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Abstract

Continual Learning (CL) aims to prevent catas-
trophic forgetting during downstream finetuning.
While Parameter-Efficient Fine-Tuning (PEFT)
methods mitigate this by shielding pre-trained
weights, they still suffer from severe cross-task
interference. Existing solutions either use in-
dependent routers, causing structural misalign-
ment, or rigid orthogonal constraints, severely
limiting model plasticity. We propose the Or-
thogonal Mixture-of-Expert Low-Rank Adapter
(OMOoE-LoRA), which integrates an end-to-end
contrastive soft router within the down-projection
matrix to avoid misalignment, and an orthogo-
nal constraint exclusively on the up-projection
matrix to suppress cross-talk without sacrificing
plasticity. Experiments on the MTIL benchmark
demonstrate OMoE-LoRA achieves comparable
accuracy with state-of-the-art method while effec-
tively reducing trainable parameters.

1. Introduction

Continual Learning (CL) aims to enable artificial intelli-
gence systems to sequentially acquire new knowledge with-
out catastrophically forgetting previously learned informa-
tion. This capability is indispensable for deploying models
in dynamic, real-world environments such as personalized
assistants, autonomous driving, and continuously evolving
medical diagnosis. Within this field, Parameter-Efficient
Fine-Tuning (PEFT) methods like Low-Rank Adapters
(LoRA) freeze the pre-trained backbone and introduce
lightweight bypass modules, effectively shielding the foun-
dational representations.

However, when sequentially updated across multiple tasks,
these adapters still overwrite previously learned concepts,
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leading to severe cross-task interference. To address
this, MoE-Adapters (Yu et al., 2024) utilizes an Out-of-
Distribution (OOD) detector as a router to direct inputs
to specific expert modules. However, their detectors are
trained independently from the downstream task, which in-
creases the possibility of incorrect routing, severely degrad-
ing the final accuracy. Alternatively, orthogonal methods
like InfLoRA (Liang & Li, 2024) attempt to enforce zero-
interference by restricting the optimization direction of each
task to a calculated null space fixed before training. While
preventing cross-talk, this rigid constraint severely limits
the experts’ plasticity and accuracy when fitting complex
new distributions.

To resolve these issues, we propose the Orthogonal Mixture-
of-Expert Low-Rank Adapter (OMoE-LoRA), a framework
that aligns the routing mechanism and suppresses cross-
talk without sacrificing adaptability, achieving comparable
accuracy with the state-of-the-art method on MTIL bench-
mark, with effective reduction on parameters. Our main
contributions are:

* We utilize contrastive learning to train the LORA down-
projection matrix as an end-to-end, task-focused soft
router, eliminating the structural misalignment caused
by independent OOD detectors.

* We enforce an orthogonal subspace constraint on the
up-projection matrix, providing a geometric safeguard
that isolates task-specific capabilities while remaining
plasticity.

2. Related Works

Parameter-Efficient Continual Learning. To balance
catastrophic forgetting and efficiency, parameter-efficient
fine-tuning (PEFT) methods such as Adapters (Houlsby
et al.,, 2019) and LoRA (Hu et al., 2022) freeze pre-
trained weights and add lightweight modules. LAE (Gao
et al., 2023) unifies several PEFT variants into an ensem-
ble framework, while ZSCL (Zheng et al., 2023) main-
tains zero-shot ability through feature-space distillation and
parameter-space averaging, and establishes the MTIL bench-
mark used in this work.

Mixture-of-Experts Task Routing. MoE-based methods
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Figure 1. The architecture of our OMoE-LoRA in a certain MLP
of a Transformer. During the learning of t-th task, the pretrained
weight and the formerly learnt expert modules are frozen, and a
new LoRA module is attached.

route inputs to task-specific adapters to reduce cross-task
interference. MoE-Adapters (Yu et al., 2024), SLIM (Han
et al., 2025), and C-LoRA (Zhang et al., 2025) all adopt
independently trained routers to dynamically assign tasks.
However, these decoupled routers create structural misalign-
ment with the downstream objective. PASs-MoE (Hou et al.,
2026) explicitly identifies this router—expert misalignment
and mitigates it with pathway activation subspaces.

Orthogonal Subspace Projection. Orthogonal constraints
eliminate interference by keeping task-specific updates in
disjoint subspaces. InfLoRA (Liang & Li, 2024), O-LoRA
(Wang et al., 2023), and OPLoRA (Xiong & Xie, 2026)en-
force orthogonality through orthogonal projection on the
gradient or LORA weights. DualLoRA (Chen et al., 2024)
and Rank-1 Expert Pool (Fa et al., 2026) further combine
orthogonal losses with dynamic memory or sparse rank-1
composition. These methods face a dilemma between the
plasticity and protectivity, either freezing the orthogonal sub-

space before training or only applying a soft loss function
on orthogonality.

3. Methodology

3.1. Framework Overview

In this paper, we present a novel Low-Rank Adapter (LoRA)
finetuning framework for vision-language models, designed
to precisely train a bypass for each task in continuous learn-
ing.

During the training of the ¢-th task, a new LoRA module,
which will be trained as the expert of the ¢-th task, is attached
to each Linear layer of every MLP inside the Transformer.
The pretrained weights and formerly attached experts are
completely frozen. The overview of our framework is shown
in Figure 1.

Let 2 € RY be the input to the module. A conventional
LoRA computes the feature increment as y = ABx. In our
continuous learning paradigm, the forward propagation of
our augmented layer is formulated as:

t t
y=Wzx+ Zwlyl =Wz + Zwi(AiBix) €

i=1 i=1

where W denotes the pretrained weight, and A;, B; denote
the up-project and down-project matrices of the i-th task
expert LORA module respectively. The routing coefficient
w; is a dynamic scalar determining the activation strength
of the ¢-th expert, which is computed by the softmax of the
Lo-norm of B;x:
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3.2. Energy-Based Soft Routing

A LoRA module can be decomposed into a down-project
matrix (B;) and an up-project matrix (A;). We explicitly
formulate the activation intensity of the ¢-th expert as the Lo-
norm of its down-projected representation: E; = || Byz||o.
Given that A, is later constrained within an orthogonal sub-
space (as described in Section 3.3), a lower norm || Byz||2
mathematically bounds the expert’s final contribution, en-
suring irrelevant experts produce near-zero activations.

To optimize B; as an intrinsic energy filter, we apply a
contrastive-margin objective over a target batch X; and a
reference set X,..y:

Lroute = Boex, [max(0, m—|| Byzl|2) |+ Ezex,. . || Brz|2]
3

We choose ImageNet as the reference dataset for the visual
side of CLIP, and Conceptual Captions for the language
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side, as these datasets encompass highly diverse features
representing the universal distribution the model might en-
counter. By employing this contrastive learning strategy,
the energy filter learns to actively suppress ubiquitous back-
ground noise. Furthermore, because the down-project ma-
trix B; simultaneously participates in the forward pass to
optimize the target task, it is intrinsically coupled with the
actual feature extraction process. This powerful synergy
between the contrastive routing loss and the downstream
task objective ensures that the filter achieves exceptional
target-matching precision.

By leveraging this intrinsic energy mechanism, we establish
a cohesive, end-to-end routing paradigm. We eliminate ex-
ternal routing classifiers, effectively bypassing the cascaded
error propagation and objective misalignment typically as-
sociated with disjointed router architectures. Instead, we
dynamically blend expert outputs via a Softmax function.
We explicitly favor this soft routing over Top-1 hard gat-
ing to maintain structural consistency between training and
inference, gracefully preserve representations of historical
experts, and strictly bound the residual stream’s Ly-norm
(>_, w; = 1) to prevent variance explosion in the subsequent
LayerNorm.

3.3. Orthogonal Projection

While soft routing regulates expert magnitudes, concurrently
activating multiple experts can lead to severe feature inter-
ference. To guarantee zero-interference among continuous
tasks, we introduce an orthogonal projection strategy.

For a new task ¢, its up-project matrix Ay is first initialized
as an arbitrary orthogonal matrix. During training, A; is con-
tinuously regularized via Newton-Schulz iteration to strictly
maintain its intrinsic orthogonality, thereby establishing the
orthonormal basis for the expert’s feature subspace.

Let Py = UpaslUpTast denote the projection matrix onto
the subspace spanned by all historical tasks. To prevent
interference with historical tasks, A; is projected into the
null space of Up, before participating in the forward pass.

The projected up-weight is computed as:
Ay = (I = Pus)Ae “

The actual feature increment injected into the residual
stream is thereby calculated as y; = fltBt;v. This geo-
metric constraint guarantees that the newly injected feature
increments are strictly orthogonal to all previous represen-
tations ({Ypast, ¥+) = 0). Upon completing the training for
task ¢, its optimized up-project matrix A, is concatenated
with Upas to update the historical subspace (e.g., updating
an initially empty Upag to A, after the first task), forming
an orthogonal direct sum in the high-dimensional space.

4. Experiments
4.1. Experiment Settings

Datasets. We evaluate our method using Multi-domain Task
Incremental Learning (MTIL) Benchmark following ZSCL.
The model is continually trained on Aircraft, Caltech101,
DTD, EuroSAT, Flowers, Food, MNIST, OxfordPet, and
StandfordCars, and evaluated on all datasets every time the
training on one dataset is done.

Metrics. We adopt the same metric proposed by ZSCL:
Transfer, Average, and Last.

Implementation Details. We use the CLIP model with ViT-
B/16 variant as our backbone. The rank of LoRA experts is
set as r = 16. For all datasets, we train 1k iterations. For
soft routing, the temperature 7 is set to 1.0. The batchsize
for training is set to 32.

4.2. Results

Accuracy. As summarized in Table 1, our method achieves
an overall performance broadly comparable to the state-
of-the-art ZSCL. The primary limitation we observed is
a noticeable accuracy drop on the initial Aircraft dataset,
which we attribute to insufficient regularization constraints
when training the very first task. However, across the re-
maining datasets, our framework surpasses ZSCL on mul-
tiple datasets, demonstrating comparable results in the key
Transfer, Average, and Last metrics.

Computational Cost. As detailed in Table 2, our method
shows better efficiency among existing methods. Com-
pared to ZSCL, the integration of LoRA drastically reduces
the number of trainable parameters. Compared to MoE-
Adapters, the proposed soft routing mechanism eliminates
the need of standalone DDAS domain discriminator. This
reduction highlights the parameter efficiency and structural
advantage of our method.

Energy Visualization. We visualize the transition of the
proposed energy on all datasets at each training stage at
Figure 2. The distribution shows two things:

e As training progresses, the energy gap between the
current task and non-target tasks continuously expands,
eventually forming a sharp and well-defined decision
boundary, demonstrating the effectiveness of the pro-
posed energy routing mechanism.

* The discriminability of the energy distribution en-
hances from shallow to deep Transformer layers, with
deeper layers establishing the task boundary at a sig-
nificantly earlier epoch. This indicates that the routing
mechanism aligns with the hierarchical architecture
of CLIP, effectively capturing higher-level semantic
information in deeper layers.
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Table 1. Accuracy Comparison across multiple datasets on the MTIL Benchmark. The row of “Full FT” and "LoRA” in category ”CLIP”
means adopting the corresponding finetuning method on that specific dataset only, rather than continual finetuning.

g £ & S g 5 £ %
s ]
Method 5 T & = Z : g Z T z :
z c = a 5 = = S )= © z
Q &) = =]
a Zero-shot 24.8 88.4 68.4 42.9 54.9 71.0 88.5 59.4 89.1 64.0 65.2
3 Full FT 57.3 96.1 89.7 78.9 98.9 95.0 92.6 99.7 94.1 87.8 89.0
©  LoRA 552 970 888 792 989 957 928 996 949 867 889
Continual FT - 78.2 59.6 37.2 329 41.8 63.0 52.6 67.6 30.7 515
. WiSE-FT - 79.2 56.6 343 36.0 23.1 48.9 46.7 49.8 14.6 43.3
= SECA - 71.3 66.3 424 512 63.7 85.8 45.7 83.1 60.8 64.0
§ ZSCL - 87.2 68.4 45.6 49.3 69.5 88.3 58.2 89.6 61.5 68.6
= MoE-Adapters - 80.4 683 427 51.7 73.0 85.1 61.0 84.4 60.2 67.4
Ours - 84.6 665 431 494 695 880 623  90.6 627  68.5
Continual FT 22.1 89.6 66.6 59.7 69.5 64.0 72.9 66.7 2.7 36.2 62.0
© WiSE-FT 9.1 79.1 60.8 413 63.4 31.7 57.8 62.6 57.6 19.5 48.3
§° SECA 355 86.3 68.6 49.9 65.5 70.5 86.5 57.7 84.4 62.2 66.7
N ZSCL 45.6 93.0 81.4 66.8 78.3 81.4 90.0 70.5 90.8 64.1 76.2
< MoE-Adapters 40.7 92.4 84.3 54.3 79.8 76.5 87.8 72.6 85.3 61.4 73.5
Ours 402 946 815 655 788 822 897 735 914 648 762
Continual FT 20.7 89.6 65.4 70.9 93.2 85.8 86.2 99.5 93.1 86.0 79.0
WiSE-FT 7.5 76.4 50.1 35.2 76.4 36.2 81.8 99.6 89.6 63.3 61.6
5 SECA 34.2 85.7 69.0 53.1 74.9 73.6 86.9 82.1 86.8 74.5 72.1
3 ZSCL 40.3 93.7 83.0 74.6 96.9 92.0 924 99.2 95.4 87.6 855
MoE-Adapters 40.7 92.9 88.3 56.0 98.6 79.2 91.7 99.6 88.9 72.6 80.9
Ours 34.8 957 841  71.1 982 940 922 995 945 842  84.8

Table 2. Comparison of computational costs during training.
”DDAS?” refers to the task discriminator module in MoE-Adapters.
A indicates the relative reduction of our method compared to the
adapter-based method MoE-Adapters. The trainable parameter
count and gpu memory consumption data are from MoE-Adapters.

METHOD TRAIN PARAMS | GPU |
ZSCL [79] 149.6M 26290MI1B
MOE-ADAPTERS 59.8M 22358M1B
DDAS 8.7M 2461MIB
OURS 22.1M 8872MIB
A (VS MOE-ADAPTERS) -63.0% -60.3%

5. Discussion

In this work, we presented an energy-based soft routing
mechanism coupled with orthogonal subspace allocation to
address catastrophic forgetting in continual learning. Our
framework achieves parameter-efficient, interference-free
adaptation by dynamically mapping distinct tasks into or-
thogonal sub-networks within a frozen pretrained backbone.
Furthermore, our approach drastically reduces the computa-
tional overhead, requiring even fewer trainable parameters
than existing adapter-based solutions.
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Figure 2. The transition of energy on the shallow (2nd), middle
(7th), and deep (11th) layer of the Vision Transformer during the
training of the dataset StandfordCars. Details in Appendix A.

Limitations and Future Work. Despite its strong perfor-
mance across the MTIL benchmark, our framework exhib-
ited a noticeable accuracy degradation on the initial Aircraft
dataset. We attribute this to the fact that the first task’s expert
is initialized in an empty historical subspace (Upast = 0),
lacking the restrictive regularization that subsequent tasks
benefit from. This highlights a potential area for future im-
provement: developing task-agnostic prior constraints or
warmup strategies for the initial expert to better anchor the
feature space. Future work will also explore extending this
dual-stage suppression paradigm to large language models
(LLMs) and investigating highly complex sequential tasks.
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A. Energy Transition on Different Dataset and Different Epoch

(a)

(b)

(c) (d)

Figure 3. The energy of samples from target task domain and background domain while training on the dataset StandfordCars. Figure 3a,
Figure 3b, Figure 3¢ compare the energy of the test dataset in target domain to the energy of the reference dataset, while Figure 3d

compares to the test dataset in other domains.

Compare the result in Figure 3a, Figure 3b and Figure 3¢ with Figure 3d, we can conclude that the use of router loss L, oy te
with reference dataset successfully distinguishes the target domain with others. It shows a sound transferring ability.



