediction f, 50, (), enabling task-aware inference without explicit task-ID

supervision.

Algorithm 2 MoSEs at test time

1: Given components: Pre-trained transformer-based backbone fg, trained

2 K = {k:}/_1, M = {m;}]_,, start., end., prompting function foem
3: Input: test example x from mini-batch b

4 Generate query feature g(x)

5:  Matching for the index of Prompt via t; = argmin,y(q(x), k¢)

6: Select e, and my,,

7: Generate fetm Bom., -

8 Attaching e, to starte-th to end.-th MSA layers respectively with fg. ..
9: Prediction: f,, g6m,, (%)

Public Source Code All official source codes will be available soon.
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