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Abstract

While Parameter-Efficient Fine-Tuning using Mixture-
of-Experts (MoE) is a promising solution for contin-
ual learning (CL), it suffers from two critical fail-
ure modes: structural interference, where expert up-
dates interfere, and compositional forgetting, where
the model’s routing policy drifts. To address these
issues, we introduce Spectral MoE, a novel frame-
work built for CL from three core components. First,
Spectral Experts are parameterized using unique, dis-
joint spectral masks to confine their learnable param-
eters to distinct frequency subspaces, ensuring a pri-
ori orthogonal updates that prevent structural inter-
ference. Second, a Dual-Router mechanism decou-
ples online routing that learns new tasks from an of-
fline memory that archives historical expert impor-
tance. Finally, this offline memory enables a Dy-
namic Consistency Projection, a geometric constraint
that suppresses router drift and adaptively shields ex-
perts based on their past contributions, mitigating
compositional forgetting. Validated on a strict cross-
domain CL benchmark, our framework significantly
outperforms existing methods, demonstrating supe-
rior knowledge retention and plasticity for new tasks.
Code is available at: https://github.com/
ouycc/Spectral_MoE.

1. Introduction
Continual Learning (CL) [4, 13] aims to equip mod-

els with the ability to acquire new skills over time

while maintaining performance on previously learned

tasks. Yet deep neural networks under CL are no-

toriously susceptible to catastrophic forgetting: opti-

mizing for a new task can sharply degrade perfor-

mance on older ones [33]. Pre-trained vision-language

models (VLMs) such as CLIP [36] have emerged as

appealing foundations for CL because they already

exhibit strong zero-shot generalization across diverse

domains. However, fully retraining such large models

for each new task is prohibitively expensive in both

� Corresponding authors.

computation and storage. This has motivated two main

adaptation strategies: full-parameter fine-tuning and

Parameter-Efficient Fine-Tuning (PEFT) [10, 21, 27].

Full-parameter methods aim to preserve the

model’s general knowledge. For example, ZSCL [57]

updates all weights while attempting to retain CLIP’s

zero-shot behavior through teacher–student distilla-

tion and anti-forgetting regularization. These meth-

ods can partially preserve prior behavior but incur

significant cost and become increasingly difficult to

scale across many tasks. The second line focuses on

PEFT [41, 54], particularly Low-Rank Adaptation

(LoRA) [17], which adapts the model by inserting

small learnable modules while keeping the backbone

frozen. Building on this concept, approaches like

MoE-Adapter [19, 52] organize multiple LoRA mod-

ules into sparsely activated experts and use a learned

router to dynamically combine them per input. While

isolating tasks to different experts is promising for CL,

this approach leads to two failures as illustrated in Fig-

ure 1a: structural interference and router drift.

The first issue, Structural Interference, occurs

because all expert adapters operate on the same frozen

backbone. Without enforced orthogonality, parameter

updates for new tasks tend to occupy overlapping sub-

spaces with those of older tasks [8, 50]. Consequently,

when top-k routing activates both old and new experts,

their non-orthogonal updates interfere, degrading per-

formance on old tasks even if the expert’s weights are

untouched (See evidence in supplementary S1).

The second failure, Router Drift, occurs because

the shared router continuously trains on new tasks,

causing its decisions to shift over time [28, 31]. It

begins to misroute inputs from old tasks to the wrong

mixture of experts. This creates a unique form of for-

getting: the model remembers the experts’ individual

skills but forgets how to compose them for previously

learned tasks, i.e, compositional forgetting.

To address structural interference, reactive meth-

ods like OGD [8] project new updates onto a gradi-

ent subspace computed after previous tasks. In con-

trast, frequency-domain PEFT enables a priori mech-

anism [11, 56, 58]. While BiLoRA [58] assigns task-
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Figure 1. Comparison between (a) the standard LoRA-based MoE baseline and (b) our proposed Spectral MoE, which lever-

ages disjoint spectral masks (Si) to ensure expert orthogonality and employs a dual online-offline router.

level disjoint frequency subspaces, this is insufficient

for MoE, where multiple experts can be co-activated

for the same input and thus still share a task-level

mask, leading to overlapping updates. We therefore

propose Spectral Experts, which assign expert-level,

pairwise-disjoint spectral masks. Under unitary DFT

[11, 58] parameterization and conjugate-symmetry

constraints, these masks yield Frobenius-orthogonal

update matrices, thereby suppressing cross-expert in-

terference observed under top-k routing.

Second, to manage router drift, prior MoE adapters

[52, 53] often adopt task-specific routers, which are

incompatible with task-agnostic inference. A more

principled alternative is to enforce gating consistency

on historical inputs for a shared router. Recent work

[31] shows that this consistency can be achieved when

updates are orthogonal to historical subspaces. In

practice, this raises two challenges: (i) how to access

these historical statistics, and (ii) avoiding uniform

projection on experts, i.e., applying the same projec-

tion strength to all experts, which harms plasticity.

We address both with a Dual Online-Offline Router
(O2 Router) and Dynamic Consistency Projection
(DCP): the O2 Router uses a shared online router for

task-agnostic gating and an offline router that archives

per-task gating covariances; DCP projects router gra-

dients onto the null space of past inputs to suppress

drift and applies an importance-weighted expert pro-

jection that strongly protects high-importance experts

while keeping others plastic. Our main contributions

can be summarized as follows:

• A new Spectral MoE architecture is proposed where

each expert is confined to its own masked frequency

subspace, guaranteeing a priori orthogonality to

mitigate structural interference.

• We introduce the dual O2 Router that decouples on-

line, task-agnostic inference from an offline mem-

ory that archives historical expert statistics, which

in turn guides the Dynamic Consistency Projection.

• We propose Dynamic Consistency Projection, a ge-

ometric constraint with two components: a router

projection to suppress drift, and an importance-

weighted expert projection to enable an expert-

specific stability-plasticity trade-off, mitigating

compositional forgetting.

• Validated under a task-agnostic cross-domain CL

setting, our framework improves knowledge reten-

tion and zero-shot generalization over strong PEFT-

CL baselines while efficiently learning new tasks.

2. Related Work
2.1. Continual Learning Settings and Methods
Continual Learning (CL) aims to enable models to

learn sequentially without catastrophic forgetting [16,

37]. This challenge spans diverse settings, from

Task-Incremental Learning (TIL) [16], which re-

quires task identity at inference, to task-agnostic set-

tings like Class-Incremental (CIL) [37] and Domain-

Incremental (DIL) [12]. Our work operates within the

highly challenging Cross-domain Task-Agnostic In-

cremental Learning (X-TAIL) setting [48, 57], which

demands robust knowledge retention and generaliza-

tion across domains without any task identifiers.

To address forgetting, prevailing methods are

broadly categorized. Replay-based methods [18, 37,

39], exemplified by iCaRL [37], replay a sub-

set of exemplars alongside new data, though this

raises significant memory and scalability concerns.

Regularization-based approaches [1, 20, 23] intro-

duce additional loss terms to penalize significant

changes to parameters crucial for previous tasks; tech-

niques like EWC [23] constrain parameter shifts,

while ZSCL [57] uses reference datasets to pre-

serve robustness without original pre-training data ac-

cess. Architecture-based methods [42, 51] modify the

model’s structure, expanding it with task-specific pa-

rameters or prompt-based strategies [22, 26, 40, 43,

44]. The critical trade-offs of these traditional strate-

gies, including memory cost, computational overhead,

and parameter scalability, motivate the exploration of

PEFT as a more efficient foundation for CL.

2.2. Continual Learning with MoE
MoE [19] architectures offer appealing modularity

for CL, often leveraging lightweight PEFT experts

activated by a router while keeping the large back-

bone frozen. This formulation aims to reduce inter-
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ference by enabling task specialization across ex-

perts, sometimes complemented by freezing key ex-

perts learned on past tasks. However, applying MoE

effectively in challenging task-agnostic settings re-

mains an open problem [48]. Key challenges include

mitigating potential interference between experts still

operating within a shared parameter space and ensur-

ing router stability to prevent compositional forgetting

without relying on task identity. Existing methods

often address these via heuristic strategies like par-

tial expert freezing [52, 53], which can offer coarse

protection but may limit plasticity, or rely on auxil-

iary mechanisms incompatible with task-agnostic in-

ference [48]. Our work distinguishes itself by propos-

ing a novel MoE framework that tackles these issues

through principled structural decoupling of experts

and optimization-level consistency projections.

3. Preliminaries

3.1. Task Settings
We follow a cross-domain, task-agnostic incremental

learning setup [48] that requires the model to contin-

ually acquire new knowledge while preserving zero-

shot generalization to unseen classes. Formally, the

model learns a sequence of T tasks {T1, . . . , TT },

where each task Tt = (Dt, Ct) has its own dataset Dt

and label set Ct. Label spaces are mutually disjoint

across tasks(∀i �= j, Ci ∩ Cj = ∅) and Dt becomes in-

accessible once training on Tt finishes. At inference,

the model receives no task identity, so it must predict

over the combined label space C = Ct
L ∪ CU , where

Ct
L =

⋃t
τ=1 Cτ , and CU denotes unseen classes.

3.2. LoRA-based MoE
The MoE [38] architecture enhances model capac-

ity by employing multiple specialized expert sub-

networks, which are selectively activated by a router.

To adapt this paradigm for parameter-efficient fine-

tuning [15, 17, 21, 55], a prevalent strategy is to im-

plement each expert using LoRA [17].

Formally, a LoRA-based MoE layer consists of a

router and a set of M experts [7, 30, 46]. The router,

typically a linear layer with a softmax activation, takes

an intermediate feature x ∈ R
d as input and produces

a gating vector a(x) ∈ R
M
≥0:

a(x) = softmax(xWg), ‖a(x)‖1 = 1, (1)

where Wg ∈ R
d×M represents the trainable pa-

rameters of the router. Each element am(x),m =
[1, ...,M ] in the gating vector determines the contri-

bution of the corresponding expert Em. Each expert

Em is realized as a LoRA module, defined by a pair

of low-rank matrices (Am, Bm), which produces a

weight update ΔWm = AmBm. The final output of

the entire MoE layer is a combination of the original

pre-trained path and the weighted sum of all expert

outputs. For a frozen pre-trained weight W0, the for-

ward pass is defined as:

y = W0x+

(
M∑

m=1

am(x)(ΔWm)

)
x. (2)

While this formulation offers parameter efficiency, its

application to continual learning remains challeng-

ing due to structural interference between experts and

compositional forgetting caused by router drift. These

deficiencies necessitate a more principled framework,

which we introduce in the following sections.

4. Methodology
4.1. Overview
Our Spectral MoE framework is built upon two strate-

gies that work in concert. First, a Spectral Experts
(Sec. 4.2) architecture provides structural orthogo-

nality at the parameter level, eliminating structural

interference at its source. Second, we introduce an

optimization-level Dynamic Consistency Projection
(DCP) (Sec. 4.4), which applies geometric gradient

constraints to suppress router drift and resolve compo-

sitional forgetting. This projection mechanism is en-

abled by our novel dual Online-Offline Router (O2

Router) (Sec. 4.3) mechanism, which decouples on-

line instance routing from an offline memory that

archives the historical expert statistics necessary to

guide the projection. Together, these components pro-

vide a principled solution, illustrated in Figure 2.

4.2. Spectral Experts
In standard LoRA-based MoE (Sec. 3.2), all experts

{Em}Nm=1 are trainable in the same parameter space.

When learning a new task, gradients flowing into dif-

ferent experts can still collide, because their effec-

tive weight updates ΔWm live in overlapping sub-

spaces. This structural interference becomes more se-

vere as more tasks accumulate. We address the non-

orthogonality a priori by parameterizing each expert in

a frequency domain so that its updates are Frobenius-

orthogonal to all others by design.

Definition 1 (Spectral Expert). A Spectral Expert Em

is defined by its weight update ΔWm ∈ R
do×di ,

synthesized from learnable complex spectral coeffi-
cients Θm ∈ C

do×di and a fixed, unique binary mask
Sm ∈ {0, 1}do×di :

ΔWm = Fo(Sm 	Θm)FH
i . (3)

Let Fo ∈ C
do×do and Fi ∈ C

di×di be unitary DFT
matrices, and 	 denotes the Hadamard product. We
adopt the convention that the inverse 2D DFT [58] is
X = FoX̂FH

i , hence Eq. (3) synthesizes the spatial-
domain update from masked spectral coefficients. To
ensure ΔWm is real-valued, we enforce conjugate
symmetry. This requires both projecting Θm onto the
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Figure 2. Overview of our Scalable Continual Learning Framework. (a) Continual Learning Framework Overview: A dual-

encoder Parameter-Efficient Finetuning backbone where frozen blocks are augmented with trainable Spectral MoE modules.

The model adapts to a continuous stream of tasks via a contrastive loss L. (b) Spectral MoE Block: Each block contains dual

Online-Offline Router and Spectral Experts (SEs). SEs are parameterized in the frequency domain with disjoint masks S and

learnable frequency components Θ, ensuring innate orthogonality. After task t, offline Priors are archived: router covariance

Hw, expert covariance He, and average expert usage. (c) Dynamic Consistency Projection: Priors are used to protect past

tasks. The router gradient is projected: Δwg = Hw∇wgL. The expert gradient undergoes a dynamic two-branch update

based on importance Dη: ΔE = He(Dη∇EL) + (I −He)((I −Dη)∇EL), splitting the update into a stability branch and

a plasticity branch.

conjugate-symmetric subspace after each update and
constructing Sm to respect this symmetry.

The orthogonality hinges on mask construction.

We generate masks {Sm}Nm=1 to be pairwise disjoint

via a layer-wise, without-replacement allocator. Let P
be the set of unique conjugate frequency pairs and B
the subset already assigned. For a new expert Em with

bandwidth budget Km (number of complex pairs), we

sample Km pairs from P \ B. These locations are set

to 1 in Sm, and B is updated: B ← B ∪ supp(Sm).

Proposition 1 (A Priori Orthogonality of Spectral

Experts). Under unitary DFT parameterization and
conjugate-symmetric, pairwise-disjoint masks {Sm}
satisfying Sm 	 Sn = 0 for all m �= n, the updates
are Frobenius-orthogonal, i.e.,

〈ΔWm,ΔWn〉F = 0. (4)

then their effective weight updates, ΔWm and ΔWn,
are strictly orthogonal in the spatial domain. Full
proof is in the supplementary S2.

Unlike task-level frequency masking, we assign a

unique, expert-level mask Sm to each expert. Conse-

quently, even when multiple experts are co-activated

for the same input, their updates remain orthogonal

under the stated conditions; because masks are fixed,

this property is training-invariant, confining modifi-

cations to dedicated bands and substantially reducing

cross-expert interference.

4.3. Dual Online-Offline Router
However, ensuring the integrity of expert parameters

is not enough; the model must also remember how to

access the correct expert for a given task. To resolve

this router drift and enable task-agnostic, instance-

level routing, our O2 Router decouples online infer-

ence from offline analysis. It consists of a shared on-

line router for real-time gating and an offline memory

that archives historical expert statistics to guide our

dynamic consistency projection.

Online Shared Instance Router At the core of our

routing system lies a single shared instance router,

GI
shared, parameterized by Wg , which operates online

during both training and inference. For any given in-

termediate feature x ∈ R
d, it performs real-time gat-

ing, producing a sparse gating vector a(x) ∈ R
N
≥0:

a(x) = GI
shared(x;Wg) = σ(Topk(xWg, k)), (5)

where σ is the softmax function, the Topk(·, k) func-

tion ensures sparse activation of the top k experts.

By sharing Wg across all tasks, this router inherently

facilitates the learning and reuse of common expert

compositions, thereby promoting knowledge transfer.

Its dependence on the specific instance x allows for

fine-grained expert selection tailored to the input’s

characteristics, overcoming the granularity limitations

of task-level routers.

Offline Task Specific Router Complementing the

online router, we introduce an offline task specific
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router, GT
t . This is not a learnable network but rather

a static summary vector āt computed after training on

task Tt is completed. It captures the average expert

usage pattern for that task:

āt = GT
t (x;null) =

1

|Dt|
∑
x∈Dt

a(x) ∈ R
N , (6)

where a(x) is the gating vector produced by the shared

instance router GI
shared during task t’ s training. Cru-

cially, GT
t does not participate in online gating de-

cisions. Instead, it is archived as historical meta-

information, providing essential context about expert

importance that guides the dynamic consistency pro-

jection mechanism in subsequent learning stages.

4.4. Dynamic Consistency Projection
Building upon the dual-router architecture, we intro-

duce Dynamic Consistency Projection, a core mech-

anism that addresses router drift and expert composi-

tion forgetting by applying dynamic gradient projec-

tions to balance stability and plasticity.

Consistency Objective and Conditions Our funda-

mental goal is to ensure that for any input xt from a

past task, the model’s output remains unchanged even

after training on new tasks. The detailed derivation

(Supp.S3) shows that this objective is guaranteed if

two sufficient conditions are met simultaneously: i)

Router Consistency: The router update ΔWg must be

orthogonal to historical inputs xt: xtΔWg = 0.

ii) Expert Composition Consistency: The weighted

sum of sparse spectral expert updates ΔΘ′
m = Sm 	

ΔΘm must be zero under historical gating vectors at:∑N
m=1 a

t
mΔΘ′

m = 0.

Router Consistency Projection To enforce router

consistency, we project the router gradient onto

the null space of historical inputs. Let Xt =
[xt,1, . . . , xt,|Dt|]� ∈ R

|Dt|×d be the stacked fea-

tures from task t. Define the uncentered covariance

X̄t = X�
t Xt. We compute its SVD and extract

right singular vectors associated with near-zero sin-

gular values to form a null-space basis Ṽx ∈ R
d×Rx .

The projector is

Hw = ṼxṼ
�
x ∈ R

d×d. (7)

Given the loss gradient ∇WgL for the online router

Wg ∈ R
d×N , we update

ΔWg = Hw ∇WgL. (8)

This ensures that the resulting update ΔWg is orthog-

onal to the past inputs.

Dynamic Expert Projection Instead of rigidly en-

forcing that the weighted sum of expert updates is

zero, we decompose the gradient into a stability com-

ponent to preserve past knowledge and a plasticity

component to acquire new knowledge. We first vector-

ize the masked parameters per expert em = vec(Sm	

Θm) ∈ R
K , where K denotes the number of fre-

quency parameters, and stack rows:

E =

⎡
⎢⎣e

�
1
...

e�N

⎤
⎥⎦ ∈ R

N×K . (9)

Let At = [at,1, . . . , at,|Dt|]� ∈ R
|Dt|×N be histori-

cal gates from the shared instance router, with Āt =
A�

t At. As above, SVD of Āt = A�
t At yields a null-

space basis Ṽa ∈ R
N×Ra and

He = ṼaṼ
�
a ∈ R

N×N . (10)

This projection matrix defines a stable subspace that

is orthogonal to past expert compositions, directly en-

forcing our Expert Composition Consistency objec-

tive. We employ a two-branch decomposition update

rule, which strictly separates the gradient into a null

space for stability and a residual space for plasticity:

ΔE = He (Dη ∇EL)︸ ︷︷ ︸
stability

+ (IN −He)
(
(IN −Dη)∇EL

)︸ ︷︷ ︸
plasticity

,

(11)

where IN ∈ R
N×N is the identity matrix, Dη =

diag(η1, . . . , ηN ) ∈ R
N×N is a diagonal relaxation

matrix, where each stability coefficient ηm is deter-

mined by expert importance derived from the offline

task-specific router via a monotonic mapping:

ηm = ηmin + (ηmax − ηmin) ā
γ
{t,m}, (12)

where 0 < ηmin ≤ ηmax ≤ 1 and γ ≥ 1,

ηmin, ηmax, γ are hyperparameter, ā{t,m} is the nor-

malized value from Eq. (6) for task t and expert m.

This mapping ensures that more important experts re-

ceive a stability coefficient ηm closer to ηmax, thus

channeling their gradient updates more strongly into

the stable null space defined by He. This dynamically

balances the need for consistency on past tasks with

plasticity for new ones.

5. Experiments
5.1. Experimental Setting
Benchmarks Our experimental evaluation follows the

setting in [52] to assess our methods under full-

shot,few-shot MTIL and CIL. We use the 11 task

benchmark sequence, comprising: Aircraft [32], Cal-

tech101 [9], CIFAR100 [25], DTD [3], EuroSAT [14],

Flowers [34], Food [2], MNIST [5], OxfordPet [35],

StanfordCars [24], and SUN397 [47]. For CIL, we

experiment on TinyImageNet [49]. The 100 classes

from TinyImageNet are divided into 5, 10, 20 sub-

sets to evaluate class distribution adaptability. We use

three metrics from [57]: “Last”, the average accuracy

on previously seen tasks to measure retention; “Trans-

fer”, performance on unseen tasks to evaluate general-

ization; and “Average”, the mean of both.
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Method Airc
raft [3

2]

Calte
ch101 [9

]

CIFAR100 [2
5]

DTD [3
]

EuroSAT [1
4]

Flowers
[3

4]

Food [2
]

MNIST [5
]

OxfordPet
[3

5]

Cars
[2

4]

SUN397 [4
7]

Average

C
L

IP
Zero-shot 24.3 88.4 68.2 44.6 54.9 71.0 88.5 59.4 89.0 64.7 65.2 65.3
Full Fine-tune 62.0 95.1 89.6 79.5 98.9 97.5 92.7 99.6 94.7 89.6 81.8 89.2
Fine-tune Adapter 56.8 92.6 89.4 79.0 98.4 97.0 92.9 99.2 94.1 89.1 82.7 88.3

Tr
an

sf
er

Continual-FT – 67.1 46.0 32.1 35.6 35.0 57.7 44.1 60.8 20.5 46.6 44.6
LwF [29] – 74.5 56.9 39.1 51.1 52.6 72.8 60.6 75.1 30.3 55.9 58.9
iCaRL [37] – 56.5 44.6 32.7 39.3 46.6 68.0 46.0 77.4 31.9 60.5 50.4
LwF-VR [6] – 77.1 61.0 40.5 45.3 54.4 74.6 47.9 76.7 36.3 58.6 57.2
WiSE-FT [45] – 73.5 55.6 35.6 41.5 47.0 68.3 53.9 69.3 26.8 51.9 52.3
ZSCL [57] – 86.0 67.4 45.4 50.4 69.1 87.6 61.8 86.8 60.1 66.8 68.1
MoE-Adapters [52] – 87.9 68.2 44.4 49.9 70.7 88.7 59.7 89.1 64.5 65.5 68.9
MoE-Adapters++[53] – 87.9 68.2 45.1 54.6 71.2 88.8 59.5 88.6 63.3 63.1 69.0
Ours – 88.1 68.4 44.3 55.4 71.2 89.0 64.4 89.3 64.7 66.4 70.1

Av
er

ag
e

Continual-FT 25.5 81.5 59.1 53.2 64.7 51.8 63.2 64.3 69.7 31.8 49.7 55.9
LwF [29] 36.3 86.9 72.0 59.0 73.7 60.0 73.6 74.8 80.0 37.3 58.1 64.7
iCaRL [37] 35.5 89.2 72.2 60.6 68.8 70.0 78.2 62.3 81.8 41.2 62.5 65.7
LwF-VR [6] 29.6 87.7 74.4 59.5 72.4 63.6 77.0 66.7 81.2 43.7 60.7 65.1
WiSE-FT [45] 26.7 86.5 64.3 57.1 65.7 58.7 71.1 70.5 75.8 36.9 54.6 60.7
ZSCL [57] 45.1 92.0 80.1 64.3 79.5 81.6 89.6 75.2 88.9 64.7 68.0 75.4
MoE-Adapters [52] 50.2 91.9 83.1 69.4 78.9 84.0 89.1 73.7 89.3 67.7 66.9 76.7
MoE-Adapters++[53] 55.8 94.6 81.4 70.4 82.4 83.6 90.0 73.5 90.1 66.0 64.2 77.5
Ours 51.3 94.6 85.0 69.1 80.5 84.9 90.3 76.9 90.7 68.2 67.5 78.1

L
as

t

Continual-FT 31.0 89.3 65.8 67.3 88.9 71.1 85.6 99.6 92.9 77.3 81.1 77.3
LwF [29] 26.3 87.5 71.9 66.6 79.9 66.9 83.8 99.6 92.1 66.1 80.4 74.6
iCaRL [37] 35.8 93.0 77.0 70.2 83.3 88.5 90.4 86.7 93.2 81.2 81.9 80.1
LwF-VR [6] 20.5 89.8 72.3 67.6 85.5 73.8 85.7 99.6 93.1 73.3 80.9 76.6
WiSE-FT [45] 27.2 90.8 68.0 68.9 86.9 74.0 87.6 99.6 92.6 77.8 81.3 77.7
ZSCL [57] 40.6 92.2 81.3 70.5 94.8 90.5 91.9 98.7 93.9 85.3 80.2 83.6
MoE-Adapters [52] 49.8 92.2 86.1 78.1 95.7 94.3 89.5 98.1 89.9 81.6 80.0 85.0
MoE-Adapters++[53] 55.8 95.2 84.3 79.9 98.2 96.3 91.4 98.1 94.2 78.3 76.2 86.2
Ours 50.3 95.4 88.6 78.5 95.0 95.3 92.0 98.7 94.3 83.9 78.0 86.3

Table 1. Comparison with state-of-the-art methods on MTIL benchmark in terms of “Transfer”, “Average”, and “Last” scores

(%). “Ours” indicates our method trained for 1k iterations. We mark the best and second-best methods with bold and underline

styles, respectively. The same applies to the subsequent tables.

Implementation Details The training process is car-

ried out using the AdamW optimizer, with a learn-

ing rate of 0.001 and a batch size of 64 across all

tasks. Our Spectral MoE architecture employs a to-

tal of N = 32 experts, with the router selecting the

topk = 4 experts per input. For each Spectral Expert,

we set the number of non-zero frequency components

following [58]. For the Eq. (12), we set the stability

coefficients to ηmin = 0.95, ηmax = 1.0, and the focus-

ing strength to γ = 2.

5.2. Experimental Analysis
Full-shot MTIL As shown in Table 1, our method

achieves SOTA performance on the 11-task MTIL

benchmark across all three key metrics. Our Aver-

age score of 78.1% surpasses the strongest competitor,

MoE-Adapters++, which achieved 77.5%. This over-

all victory stems from our superior balance of stabil-

ity and plasticity, which addresses forgetting from two

different angles. For stability, our Last score of 86.3%

is the highest. This is enabled by our dual-pronged so-

lution: Spectral Experts enforce a priori orthogonality

to remove structural interference, while our DCP pro-

tects against compositional forgetting. For plasticity,

our SOTA Transfer score of 70.1% demonstrates that

our protection is not rigid. The DCP, driven by Dual

O2 Router memory, uses importance-weighted projec-

tions to protect only critical experts, leaving others

plastic and avoiding the coarse freezing of prior meth-

ods. This superior balance of retention and general-

ization yields the best overall performance.

Few-shot MTIL As shown in Table 2, our method

maintains its SOTA performance on the 11-task Few-

shot MTIL benchmark, demonstrating our frame-

work’s robustness and sample efficiency in the data-

scarce regime. Our Average score of 72.1% surpasses

the strongest competitor, MoE-Adapters++, which

achieved 71.7%. For stability, our Last score of 76.5%

is the highest, as Spectral Experts enforce a priori or-

thogonality, ensuring the limited new data is learned

in a clean, non-interfering subspace. Moreover, our

SOTA Transfer score of 69.7% proves our protection

is not a rigid “freeze”. The DCP, guided by dual

online-offline router statistics, keeps non-critical ex-

perts plastic. This allows the model to generalize from

its existing knowledge to learn the new task from a few

samples, rather than requiring data-hungry training

from scratch. This superior balance of retention and

ge neralization yields the best overall performance.

CIL To validate our framework beyond multi-domain

MTIL, we evaluated it on the single-domain CIL

benchmark using TinyImageNet, as shown in Table 3.

Our method demonstrates superior scalability by con-

sistently achieving the SOTA Average and Last scores

across all 5, 10, and 20-step settings. Our top Average

score of 81.95% surpasses the strong MoE-Adapters

baseline. This robust performance validates the effec-

tiveness of our Spectral Experts in a CIL context. Un-

like the diverse MTIL benchmarks, this single-domain

setting forces the model to separate many closely re-

lated classes. The priori orthogonal frequency sub-

spaces are critical here, as they prevent structural in-

terference between these fine-grained representations.

This confirms that our frequency-based separation is a

highly effective and scalable solution for both single-

and multi-domain continual learning.
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Method Airc
raft [3

2]

Calte
ch101 [9

]

CIFAR100 [2
5]

DTD [3
]

EuroSAT [1
4]

Flowers
[3

4]

Food [2
]

MNIST [5
]

OxfordPet
[3

5]

Cars
[2

4]

SUN397 [4
7]

Average
C

L
IP

Zero-shot 24.3 88.4 68.2 44.6 54.9 71.0 88.5 59.4 89.0 64.7 65.2 65.3

5-shot Full Fine-tune 30.6 93.5 76.8 65.1 91.7 92.9 83.3 96.6 84.9 65.4 71.3 77.5

5-shot Fine-tune Adapter 29.7 90.0 75.3 63.9 81.1 94.2 87.8 90.4 89.0 68.2 72.5 76.6

Tr
an

sf
er

Continual-FT – 72.8 53.0 36.4 35.4 43.3 68.4 47.4 72.6 30.0 52.7 51.2

LwF [29] – 72.1 49.2 35.9 44.5 41.1 66.6 50.5 69.0 19.0 51.7 50.0

LwF-VR [6] – 82.2 62.5 40.1 40.1 56.3 80.0 60.9 77.6 40.5 60.8 60.1

WiSE-FT [45] – 77.6 60.0 41.3 39.4 53.0 76.6 58.1 75.5 37.3 58.2 57.7

ZSCL [57] – 84.0 68.1 44.8 46.8 63.6 84.9 61.4 81.4 55.5 62.2 65.3

MoE-Adapters [52] – 87.9 68.2 44.1 48.1 64.7 88.8 69.0 89.1 64.5 65.1 68.9

MoE-Adapters++ [53] – 87.9 68.2 45.1 54.6 71.3 88.7 59.5 89.1 63.9 64.9 69.3

Ours – 88.1 68.4 44.1 55.3 71.2 89.0 59.9 89.3 64.7 66.4 69.7

Av
er

ag
e

Continual-FT 28.1 86.4 59.1 52.8 55.8 62.0 70.2 64.7 75.5 35.0 54.0 58.5

LwF [29] 23.5 77.4 43.5 41.7 43.5 52.2 54.6 63.4 68.0 21.3 52.6 49.2

LwF-VR [6] 24.9 89.1 64.2 53.4 54.3 70.8 79.2 66.5 79.2 44.1 61.6 62.5

WiSE-FT [45] 32.0 87.7 61.0 55.8 68.1 69.3 76.8 71.5 77.6 42.0 59.3 63.7

ZSCL [57] 28.2 88.6 66.5 53.5 56.3 73.4 83.1 56.4 82.4 57.5 62.9 64.4

MoE-Adapters [52] 30.0 89.6 73.9 58.7 69.3 79.3 88.1 76.5 89.1 65.3 65.8 71.4

MoE-Adapters++ [53] 32.7 93.9 70.8 59.0 73.9 80.1 88.3 72.3 89.0 63.9 65.2 71.7

Ours 33.0 93.1 73.9 58.2 74.3 82.6 86.7 71.5 88.4 65.0 66.9 72.1

L
as

t

Continual-FT 27.8 86.9 60.1 58.4 56.6 75.7 73.8 93.1 82.5 57.0 66.8 67.1

LwF [29] 22.1 58.2 17.9 32.1 28.1 66.7 46.0 84.3 64.1 31.5 60.1 46.5

LwF-VR [6] 22.9 89.8 59.3 57.1 57.6 79.2 78.3 77.7 83.6 60.1 69.8 66.9

WiSE-FT [45] 30.8 88.9 59.6 60.3 80.9 81.7 77.1 94.9 83.2 62.8 70.0 71.9

ZSCL [57] 26.8 88.5 63.7 55.7 60.2 82.1 82.6 58.6 85.9 66.7 70.4 67.4

MoE-Adapters [52] 30.1 89.3 74.9 64.0 82.3 89.4 87.1 89.0 89.1 69.5 72.5 76.1

MoE-Adapters++ [53] 32.7 94.5 71.3 65.2 84.9 87.7 87.8 94.8 89.0 63.3 68.0 76.3

Ours 32.7 93.6 75.19 63.5 85.2 92.2 84.0 91.6 85.77 65.9 71.4 76.5

Table 2. Comparison with state-of-the-art methods on few-shot MTIL benchmark (%).

Method 5 step 10 step 20 step

Avg. Last Avg. Last Avg. Last

CLIP Zero-shot 69.62 65.30 69.55 65.59 69.49 65.30

Fine-tune 61.54 46.66 57.05 41.54 54.62 44.55

LwF [29] 60.97 48.77 57.60 44.00 54.79 42.26

iCaRL [37] 77.02 70.39 73.48 65.97 69.65 64.68

LwF-VR [6] 77.56 70.89 74.12 67.05 69.94 63.89

ZSCL [57] 80.27 73.57 78.61 71.62 77.18 68.30

MoE-Adapters[52] 81.12 76.81 80.23 76.35 79.96 75.77

Ours 81.95 77.12 81.85 76.52 80.52 76.09

Table 3. Comparison of different methods on TinyImageNet

in class-incremental settings with 100 base classes.

Computational Cost As shown in Table 4, we ana-

lyze the efficiency of our method against key base-

lines, comparing trainable parameters, GPU memory

footprint, and training speed. Our framework is the

most efficient solution across all three metrics. For

Trainable Parameters, our method requires only 23.49

M, which is approximately 2.5 times fewer than MoE-

Adapters and 6.4 times fewer than the full-parameter

method ZSCL. This significant efficiency stems from

our Spectral Expert design, which replaces parameter-

heavy LoRA modules with a small, fixed set of k
spectral coefficients. This reduced parameter count

directly translates to the lowest GPU memory foot-

print at 21580 MiB. Furthermore, our method is the

fastest in terms of training speed, achieving 1.24s/it.

This is notably faster than MoE-Adapters and over 3

times faster than ZSCL. This validates that our DCP

is a highly efficient protection mechanism, avoid-

ing the significant computational overhead associated

with regularization or distillation based methods.

5.3. Ablation Study
Analysis of Spectral Experts To isolate the contri-

bution of our Spectral Experts (SE), we conduct an

Method Train Params ↓ GPU ↓ Times ↓
LWF [42] 149.6M 32172MiB 1.54s/it

LWF-VR [15] 149.6M 32236MiB 1.51s/it

ZSCL [78] 149.6M 26290MiB 3.94s/it

MoE-Adapters 59.8M 22358MiB 1.58s/it

Ours 23.5 M 21580MiB 1.24s/it

Table 4. A comparison of computational costs during the

training process between our method and other methods,

in terms of trainable parameters, GPU memory usage, and

training time per iteration.

ablation that replaces the expert modules in our full

Spectral MoE with either standard LoRA experts or

SE, and report the Last Forgetting Rate (FR) under

two regimes: (a) full-shot and (b) few-shot. We sum-

marize performance using the Area Under the For-

getting–Time Curve (AUC); detailed definitions and

computation procedures for FR and AUC are pro-

vided in the supplementary material (Supp. S4). As

shown in Figure 4, in the full-shot setting (a) simply

swapping LoRA for SE reduces the total forgetting by

about half, with AUC 0.91% vs. 1.81% for LoRA.

This supports our claim that SE’s a priori orthogo-

nality better mitigates structural interference arising

from overlapping subspaces in LoRA. The trend per-

sists in the few-shot setting (b): the framework paired

with LoRA shows AUC 1.68%, whereas integrating

SE lowers forgetting to 0.61%. These results indicate

that SE is a key factor in reducing structural interfer-

ence across data regimes, and that its synergy with

DCP further contributes to the overall gains.

Analysis of DCP We now ablate the components of

our DCP, with results in Table 5. DCP is designed

to solve “compositional forgetting” by enforcing geo-

metric constraints on both the router and the experts.
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Figure 3. Ablation studies and sensitivity analysis. (a) Ablation on the expert projection Dη . We compare our “Dynamic Dη”

against two rigid baselines: (a) Dη = I , a full stability setting, and (b) Dη = 0, a full plasticity setting. Our dynamic approach

yields the best overall performance. (b-d) Sensitivity analysis of key hyperparameters: (b) the number of experts N , (c) the

non-linear focus γ, and (d) the safety floor ηmin. Our method shows stable performance across a range of N values, peaking

at N = 32. The optimal performance is achieved with γ = 2 and ηmin = 0.95. All experiments report Transfer (blue, circle),

Average (orange, square), and Last (green, triangle) accuracy (%).

Method Transfer Average Last

Full 70.1 78.1 86.3
(a) w/o Hw 66.2 75.1 84.0

(b) w/o He(Dη) 69.4 74.6 79.8

(c) w/o Hw & He(Dη) 69.8 75.0 80.2

Table 5. Component ablations on our method. “Full” is our

complete method. We measure the impact of removing the

router projection (a: w/o Hw), the dynamic expert projec-

tion (b: w/o He(Dη)), or both (c).

Removing the Router Consistency Projection (Hw)

alone in (a) significantly drops the Average score to

75.1%, confirming Hw is essential for stabilizing the

router. However, removing the Dynamic Expert Pro-

jection (He(Dη)) in (b) causes a more severe perfor-

mance collapse. This results in the lowest Average

score of 74.6% and the largest drop in the Last score

to 79.8%. This demonstrates that our fine-grained,

importance-weighted protection is the most critical

component for maintaining stability. Finally, row (c),

which removes both DCP components, confirms that

our SE alone are insufficient. While SE solves struc-

tural interference, it is the synergy of SE and DCP that

achieves our “Full” SOTA performance.

Figure 4. Analysis of Spectral Experts (SEs) vs. LoRA. We

plot the Last Forgetting Rate for standard LoRA versus our

SEs on our full Spectral MoE framework under (a) full-shot

and (b) few-shot scenarios. The Area Under Curve (AUC)

measures total forgetting.

Figure 3a analyzes our Dynamic Dη by comparing

it to two rigid extremes. The “full stability” setting

(Dη = I) is too rigid, dropping the Transfer score to

68.7%. Conversely, the “full plasticity” setting (Dη =
0) causes catastrophic forgetting, as the Last score

plummets to 80.3%. Our Dynamic Dη method avoids

both pitfalls, achieving the highest Last score (86.3%)

while maintaining a high Transfer score (70.1%). This

proves our dynamic, importance-weighted balance is

the key to the best Average.

5.4. Hyperparameter Sensitivity
We analyze the sensitivity of our key hyperparameters

in Figure 3 (b-d). We provide a brief summary here;

full details are deferred to the supplementary mate-

rial (supp.S5). Our framework benefits from a finer-

grained spectral partition, as performance improves

with more specialized experts, peaking at our chosen

N = 32. The focusing strength γ is critical for balanc-

ing stability and plasticity; a linear mapping (γ = 1)

is too blunt to protect important experts, while higher

values (γ ≥ 3) are too rigid, making our setting of

γ = 2 optimal. Finally, a high safety floor ηmin is es-

sential. Setting no floor (ηmin = 0) causes catastrophic

forgetting in less-used experts, and performance in-

creases monotonically with this value, validating our

choice of ηmin = 0.95 to ensure robust knowledge re-

tention across all experts.

6. Conclusion
This paper addresses the core challenges of Structural

Interference and Router Drift when applying LoRA-

MoE to Continual Learning by proposing a unified

framework combining spectral orthogonality with ge-

ometric projection. We introduced Spectral Experts

to guarantee a priori orthogonality, eliminating pa-

rameter overlap at its source, and designed a Dy-

namic Consistency Projection mechanism based on a

Dual Online-Offline Router to resolve compositional

forgetting in a principled manner. Experiments on

MTIL and CIL benchmarks demonstrate our method

achieves SOTA performance. Ablation studies further

confirm that Spectral Experts are critical for eliminat-

ing structural interference and that DCP is essential

for preventing compositional forgetting.
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