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ABSTRACT

This study addresses the catastrophic forgetting problem that occurs when sequen-
tially learning successive tasks using Low-Rank Adaptation (LoRA) from a life-
long learning perspective. While existing approaches have primarily constrained
parameter updates or learning subspaces to reduce interference with past knowl-
edge, they have not fully considered additive interference. This occurs when a
newly added residual adapter on top of a fixed past model generates non-zero
responses along input directions important for old tasks, thereby altering previ-
ous predictions. To this end, we propose Subspace Protection with Allocated Ca-
pacity for Efficient Continual Adaptation (SPACE-LoRA). SPACE-LoRA directly
suppresses the responses of the new residual branch along input activation direc-
tions that are important for old tasks and adaptively determines the protection
coverage for each module based on past-task sensitivity estimated via a common
Fisher sensitivity-based coverage target. Under a fixed LoRA rank, this approach
adaptively adjusts module-specific protection coverage while suppressing inter-
ference along input directions sensitive to old tasks. We assess the effectiveness of
activation-subspace protection in mitigating catastrophic forgetting and examine
the role of sensitivity-guided protection in continual learning across diverse tasks.
Code is available at https://anonymous.4open.science/tr/SPACE-LoRA-7864.

1 INTRODUCTION

Continual learning (CL) requires a model to sequentially learn new tasks while retaining knowl-
edge acquired from old tasks, demanding a balance between stability and plasticity (Paris1 et al.,
2019). Parameter-efficient fine-tuning (PEFT), particularly Low-Rank Adaptation (LoRA), enables
CL by learning low-rank updates while keeping the pretrained backbone frozen (Hu et al.l [2021).
Existing LoRA-based methods address inter-task interference by separating the subspace for new
task updates. O-LoRA uses an orthogonality regularization to separate current and previous LoRA
subspaces (Wang et al. [2023), whereas InfLoRA determines the LoRA input factor from the
interference-free subspace orthogonal to previous tasks before learning each task and keeps the
projection fixed during optimization (Liang & Li,|2024). More recent methods further refine this ap-
proach. SplitLoRA determines the minor subspace dimension for each module through a first-order
bound on aggregated old task gradients, balancing the old gradient energy falling into the subspace
against the dimensionality available for new task learning (Qiu et al., 2026)). JANUS-LoRA uses gra-
dient rectification to decouple the LoRA factor updates, and reconstructs them through regularized
least squares so that their composite weight update approximately follows the intended orthogonal
direction (Chen et al., [2026).

However, freezing previously learned parameters does not guarantee that old task behavior is pre-
served. Even when these parameters remain unchanged, a newly learned LoRA branch can induce
non-zero residual outputs on old task activations, which propagate to downstream representations
and predictions. Existing subspace-based methods reduce this interference by restricting new task
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updates relative to subspaces derived from old tasks. However, in these methods, the new branch ei-
ther still responds to old task activations or stops responding only because one LoRA factor is frozen.
Moreover, increasing protection reduces the subspace available for new task adaptation, creating a
stability-plasticity trade-off in determining the protected subspace size. Since historical sensitivity
from the accumulated tasks is distributed differently across activation directions in different mod-
ules, a fixed protection size may protect some modules not enough while unnecessarily constraining
others. Moreover, sizing the protected subspace from aggregate old task gradients does not directly
reflect this sensitivity associated with protected directions.

To address these limitations, we propose Subspace Protection with Allocated Capacity for Efficient
Continual Adaptation (SPACE-LoRA), which directly constrains the input factor of each new task
LoRA branch with respect to selected old task activation directions and independently selects the
protection size of each module. For each module, SPACE-LoRA selects the minimum number of
directions needed to reach the target coverage of past-task sensitivity. Rather than using directions
to determine the adaptation space for the new task, we directly constrain the LoRA input factor to
the orthogonal complement of the protected subspace by projecting it after every optimizer step,
while keeping both LoRA factors trainable. As a result, the response of the newly added LoRA
branch is identically zero for any activation within the protected subspace, regardless of the output
factor. Meanwhile, the remaining orthogonal complement remains available for new task adaptation.
Because increasing the size of the protected subspace necessarily reduces the space available for new
task adaptation, the protection capacity is chosen per module. Old task activations determine the
candidate protection directions and their ordering within each module. Fisher information measures
how much historical task sensitivity is captured as these directions are included. This coverage-based
decision of SPACE-LoRA allows the protection dimensionality to vary according to the sensitivity
distribution of each module. We evaluate SPACE-LoRA with a single coverage target across vision
and language benchmarks under two training protocols, a wider range of setting than the methods
we compare with. Mostly, SPACE-LoRA ranks first or close to first on every benchmark, whereas
the strongest baseline changes from benchmark to benchmark.

Our main contributions are summarized as follows:

* We formulate continual low-rank adaptation as a residual-response control problem and
introduce a hard activation-subspace constraint that directly projects the input factor of
each new LoRA branch. This constraint guarantees zero residual response on the selected
historical activation subspace while leaving the complementary input space available for
new-task adaptation.

* We introduce a Fisher-coverage scheme that adapts the protection size to each mod-
ule’s sensitivity to previous tasks. By allocating stronger protection to modules that re-
quire greater preservation while avoiding unnecessary protection in less sensitive modules,
SPACE-LoRA balances knowledge retention and adaptation capacity across the network.

* We evaluate SPACE-LoRA on both vision and language models across a diverse set of con-
tinual learning benchmarks and against a broad range of competitive baselines. The results
show that SPACE-LoRA consistently alleviates catastrophic forgetting while preserving
adaptation to incoming tasks, thereby improving the trade-off between stability and plas-
ticity across different model architectures and task domains.

2 RELATED WORK

Continual learning (CL) studies how models learn from sequential tasks while retaining previously
acquired knowledge from earlier tasks, and the main difficulty is catastrophic forgetting (De Lange
et al.| 2021)). CL is categorized as task-incremental learning, where the task identity is given, class-
incremental learning, where the model chooses among all classes seen, and domain-incremental
learning, where the input distribution changes while the label space stays fixed (Van de Ven et al.,
2022). Existing CL methods are commonly categorized into regularization-based, memory-based,
and expansion-based approaches (Wang et al., [2024)). Parameter-efficient fine-tuning (PEFT), which
freezes a pretrained model and trains only a small number of additional parameters, can reduce
the computational cost of adapting to new downstream tasks while maintaining competitive perfor-
mance. Representative PEFT approaches include adapter-based tuning, which augments a frozen
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backbone with smaller and trainable modules (Houlsby et al.| [2019), and prompt-based tuning,
which optimizes learnable prompts while leaving the pretrained parameters fixed (Lester et al.,
2021; Wang et al.| 2022). Low-Rank Adaptation (LoRA) keeps the pretrained model frozen and
parametrizes updates to selected weight matrices with two low-rank factors (Hu et al., [2021). It has
been increasingly adopted in CL methods that mitigate interference among sequential task updates.

O-LoRA reduces task interference by placing low-rank updates for different tasks in orthogonal
parameter subspaces (Wang et al.l [2023). InfLoRA constructs the input factor from a subspace
designed to avoid interference with old tasks and keeps the factor fixed while learning the new
task (Liang & Li,[2024). PLAN pre-assigns orthogonal basis vectors to each task and selects those
least sensitive to interference with previously learned parameters (Wang et al., [2025). LB-CL (Qiao
& Mahdavi, [2024) uses the sensitivity of low-rank parameters to identify knowledge-specific com-
ponents and incorporates them into gradient projection. SplitLoRA partitions the old task gradient
space into principal and minor subspaces and adjusts the partition size across modules to balance
stability and plasticity (Qiu et al., [2026). JANUS-LoRA targets zero change in the layer output on
previous activations (Chen et al.,[2026)). It projects the full-weight update onto the complement of a
historical activation subspace and, because independent factor updates break this projection. recon-
struct the factor updates by regularized least squares so that their composite update approximately
follows the projected direction.

These LoR A-based approaches are related to projection-based CL methods that restrict new updates
with respect to subspaces associated with old task knowledge. GPM constructs important subspaces
from old task representations, determining the size based on a layer-wise energy threshold, and
projects new gradients onto their orthogonal complements (Saha et al., [2021)). Energy-based rank
selection has also shown its effectiveness in LoRA-based CL (L1 et al., |2026)). Adam-NSCL esti-
mates a null space from old task input-feature covariance and constrains subsequent optimization
to that space by projecting the optimizer update (Wang et al., [2021)). Regularization-based methods
such as EWC (Kirkpatrick et al.,|2017) quantify parameter importance for old tasks using the Fisher
information and restrict changes to parameters that are important for retaining old task knowledge.
A separate line of work, such as AdaLLoRA and OA-Adapter, allocate adaptation capacity selectively
across components to improve parameter efficiency (Zhang et al., 2023 Wan et al., 2025).

In subspace-based methods such as GPM and SplitLoRA, the protection size is determined by rep-
resentation energy or averaged old task gradients, neither of which measures the per-example loss
sensitivity along the activation directions that are actually protected. SPACE-LoRA treats selected
old-task activation directions as a protected subspace and projects the input factor onto its orthogo-
nal complement after each optimizer step, while keeping both LoRA factors trainable. As a result,
the newly added LoRA branch produces zero response to activations within the protected subspace.
In each module, historical activation directions are ordered by decreasing activation eigenvalue, and
the protection size is selected as the minimum number of directions required to reach the target
Fisher coverage.

3 PRELIMINARIES

3.1 LORA-BASED CONTINUAL LEARNING

Consider a task stream 7 = {t1,. .., ¢ }. The objective is to learn new tasks while retaining perfor-
mance on previously learned tasks (Zhou et al.,|2024). We consider a setting in which task-specific
LoRA adapters are accumulated (Wang et al.| [2023). After learning task ¢, the effective weight of
module m combines its pre-trained weight W0 € Rout.m*din.m with the accumulated adapters:

t
o
W =Wp 40> BmrAms — n=—, (1)

T
T7=1

where r denotes the LoRA rank, « is the scaling hyperparameter (Hu et al.,2021), and
Am,t c RTXdin,wL’ Bm,t c Rdout,'mx’r. (2)

During training on task ¢, only A,,; and By, ; within module m are updated, while W2, and all
adapters from previous tasks remain frozen.
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Figure 1: Overview of SPACE-LoRA.

3.2 ADAPTER INTERFERENCE AND CATASTROPHIC FORGETTING

Even with previously learned adapters frozen, a new adapter can change the output of a module.
For a fixed input activation x € R%».m from a previous task, the output change induced by the new
adapter at module m is

ALY (x) = B Am 1. 3)

This expression isolates the new adapter’s contribution at a fixed module input. Changes in preceding
modules may additionally alter the input activation itself. Because each new adapter is optimized for
the current task, its contribution may disrupt predictions on previous tasks. Such changes can lead
to catastrophic forgetting. Let a; ; denote the accuracy of task j immediately after learning it, and
let a, ; denote its accuracy after learning through task ¢ (¢ > 7). Task-wise forgetting is defined as

Fj(t) = (lj,j — at’j. (4)

Thus, Fj(t) > 0 indicates a decline in accuracy on task j following subsequent adaptation.

4 SPACE-LORA

We propose SPACE-LoRA as shown in Figure [T SPACE-LoRA directly suppresses the response
of a newly added residual adapter along selected past activation directions, while determining the
protection size of each module using a common Fisher sensitivity coverage target. Under a fixed
LoRA rank, this design suppresses interference along input directions that are sensitive to previous
tasks while leaving the complementary input subspace available for learning the new task, thereby
aiming to achieve a better trade-off between knowledge retention and adaptation. In the subsequent
sections, we describe how to construct the protected activation subspace and how to determine the
required protection size for each module.

4.1 RESIDUAL RESPONSE NULLIFICATION

As discussed in Section[3] even when all previously learned adapters are frozen, a newly added resid-
ual branch can alter past predictions if it produces a non-zero response to past-task inputs. Therefore,
continual adaptation should protect not only previously learned parameters but also the responses of
the new adapter to input directions associated with old tasks. Recent LoRA-based continual learning
methods address this issue by constraining new-task adaptation with respect to subspaces associated
with previously learned tasks. InfLoRA constructs a low-interference adaptation subspace by remov-
ing current activation components aligned with historical gradient subspaces, whereas Janus-LoRA
constrains the effective weight update to produce no change on historical activations. Motivated by
these approaches, we instead directly constrain the response of the newly introduced residual branch
by making its input factor insensitive to selected historical activation directions.

At the endpoint of each task 7, we collect the input activations of each linear module m over the
task training set D, using the model obtained after completing the task. Before learning task ¢, these
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activations are summarized by the Historical Gram matrix
<t _ Z Z Z T
Hm - Im,qu,cp (5)
T<txe€D, q

where z,, , denotes the activation vector at the g-th input position of module m. We decompose
Hy' = UnAmUpy, 6)

where the eigenvectors in U, = [tm,1,- -, Um,d,,] are ordered by decreasing eigenvalue. These
eigenvectors identify the principal input directions occupied by past activations. Protecting the full
basis would leave no input direction available to the new adapter. We therefore protect only the first
k., activation directions and define

Vin = [m 1y s tmp, ),  Pm= ViV, . (7)

Let A,,, denote the input factor of the new LoRA branch. After each optimizer update, we apply the
hard projection

A'm — Am (I - Prn)a (8)
which maintains
AV, =0. 9)
Hence, for any x € span(V,,) with x = V,,c,
AWx = B, Ap Ve = 0. (10)

Thus, the newly added branch produces no residual response along the protected historical direc-
tions, while the orthogonal complement remains available for learning the new task. This is a hard
parameter constraint rather than a soft orthogonality regularizer. A detailed characterization of its ex-
act nullification property and its behavior outside the protected subspace is provided in Appendix [A]

4.2 MODULE-WISE FISHER-COVERAGE PROTECTION

The number of protected activation directions need not be identical across modules, since their
importance to previously learned tasks can differ substantially. Using a fixed protection size may
therefore either leave sensitive directions insufficiently protected or unnecessarily reduce the input
space available for new-task adaptation. We instead determine k,,, independently for each module
as the minimum number of activation-ordered directions required to capture a prescribed fraction of
its historical loss sensitivity.

To quantify this sensitivity, after completing task 7, we compute the gradient of each training exam-
ple with respect to the effective weight of module m,

Gi;)z _ vaE'ET) c Rdout,'rnXdin,m’ (11)

and define the input-space empirical Fisher

F¥>=1§f(GSE)TGZQ (12)
Ny i=1 7 7

This statistic is computed at the endpoint of task 7 using the current task classifier and the observed
ground-truth labels. The historical Fisher available before task ¢ is

()
F(t) = Zr<t N7 Fm -
P Zr<t N’"

Further details on the construction and accumulated historical Fisher are provided in Appendix [B]

(13)

Let Uy, = [Um,15---,Um,d,,] be the full activation basis from the previous subsection, ordered by
decreasing activation eigenvalue, where d,,, = di, . We measure the historical sensitivity of each

activation direction as
(t) T (t) ( 1 4)

Prj = W, j'm, pastUm,j-
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Algorithm 1 Overview of SPACE-LoRA

Require: Task datasets {D;}7_,, LoRA rank r, coverage target p
1. fort=1,...,7T do

2: Freeze the base model and all previously learned adapters

3: Add a new rank-r LoRA branch for task ¢

4: for each protected module m do

5: if £ = 1 then

6: Set k,, <~ 0and P, < 0

7 else

8: Obtain the activation-ordered basis from H5!

9: Determine k,, using the Fisher-coverage target p
10 Construct Vi, = [Um 1, - -+, Uk, | and Py, = Vi, VT
11: end if
12: end for
13: for each optimization step on D, do

14: Update the new LoRA branch using the current-task loss
15: Project A, ¢ < Ay, (I — Py,) for each protected module m
16: end for

17: Update the historical activation and Fisher statistics using Dy
18: end for

The activation statistics therefore determine the directions and their order, while the Fisher evaluates
the loss sensitivity associated with those directions. For a prefix of length k, we define its Fisher

coverage as
k (t)
Cm(k’) . Zj:l pm,j

B ® Y

tr (F m,past)
Since U,, is a complete orthonormal basis, tr(Ff,fv)past) = 2?21 pﬁ,? ;» 50 Cpy (k) represents the
fraction of total historical sensitivity captured by the first k activation directions. Given a common

coverage target p, we select

km =min{k € {0,...,dy —r} : Cp (k) > p}. (16)
The upper bound d,,, — 7 leaves at least r input dimensions available to the rank-r adapter. If the
total sensitivity is zero, we set k,,, = 0. If no admissible prefix reaches the coverage target, we
set k., = d,, — r, corresponding to the maximum allowable protection size. The resulting first
k., activation directions are protected using the hard response constraint in Section and the
protected subspace remains fixed throughout the current task.

15)

4.3 UPDATE PROCEDURE

Algorithm [I] summarizes the overall training procedure of SPACE-LoRA. Before learning a new
task, each module constructs its protected activation basis from the historical activation statistic and
determines the protection size using the Fisher-coverage rule in Section The resulting protected
subspace is then fixed throughout the current task. A new LoRA branch is trained while its input
factor is projected onto the orthogonal complement of the protected subspace after each optimizer
update, as described in Section After completing the task, the endpoint activation and Fisher
statistics are computed and incorporated into the historical statistics used for subsequent tasks. The
first task is trained without protection because no historical statistics are available. Algorithm [2]in
the appendix provides the complete procedure, including the construction and incremental update of
the historical statistics.

5 EMPIRICAL STUDY

5.1 EXPERIMENTAL SETUP

Datasets and Baselines. We evaluate SPACE-LoRA on vision and language continual learning
benchmarks. Our vision benchmarks comprise ImageNet-R, DomainNet, VTAB, and VDD. For
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Table 1: Class-incremental learning results on ImageNet-R.

ImageNet-R
5 Tasks 10 Tasks 20 Tasks
Method Acc. T Fl Acc. T Fl Acc. 1 Fl
Joint-LoRA 82.68 - 82.68 - 82.68 -
InfLoRA 78.89+£0.55 6.02 7590+0.22 6.28 72.231+0.58 6.82
SplitLoRA 7446 £0.22 10.80 70.25+£0.32 798 59.84+0.25 4.81
Janus-LoRA 79.474+0.47 641 76.07+045 7.70 72.15+0.36 8.22

SPACE-LoRA (p = 0.90) 79.09+0.31 4.82 74.64+£0.44 6.42 69.65+£0.50 6.80
SPACE-LoRA (p = 0.95) 78.98+0.33 490 74.33+£0.51 598 69.33+£0.31 5.34

language continual learning, we use a suite of 15 NLP classification datasets following the bench-
mark used by Progressive Prompts and O-LoRA (Razdaibiedina et al., 2023} [Wang et al.| [2023).
We conduct systematic comparisons with representative LoRA-based continual learning methods:
InfLoRA, SplitLoRA, and Janus-LoRA for vision, and these methods together with O-LoRA for lan-
guage. The comparisons use a common experimental protocol within each benchmark. For methods
originally developed for vision, their language experiments use TS5 adaptations based on the official
implementations. The adaptation details are provided in the appendix.

Experimental Design. We evaluate ImageNet-R, DomainNet, and VTAB under class-incremental
learning (CIL), where prediction is performed over all classes observed so far without access to the
task identity at inference. For ImageNet-R, we follow the task-count configurations used by |Qiu
et al.| (2026) and partition its 200 classes into 5, 10, and 20 tasks, with 40, 20, and 10 classes per
task, respectively. For DomainNet, we use five domains excluding Quickdraw and partition its 345
classes into five tasks of 69 classes each. For VTAB, we adopt the 5-task cross-domain construc-
tion introduced by APER, with 10 classes per task. For VDD, we use a task-incremental learning
(TIL) setting: ImageNet is excluded, and each of the remaining nine datasets constitutes a separate
task, with task identity available at inference. For language continual learning, each dataset consti-
tutes one task. We consider sequences of 5, 10, and 15 tasks, constructed from the corresponding
prefixes of a fixed 15-dataset order. Shared tasks use the same data examples across these config-
urations. Evaluation uses the candidate label set of the dataset being evaluated, rather than a joint
label space spanning all datasets. We use pretrained ViT-B/16 and T5-large backbones for the vision
and language experiments, respectively. Detailed dataset statistics, data splits, task sequences, and
implementation settings are provided in Appendix

Evaluation Metrics and Implementation Details. We evaluate performance using average ac-
curacy, ACC; = % Z;Zl at ;. Class-incremental evaluation considers all seen classes without task
identity, whereas task-incremental evaluation uses task identity to select the corresponding head. For
vision experiments, we use ViT-B/16 pretrained on ImageNet-21K, with rank-10 LoRA adapters ap-
plied to the key and value projections in all 12 transformer blocks. All vision methods follow the
same task splits and training protocol within each benchmark. We train for 50 epochs per task on
ImageNet-R and VTAB, and 5 epochs on DomainNet. For VDD, we train for 1,500 optimization
steps per task. For comparisons with the baselines, we report SPACE-LoRA with Fisher coverage
thresholds of p = 0.90 and 0.95. For language experiments, we use TS-large as the primary back-
bone and follow the training settings of O-LoRA, including the number of training epochs, batch
size, and learning rate.

5.2 MAIN RESULTS

Results on ImageNet-R. We first evaluate SPACE-LoRA on ImageNet-R, where successive tasks
introduce disjoint subsets of its classes. Table |l| reports the results for three task partitions of
ImageNet-R. On ImageNet-R, both SPACE-LoRA configurations achieve slightly higher mean final
accuracy and lower forgetting than InfLoRA in the 5-task setting, with p = 0.90 yielding the lowest
forgetting among continual learning methods. In the 10-task setting, p = 0.95 achieves the lowest
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Table 2: Continual learning performance on DomainNet, VTAB, and VDD. DomainNet and VTAB
use class-incremental evaluation, whereas VDD uses task-incremental evaluation.

DomainNet: 5 Tasks VTAB: 5 Tasks VDD: 9 Tasks

Method Acc. 1 Fl Acc.t Fl Acc.t FJ
InfLoRA 72.44 7.81 8552 6.74 80.88 1.86
SplitLoRA 67.51 9.81 7335 19.67 64.78 3.73
Janus-LoRA 73.41 7.82 80.47 10.59 78.53 4.16

SPACE-LoRA (p = 0.90) 73.26 6.06 86.05 594 86.26 3.32
SPACE-LoRA (p = 0.95) 73.19 5.54 8520 6.51 8041 2.66

Table 3: Continual learning performance on the 5-, 10-, and 15-task language benchmarks.

5 Tasks 10 Tasks 15 Tasks
Method Acc.t FJ| Acc.t F|l Acc.t FJ
O-LoRA 4876 27770 5456 2221 37.52 3248
InfLoRA 71.68 -090 70.83 048 67.54 391
SplitLoRA 61.60 040 5872 054 5485 0.50
Janus-LoRA 7096 -0.75 6697 296 63.08 226

SPACE-LoRA (p =0.90) 7188 -0.10 7395 098 69.79 253

forgetting, whereas p = 0.90 exhibits slightly more forgetting than InfLoRA. However, both config-
urations achieve lower final accuracy than InfLoRA and Janus-LoRA in the 10- and 20-task settings.
These results highlight the importance of balancing old task protection with new task adaptation.

Results on DomainNet, VTAB, and VDD. We consider benchmarks encompassing multiple vi-
sual domains or distinct classification tasks. Table 2] shows that SPACE-LoRA achieves the lowest
forgetting on DomainNet with p = 0.95, while achieving slightly lower final accuracy than Janus-
LoRA. On VTAB, SPACE-LoRA with p = 0.90 achieves the highest accuracy of 86.05% and the
lowest forgetting of 5.94 percentage points. On VDD, SPACE-LoRA reaches 86.26% accuracy with
p = 0.90, outperforming other baselines. Both coverage settings outperform Janus-LoRA and Split-
LoRA in accuracy on VTAB and VDD. These results show that SPACE-LoRA achieves competitive
performance across benchmarks involving multiple visual domains or heterogeneous task sequences.

InfLoRA
SplitLoRA A 582 12.39 590 12.70 16.10 10.28 1523 3 |0
Junus-LoRA KU 0.00 0.08 0.00

SPACE-LoRA EURES L43 258

Figure 2: Gap to the best method on each benchmark (pp). Darker indicate a smaller gap.

Results on Language Continual Learning. Table[3|reports results on the 5-, 10-, and 15-task lan-
guage benchmarks. SPACE-LoRA achieves the highest final accuracy in the 5- and 10-task settings,
reaching 71.88% and 73.95%, respectively, with no forgetting on average in the 5-task setting and
0.98 points of forgetting in the 10-task setting. In the 15-task setting, SPACE-LoRA achieves 69.79%
accuracy, exceeding InfLoRA by 2.25 points, with lower forgetting (2.53 versus 3.91 points). Al-
though SPACE-LoRA does not achieve the lowest forgetting in any setting, it maintains competitive
final accuracy across all three task sequences. These results complement the heterogeneous-task
evaluation on VTAB and VDD with continual adaptation across distinct text classification tasks.
Figure [2] shows that SPACE-LoRA stays close to the best method on every benchmark, whereas the
strongest baseline changes from benchmark to benchmark.
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Table 4: Effect of Fisher coverage on 5-task ImageNet-R.
p Acc. T FJl k

0.75 78.12 £ 0.26 7.41 90
0.80 7835037 734 113
090 79.09+0.31 482 211
0.95 78.98 £0.33 490 322
0.99 78.30 £0.34 3.50 517

Table 5: Protection rule ablation on 5-task ImageNet-R and 10-task language continual learning
with T5-large, with p = 0.90 for Fisher-based protection.

ImageNet-R: 5 Tasks  Language: 10 Tasks (T5-large)

Protection rule Acc. T Fl Acc.? Fl
Fisher (SPACE-LoRA) 79.09 +£0.31 4.82 73.95 0.98
Uniform 76.97 440 72.61 -0.12

5.3 EFFECT OF PROTECTION COVERAGE

The Fisher coverage threshold p controls how much historical information is covered by the pro-
tected activation subspace. We examine p € {0.75,0.80,0.90,0.95,0.99} on the 5-task ImageNet-R
benchmark while keeping the remaining training configuration fixed. In addition to final accuracy
and forgetting, we report the average protected dimension k. Here, k averages the protected dimen-
sions across modules and incremental tasks, excluding the first task.

Table [] illustrates the trade-off between retaining previous knowledge and preserving capacity for
subsequent adaptation. As p increases from 0.75 to 0.99, the average protected dimension grows
from 90 to 517, while forgetting decreases overall from 7.41 to 3.50 percentage points. Final ac-
curacy does not improve monotonically: it increases to 79.09% at p = 0.90 and then decreases to
78.30% at p = 0.99. Thus, stronger protection can improve retention without producing a corre-
sponding improvement in final predictive performance.

5.4 ABLATION ON PROTECTION ALLOCATION

We next examine the role of Fisher information in determining module-wise protection. We com-
pare Fisher-guided protection with uniform allocation on 5-task ImageNet-R using ViT-B/16 and on
the 10-task language benchmark using T5-large. The Fisher-guided configuration uses p = 0.90.
This ablation complements the coverage sweep by examining how the protection rule affects final
accuracy and forgetting.

Table [5] shows that Fisher-guided protection achieves higher final accuracy than uniform allocation
in both settings. On ImageNet-R, it achieves 79.09% accuracy compared with 76.97% for uniform
allocation, an improvement of 2.12 percentage points, while exhibiting slightly higher forgetting
(4.82 versus 4.40 points). On the language benchmark, Fisher-guided protection achieves 73.95%
accuracy compared with 72.61% for uniform allocation, an improvement of 1.34 percentage points.
These results support the effectiveness of Fisher-guided protection in improving final predictive per-
formance over uniform allocation, while showing that these gains do not arise from lower forgetting.

6 CONCLUSION

In this work, we introduced SPACE-LoRA, a continual adaptation method that addresses catas-
trophic forgetting by suppressing the residual response of newly introduced LoRA branches.
SPACE-LoRA projects the input factor of each new branch onto the orthogonal complement of
selected historical activation directions, which guarantees zero residual response on the protected
subspace while leaving the remaining directions for new task adaptation. A module-wise Fisher-
coverage criterion further sets the protection size from the historical loss sensitivity along activation-
ordered directions. Experiments on vision and language benchmarks show that SPACE-LoRA re-
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duces forgetting while remaining competitive, and the coverage analysis shows the trade-off between
protecting previous tasks and learning new ones. Although Fisher-coverage sizing does not consis-
tently outperform uniform sizing, protecting important historical activation directions is effective for
continual low-rank adaptation.
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A FORMAL PROPERTIES OF THE HARD PROTECTION CONSTRAINT

This section provides a formal characterization of the hard input-space constraint used in SPACE-
LoRA. We consider a linear module m whose newly introduced LoRA branch at task ¢ is given
by

ALY (2) = B iAmaz, 0=, (17)
’ r
where
Ay € R7¥m Bt € ROmT, (18)
Let
Vin = 0m1s -+ Uk, ) € RIFm VIV = T, (19)
denote the protected basis selected for module m, and let
P =V, V] (20)

be the corresponding orthogonal projector. After each optimizer update, the input factor is projected
onto the orthogonal complement of the protected subspace as

At — Am (I — Pp). (21)

A.1 EXACT NULLIFICATION ON THE PROTECTED SUBSPACE

The projection in Eq. equation 21] directly removes every component of A, ; that acts on the pro-
tected directions. Since P,, = V,,V.l and V.| V,,, = I,

At (I = P) Vi = At (Vi = Vin Vil Vi) (22)
=An (Vi — Vi) = 0. (23)

Therefore, the projected input factor satisfies
AtV = 0. (24)

This property directly determines the response of the new residual branch to inputs contained in the
protected subspace. For any

x € span(V,,), (25)
there exists ¢ € R¥» such that z = V;,,c. The corresponding residual response is then
Ahgrtz) (Jf) = an,tA’m,tx (26)
= an,tAm,thC (27)
=0. (28)

12
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Thus, the new LoRA branch produces exactly zero response for inputs lying in the selected protected
subspace, irrespective of the value of B,,, ;.

This property follows directly from the parameter projection rather than from a soft regularization
objective. It does not require a penalty term, a first-order approximation of the loss, or an assumption
that the optimization gradient is approximately orthogonal to the protected directions. As long as
Eq. equation 24]is maintained, the new branch cannot introduce an additional response to an input
that lies entirely in span(V,,).

The scope of this result is local to the corresponding module and its input. It guarantees that the
newly added branch produces no additional response when the module receives an input within the
protected subspace. It does not require that every old task activation lie exactly in that subspace,
nor does it imply that downstream activations remain unchanged after adaptation at earlier mod-
ules. Therefore, the module-level property should not by itself be interpreted as a guarantee of zero
forgetting at the network level.

A.2 INTERFERENCE OUTSIDE THE PROTECTED SUBSPACE

For an arbitrary input = € R%", the protected and unprotected components can be separated as

= Ppx+ (I - Pp)x. (29)
Because Eq. equation [24]also gives
At Py = A i VinV,h =0, (30)
the new adapter responds only to the component outside the protected subspace,
Apx=Ap (I — Py)x. (31)
Consequently,
| 8RS @) = 0l 1Bt Aum (I = P)al, (32)
< 1 Bmtllg [[Am,lly (T = P )]l (33)

where the inequality follows from submultiplicativity of the spectral norm. For fixed adapter norms,
the magnitude of the module-output perturbation is therefore controlled by how much of the input
remains outside the protected subspace. Inputs contained entirely in the protected subspace give zero
residual response, while inputs close to that subspace can affect the new branch only through their
remaining orthogonal component.

The size of this residual component can be related to the activation statistics used to construct V,,,.
Let the accumulated historical activation Gram matrix be

Hy =Y ] =UnAnU,), (34)
with eigenvalues ordered as
>\m,1 2 )\m,2 Z e Z Am,,dm Z 0. (35)
When
Vm - [um,h o 7um,l€m]7 (36)
the total historical activation energy remaining outside the protected subspace is
DM = Pr)ailly = tr[( — Pon) Ho (37)
dm
= Am,j- (38)
J=km+1

Therefore, for a fixed protection dimension k,,,, selecting the leading eigenvectors of the historical
activation Gram matrix minimizes the total squared residual energy of past activations outside the
protected subspace. The activation statistics thus determine the ordering of directions to be protected,
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while the Fisher-based allocation described in the main text determines how many of these directions
are retained for each module.

Equation[33|characterizes the residual response at the module level rather than task-level forgetting.
Its magnitude also depends on the learned norms of A,, ; and B,, ;, which may vary across tasks
and protection configurations. In addition, an output perturbation introduced at an earlier module
can alter the input received by subsequent modules. For this reason, a small residual activation
energy outside the protected subspace does not directly translate into an equivalent bound on the
final network output.

B CONSTRUCTION OF HISTORICAL STATISTICS

SPACE-LoRA uses two historical statistics to construct and evaluate the protected input directions:
an activation Gram matrix and an input-space empirical Fisher matrix. Both statistics are collected at
the endpoint of each task and accumulated across previously observed tasks. During later tasks, the
protection subspace and its allocation are determined from these cached statistics without revisiting
the raw training examples of previous tasks.

B.1 HISTORICAL ACTIVATION STATISTICS

For each module m, we summarize the input activations observed at the endpoint of task 7 using the
uncentered Gram matrix
-
HTD =" g g (39)
i€D- g

where z,, ;4 € R?= denotes the input activation at the ¢-th valid input position of example i. The
historical activation statistic available before task ¢ is

H:t = Z H. (40)

T<t

Hence, after completing task ¢, the cached activation statistic can be updated incrementally as
HE™ = HE'+ HLD, @1
without retaining activations or training examples from earlier tasks.

Then, We compute its eigendecomposition
Hyl =UnAnU,, 42)
where the eigenvalues are ordered in descending order. The corresponding eigenvectors
Un = [Um1s- - Um.d,,] (43)
define the ordered candidate directions for protection.

Importantly, the activation statistic determines both the directions and their prefix order. SPACE-
LoRA does not reorder these directions according to the Fisher sensitivity. The Fisher is instead
used only to determine how far this activation-ordered prefix should be extended for each module.
Given a protection dimension k,,,, the protected basis is therefore

Vm = [um71, e ,umﬁkm]. (44)

B.2 HISTORICAL FISHER SENSITIVITY

While the activation Gram determines the candidate protection directions, SPACE-LoRA uses an
input-space empirical Fisher statistic to evaluate how sensitive each direction is to previously learned
tasks.

For an example ¢ from task 7, let

GO =V, 7 € Romxdm (45)

m 71
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denote the gradient of the supervised loss with respect to the effective weight of module m. At
the endpoint of task 7, we compute this statistic using the current task classifier and the observed
ground-truth labels. We define the task-level input-space empirical Fisher as

R =5 Z(G“)) G (46)

This matrix corresponds to the input-dimensional partial trace of the observed-label empirical Fisher
associated with the effective weight W,,,. The historical Fisher available before task ¢ is accumulated
using the number of examples in each previous task:

F(t) — Z'r<t N.,—F,E,;—)
m,past Z‘r<t N'r

In practice, this quantity can be maintained using the accumulated Fisher numerator together with
the total number of examples, without storing task-specific training data.

(47)

For the j-th activation direction u,, ;, we define its historical sensitivity as

P =) FY (48)

m,j m,jtm pastu"ld

Equivalently, this quantity can be written as the average squared sensitivity along u,, ; over all
examples from previously observed tasks:

(t)
e S — Z |6 49)

Since an )pabt measures squared gradient responses along input directions, each directional sensitiv-
(t)

ity p, j is nonnegative. Moreover, because U,;, = [tm, 1, - - -, Um,d,, | forms a complete orthonormal
basis, the sensitivities over all activation directions sum to the total historical sensitivity:

dm

Zpgrtz)J = ’LL ]Fm pastum J (50)
j=1 Jj=1
= tr (U iy st Un) (51)
=tr <F7(rf)pdst> (52)

Therefore, the cumulative sensitivity of the first £ activation directions, Zl;:l pffz) ;» Tepresents the

amount of historical sensitivity captured by that activation-ordered prefix. This identity provides the
basis for the Fisher-coverage ratio used in Section

C ADDITIONAL EXPERIMENTAL DETAILS

C.1 VISION EXPERIMENTAL SETUP

For ImageNet-R, the 5, 10, and 20 task settings use the same underlying image split and class
ordering. This allows us to examine the effect of increasing the number of sequential learning stages
while keeping the overall class set fixed.

For DomainNet, we use five domains consisting of clipart, infograph, painting, real, and sketch,
while excluding Quickdraw. The 345 classes are divided into five disjoint tasks with 69 classes per
task. Images from all five retained domains are included in every task.

For VTAB, we use a class incremental benchmark consisting of five datasets, Resisc45, DTD, Ox-
ford IIIT Pets, EuroSAT, and Oxford Flowers102, in this order. Each dataset contributes 10 classes
and constitutes a separate task. This results in five tasks and 50 classes in total. We use the officially
released data and hold out 10% of the training images from each class as a validation set. This split
yields 1,615 training images, 181 validation images, and 8,619 test images.
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Table 6: Datasets used in the language continual learning experiments in their training order.

Step Dataset Source Suite  Task Type
AG News Standard CL  Topic Classification

1

2  Amazon Standard CL  Sentiment Analysis

3 Yelp Standard CL  Sentiment Analysis

4  DBpedia Standard CL  Topic Classification

5 Yahoo Standard CL  Question Answering

6  MNLI GLUE Natural Language Inference
7 QQP GLUE Paraphrase Detection

8 RTE GLUE Natural Language Inference
9  SST=2 GLUE Sentiment Analysis

10 IMDB Independent  Sentiment Analysis

11 WiC SuperGLUE  Word Sense Disambiguation
12 CB SuperGLUE  Natural Language Inference
13 COPA SuperGLUE  Question Answering

14  MultiRC  SuperGLUE Question Answering

15 BoolQ SuperGLUE  Boolean Question Answering

For VDD, we use nine of the ten datasets in the Visual Domain Decathlon and exclude ImageNet.
The nine datasets are Aircraft, CIFAR 100, Daimler Pedestrian Classification, DTD, GTSRB, Om-
niglot, SVHN, UCF101, and VGG Flowers. Each dataset constitutes one task in this order, such that
every task introduces both a new domain and a new label set. The resulting benchmark contains
2,128 classes in total, with the number of classes per task ranging from 2 to 1,623. Since the labels
of the official test split are not publicly available, we use the official validation split as the test set and
hold out 10% of the training images from each class for validation. This results in 156,598 training
images, 17,178 validation images, and 64,439 test images.

C.2 LANGUAGE EXPERIMENTAL SETUP

We evaluate continual language adaptation using a sequence of 15 text classification and natural
language understanding datasets. Table [6] presents the datasets in the order in which they are intro-
duced to the model. The 5 task setting uses the first five datasets, the 10 task setting uses the first ten
datasets, and the 15 task setting uses the complete sequence. Therefore, each longer setting extends
the preceding sequence without changing the order of previously introduced tasks.

For most tasks, we construct a fixed dataset containing 1,000 training samples, 200 validation sam-
ples, and up to 500 test samples. The validation and test sets do not overlap whenever sufficient
labeled data are available.

For GLUE and SuperGLUE datasets whose public test labels are unavailable, we construct evalua-
tion splits from the corresponding labeled validation data. The resulting test sets for RTE and WiC
contain 77 and 438 samples, respectively. For smaller datasets such as CB and COPA, we use the
available labeled evaluation samples for performance measurement.

All experiments with T5 large use AdamW with a constant learning rate, a batch size of 8, and
3 epochs per task. We use LoRA with rank 8 and scaling parameter 16 for the query and value
projections in all attention modules. A new adapter is introduced for each task, and the maximum
input length is 128 tokens.

We select the learning rate once using the five task setting with seed O and use the selected value
for all methods and sequence lengths. No method specific learning rate tuning is performed. All
compared methods use the same data, optimizer, and training schedule, while their method specific
hyperparameters follow the default settings of their official implementations.

C.3 EVALUATION PROTOCOL

The model is evaluated after completing each task in the sequence. We report average accuracy after
the final task to measure overall predictive performance and backward transfer to measure changes
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in performance on previously learned tasks. All methods are evaluated using the same task ordering,
dataset splits, training schedule, and evaluation protocol.
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Algorithm 2 Continual Adaptation with SPACE-LoRA

Require: Task datasets {D,}]_,, protected modules M, LoRA rank r, coverage target p

I: Initialize HS' < 0and F\0) ., + 0 forallm € M
2: Initialize the number of previous-task examples N < 0
3. fort=1,...,7 do

AN AN S

9

11:

12:
13:
14:
15:
16:
17:

18:
19:
20:
21:
22:
23:
24
25:
26:
27:
28:
29:
30:
31:
32:
33:
34
35:

36:

37:

38:
39:

40:
41:
42:

Freeze the base model and all LoRA adapters learned from previous tasks
Introduce a new rank-r LoRA branch (4,,, ¢, By, ;) for each m € M
for each module m € M do
if ¢t = 1 then
km < 0, P, <0
else
Compute H5! = U, A,,, U, with eigenvectors ordered by decreasing eigenvalue
forj=1,...,d, do
(t) T p®

pm,j — u’m,_} m,pastu’m’j
end for(t)
if tr(FWpast
km <0
else

Find the smallest k& € {0, ..., d,, — r} satisfying

Zle ps,?,j
w(F)
m,past

) = 0 then

if such £ exists then

kp, < k
else
km < dpy — 7
end if
end if
Vin < [Um1y -y Um k|
P, <« Vvl
end if
end for

for each optimization step on D, do
Compute the current-task loss and update the trainable parameters
for each module m € M do
Project the input factor A, ¢ < A, (I — Pr,)
end for
end for
for each module m € M do
Collect endpoint activations on D, and compute

t T
HE < D tmiatm,ig

€Dy q

Using the current task classifier and ground-truth labels, compute G E:L)Z +~Vw,, Egt) for
eachi € Dy
Compute

1 ZNt 0\ o0
(t) - t t
Fm — N, (Gm,i) Gm,i

ti=1

Update the historical activation statistic H<t+! < H<t + H
Update the historical Fisher
D N<tFT(ff,)past + NoFy)
m,past N<t + Nt

end for
Nepy1 ¢ N + Ny
end for 18
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