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Abstract. Faced with the emergence of new diseases in clinical practice,
Continual Learning (CL) requires models to learn tasks sequentially with
a critical balance between plasticity (new-task adaptation) and stability
(prior-task retention). Pre-Trained Models (PTMs) offer a generalizable
foundation for CL with compact parameter spaces injected incrementally,
but limited by a stability-plasticity dilemma due to their uniform con-
straint on the whole space, e.g., full orthogonality or task-specific update.
Hence, we introduce a principled subspace decomposition perspective to
fundamentally revisit this dilemma, motivating a novel Selective Rank-1
Orthogonality Regularization (SR1OR) framework for stability-plasticity
balance. Specifically, by exhaustively decomposing LoRA into unit rank-1
subspaces, we establish a Rank-1 Subspace Orientation Theory (R1SOT)
that justifies unique orientation of each subspace based on subspace-local
curvature and task-global sharpness. Guided by this, we develop Progres-
sive Subspace Identification (PSI) to identify stability-oriented subspaces
with large local curvature especially for tasks with high global sharpness.
When new tasks arrive, we impose a Selective Orthogonality Constraint
(SOC) only on these subspaces to mitigate interference for high stability,
without regularization on residual subspaces to accommodate adaptation
plasticity. Experiments on three class-incremental diagnosis benchmarks
show a clear advantage for stability-plasticity balance than SOTA meth-
ods. Code is available at https://github.com/jingyzhang/SR1OR/.
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1 Introduction

In clinical practice, deep learning-based classification methods struggle with the
emergence of new diseases as diagnosis tasks evolve [15,18]. Moreover, data from
prior tasks is often inaccessible due to privacy and storage limitation [16], making
these models prone to model forgetting [25] with high performance drops on prior
tasks. Therefore, Continual Learning (CL) is developed to cultivate a generalist
diagnostic skill across sequential tasks [12], pursuing a delicate balance between
plasticity (adapting to new tasks) and stability (retaining prior-task knowledge).

Recently, large-scaled Pre-Trained Models (PTMs) have served as a starting
point for CL [23] through freezing them as backbones to retain general knowledge
[8], while parameter-efficient finetuning methods (e.g., LoRA [10]) consecutively
adapt them to new tasks by incrementally adding parameter spaces in two ways:
1) Task-specific optimization (as shown in Fig. 1(a)) allocates separate parameter
spaces for each new task [23] and finetunes them individually for high adaptation
plasticity. However, it can lead to forgetting of prior knowledge in the overlapping
space and weaken stability for knowledge accumulation, which especially relies on
accurate task IDs for space retrieval at inference [22,19]; and 2) Full orthogonality
constraint (as shown in Fig. 1(b)) expands strictly orthogonal parameter spaces
across tasks without overlapping to strengthen stability [21,13], but under a fixed
dimensionality, it leaves limited residual capacity and reduces new-task plasticity.
Overall, these PTM-based CL methods suffer from a stability-plasticity dilemma
rooted in a uniform perspective on the whole parameter space: full orthogonality
rapidly occupies the space that limits plasticity, while task-specific optimization
hinders stability because each entire space is updated free of regularization.

To solve the dilemma, our insight is to impose selective orthogonality over unit
parameter subspaces for each task, as shown in Fig. 1(c), which provides a flexible
alternative to the space-uniform perspective that leads to either overly-strict full
orthogonality or overly-loose unconstrained task-specific optimization. This idea
is motivated by PTM scaling laws [2,20], suggesting that a cellular subspace de-
composition of the parameter space can make the subspace count a measurable
proxy for model capacity, spanning from stable retention to plastic adaption [14].
But, the subspace-set size acts only as a coarse capacity proxy and even cannot
specify which subspaces to select for a fine-grained stability-plasticity balance in
CL, due to the lack of subspace-specific analysis on unique orientation regarding
stability or plasticity. Thus, our goal is to establish a theoretical guarantee that
each unit subspace admits an intrinsic orientation that could be characterized in-
dividually. This theory, in turn, justifies enforcing selective orthogonality only on
stability-oriented subspaces to avoid knowledge overwriting, while dynamically
releasing the remaining plasticity-oriented subspaces for new-task adaptation.

In this work, we present to our knowledge the first theoretical viewpoint on the
stability-plasticity dilemma for PTM-based CL, rooted in a parameter-subspace
decomposition perspective. Specifically, building upon the widely-used LoRA for
low-rank adaptation over tasks, we propose a novel Selective Rank-1 Orthogonal-
ity Regularization (SR1OR) framework for CL, which makes three contributions:
1) By decomposing each task’s LoRA space into unit rank-1 subspaces, we build a
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Fig. 1. Illustration of PTM-based CL with parameter spaces added incrementally via:
a) Task-specific optimization accumulates entire spaces over time but causes knowledge
overlap; b) Full orthogonality is constrained on the complete space across tasks without
enough spaces residual for new-task adaptation; and c) Our selective orthogonality uses
a cellular subspace decomposition and enforces orthogonality only on partial subspaces
oriented to stability, while leaving the remaining subspaces unconstrained for plasticity.

Rank-1 Subspace Orientation Theory (R1SOT) to justify an individual stability-
or plasticity-oriented role for each subspace, by characterizing the loss landscape
in terms of local curvature in each subspace and global sharpness for a given task;
2) Guided by this theory, we develop a Progressive Subspace Identification (PSI)
method to distinguish stability-oriented subspaces via a local-to-global scheme,
prioritizing high-curvature subspaces selected in tasks with sharp loss landscape;
and 3) Given subspaces identified for prior tasks, we design a Selective Orthogo-
nality Constraint (SOC) to regularize new-task adaptation with orthogonality to
stability-oriented subspaces to minimize interference and forgetting, while leav-
ing plasticity-oriented subspaces free to update for high model capacity. We have
evaluated our SR1OR on three class-incremental diagnosis benchmarks, showing
its better plasticity-stability balance than the exiting PTM-based CL methods.

2 Method

Given a sequence of tasks with new classes arriving over time, the model learns
the incoming task Dk+1 incrementally, without access to the prior tasks {Di}ki=1.
Fig. 2 illustrates our Selective Rank-1 Orthogonality Regularization (SR1OR),
which decomposes and identifies stability-oriented subspaces for prior tasks to
derive a selective orthogonality constraint without sacrificing new-task plasticity.

2.1 Preliminary on Low-Rank Adaptation (LoRA) for CL

Considering the pre-trained backbone as a generalizable starting point, parameter-
efficient fine-tuning via Low-Rank Adaptation (LoRA) [10] offers a practical way
for CL. Let W0 ∈ Rm×n denote the frozen weight in a backbone layer. When task
Di arrives, we expand a new LoRA branch that parameterizes a low-rank update
with learnable matrices Ai ∈ Rm×r and Bi ∈ Rr×n, where rank r � min{m,n}.
After CL across tasks {Di}ki=1, the weight Wk aggregates these low-rank updates
and integrates as a single branch for inference without task-specific selection [24]:

Wk = Wk−1 + AkBk = W0 +
∑k

i=1
AiBi. (1)
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Fig. 2. Diagram of our Selective Rank-1 Orthogonality Regularization (SR1OR) frame-
work, building on a naive LoRA-based CL baseline (Sect. 2.1). Concretely, based on unit
subspace decomposition for prior-task’s LoRA, we establish a Rank-1 Subspace Orien-
tation Theory (R1SOT) to warrant their intrinsic roles in CL (Sect. 2.2), and adopt Pro-
gressive Subspace Identification (PSI) to distinguish stability- versus plasticity-oriented
subspaces from prior tasks under this theory (Sect. 2.3). When a new task arrives, only
stability-oriented subspaces are involved in a Selective Orthogonality Constraint (SOC)
to prevent forgetting, while reserving the remaining subspaces for plasticity (Sect. 2.4).

2.2 Rank-1 Subspace Orientation Theory (R1SOT)

While LoRA offers a feasible CL capacity, cross-task updates can become entan-
gled in the unified low-rank space, making it hard to preserve prior-task stability
without sacrificing new-task plasticity. This problem stems from the lack of fine-
grained exploration of the unified low-rank parameter space, which inspires us to
exhaustively decompose it into unit rank-1 subspaces and delve into their intrin-
sic orientations, laying a theoretical foundation for plasticity-stability trade-off.
Unit Rank-1 Subspace Decomposition. For taskDi with rank-r space AiBi,
we decompose it into r unit rank-1 subspace {Rj

i}rj=1 based on the Singular
Value Decomposition (SVD). Specifically, by rewriting singular vector matrices
Ui = [u1

i , ...,u
r
i ] and VT

i = [v1
i , ...,v

r
i ]
T , each rank-1 subspace is given by Rj

i =

uji (v
j
i )
T and weighted by its singular value σji in the matrix Σi = diag(σ1

i , ..., σ
r
i ):

AiBi = UiΣiV
T
i =

∑r

j=1
σjiR

j
i , where Rj

i = uji (v
j
i )
T . (2)

The subspaces are strictly disjoint by SVD orthonormality, avoiding redundancy
in the original row-column space [20] and grounding independent analysis below.

Theoretical Analysis on Subspace Orientation. To probe the characteristic
of each rank-1 subspace, we formulate a subspace shift bound theorem based on
Empirical Risk Minimization (ERM) as tasks arrive sequentially. Heuristically, a
large subspace shift indicates high plasticity that requires more updates for new-
task adaptation, while a small shift suggests stability with minimal modification.
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Theorem 1 (Subspace Shift Bound). Consider a model Wk after CL across
tasks {Di}ki=1 with rank-1 subspaces {Rj

i}rj=1 decomposed for each prior task. As-
sume the new-task adaptation is restricted to shifting each subspace by a learnable
scale factor αji , formulated as ∆R

αWk = Wk +
∑k
i=1

∑r
j=1α

j
iR

j
i . α

j
i is learned

by minimizing the new-task loss Lk+1(·) and penalizing increases in prior-task
losses {Li(·)}ki=1, each weighted by its sharpness Si to suppress rapid variations
[5]:

argmin
{α}

Lk+1(∆R
αWk) +

∑k

i=1
Si
[
Li(∆R

αWk)− Li(Wk)
]
. (3)

Based on a second-order Taylor expansion with a Lagrangian multiplier augmen-
tation, the subspace shift scale αji admits a closed-form bound, given a gradient-
clip constant κ:

|αji | ≤
κ

C(Rj
i ) · Si

, (4)

where C(Rj
i ) denotes the local curvature of the loss landscape along subspace Rj

i ,
and Si denotes the global sharpness of the loss landscape specific to task Di.

Intuitively, for subspace Rj
i , its loss-landscape geometry with high subspace-local

curvature C(Rj
i ) and task-global sharpness Si can lead to a narrow shift scale αji ,

indicating a stability orientation with minor modification required. Conversely,
lower C(Rj

i ) and Si can relax the shift bound to permit large new-task plasticity.

Rethinking Plasticity-Stability Dilemma. In light of subspace decomposi-
tion, existing PTM-based CL often adopts a subspace-uniform treatment. Con-
cretely, full orthogonality constraints are imposed on most (or even all) subspaces
to ensure perfect stability [21,13], at the expense of reserving limited capacity for
plasticity. Moreover, task-specific optimization assumes uniformly high plasticity
for each subspace by allowing diverse new-task shifts [22], instead of consolidating
for stability. Overall, they overlook intrinsic orientations across subspaces, which
should inherently vary with subspace-local curvature and task-global sharpness.

2.3 Progressive Subspace Identification (PSI)

Instead of imposing a subspace-uniform viewpoint, we identify each rank-1 sub-
space by its unique orientation for stability-plasticity balance. Naively, this can
be regarded as a dual-factor ranking problem over subspace-local curvature and
task-global sharpness, which is hard to solve via Pareto parallel optimization [4].
Hence, we propose a Progressive Subspace Identification (PSI) method in a local-
to-global way, which ranks subspaces in each task by descending singular value as
a curvature proxy, and then selects top-curvature subspaces as stability-oriented
using an adaptive threshold that even favors tasks with sharper loss landscapes.

Within-Task Ranking. Stability-oriented subspaces are expected to have high
local curvature in the loss landscape for a given task. Since directly computing
curvature is costly, we utilize each subspace’s singular value in Eq. (2) as an effi-
cient proxy σji ∝ C(Rj

i ), capturing the principal curvature geometry by Hessian
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spectrum analysis [9]. Formally, in each task Di, we rank subspaces by singular
value in descent order Πi, where higher-ranked subspaces have higher curvature:

Πi = {πi(j)}rj=1, where σ
πi(1)
i ≥ σπi(2)

i ≥ · · · ≥ σπi(r)
i . (5)

Task-Adaptive Thresholding. Beyond subspace-local curvature, subspace ori-
entation also depends on the task in which the subspace resides, as characterized
by the task-global sharpness of the loss landscape. In principle, stability-oriented
subspaces should be not only top-ranked for high curvature, but also more preva-
lent in sharper tasks. Accordingly, for task Di with subspaces ranked by Πi, we
normalize its sharpness to obtain S̄i ∈ [0, 1], and use it to set an adaptive thresh-
old µi(S̄i) = µmin + (µmax− µmin)S̄i that adjusts the subspace-selection ratio in
a predefined budget [µmin, µmax]. Based on cumulative energy of singular values
[17], we select stability-oriented subspaces Oi from plasticity-oriented residuals:

Oi =
{

R
πi(j)
i

}Ti

j=1
, with Ti = argmin

t

{
1

Zi

∑t

j=1

(
σ
πi(j)
i

)2
≤ µi(S̄i)

}
, (6)

where Zi is the total energy accumulated over all r subspaces in task Di. Notably,
we estimate the sharpness Si = max‖ε‖F≤ρ{Li(Wi+ε)−Li(Wi)} via the worst-
case degradation in a perturbation radius ρ [7], which can be computed efficiently
after each prior CL round with the learned parameter Wi and its loss Li(·). With
this design, Oi contains stability-oriented subspaces that satisfy both factors in
R1SOT: they exhibit high local curvature (top-ranked by σπi(j)

i ) and are selected
more aggressively for tasks with sharper loss landscapes (larger Si).

2.4 Selective Orthogonality Constraint (SOC)

When learning on a new task Dk+1, we expand a new LoRA branch Ak+1Bk+1 to
the previous parameter Wk by optimize the new-task loss Lk+1(·). For stability-
plasticity balance, we propose a Selective Orthogonality Constraint (SOC) Lsoc(·)
that enforces the new-task adaptation Ak+1Bk+1 to be orthogonal to the stability-
oriented subspaces Rj

i ∈ Oi identified for each prior task to suppress shifts, while
keeping unconstrained capacity in the residual subspaces for new-task plasticity.

argmin
Ak+1,Bk+1

Lk+1(Wk+Ak+1Bk+1) + λ
∑k

i=1

∑
Rj

i∈Oi

Lsoc
(
Rj
i ,Ak+1Bk+1

)
(7)

where λ controls the strength of Lsoc. Moreover, directly imposing orthogonality
between Rj

i and Ak+1Bk+1 is numerically unstable due to high dimensionality.
Noting that updates in Ak+1Bk+1 can be spanned by the column space of Ak+1

(with Bk+1 as coefficients) [21], we simplify Lsoc in the column space Ak+1 with
respect to uji for the subspace Rj

i = uji (v
j
i )
T , using inner-product with L2-norm:

Lsoc
(
Rj
i ,Ak+1Bk+1

)
= ‖(uji )

TAk+1‖2. (8)
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3 Experiments

Dataset.We evaluated our method on three class-incremental diagnosis datasets:
1) peripheral blood cell dataset [1] contains 17092 microscopic images of 8 cell
classes, divided into 4 tasks for CL with 2 classes added at each task; 2) colon tis-
sue dataset [11] includes 107180 histological images for 9 tissue types, setting up
4 CL tasks with class increments of [3,2,2,2]; and 3) fundus disease dataset [3] has
1000 fundus images from 39 disease classes, divided into 4 CL tasks with [8,8,8,7]
classes involved. All images were resized to 224×224 and unit-normalized. These
datasets were split into 70%, 10% and 20% for training, validation and testing.

Evaluation Metrics. After training on the final task, we report the overall CL
performance using Averaged accuracy (AVG) over both prior and incoming tasks.
In addition, we assess the stability-plasticity balance using two standard metrics
[26]. Backward Transfer (BWT) quantifies stability by calculating the drop in
accuracy on earlier tasks after learning subsequent tasks. Transfer Learning (TL)
evaluates plasticity by aggregating accuracy on newly-involved tasks throughout
CL. A strong method is expected to achieve high AVG, high TL and low BWT.

Implementation Details. We adopted a pre-trained ViT-B/16 [6] as the back-
bone. As suggested by [8], LoRA was injected into the query and value projection
in multi-head attention blocks with a fixed rank r = 10. After CL on prior tasks,
we identified stability-oriented subspaces in PSI using an adaptive threshold in
a budget [0.5, 0.8] with loss sharpness estimated in a radius ρ = 0.5. When
new tasks arrive, we set λ = 10 to control SOC weight, and expand a new LoRA
branch to update the model, which can be directly used for inference over classes
learned so far. The model was trained by the Adam Optimizer for 20 epochs with
learning rate 1×10−3 and batch size 16.

Comparison with State-of-the-Arts.We compared our SR1OR method with
recent PTM-based CL methods: 1) Baseline: FineTune on sequentially-arriving
tasks without applying CL schemes; 2) Task-specific optimization schemes: L2P
[23] optimizing prompt spaces allocated to each task, andDualPrompt [22] and
CODA-Prompt [19] consolidating these spaces by prompt disentanglement and
consistency collaboration; and 3) Full orthogonality constraint schemes:OLoRA
[21] and InfLoRA [13] imposing the strict orthogonality regularization through-
out the entire parameter space and feature embedding, and SD-LoRA [24] using
knowledge distillation to guarantee orthogonal update directions.

As listed in Table 1, FineTune shows poor performance with the lowest AVG,
as its stability is severely eroded for the largest BWT. Task-specific optimization
improves stability yet at the cost of plasticity with lower TL, which is exacerbated
for full orthogonality constraints that rapidly sacrifice TL despite decent BWT.
Our SR1OR gains the highest AVG for the best trade-off, e.g., for the blood cell,
it outperforms CODA-Prompt by 7.59% BWT and InfLoRA by 12.59% TL.

Ablation Study. As shown in Fig. 3(a), removing all modules degenerates our
method to FineTune with a poor performance. When adding SOC for CL regular-
ization, model forgetting can be relieved for lower BWT but plasticity inevitably
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Table 1. Performance comparison on datasets for blood cell, colon tissue and fundus
disease. Metrics are based on accuracy (%), with the best results highlighted in Bold.

Blood Cell Colon Tissue Fundus Disease
AVG ↑ TL ↑ BWT ↓ AVG ↑ TL ↑ BWT ↓ AVG ↑ TL ↑ BWT ↓

Baseline FineTune 46.89 93.20 51.27 62.89 86.80 25.81 36.69 68.49 39.10

Task-Specific
Optimization

L2P [23] 62.71 85.13 23.27 78.87 86.40 9.50 40.55 61.55 27.53
DualPrompt [22] 60.57 88.83 29.33 74.90 86.54 12.67 44.71 61.93 21.23
CODA-Prompt [19] 64.41 89.04 25.52 77.71 86.63 9.94 44.11 57.42 30.80

Full Orthogonality
Constraint

OLoRA [21] 65.17 82.41 19.18 78.37 81.89 5.02 43.41 53.91 20.45
InfLoRA [13] 68.72 81.78 18.65 70.72 77.45 8.13 47.55 55.66 20.41
SD-LoRA [24] 66.93 79.17 21.40 76.84 79.64 5.71 45.51 55.83 17.39

Proposed SR1OR (ours) 76.94 94.37 17.93 83.12 87.06 5.13 56.07 68.94 16.32
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Fig. 3. Model analysis on the blood cell dataset: (a) Ablation study on each module; (b)
Effect of sequence length on the orthogonal subspace numbers in SR1OR and OLoRA
and their resulting performance gaps; and (c) Balance between plasticity and stability.

drops with limited TL, since orthogonal subspaces are randomly selected without
orientation analysis. Moreover, utilizing PSI with either subspace-local curvature
(indicated by σji ) or task-global sharpness (measured by Si) can further improve
stability with less BWT and avoid impairing plasticity with simultaneously high
TL. Finally, incorporating both factors into PSI can lead to the best performance
since it aligns well with the theoretical guidance of R1SOT.

Effect of Learning Sequence Length. Fig. 3(b) indicates how the number of
orthogonal subspaces in SR1OR and OLoRA grows as a task sequence increases,
and how their performance gap evolves as more tasks are involved. Our SR1OR
can expand orthogonal subspaces more slowly than OLoRA owing to our selective
constraint. It better reserves plasticity even with more tasks added, as evidenced
by the increased TL gap, while BWT keeps stable without aggravating forgetting.

Plasticity-Stability Balance. We compared our SR1OR with other CL meth-
ods in Fig. 3(c), evaluating plasticity and stability by TL and BWT, respectively.
Full orthogonality constraints (e.g., InfLoRA) favor stability yet limit plasticity
(located in the lower left), whereas task-specific optimization (e.g., DualPrompt)
boosts plasticity at the cost of increased forgetting (located in the upper right).
Our SR1OR lies in the upper-left region with a better plasticity-stability balance,
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where an adaptive threshold in [0.5, 0.8] outperforms fixed low ones (especially
for 0.1) that select too few stability-oriented subspaces and collapse to FineTune.

4 Conclusion

This paper demonstrates the plasticity-stability dilemma of existing PTM-based
CL methods rooted in their strict space-uniform perspective. Hence, we provide
a flexible subspace decomposition viewpoint and propose a novel Selective Rank-
1 Orthogonality Regularization (SR1OR) framework, which identifies stability-
oriented subspaces for selective orthogonality, following a theoretical foundation
for plasticity-stability balance. Our broader impact is to build a generalist diag-
nostic platform across sequential tasks while keeping plasticity for rapid update.
In the future, we will investigate its application to domain-incremental scenarios,
e.g., sequential medical sites or modalities, and its scalability for more backbones.
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