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Abstract

Continual instruction tuning aims to incrementally adapt
large language models to new tasks without forgetting previ-
ously acquired knowledge. Existing approaches often strug-
gle to balance plasticity and stability. Replay-based meth-
ods retrain on historical data, which raises privacy concerns.
Architecture-based methods allocate task-specific compo-
nents, resulting in significant parameter growth. To address
this, we consider a structure-sharing strategy that enables pa-
rameter reuse across similar tasks and expands only when
necessary, avoiding any data replay. Specifically, we intro-
duce Grow-on-Demand (GoD-MoE), a parameter-efficient
framework that is based on sparse and adaptive expert mod-
ule expansion for continual instruction tuning. GoD-MoE in-
serts multiple LoRA-based experts into attention layers and
dynamically activates a small subset of experts for each task.
To avoid redundant parameter growth, we develop an Expert
Demand Detector that determines whether new experts are
added, facilitating adaptive structural sharing and minimiz-
ing parameter overhead. We conduct comprehensive experi-
ments on the TRACE benchmark, demonstrating that GoD-
MoE achieves state-of-the-art performance. Furthermore, it
effectively mitigates catastrophic forgetting and even outper-
forms several advanced replay-based baselines.

Code — https://xyguo1229.github.io/GoD-MoE/

Introduction

In recent years, large language models (LLMs) (Achiam
et al. 2023; Touvron et al. 2023; Team et al. 2024) have
achieved significant progress in natural language process-
ing tasks, demonstrating strong capabilities in language un-
derstanding and generation. Instruction tuning (Wang et al.
2022a) improves generalization and alignment, enabling
models to follow diverse instructions. However, as applica-
tion scenarios expand, models tend to forget previously ac-
quired knowledge and instructions during continual instruc-
tion tuning (Shi et al. 2024; Zheng et al. 2025). This phe-
nomenon is known as catastrophic forgetting (McCloskey
and Cohen 1989). Consequently, continual instruction tun-
ing must effectively balance plasticity (the ability to acquire
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Figure 1: (a) Performance between standard LoRA and
MoE-LoRA. Suffix (C) indicates performance on the current
task during sequential tuning, and suffix (L) indicates the fi-
nal performance of each task after continual tuning up to
the last task. (b) Detailed CKA similarity comparison across
different task pairs and model layers.

new knowledge) and stability (the ability to preserve previ-
ous knowledge) (Mermillod, Bugaiska, and Bonin 2013) to
mitigate catastrophic forgetting of existing knowledge while
adapting to new tasks and instructions.

Existing continual learning methods generally fall into
three categories: replay-based methods (Rolnick et al.
2019; Han et al. 2020) that retrain on historical data,
regularization-based methods (Jin et al. 2021; Wang et al.
2023a)that impose constraints to preserve past knowledge,
and architecture-based methods (Guo et al. 2024; Qin, Chen,
and Joty 2023) that introduce additional structures for each
task. Recent advanced continual instruction tuning methods
of LLMs often combine these strategies with lightweight
adapter modules such as LoRA (Hu et al. 2022). However,
methods relying on data replay (Jung and Kim 2024; Ren
et al. 2024) raise privacy concerns and are often impracti-
cal in real-world scenarios. In addition, methods that assign
separate architectures for each task (Guo et al. 2025; Wang
et al. 2023a) lead to progressive parameter growth as tasks
accumulate, significantly reducing training efficiency.

To address these challenges, we conduct the following
analysis. We begin with a preliminary analysis of standard
LoRA fine-tuning (Hu et al. 2022) and observe that it suf-
fers from severe catastrophic forgetting in continual instruc-
tion tuning as shown in Figure 1(a). To better adapt to di-



verse tasks, we introduce a mixture-of-experts (MoE) (Ja-
cobs et al. 1991) structure by dividing the low-rank LoRA
matrices into multiple experts (Liu et al. 2023), allowing
each task to select a subset of experts to access special-
ized knowledge. Multi-expert LoRA tuning improves per-
formance on the current task and enhances model plasticity.
However, updating a separate set of parameters for each new
task often leads to overwriting previously acquired knowl-
edge, resulting in persistent forgetting. Furthermore, training
a dedicated MoE-LoRA structure for every task introduces
substantial parameter overhead and increases training cost.

As a further observation, intuitively, even tasks from dif-
ferent domains may share structural or semantic similari-
ties. Motivated by this, we further analyze representation
similarity using Centered Kernel Alignment (CKA) (Korn-
blith et al. 2019) across tasks. As shown in Figure 1(b),
tasks such as NumGLUE-ds and NumGLUE-cm, or FOMC
and ScienceQA, are highly similar, while NumGLUE-ds and
MeetingBank, or FOMC and 20Minuten, show low similar-
ity. These observations motivate us to explore a structure-
sharing strategy: reusing existing experts for similar tasks
and expanding new experts only when demanded. This strat-
egy aims to preserve previously acquired knowledge while
adapting to new tasks, enabling greater stability in continual
instruction tuning and avoiding any data replay.

Based on these observations, we propose Grow-on-
Demand (GoD-MoE), a sparse and adaptive expert expan-
sion framework for continual instruction tuning. Specifi-
cally, GoD-MoE introduces a mixture-of-experts structure
into the attention layers by decomposing the variable parts
of the weights into multiple LoRA-based expert matrices,
enabling dynamic expert routing and activation. After train-
ing on each task, a subset of active experts is frozen to pre-
serve acquired knowledge. When a new task arrives, GoD-
MoE samples a small set of its training data and employs
a lightweight Expert Demand Detector to assess whether to
add additional experts. New experts are added only if the ex-
isting frozen experts fail to capture the characteristics of the
current task sufficiently. As the number of tasks grows, exist-
ing experts can be reused or combined to cover different task
types and instructions, reducing the demand for continual
expert growth for every task. Sparse and adaptive expert ex-
pansion effectively prevents parameter explosion, allowing
continual expansion while efficiently utilizing the parameter
space and controlling computational costs.

Our contributions can be summarized as follows:

e We propose GoD-MOoE, a parameter-efficient framework
for continual instruction tuning without any data replay,
which leverages sparse and adaptive expert expansion to
balance plasticity and scalability across tasks.

We introduce an Expert Demand Detector that deter-
mines whether new experts are demanded, effectively re-
ducing redundant parameter growth.

We conduct extensive experiments on the TRACE bench-
mark and achieve state-of-the-art performance. GoD-
MOoE also outperforms several replay-based methods in
mitigating forgetting.
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Related Work
Continual Learning for LLM

Continual Learning (CL) (Wang et al. 2024) enables mod-
els to learn sequentially from multiple tasks while retaining
prior knowledge and mitigating catastrophic forgetting. Ex-
isting methods are typically categorized into three groups:
replay-based, regularization-based, and architecture-based
methods. Replay-based methods store and retrain past data
to mitigate forgetting, which is one of the most direct and
effective strategies. Some studies (Rolnick et al. 2019; Han
et al. 2020) have enhanced replay-based strategies by intro-
ducing techniques such as dynamic sampling of informative
examples and generating data using LLMs. Regularization-
based methods (Wang et al. 2023a; Ren et al. 2024) con-
strain model updates to prevent drastic changes to impor-
tant parameters. Common techniques include adding regu-
larization terms (Wang et al. 2023a) or distilling predictions
from previous tasks into the current model (Ren et al. 2024).
Architecture-based methods add new modules to handle new
tasks while preserving parameters important for previous
ones. These approaches include adapter-based (Qin, Chen,
and Joty 2023; Ke et al. 2023) and prompt-based (Wang
et al. 2022b; Razdaibiedina et al. 2023) methods. Adapter-
based methods insert lightweight trainable adapters into the
model, assigning task-specific ones for new tasks to ensure
parameter isolation. Prompt-based methods guide model be-
havior through task-specific prompts, enabling adaptation to
new tasks without altering core model parameters. Consid-
ering privacy and parameter efficiency, our work develops
a continual learning framework that avoids data replay and
prevents excessive architectural overhead as tasks increase.

Mixture of Experts

Mixture-of-Experts (MoE) enables high model capacity at
low computational cost by activating only a subset of ex-
pert networks for each input. Recent studies have widely
explored MoE architectures for scalable and effective con-
tinual learning (Mu and Lin 2025). Early efforts (Lee et al.
2020) integrate MoE with continual learning by expanding
and selecting experts through generative or input-driven gat-
ing. Recent studies extend the MoE framework by incor-
porating LoRA-based experts for parameter-efficient fine-
tuning (PEFT) (Ding et al. 2023) of LLMs. MoLA (Gao
et al. 2024) investigates flexible layer-wise expert allocation
strategies, PMoE (Jung and Kim 2024) incorporates expert
modules only in the deeper layers of the transformer layers,
and AlphalLoRA (Qing et al. 2024) explores expert place-
ment across layers guided by HT-SR theory. D-MoLE (Ge
et al. 2025) further expands the MoE framework to handle
multimodal instruction tuning of LLMs. Unlike the above
approaches that allocate task-specific experts, we promote
expert sharing across tasks and add new experts only when
the existing ones fail to meet the demands of a new task.

Method
Continual Learning Setup

Continual learning aims to develop models that can learn
from a sequence of tasks without forgetting previously ac-
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Figure 2: Overall framework of GoD-MoE. As new tasks arrive, the model decomposes the variant parts of the attention
weights (@, V) into multiple LoRA-based experts. After each task, the most activated experts are frozen to retain knowledge.
A lightweight Expert Demand Detector samples 1% of the new task data to decide whether to expand experts. New experts are
added only when demanded, allowing expert reuse across tasks and preventing parameter explosion.

quired knowledge. A sequence of tasks {Dy, Ds,...,Dr}
arrives in order, where each task D; is introduced to the
model individually. Each task consists of a set of labeled
examples D; = {(zf,y!)},, where z! € X; denotes the
input and y! € ) denotes the corresponding label. At any
time, the model only has access to the current task D;.

At each time step ¢, the model learns from the current
task D, by updating its parameters, while preserving per-
formance on previous tasks. Given a prediction model with
parameters ©, the goal of continual learning is to optimize
the following objective over the task sequence:

T
max) ) logpe(y|z)

t=1 (z,y)€D:

ey

A core challenge in continual learning is to adapt to
non-stationary data distributions without catastrophic for-
getting, which requires maintaining performance on previ-
ously learned tasks when learning new ones.

Overview

In this paper, we propose GoD-MoE, a parameter-efficient
continual instruction tuning framework for sparse and adap-
tive expert expansion, enhancing LLMs’ ability to learn di-
verse tasks continually. As illustrated in Figure 2, GoD-MoE
introduces a mixture-of-experts mechanism into the atten-
tion layers by decomposing the variant part of the weights
and V' into multiple LoRA-based expert matrices. This en-
ables dynamic expert routing and activation (see the Sparse
and Adaptive Expert Expansion section for details).

After training on each task, the most two active experts
are frozen to retain previous knowledge. When a new task
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arrives, we first randomly sample 1% of its training data and
employ a lightweight Expert Demand Detector to determine
whether the current expert set is sufficient for the new task.
Based on this assessment, GoD-MoE selectively expands its
new experts as needed. (see the Expert Expansion Detector
section for details).

As the number of tasks increases, different experts tend
to capture knowledge representations related to specific task
types or instructional intents. The diverse combinations of
existing experts can effectively support a wide range of task
scenarios, allowing new tasks to be handled without adding
more experts. This maintains a sublinear growth in trainable
parameters as tasks increase, enabling continual expansion
and efficient utilization of the parameter space under a con-
trolled computational cost.

Sparse and Adaptive Expert Expansion

Low-Rank Adaptation (LoRA) (Hu et al. 2022) is widely
used for parameter-efficient fine-tuning of LLMs due to its
efficiency and effectiveness. However, standard LoRA in-
serts a fixed low-rank branch into each attention weight ma-
trix, which limits its expressiveness for complex tasks. To
enhance task adaptability and promote parameter sharing
across tasks, inspired by (Liu et al. 2023) and (Dou et al.
2023), we extend LoRA with a Mixture-of-Experts (MoE)
structure. Specifically, the fixed LoRA branch is replaced
with a pool of LoRA-based experts. During each forward
pass, only a small subset of experts is activated, effectively
increasing model capacity without extra computation cost.
In the continual instruction tuning setting, we update a set
of LoRA matrices for the ) and V' weight in each attention
layer during every training phase. Specifically, the feedfor-



ward output of each layer is defined as:

1E€Top, ()

@

where W denotes the original pretrained weight matrix, A;
and B; are the LoRA matrices of the i-th LoRA expert, and
G;(x) is the activation weights generated by a gating func-
tion. The set Top, () represents the top-2 activated experts
for input z. The gating weights are computed as follows:

G(z) = Softmax(Topz(zW,)) 3)

where W is a learnable parameter matrix. After training on
each task, we record the activation frequency of each expert
and freeze the top-2 most frequently used experts to preserve
knowledge of previous tasks. Specifically, for the first task,
we freeze two experts. For each subsequent task, we allow
the maximum number of frozen experts in each layer to in-
crease by at most one, in order to balance plasticity-stability.
When introducing a new LoRA expert with the param-
eters Ay41 and Byy1, the weights are initialized by av-
eraging the parameters of the existing experts as Ay41 =
% Zfil A; and Byyi1 = %Zf\il B;, where N denotes
the number of existing experts. And for the gating param-
eters, we expand the routing weight matrix W, € RN XD by
appending an additional row. Specifically, we compute the
mean of the existing expert routing vectors and add Gaussian
noise £ ~ N(0,0%1) to initialize the new expert’s routing
vector wpey. The new vector is concatenated to the original
matrix to produce the updated routing weight matrix as:

W, = Concat(W, Wnew) € RWV+xD 4)

Expert Demand Detector

For each new task D;, we introduce an Expert Demand De-
tector to determine whether the current expert set is suffi-
cient for the task and whether new experts need to be added.
Specifically, we perform both forward and backward passes
on 1% of the training samples from D, with the current
model parameters. We then compute the activation distri-
butions for frozen and trainable experts separately and sort
them in descending order of their probability, resulting in
two probability vectors: P¢?® and Painale These two vec-
tors are concatenated to form the full distribution vector:

P = [Pfreeze ” Ptrainable] c RN (5)

where || denotes the concatenation operation.

Frozen experts refer to those that have been frequently
used in previous tasks, while trainable experts are those that
have been used less or not yet activated. To evaluate the com-
patibility between the current task and the existing expert
set, we compare the activation distribution P with three pro-
totypical expert usage patterns P, each representing a dif-
ferent level of compatibility with the existing experts. These
patterns P are manually constructed binary vectors and have
the same dimensions as P:

 Pattern A (High Match):
(4)

P =[1,1,0,...]][0,0,...] € RY

28477

This indicates that the current task primarily relies on
frozen experts, suggesting that the existing expert set is
sufficient. No new expert is added.

Pattern B (Partial Match):

PP = 1,0,...]| [1,0,...] e R
This indicates that frozen experts are partially sufficient,
but a few new experts are still needed to capture task-

specific representations. One new expert is added.
Pattern C (Low Match):

—=(C
P =10,0,...1]I[1,1,0,...] e RV

This indicates that the task primarily relies on previously
unused experts and needs to introduce new experts to en-
hance task representation. Two new experts are added.

To reduce instability in pattern selection, we apply Monte
Carlo Dropout (Gal and Ghahramani 2016) at inference by
performing M stochastic forward passes, resulting in a set of
perturbed activation distributions P,, € RY*M_ The simi-
larity to prototypical patterns is computed as:

S = FTP c RSXM’ﬁ _ {?(A),F(B),P(C)} c RN*3
(6)

For each prototype 7, the similarity mean and variance are

, , 2
M Q M %

pio= M S0 g2 = LM (5]( ) _Mi) . The

final pattern is determined by the Upper Confidence Bound

(UCB) criterion (Auer, Cesa-Bianchi, and Fischer 2002):

)

it = arg max (i — Aay)

i)

where )\ is a hyperparameter controlling uncertainty.

Training and Inference Protocol

For the first task, we initialize N = 4 LoRA experts for
each layer. As new tasks arrive, experts are frozen or ex-
panded according to the strategy mentioned above. During
training, we obtain the reference vector p; for each task D,
by averaging the final-layer representations of all input sam-
ples from the backbone. At inference time, for a given input
Test, WE extract its final-layer representation hy and com-
pute cosine similarity between hy and each stored refer-
ence vector: {p1,p2,...,pr}. Finally, the routing strategy
associated with the most similar reference pj is selected for
inference. This enables automatic expert selection without
requiring access to the test task ID.

Experiments
Experimental Setup

Dataset and Evaluation Metrics We conduct experi-
ments on the TRACE benchmark (Wang et al. 2023b),
which consists of 8 tasks across diverse categories, covering
domain-specific instructions, multilingual understanding,
code completion, and mathematical reasoning. These tasks
are challenging and novel enough that most LLMs have
not been trained on them. Following (Wang et al. 2023b),
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Few-shot 40.0 48.3 19.8 52.2 62.8 28.4 20.3 39.5 38.9 -
Multi-task 48.3 71.8 57.0 56.8 89.9 46.9 60.6 36.3 58.4 -
EWC 24.5 37.7 16.8 7.7 37.7 6.2 3.1 23.5 19.7 -18.9
L2P 7.7 43.5 13.5 8.1 24.8 4.9 2.8 21.2 15.8 -15.7
PP 5.6 48.0 9.4 2.5 23.4 7.4 8.0 23.2 15.9 -16.1
O-LoRA 48.2 33.6 40.9 53.0 58.2 23.5 45.5 26.4 41.2 -6.2
I-LoRA 42.9 59.5 23.7 42.5 47.1 22.2 434 28.2 38.7 -7.0
PMoE 47.5 68.3 38.5 55.1 72.4 41.6 59.2 26.1 51.1 +12.2
HiDe-LLaVA 379 64.9 21.1 38.1 78.8 13.6 27.4 334 39.4 -11.3
GoD-MoE 49.1 68.8 48.6 54.8 88.1 38.3 60.3 37.6 55.7 -3.6
Full-FT 454 60.9 45.7 51.2 63.7 27.2 54.8 40.8 48.7 -8.3
LoRA 9.7 45.0 7.7 29.0 49.1 8.6 0.3 35.5 23.1 254
LoRA-RE 48.1 69.6 434 53.3 70.1 38.7 50.5 259 50.0 +7.5
MoE-LoRA 43.7 49.0 9.0 352 81.9 23.5 55 36.8 35.6 -16.9

Table 1: Comparison with baselines on the TRACE benchmark (Last, Avg, BWT). Few-shot denotes 6-shot in-context learning
with a frozen backbone and serves as a reference without fine-tuning. Multi-task trains on all tasks jointly and serves as an upper
bound. The bottom block presents results from continual learning baselines and several direct tuning methods for reference.
Compared with continual learning baselines, the best results are highlighted in bold, and the second best are underlined.

Method MMLU GSM BBH BoolQ PIQA
LLaMA2-7b 46.6 26.1  40.2 70.6 76.2
O-LoRA 46.7 219 403 79.6 76.9
I-LoRA 239 247 29.1 74.9 67.3
PMoE 46.8 10.7  37.1 80.8 75.7
HiDe-LLaVA 47.6 189 344 74.2 76.9
GoD-MoE 48.3 221 390 77.9 77.4

Table 2: Evaluation results on general LLM benchmarks

each task contains 5,000 training samples, presented in
the order: C-STANCE, FOMC, MeetingBank, Py150, Sci-
enceQA, NumGLUE-cm, NumGLUE-ds, 20Minuten. De-
tailed dataset statistics are provided in Appendix.

To evaluate the model’s general ability after continual
learning, we evaluate the model on five well-known LLM
benchmarks: MMLU (Hendrycks et al. 2020), GSM (Cobbe
et al. 2021), BBH (Suzgun et al. 2022), BoolQ (Clark et al.
2019), and PIQA (Bisk et al. 2020).

Following standard metrics (Wang et al. 2023b) in con-
tinual learning, we report Last;, Avg, and backward transfer
(BWT) metrics to evaluate continual learning performance.
Specifically, Last; denotes the evaluation score on the i-th
task after completing the last task, Avg is the average of all
Last; scores, BWT measures forgetting by comparing final
and initial performance on each task, and is defined as:

T
1
BWT = - > (Br;— Riy)

i=1

3
where R ; denotes the evaluation score on the ¢-th task after
training on the last 7'-th task (z < T).

Baselines We compare our GoD-MoE with several rep-
resentative baselines across different categories: (1) Few-
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shot (6-shot) in-context learning with a frozen backbone; (2)
Multi-task fine-tuning, where all task training sets are jointly
trained instead of sequential training; (3) regularization-
based method EWC (Kirkpatrick et al. 2017); (4) prompt-
based methods L2P (Wang et al. 2022b) and PP (Razdai-
biedina et al. 2023); and (5) advanced continual instruction
tuning methods of LLMs, including O-LoRA (Wang et al.
2023a), I-LoRA (Ren et al. 2024), PMoE (Jung and Kim
2024), and HiDe-LLaVA (Guo et al. 2025), where PMoE
and I-LoRA adopt replay mechanisms.

Implementation Details For fair comparison, we adopt
LLaMAZ2-7b (Touvron et al. 2023) as the backbone for GoD-
MoE and all baselines. We set the batch size to 128 and
the learning rate to 3e-4. LoRA is configured with rank 8
and scaling factor 16. The hyperparameter A is fixed at 1.
When no trainable experts are available, the corresponding
similarity score S(©) is set to 0.5 by default. Each task is
trained for 5 epochs. We initialize 4 LoRA experts for the
first task, and freeze the two most frequently used experts
after each task. All experiments are performed on NVIDIA
RTX A6000 GPUs with 48 GB memory.

Overall Performance

Main Results Table 1 presents the overall performance of
our method and baselines on the TRACE benchmark. The
results show that God-MoE outperforms all baselines and
effectively mitigates catastrophic forgetting during contin-
ual instruction tuning. Traditional continual learning meth-
ods (EWC, P2P, PP) perform poorly. Recent advanced con-
tinual instruction tuning methods for LLMs show improved
performance over few-shot in-context learning, but still un-
derperform compared to multi-task learning. In contrast,
GoD-MOoE achieves the best overall performance, even com-
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Figure 4: Comparison of knowledge acquisition perfor-
mance. Single-task refers to training each task individually.

pared to methods with replay. On the ScienceQA, it outper-
forms the second-best baseline by 9.3%, and on Meeting-
Bank, it achieves over 7.7% improvement. In particular, ex-
cept for PMoE, which employs replay, God-MoE demon-
strates stronger resistance to forgetting than all other base-
lines. Nevertheless, our performance on the NumGLUE-cm
is slightly lower than the best result, mainly due to the lim-
ited number of test samples (only 81), which leads to unsta-
ble evaluation. Additionally, we evaluate the model’s general
performance on five well-known LLM benchmarks with the
Open-Compass toolkit (Contributors 2023) after continual
learning, as shown in Table 2. The results show that GoD-
MoE maintains competitive performance with most base-
lines. Detailed results are provided in Appendix.

We also compare with several direct tuning methods for
LLMs, including full-parameter fine-tuning (Full-FT), stan-
dard LoRA (LoRA), LoRA with 1% data replay (LoRA-
RE), and multi-expert LoRA tuning (MoE-LoRA). The re-
sults show that Full-FT achieves better performance than
standard LoRA tuning, but it requires more computation.
LoRA-RE, which incorporates replay data, effectively mit-
igates forgetting but raises concerns about data privacy and
storage in real-world applications. Simply adding more ex-
perts, as MoE-LoRA, brings limited improvement and still
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Figure 5: Analysis of the similarity score S() and the num-
ber of experts for each task.

suffers from catastrophic forgetting, suggesting that static
expert allocation is insufficient for continual learning. In
contrast, our proposed GoD-MoE achieves a favorable bal-
ance between plasticity, stability, and privacy by dynami-
cally expanding experts without relying on explicit replay.

Further Analysis

Knowledge Retaining and Acquisition Evaluating a
model’s ability to retain and acquire knowledge is important
for continual instruction tuning. A desirable model should
not only preserve previously acquired information but also
leverage past knowledge to improve current learning during
sequential training. Figure 3 presents the trajectory of task
performance across training, which reflects the model’s abil-
ity to retain knowledge. The results indicate that GoD-MoE
experiences the least performance degradation from the cur-
rent task to the final evaluation. This suggests that freezing
experts effectively preserve crucial knowledge and mitigates
catastrophic forgetting. In contrast, LoORA and MoE-LoRA
suffer more forgetting due to knowledge overwrite, resulting
in degraded performance on previous tasks.

Figure 4 reports the performance of knowledge acquisi-
tion, which shows how well the model performs on the cur-
rent task. GoD-MoE outperforms the single-task setting on
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Table 3: Comparison of GoD-MoE and a naive always-add-expert (AAE) variant on performance and training parameters.
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Figure 6: Visualization of expert utilization for various tasks

Metrics Order-1 Order-2 Order-3
Avg 55.7 56.4 55.0
BWT -3.6 -3.7 -3.7

Table 4: Evaluation results of different task orders.

most tasks, indicating that previously acquired knowledge
can be effectively transferred to benefit new task learning.
Moreover, compared to LoRA and MoE-LoRA, the pro-
posed expert expansion strategy mitigates knowledge over-
write and consistently improves current task performance.

Analysis of Expert Reuse and Expansion Figure 5
presents the similarity score (computed by Eq. (6) and (7))
and the number of experts for each task throughout train-
ing. The results suggest that new experts are mostly added
during the early stages. As training progresses, the existing
experts can be reused in various combinations to handle new
tasks, reducing the need for further expansion. Specifically,
after the first four tasks, the number of experts increases
to seven. These experts generalize well to subsequent tasks
such as ScienceQA, NumGLUE-cm, and NumGLUE-ds, with
no need for new experts. However, for the 20Minuten task,
which is in Germany, the existing experts fail to provide suf-
ficient coverage, leading to the addition of two new experts.

Visualization To analyze expert utilization, Figure 6 visu-
alizes the selection frequency of each expert for each task.
The length of the colored bars indicates how frequently
each expert is selected. The results demonstrate distinct ex-
pert preferences for different tasks, suggesting that different

tasks benefit from distinct sets of experts. Moreover, we ob-
serve that similar tasks tend to activate similar experts. For
example, NumGLUE-cm and NumGLUE-ds exhibit nearly
identical expert selection patterns, as they are both numer-
ical reasoning tasks. In contrast, tasks with greater differ-
ences, such as ScienceQA and 20Minuten, rely on entirely
different sets of experts. These results indicate GoD-MoE’s
ability to reuse relevant experts for related tasks while adapt-
ing new experts for diverse ones.

Analysis of Training Efficiency We compare our pro-
posed sparse and adaptive expert expansion strategy with a
naive variant that always adds a new expert after each task,
denoted as GoD-MoE (AAE). Table 3 reports the perfor-
mance and the proportion of trainable parameters for each
approach under the same task order. The result indicates that
our sparse and adaptive strategy achieves comparable per-
formance to the always-add-expert variant, with only a 0.4%
degradation, while reducing trainable parameters by 35.3%
in the final model. This highlights the effectiveness of our
strategy in balancing model capacity and computational ef-
ficiency. It also suggests that unnecessary expert expansion
can be avoided without sacrificing performance, enabling
more scalable and efficient continual learning.

Analysis of Different Task Orders To evaluate the ro-
bustness of our method, we perform additional experiments
with different task orders (Order-2 and Order-3). As shown
in Table 4, GoD-MoE maintains consistent and stable per-
formance regardless of the task order. This indicates that our
method is not sensitive to a particular task sequence and can
reliably handle variations in continual instruction tuning sce-
narios. Detailed results are provided in Appendix.

Conclusion

In this work, we propose GoD-MOoE, a parameter-efficient
framework for continual instruction tuning that adaptively
expands and reuses experts with a lightweight Expert De-
mand Detector. This strategy promotes knowledge sharing
across tasks, reduces redundant parameter growth, and miti-
gates catastrophic forgetting without relying on replay data.
Extensive experiments on the TRACE benchmark demon-
strate that GoD-MoE achieves state-of-the-art performance,
maintaining a favorable balance of plasticity, stability, and
privacy. Our findings highlight the potential of expert struc-
ture sharing to enhance continual learning for LLMs.
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