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Abstract

Continual learning requires models to learn tasks sequen-
tially while maintaining a delicate balance between stabil-
ity (retaining knowledge of previous tasks) and plasticity
(adapting to new tasks). A key challenge is preventing in-
terference between tasks which degrades performance when
learning new tasks over previously learned tasks. Recent
approaches leverage parameter-efficient fine-tuning (PEFT)
which adapts pre-trained models by injecting a small num-
ber of learnable parameters. However, existing PEFT-based
continual learning methods such as InfLoRA face funda-
mental limitations, i.e., they rely on complex optimization
procedures to learn orthogonal task-specific spaces which is
increasingly difficult as tasks accumulate. Thus, we propose
a novel bilinear reformulation that fundamentally reimag-
ines the task separation through fixed orthogonal bases. Our
key insight is that by expanding the parameter space quadrat-
ically through two fixed bases, we can achieve “almost
orthogonal” task subspaces probabilistically, eliminating
the need for explicit interference elimination procedures.
We provide theoretical guarantees that this approach re-
duces the probability of task interference from O((k / d)2)
10 O((k/d?)?), ensuring reliable task separation without
complex optimization. Through extensive experiments on
ImageNet-R, CIFAR-100, and DomainNet, we validate our
theoretical bounds and demonstrate state-of-the-art perfor-
mance with reduced parameter count. The code is available

at: https://github.com/yifeiacc/BiLoRA.

1. Introduction

Continual learning, where models must learn tasks sequen-
tially while preserving knowledge of previous tasks, remains
a fundamental challenge in machine learning [26, 27, 32].
The key difficulty lies in maintaining a delicate balance be-
tween stability (retaining previous knowledge) and plasticity
(adapting to new tasks). Traditional approaches often suffer
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from the so-called catastrophic forgetting [24, 29] where
learning new tasks significantly degrades performance on
previously learned tasks [1, 6, 7, 16, 19, 36, 40].

Recent advances in large-scale pre-trained models [4,
5, 11, 12] open new possibilities for addressing this chal-
lenge. However, adapting these foundational models effi-
ciently while preventing interference between tasks remains
difficult. Parameter-efficient fine-tuning (PEFT) emerged
as a promising direction, particularly Low-Rank Adapta-
tion (LoRA) [15] which introduces lightweight, learnable
components alongside frozen pre-trained weights.

The application of PEFT methods to continual learning
has shown initial success [38, 39], offering both parameter
efficiency and continuous adaptation capabilities. However,
current PEFT-based approaches face significant challenges
in balancing stability and plasticity [37]. The fundamental
issue lies in the shared parameter space where task-specific
updates become entangled, making it impossible to modify
one task’s parameters without affecting other tasks [39].

Recently, InfLoRA [22] attempted to address such an in-
terference by enforcing orthogonality between task-specific
matrices. While this approach provides task separation guar-
antees, it faces two critical limitations: (1) The number of
tasks is strictly bounded by the dimensionality of the pa-
rameter space - with model dimension d and rank r, only
|d/r] tasks can be supported. (2) Early tasks may claim
key parameter subspaces, leaving later tasks with potentially
suboptimal allocations that cannot be adjusted within a fixed-
dimensional parameter space [8, 34]. These limitations stem
from attempting to maintain perfect orthogonality within a
fixed-dimensional parameter space.

We present a fundamentally different approach to task
separation that leverages fixed orthogonal bases through a
novel bilinear reformulation [35]. Our key insight is that
while finding perfectly orthogonal subspaces becomes in-
creasingly difficult with more tasks, we can achieve “al-
most orthogonal” spaces with high probability by expanding
the parameter space quadratically (as shown in Figure 1).
Specifically, by reformulating task adaptation through two
fixed orthogonal bases, we can theoretically guarantee that
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the probability of significant interference between any two
tasks becomes vanishingly small. This probabilistic guar-
antee of almost-orthogonal bases eliminates the need for
explicit orthogonalization procedures while ensuring robust
task separation. Moreover, our approach naturally maps
to the frequency domain, where the Fourier basis provides
both inherent structure for the task separation and efficient
computation through FFT.

Our main contributions are listed below:

i. We introduce BiLoRA, a novel bilinear reformulation
that quadratically expands the parameter space while
supporting both perfect and almost-orthogonal task sep-
aration through fixed orthogonal bases.

ii. We provide theoretical guarantees for two complemen-
tary strategies: (1) perfect orthogonality supporting
O(d?/k) tasks via a without-replacement selection, and
(2) almost-orthogonal spaces with interference proba-
bility O((k/d?)?) via a with-replacement selection —
both significantly improving upon the O(d/r) limit of
existing methods.

iii. We demonstrate that the Fourier basis provides an op-
timal implementation of our framework, offering both
theoretical guarantees and practical efficiency while sup-
porting both separation strategies.

iv. Through extensive experiments on ImageNet-R, CIFAR-
100, and DomainNet, we validate both separation strate-
gies and achieve the state-of-the-art performance in
PEFT-based continual learning setting.

2. Related Work

Parameter-Efficient Model Adaptation. Recent advances
in parameter-efficient fine-tuning (PEFT) have demon-
strated promising results in adapting large pre-trained mod-
els [41, 46]. Additive approaches such as Adapter [14],
AdapterFormer [3] insert trainable modules into pre-trained
networks. While effective, these approaches increase model
complexity and cannot maintain task separation. Input-based
methods such as Prompt-tuning [21] and VPT [17] modify in-
put representations via learnable tokens but their expressive
power is limited to manipulating the input space. Another
line of work focuses on weight decomposition, exemplified
by LoRA [15], which decomposes weight updates into low-
rank matrices. While achieving parameter efficiency, LoORA
and its variants such as PACE [25] suffer from task inter-
ference in continual learning, as each sequential adaptation
shares and modifies the same parameter space. In contrast,
our method introduces a novel bilinear decomposition in
the frequency domain and provides natural task separation
without architectural modifications or input manipulations.

Task Separation Mechanisms in Continual Learning. The
prevention of catastrophic forgetting via effective task sep-
aration remains a central challenge in continual learning.

Parameter allocation strategies, such as PackNet [23] and
HAT [31], assign dedicated parameters to each task but face
scalability issues with increasing tasks. Gradient projection
approaches, including OWM [42] and GPM [30], project
gradients to orthogonal spaces. InfLoRA [22] extends this
concept to PEFT but requires complex gradient manipula-
tion. Architecture-based methods such as DualPrompt [38]
and L2P [39] employ specialized architectures for task sepa-
ration, increasing design complexity. Our frequency-domain
approach differs fundamentally by providing inherent task
separation through orthogonal basis functions, avoiding the
computational overhead of gradient projection while main-
taining mathematical elegance.

Parameter-Efficient Continual Learning. Managing com-
putational and memory resources efficiently remains a criti-
cal challenge in continual learning. Traditional approaches
such as [2, 27, 32, 47] update all parameters, requiring sub-
stantial computational resources and storage. Progressive
expansion methods, e.g., CODA-P [34], add parameters as
new tasks arrive, leading to linear growth in model size.
Noteworthy are also efforts in open-world object detection,
e.g., OW-DETR [10] & OWOBJ [45]. Memory-based meth-
ods use experience replay or knowledge distillation and store
additional data/model copies. In contrast, our frequency-
domain bilinear decomposition achieves both parameter and
computational efficiency via structured sparsity in the fre-
quency domain. It enjoys constant memory footprint (regard-
less of task number) and fast computation via FFT.

3. Preliminaries

Parameter-efficient fine-tuning via low-rank adaptation
(LoRA) is a popular approach for adapting pre-trained mod-
els to downstream tasks. In this section, we first review
the foundations of LoRA and formalize the challenges in
applying it to continual learning.

Low-Rank Adaptation. Given a pre-trained model with
weight matrix W € R4*4 [ oRA [15] introduces learnable
parameters to adapt the model via:

W =W+ AW =W + AB, (1)

where A € R¥" and B € R"*? are low-rank matrices with
rank r < d. This decomposition significantly reduces the
number of trainable parameters from O(d?) to O(rd).

Continual Learning with LoRA. In the continual learn-
ing setting, we encounter a sequence of tasks {71,..., 71}
that must be learned sequentially. When applying LoRA
to continual learning, each task requires its own adaptation
parameters for a linear layer subsuming {1,...,t} tasks
to-date:

t
W, =W + Z A,B;, ()

i=1
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where A; and B; are the task-specific parameters for task <.

Existing Solution. InfLoRA [22] addresses this challenge
by ensuring orthogonality in the B matrices through gradient-
guided subspace allocation:

span(B;) L span(B;), Vi # j. 3)
This approach first designs orthogonal B matrices via the gra-
dient space projection, then learns corresponding A matrices.
However, InfLoRA faces two fundamental limitations. The
sequential nature of subspace allocation leads to potentially
suboptimal basis assignments for early tasks, with no mech-
anism to adjust these allocations based on the requirements
of later tasks. Moreover, a strict dimensionality constraint
emerges from the orthogonality requirement: with each task
requiring r orthogonal dimensions in a d-dimensional pa-
rameter space, the maximum number of supported tasks is
bounded by 7' < |d/r]. This creates an inherent tension
between the number of tasks that can be accommodated, the
expressiveness available to each task through rank r, and the
underlying model dimension d.

4. Methodology

While InfL.oRA successfully addresses catastrophic forget-
ting in continual learning by the orthogonal parameter alloca-
tion, our analysis reveals its two significant limitations. The
first limitation is a strict capacity constraint - when using a
model with dimension d = 1024 and rank » = 32, InfLoRA
can only accommodate 32 tasks before exhausting its avail-
able orthogonal subspaces. The second limitation stems from
InfLoRA’s sequential allocation strategy: as tasks arrive se-
quentially, early tasks may allocate parameter subspaces that
would have been more beneficial for later tasks. However,
these allocations cannot be adjusted at a later time.

Our solution develops three key stages: (i) We introduce
fixed orthogonal bases as a replacement for learned orthogo-
nal projections, ensuring each task has equal access to the
entire parameter space. Building on this foundation, (ii) we
develop a bilinear reformulation that expands the available
parameter space from d to d? dimensions, dramatically in-
creasing the number of tasks we can support. (iii) We then
implement this approach using Fourier transforms, which
provides both theoretical guarantees for task separation and
computational efficiency.

Our theoretical analysis demonstrates that this approach
achieves near-perfect task separation while supporting
quadratically more tasks than previous methods.

4.1. Bilinear-LoRA (BiLoRA)

Intuition and Motivation. Instead of learning orthogonal
bases for each task, we propose to utilize existing orthogonal
bases (e.g., DFT, DCT) to partition the parameter space. In
fixed orthogonal basis approaches, a task’s weight update

can be represented as:
AW, = UB;y, 4)

where U € R%*? is a fixed orthogonal basis and B; € R?*?
has only 7 non-zero rows, indicating which basis vectors are
selected. This fixed basis approach addresses the sequential
allocation issue in previous methods by providing a fair,
predetermined subspace allocation strategy. Unlike learned
orthogonal bases where early tasks might monopolize crucial
subspaces, each task now has equal access to the entire
basis set. However, the fundamental limitation remains: in
a d-dimensional space, we can only support |d/r| tasks
without interference, regardless of the allocation strategy.
This inherent capacity limit motivates our bilinear extension,
which expands the available parameter space quadratically.

Bilinear Reformulation. This single-sided projection in Eq.
(4) limits the expressiveness and capacity for task separation.
To address this, we propose a bilinear decomposition:

AW, = UB, V7T )

where U,V € R%*? are fixed orthogonal bases. This bi-
linear extension provides two key advantages. While the
linear model operates in a d-dimensional space, our bilinear
model naturally expands the parameter space to d*> dimen-
sions due to the interaction of the two basis transformations.
For unit-norm inputs x; and x, their interaction is:

(yi,y) = (UB;V'z;,UB,V"x;) (6)
=2 VBIU'UB, V", (7
=z!VB/BV"'z, (U'U=1I) @®)
< || B} B;||r (by Cauchy-Schwarz).  (9)

This shows how all three conditions work together to main-
tain task independence: orthonormal U preserves output
separation, orthonormal V' preserves input transformation,
and orthogonal B matrices ensure task parameter separa-
tion. When B; and B; are orthogonal, the Frobenius norm
| B B;||r becomes zero, guaranteeing task separation re-
gardless of inputs. This quadratic expansion dramatically
reduces the interference probability from O ((k/d)?) for the
linear case to O((k/d?)?) for our bilinear case that supports
significantly more tasks and maintains their independence.

4.2. Task Separation with DFT

Building upon the bilinear reformulation, we show that
parameter-efficient finetuning with Discrete Fourier Trans-
form (DFT) [9] naturally fits into our bilinear framework
while providing enhanced task separation via the frequency
domain orthogonality. Rather than learning the basis matri-
ces U and V, which would substantially increase the param-
eter count, we employ fixed orthogonal bases (F') through
DFT:

AW, = FB,FH, (10)
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Figure 1. Comparisons of the parameter space utilization across different LoORA variants. Traditional LoRA allows task parameters to
overlap. InfLoRA enforces a strict orthogonality through fixed subspace allocation. Our proposed Bilinear-LoRA leverages task separation

while maintaining independence.

where F € C%*4 ig the 1D DFT matrix, F¥ is its Hermitian
transpose, and B, € C%*? contains the learnable frequency
components for task £. This formulation is a special case of
our bilinear framework with U = F,V = F, with the addi-
tional advantage that F7 = V# = V7 due to the unitary
nature of the DFT matrix. The 2D FFT of a matrix AW can
be computed by applying 1D FFT to its rows followed by
1D FFT on the columns, which is precisely what our formu-
lation FB,F¥ achieves, enabling efficient implementation
through fast Fourier transform algorithms.

Structured Parameter Space. Working in the frequency
domain offers great flexibility for task separation. To ensure
our design meets both theoretical and practical requirements,
we constrain the task-specific matrices B; with two key
properties:

(i) We enforce sparsity in the frequency domain:

IB¢|lo = k < d?, (11)

where only k frequency components are non-zero. This
sparse representation enables two theoretically distinct allo-
cation strategies:

» Without replacement: Enforcing supp(B;) N supp(B;) =
() for i # t supports |d?/k| tasks with guaranteed zero
interference.

» With replacement: Relaxing the separation constraint en-
ables unlimited tasks with collision probability reduced to
O((k/d?)?).

In practice, both strategies achieve nearly identical perfor-

mance due to the quadratic expansion of the parameter space,

with sparsity simultaneously reducing memory requirements
and decreasing the probability of task interference.

(i) To ensure our weight updates remain real-valued
while operating in the complex frequency domain, we en-
force the Hermitian symmetry:

B:[u,v] = B¢[—u, —v]", (12)

whereu € {—%+1,..., 2} andv € {—4+1,..., 2} rep-
resent the frequency coordinates in the 2D Fourier domain.
This symmetry constraint guarantees that after the inverse
Fourier transform, the resulting weight update AW, will be
real-valued, as required for neural network computations.

Learning Procedure. To efficiently implement the above
constraints, we represent the sparse frequency matrix B; by
a binary mask S; and corresponding values ©;:

B, =S,©6y, 13)

where S; indicates the support (non-zero locations) and ®,
contains the complex values at those locations. This repre-
sentation essentially treats B; as a sparse matrix where S;
and ©; serve as index and value tensors, respectively.

Algorithm | details the optimization process for each task.
The procedure first initializes ®; to zeros and generates a
frequency mask S, that satisfies both sparsity (||S;[lo = k)
and symmetry (S[u,v] = S;[—u, —v]) constraints. For
the “without replacement” strategy, we additionally enforce
supp(S¢) Nsupp(S;) = 0, Vi < ¢.

This approach ensures that task learning remains confined
to designated frequency components while maintaining the
constraints necessary for real-valued weight updates. By
operating directly in the frequency domain and exploiting
sparsity, we achieve both computational efficiency and effec-
tive task separation.

4.3. Theoretical Analysis

Below, we provide theoretical guarantees for our frequency
domain task separation model. We first establish probabilis-
tic bounds on task interference through frequency separation.

Theorem 1 (Frequency Separation). For tasks i and j, let S;
and S; be independently and uniformly sampled frequency
selection masks with k components each from a total of d>
components. For k < d, the probability of perfect separa-
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Algorithm 1: Fourier Domain Task Learning.

Require: Base model weights W, task dataset D;, number

of frequency components k.
Ensure: Task-specific parameters ©,.
1: Initialize @, « 04xd
2: Generate frequency mask S; satisfying:
3: |St‘0 =k
4: S¢[u,v] = S¢[—u, —v]
5: For each training batch (z,y) € D,
AWt — F(St © @t)FH
L < Loss(i,y)
Compute gradients: 8%1
10: Update only selected components:
11: @t(—(")t—T](St@%)
12:  Enforce Hermitian symmetry:
13: O;u, v] + O—u, —v]*
14: End
15: return ©,

tion (no frequency collision) is at least:

p(supp(Si) Nsupp(S;) =0) >1 - —. (14

The above theorem reveals a fundamental advantage of
our bilinear approach: by expanding to a d x d frequency
grid, tasks naturally achieve separation with high probabil-
ity. Consider a practical example with model dimension
d = 1024 and k = 32 components per task: the probability
of perfect separation is at least 99.9%. This is analogous to
randomly placing k items in a d X d grid versus a 1D array
of size d — the quadratic expansion in space dramatically re-
duces the collision probability from O(k?/d) to O(k?/d?).
This demonstrates that our bilinear framework can support
significant scaling in both model capacity and number of
tasks while preserving near-perfect separation. Moreover,
these theoretical bounds are conservative, i.e., in practice,
with our Fourier-based implementation, we observe even
better separation due to the structured nature of frequency
components. This leads to our main result on the task inter-
ference:

Theorem 2 (Task Interference Bound). For tasks i and j
with updates AW ; and AW j, with probability at least 1 —9:

AW AW, ||, <&, (15)
when the number of frequency components k satisfies:
d? 1
k< c? log (S)’ (16)

where c is a universal constant and T is the total number of
tasks.

> Sparsity constraint
> Symmetry constraint

> Forward pass

The above theorem translates our collision probability
into the practical guidance for implementing our method.
The bound in Eq. (16) tells us exactly how many frequency
components we can allocate per task while keeping interfer-
ence under control. This enables us to realize a budget — as
one adds more tasks (7" increases), one needs to be more
conservative with the per-task allocations (k decreases). The
log(1/4) term provides a safety margin, i.e., by making it
larger, one can be more confident about avoiding the inter-
ference at the cost of slightly reduced capacity. Most impor-
tantly, the above result shows we can handle O(d?) tasks —
quadratically more than traditional approaches — while still
maintaining the task independence with high probability.

5. Experiments

In this section, we conduct extensive experiments to evaluate
our method. Firstly, we describe the experimental settings,
then compare our method with state-of-the-art baselines on
various benchmarks. Finally, we provide detailed ablation
studies and analysis.

Continual Learning Setting. We evaluate our approach in
a class-incremental learning setting where the model must
classify all previously seen classes without providing the
task identity during inference. For all datasets, we follow
the protocol of Gao et al. [8] where classes are partitioned
into disjoint subsets representing sequential tasks. For the
classification layer, we employ a dynamic expansion ap-
proach, adding new output nodes for each task’s classes
while freezing weights corresponding to previously learned
classes. This prevents the new task from directly interfering
with classification boundaries of previous tasks.

Datasets. We evaluate our method on ImageNet-R [13],
CIFAR-100 [20], and DomainNet [28]. Following the proto-
cols established in [8], we maintain consistent incremental
task settings for fair comparison with baseline continual
learning (CL) methods. All experiments are conducted 5
times with different random seeds, and we report both the
final task performance and averaged results across all tasks.

Baselines. We compare our approach against several PEFT-
based CL methods: L2P [39], DualPrompt [38], and CODA-
P [34]. We also evaluate against recent advances including
C-LoRA [33] and LAE [8]. Additionally, we establish per-
formance bounds using two non-CL approaches: a sequen-
tial baseline (lower bound) that employs naive sequential
training in a class-incremental setting, and a joint training
approach (upper bound) that trains all classes simultaneously.
For fair comparison, all methods are implemented using the
same pre-trained model and fine-tuned using LoRA.

Implementation Details. Our model employs ViT-B/16 [5]
as the backbone, which is pre-trained using self-supervision
and widely adopted in class-incremental learning (CIL). Fol-
lowing standard practice, we insert adapters only in the query
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Table 1. Results (%) on ImageNet-R, CIFAR-100 and DomainNet. We report results over 5 trials.

Tasks ImageNet-R (10 Task) CIFAR-100 (10 Task) DomainNet (10 Task)
Method Last (1) Avg. (1) Last (1) Avg. (1) Last (1) Avg. (1)
Joint Training 81.14 £+ 0.34 — 91.920.05 - 77.720.04 -
Sequential 62.54 £ 0.24 67.98 £ 0.27 62.18 £+ 3.59 80.42 £+ 0.23 54.34 £+ 1.24 70.35 £ 0.21
L2P [39] 65.41 £ 0.52 69.39 £+ 0.43 82.48 £+ 0.20 87.64 + 0.25 71.56 £ 0.06 76.49 £ 0.02
DualPrompt [38] 71.47 £ 0.35 75.82 £ 0.29 84.42 £+ 0.30 90.06 £+ 0.07 74.64 £ 0.06 78.57 £ 0.03
CODA-P [34] 71.70 £ 0.39 76.71 £ 0.10 86.62 £+ 0.11 91.08 £+ 0.28 74.83 £ 0.15 79.83 £ 0.07
C-LoRA [33] 71.89 £ 0.45 75.33 £ 0.28 82.97 £+ 0.47 88.81 + 0.34 70.34 £ 0.15 76.26 £ 0.15
LAE [8] 71.70 £ 0.39 76.71 £ 0.10 84.15 £+ 0.10 89.84 4+ 0.03 67.23 £ 0.42 76.76 £ 0.17
InfLoRA [22] 75.65 £0.19 80.82 £+ 0.12 86.51 £+ 0.73 91.70 £+ 0.32 75.45 £ 0.22 80.57 £ 0.57
Ours 7795 + 0.14 81.52 + 0.26 87.46 + 0.76 92.50 + 0.62 76.56 + 0.41 81.65 + 0.62
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(a) CIFAR-100 (b) ImageNet-R
Figure 2. The performance of different methods during learning on
ImageNet-R and CIFAR-100.
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Figure 3. Analysis of task separation in parameter space. (a)
Comparison between linear (k/d) and bilinear (k/d?) collision
probabilities as function of sampling rate, with £2¢ confidence
intervals showing the consistent advantage of bilinear allocation.
(b) The resulting interference bound || AW AW || (95% conf.
interval), validating Theorem 2’s prediction that maintaining k£ <
¢(d?/T) log(1/6) ensures bounded interference between tasks.

and key linear layers of the transformer’s attention blocks.
For our method (Ours), we set the frequency parameter
k = 3000, and maintain a LoRA rank of r = 16 across
all LoRA-based methods. The models are optimized us-
ing Adam [18] with a batch size of 64. Following Zhang
et al. [44], we employ different learning rates, i.e., le=3
for the classification layer and 1e~® for adapter parameters.
We additionally implement cosine annealing during training.
The hyperparameters are set as follows: § = 1, A = 0.001,
v =0.5,andn = 0.2.

5.1. Performance Evaluation

Overall Performance. Our method achieves state-of-the-art
results across all three benchmark datasets (Table 1). On

(a) CIFAR-100 (b) ImageNet-R
Figure 4. Investigation of different r for InfLoRA in terms of
Accuracy score on CIFAR-100 and ImageNet-R.

ImageNet-R, we achieve 77.95% final accuracy and 81.52%
average accuracy, outperforming previous best results by
2.3%. The improvement is particularly notable on CIFAR-
100, where our method approaches the joint training perfor-
mance (91.92%) with 87.46% final accuracy while main-
taining the ability to learn sequentially. For DomainNet,
which tests adaptation across diverse visual domains, we ob-
serve consistent improvements with 76.56% final accuracy
and 81.65% average accuracy. These results demonstrate
that our frequency-based task separation effectively balances
plasticity and stability in continual learning.

Scaling to More Tasks. A key advantage of our approach is
its ability to handle an increasing number of tasks effectively
(Table 2). With 5 tasks, we maintain performance close to
the joint training, achieving 78.32% final accuracy. More
importantly, as we scale to 10 and 20 tasks, our method en-
joys significantly less performance degradation compared to
baselines. Even with 20 tasks, we maintain 72.41% final ac-
curacy and 79.28% average accuracy, demonstrating that our
bilinear formulation successfully addresses the task capacity
limitations of previous approaches.

Anti-catastrophic Forgetting Analysis. Figure 2 demon-
strates how different methods maintain performance on pre-
viously learned tasks as new tasks are introduced. On both
ImageNet-R and CIFAR-100, our method exhibits signif-
icantly better resistance to catastrophic forgetting. While
baseline methods show noticeable accuracy drops after learn-
ing each new task, our approach maintains a more stable
performance trajectory throughout the learning process. This
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Table 2. Results (%) for 5 tasks, 10 tasks, and 20 tasks on ImageNet-R. We report results averaged over 5 trials.

Tasks 5 Task 10 Task 20 Task

Method Last (1) Average (1) Last (1) Average (1) Last(1) Average (1)
Joint Training 81.14 £ 0.34 - 81.14 + 0.34 81.14 + 0.34

Sequential 58.74 £+ 1.28 72.91 £+ 0.28 62.54 + 0.24 67.98 + 0.27 34.62 + 0.85 51.15 + 1.50
L2P [39] 64.13 £ 0.78 68.66 £ 0.41 65.41 + 0.52 69.39 + 0.43 57.92 + 0.28 64.57 £ 0.29
DualPrompt [38] 67.88 £ 0.17 71.16 + 0.31 71.47 £+ 0.35 75.82 £+ 0.29 61.00 + 0.72 65.80 + 0.67
CODA-P [34] 73.09 £ 0.21 76.91 + 0.21 71.70 £ 0.39 76.71 £+ 0.10 67.28 + 0.30 72.34 £ 0.17
C-LoRA [33] 75.85 £ 0.31 78.85 + 0.34 71.89 + 0.45 75.33 + 0.28 65.71 + 0.60 70.63 + 0.85
LAE [8] 73.84 £ 0.14 77.29 + 0.45 71.70 £ 0.39 76.71 £+ 0.10 66.98 + 0.35 73.72 £ 0.05
InfLoRA [22] 77.52 £ 0.37 82.01 £+ 0.12 75.65 £0.19 80.82 + 0.12 71.01 + 0.45 77.28 £ 0.45
Ours 7832 + 0.37 83.31 + 0.52 7795 + 0.14 81.52 + 0.26 72.41 + 0.65 79.28 + 0.76

stability can be attributed to our frequency-domain task sep-
aration mechanism: by allocating distinct frequency compo-
nents to each task, we effectively prevent new task updates
from interfering with previously learned features. The con-
sistent performance gap between our method and existing
approaches grows wider as more tasks are learned, high-
lighting the long-term benefits of our bilinear formulation in
preserving task-specific knowledge.

Understanding Capacity Limitations of InfLLoRA. Fig-
ure 4 provides a compelling evidence for why previous or-
thogonal subspace approaches struggle with scaling. For
CIFAR-100, we compare InfLoRA’s performance using stan-
dard rank (r = 16) versus high rank (r = 256) settings.
For ImageNet-R, we conduct a more extensive comparison
across multiple ranks. While a higher rank theoretically pro-
vides more expressivity per task [43], it significantly reduces
the number of available orthogonal subspaces L%j The
results clearly show a trade-off: as the rank increases, the
performance degrades more rapidly as the tasks accumulate,
despite having more parameters per task. This empirically
validates our theoretical argument about the fundamental lim-
itations of the orthogonal subspace allocation, demonstrating
why our bilinear frequency-domain approach is necessary.

5.2. Empirical Analysis

To validate our theoretical analysis, we conduct simulation
experiments examining both the collision probability in the
frequency space and the resulting task interference. These ex-
periments provide empirical evidence for the advantages of
our bilinear formulation and validate the theoretical bounds.

Collision Analysis. We first analyze the probability of fre-
quency collisions between tasks as we vary the sampling
rate k/n. Figure 3a compares the collision probability be-
tween the traditional linear allocation (k/n) and our bilinear
approach (k/n?). The results show that our bilinear strategy
achieves quadratically lower collision rates, e.g., at a sam-
pling rate of 0.2, the linear model shows a collision probabil-
ity of 0.2, while our bilinear model reduces this to 0.04. This
significant reduction supports more tasks while maintaining
independence. The confidence intervals, computed through
binomial statistics, confirm the statistical significance of this
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Sparsity: 0.031

112108 6 4 2 0
112108 6 4 2 0
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0 2 4 6 8 10 12 14

0 2 4 6 8 10 12 14

Figure 5. Visualization of cross-correlation between 16 different
parameter updates AW at varying sparsity levels. Each matrix el-
ement represents the inner product <AW’57 AWH> between pairs
of updates. Lower values (darker colors) indicate a “stronger” or-
thogonality between updates AW?, demonstrating how sparsity in
frequency assignment maintains orthogonal subspaces for different
tasks.

improvement across different sampling rates.

Task Interference. To verify Theorem 2, we measure the
actual interference between tasks under different sampling
rates. Figure 3b shows the Frobenius norm of the interfer-
ence |AW? AW, | r as the sampling rate k/d? increases.
The experimental results closely match our theoretical pre-
dictions, with the interference growing quadratically with
the sampling rate. The shaded confidence intervals (95%
confidence level) demonstrate the consistency of this rela-
tionship. Notably, when we maintain k < ¢(d/T') log(1/9)
as specified by Theorem 2, the interference remains bounded
by e, validating our theoretical guarantees. To directly visu-
alize the effectiveness of our frequency-domain task separa-
tion, Figure 5 shows the cross-correlation matrix between
parameter updates (AW?) across 15 different tasks. The
predominantly dark off-diagonal elements indicate the mini-
mal interference between different tasks’ updates, validating
that our frequency allocation strategy successfully maintains
near-orthogonal subspaces.

5.3. Ablation Analysis

How Many Frequency Components Are Needed? Ta-
ble 5 reveals an interesting finding: our method achieves the
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optimal performance using only 3.2%o of the available fre-
quency components. Increasing the number of components
beyond this point provides diminishing returns, suggesting
that an efficient sweet spot for parameter allocation has been
found. This result is consistent across all datasets, indicat-
ing that the frequency-domain task separation can be highly
parameter-efficient while maintaining strong performance.

Robustness to Pre-trained Models. An important practical
question is whether our method depends on specific pre-
training approaches. Table 3 addresses this by comparing
performance across different pre-trained models (DINO-1k
and iBOT-1k). The results show that our method maintains
its advantages regardless of the pre-training method, with
consistent improvements over baselines. This robustness
is particularly important for practical applications where
different pre-trained models might be available.

Impact of Frequency Allocation Strategy. Below we ask
“How should we allocate frequency components to tasks,
and how does this affect scalability?” Table 4 compares
three strategies: shared allocation, random sampling with
replacement, and random sampling without replacement.
While random sampling without replacement guarantees
no collisions, it limits the maximum number of tasks to
|d?/k]. In contrast, random sampling with replacement
can theoretically support unlimited tasks while achieving
nearly identical performance — a crucial advantage for real-
world applications. This negligible performance difference
is explained by our bilinear formulation: with k < d?, the
collision probability (O((k/d?)?)) becomes so small that
occasional frequency overlaps hardly impact performance.
These results show that sampling with replacement offers the
best of both worlds, i.e., unlimited task scalability and strong
performance — making it the preferred choice for practical
applications. This finding distinguishes our approach from
prior methods such as InfLoRA, which face strict limits on
the task capacity due to the orthogonality constraints.

These results collectively demonstrate that our frequency-
domain approach not only provides theoretical advantages
but also translates to practical improvements in continual
learning. The method is robust across different settings,
efficient in parameter usage, and effectively addresses the
limitations of previous approaches.

6. Conclusions

This work addresses a fundamental question in parameter-
efficient continual learning: how to achieve a reliable task
separation without the burden of learning orthogonal spaces.
Our analysis reveals that the traditional pursuit of perfect
orthogonality, while mathematically elegant, becomes in-
creasingly impractical as task numbers grow. Instead, we
demonstrate that “almost orthogonality” through bilinear
extension provides a more scalable solution with provable

Table 3. Results (%) of different methods on ImageNet-R (10 tasks)
using various self-supervised pre-trained models. DINO-1k and
iBOT-1k indicate that the ViT was pre-trained on ImageNet-1k
using these respective methods.

|  Method Last (1) Average (1)
L2P [39] 56.71 + 0.12 63.59 + 0.21
DualPrompt [38] 60.23 + 0.42 66.57 + 0.25
DINO-1k CODA-P [34] 64.02 + 0.68 71.50 + 0.42
C-LoRA [33] 63.07 + 0.36 68.09 4+ 0.41
LAE [8] 61.03 + 0.27 69.89 + 0.15
InfLoRA [22] 68.31 + 0.28 76.15 4+ 0.05
InfLoRA-b5 [22] 66.16 + 0.14 73.01 +0.17
L2P [39] 60.80 + 0.35 66.58 4+ 0.28
DualPrompt [38] 63.78 + 0.38 68.88 + 0.16
{BOT-1k CODA-P [34] 68.02 + 0.48 74.28 + 0.47
C-LoRA [33] 68.60 + 0.07 73.47 + 0.28
LAE [8] 64.14 + 0.29 72.59 4+ 0.22
InfLoRA [22] 71.84 + 0.09 78.29 4+ 0.09
Ours 73.72 + 0.44 7991 + 0.13

Table 4. Shared vs. non-shared frequency coordinates by sampling
with or without replacement. We report the the Last and Average
Accuracy.

Methods CIFAR-100 ImageNet-R DomainNet
Last (1) Avg. (1) Last() Avg. (1) Last (1) Avg. (1)

Ours + Shared 74.42  77.52 84.46 89.15 T74.15 78.97

Ours + Random 75.65 81.52 87.46 92,50 76.56  81.65

Ours + Random W/OR 75.72 81.65 87.48 92.60 76.74 81.94

Table 5. Performance comparison under different frequency spar-
sity levels.

Indicators | Average (1)

#Freq. k 1000 3000 6000 12000 24000 48000
Sparsity k/d? | 1.6%0c  3.2%0  4.8%c  5.4%c  8.0%  9.6%0
Eugqal rank 7 1 2 4 8 16 32

ImageNet-R 79.7 81.52  81.48 81.48 81.48 81.48

CIFAR-100 85.2 87.46  87.30 87.30 87.30 87.30
DomainNet 75.1 76.56  76.23 76.23 76.23 76.23

guarantees. Our findings have profound implications for
both theoretical understanding and practical applications of
continual learning. The probabilistic analysis reveals that
expanding the parameter space can be more effective than
enforcing strict constraints, challenging the conventional
wisdom in task separation. This insight, combined with the
natural structure of fixed bases such as the Fourier trans-
form, replaces the complex challenge of learning orthogonal
spaces with an intuitive frequency allocation scheme. Look-
ing forward, this work suggests a paradigm shift from the
pursuit of perfect preservation to probabilistic guarantees in
continual learning. This new perspective not only simpli-
fies the implementation of continual learning systems but
also provides clearer paths for adaptation to specific domain
requirements. While our current focus has been on LoRA-
based architectures, the principles of “almost orthogonality”
and the bilinear extension could revolutionize how we ap-
proach parameter efficiency in deep learning more broadly.
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