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Abstract

Continual Learning (CL) enables Large Lan-
guage Models (LLMs) to incrementally acquire
new knowledge without costly retraining. How-
ever, existing CL methods exhibit a fundamen-
tal trade-off. Regularization-based approaches
maintain a fixed parameter budget but often
suffer from degraded performance over long
task sequences. Expansion-based methods, in
contrast, preserve performance by dynamically
extending the model architecture. However,
this comes at the cost of a growing memory
footprint. To resolve this trade-off, we propose
Continual Adaptation via Subspace Trimming
(CAST), a parameter-efficient framework that
systematically allocates and organizes task-
specific subspaces within a single LoORA mod-
ule, maintaining strong performance over long
task sequences without increasing the parame-
ter budget. CAST leverages the intrinsic redun-
dancy of LoRA to allocate sparse, task-specific
subspaces and utilizes a lightweight semantic
routing mechanism to facilitate task-agnostic
inference. Experiments on LLaMA 3.1-8b and
Qwen 3-8b show that CAST outperforms re-
lated continual learning methods while main-
taining a nearly constant training memory foot-
print and preserving over 25% idle capacity
even after 15 sequential tasks.

1 Introduction

Large Language Models (LLMs) (Zhao et al., 2023)
have demonstrated impressive understanding and
reasoning capabilities across a wide range of tasks.
However, once pretrained, their parameters remain
largely fixed, making it difficult for them to in-
corporate newly emerging knowledge or adapt to
domain shifts. Since training such models from
scratch is computationally prohibitive, recent stud-
ies have increasingly explored Continual Learning
(CL) as a practical paradigm for updating LLMs
on a stream of new tasks and data (Wu et al., 2024).
A central challenge, however, is catastrophic for-
getting (Wu et al., 2022), where learning new data
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Figure 1: Effect of the active parameter ratio in B Ma-
trix on downstream performance.

unintentionally disrupts previously acquired knowl-
edge, leading to substantial performance degrada-
tion on earlier tasks.

To mitigate catastrophic forgetting, prior stud-
ies have explored various continual learning strate-
gies. Replay-based methods (de Masson d’ Autume
et al., 2019), while effective, often raise privacy
concerns and introduce storage overheads. Alterna-
tively, regularization-based methods (Zhang et al.,
2025b) aim to preserve knowledge by imposing
constraints on parameter updates. However, be-
cause all tasks are optimized within a shared pa-
rameter space, these methods struggle to maintain
stable performance over long task sequences, as
accumulated interference eventually leads to se-
vere forgetting. Given these limitations, recent
approaches have turned to architectural expansion
to explicitly allocate task-specific parameters.

Expansion-based methods (Wang et al., 2023b;
Razdaibiedina et al., 2023; Tong et al., 2025), par-
ticularly those built upon Parameter-Efficient Fine-
Tuning (PEFT) (Houlsby et al., 2019; Pfeiffer et al.,
2021; Li and Liang, 2021; Lester et al., 2021),
achieve strong continual adaptation performance
by assigning dedicated parameters to each task,
thereby effectively eliminating interference. How-
ever, this strategy introduces a trade-off in scala-
bility. Although Parameter-Efficient Fine-Tuning
(PEFT) techniques, such as Low-Rank Adaptation
(LoRA) (Hu et al., 2022), reduce the size of individ-



ual modules, many expansion-based methods rely
on the frequent instantiation of additional adapters
as new tasks arrive (Wang et al., 2022). This ex-
pansion leads to persistent increases in memory
demands. Over long task sequences, this additive
approach diminishes the core efficiency of PEFT.

Recent advances in the LoORA community re-
veal a crucial property: similar to common neu-
ral networks, LoRA adapters exhibit significant
parameter redundancy (Zhang et al., 2025a; Zhu
et al., 2024b; Zhang et al., 2023a). As illustrated
in Figure 1, preserving a small active ratio of B
Matrix is sufficient to recover the performance of
the dense baseline, with significant degradation
observed only at extreme sparsity. This observa-
tion naturally raises a question: can such intrinsic
redundancy be exploited to avoid the parameter ac-
cumulation inherent in expansion-based continual
learning?

In this work, we provide a positive answer to this
question. We demonstrate that a single, fixed-size
LoRA module possesses sufficient latent capac-
ity to support multiple tasks, provided that task-
specific knowledge is dynamically allocated within
non-overlapping parameter subspaces. Building
on this, we propose Continual Adaptation via
Subspace Trimming (CAST), a parameter-efficient
continual learning framework that preserves strong
adaptation performance within a fixed LoRA pa-
rameter budget.

Empirically, we find that during adaptation, acti-
vating only 3%—-10% of LoRA parameters is often
sufficient to achieve performance comparable to
full-parameter fine-tuning, revealing substantial la-
tent capacity within a single adapter. Motivated by
this sparsity, CAST incrementally allocates com-
pact sets of task-relevant parameters while leav-
ing weakly updated parameters available for future
learning, enabling the continual reuse of underuti-
lized capacity. As a result, CAST maintains sta-
ble performance over long task sequences without
incurring any growth in parameters, memory, or
inference cost. Extensive experiments demonstrate
that CAST consistently matches the performance of
independently trained task-specific models, provid-
ing strong empirical evidence that a single LoRA
module can support robust continual learning when
its latent capacity is properly managed.

Our main contributions are summarized as fol-
lows:

* Building upon the inherent parameter redun-

dancy in LoRA adapters, we demonstrate how
their significant latent capacity can be repur-
posed for continual learning without increas-
ing model size.

* We propose CAST, a parameter-efficient con-
tinual learning framework that enables robust
long-term adaptation within a single LoRA
module by dynamically allocating and reusing
underutilized capacity.

* Extensive experiments demonstrate that
CAST matches the performance of indepen-
dently trained task-specific models over long
task sequences, while maintaining a constant
training memory footprint.

2 Related Work

Continual learning for LLMs. CL for LLMs aims
to acquire new knowledge without catastrophic for-
getting. Existing approaches are generally catego-
rized into replay-based, regularization-based, and
expansion-based methods. Replay-based methods,
such as Experience Replay (ER) (Rolnick et al.,
2019), mitigate forgetting by revisiting buffered
past data. However, these methods raise inher-
ent concerns regarding data privacy and scalability,
as storage overheads scale poorly with the num-
ber of tasks. Regularization-based methods like
CLoRA (Smith et al., 2023), O-LoRA (Wang et al.,
2023a), and DEAL (Han et al., 2025) preserve
knowledge by imposing constraints on parameter
updates to maintain a fixed parameter budget. How-
ever, as the sequence length increases, the accumu-
lation of constraints often leads to a sharp decline
in model plasticity, making it difficult to guaran-
tee performance in complex, long-chain scenar-
i0s. Expansion-based methods (Wang et al., 2023b)
like ProgPrompt (Razdaibiedina et al., 2023) and
Any-SSR (Tong et al., 2025) adapt to new tasks
by freezing historical parameters and dynamically
expanding architectural capacity. While this strat-
egy effectively alleviates catastrophic forgetting, it
leads to a cumulative expansion of model parame-
ters as the number of tasks accumulates.
Parameter-Efficient Fine-Tuning. In recent
years, PEFT methods (Houlsby et al., 2019; Pfeif-
fer et al., 2021; Li and Liang, 2021; Lester et al.,
2021) have attracted increasing research interest.
Among these methods, LoRA (Hu et al., 2022) has
become one of the most widely adopted approaches
due to its strong performance and efficiency by
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Figure 2: Overview of CAST. The pipeline proceeds in three stages. Step 1: Subspace Trimming. Task-specific
sparse mask M; is identified from the shared basis B. Step 2: Sparsity-Aware Training. To prevent catastrophic
forgetting, only the active subspace defined by M, is updated, while past masks remain unchanged. Step 3: Task-
Agnostic Inference. Input embeddings are matched with task vectors via cosine similarity to generate routing
coefficients, which dynamically aggregate the relevant parameter subspaces for the final prediction.

introducing trainable low-rank matrices. To fur-
ther explore more efficient fine-tuning paradigms,
techniques such as Loraprune (Zhang et al., 2024)
and LoRA-drop (Zhou et al., 2025) subsequently
emerged. LoRI (Zhang et al., 2025a) reduces pa-
rameter redundancy through a unique asymmetric
design that combines a frozen projection A matrix
with a sparsely updated B matrix. Inspired by the
efficiency of LoRI, CAST reduces inter-task inter-
ference by dynamically managing sparse subspaces
through selective freezing and updating.

3 Preliminary

3.1 Problem formulation

We consider a CL setting in which a model
learns from a sequence of T tasks, denoted as
S = {T1,72,...,Tr}. Each task T; arrives se-
quentially with its corresponding dataset D; =
{(xgt), ygt))}fvztl, where x € X" denotes the input
and y € ) the target label.

We focus on the challenging task-agnostic con-
tinual learning setting. During training on task 7,
the model has access only to D; and cannot revisit
full datasets from previous tasks 7. At inference
time, the task identity is unavailable; the model
must therefore infer task-relevant knowledge im-
plicitly from the input x.

The objective is to learn a unified prediction

function fg : X — ) parameterized by ©, which
minimizes the cumulative empirical risk over all
observed tasks:

—

1 t
m@%n ;ZE(xyy)NDk L(fo(x),y)], (D)
k=1

where L(-) denotes the task-specific loss. The cen-
tral challenge is to acquire new task knowledge
while preventing performance degradation on pre-
viously learned tasks.

3.2 Low-Rank Adaptation (LoRA)

LoRA (Hu et al., 2022) adapts large pre-trained
models by injecting trainable low-rank matrices
into frozen backbone weights. Given a weight ma-
trix W € R%uxdin T 0RA parameterizes the up-
date as:

W =Wj +s-BA, 2

where A € R™*%n and B € R%u*" are trainable
low-rank matrices, r < min(diy, doyt), and s is a
scaling factor.

4 Method

4.1 Overview

CAST aims to enable long-sequence continual
adaptation within a single fixed-size LoRA mod-
ule. Instead of allocating new parameters for each
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Figure 3: Sorted magnitudes of LoRA parameter up-
dates during adaptation.

task, we treat the LoRA parameter space as a finite
shared resource that must be progressively allo-
cated based on task-specific effective parameter
demand.

As illustrated in Figure 2, the CAST framework
operates through three integrated stages: (1) Sub-
space trimming, which identifies a compact task-
specific parameter subspace within a shared LoRA
module; (2) Sparsity-aware training, which up-
dates only the selected subspace to avoid interfer-
ence with previously learned tasks; and (3) Task-
agnostic inference, which utilizes a semantic rout-
ing mechanism to dynamically aggregate relevant
subspaces based on input semantics.

4.2 Subspace trimming

This section describes how CAST performs sub-
space trimming, i.e., how it adaptively identifies
a sparse, task-specific parameter subset within a
shared LoRA module.

LoRA formulation. We freeze the pre-trained
backbone parameters W and inject a single shared
LoRA adapter parameterized by matrices A &
R™*%n and B € R%u«*"_ Unlike expansion-based
approaches, CAST maintains a fixed parameter
budget and does not instantiate new adapters for
incoming tasks.

Following prior research that the A matrix in
LoRA tends to capture task-agnostic transforma-
tions, while task-specific variations are primarily
reflected in B (Tian et al., 2024; Zhu et al., 2024a;
Zhang et al., 2023b), we share A across all tasks
to reduce training memory footprint and restrict
subspace allocation to B. Accordingly, CAST per-
forms subspace trimming exclusively on B.

For each task 7;, CAST identifies a sparse, task-

specific parameter subspace by learning a binary
mask M; € {0, 1}%u«*"_ which selectively acti-
vates a subset of parameters in the shared B matrix.
The forward computation for task ¢ is given by:

h® = Wyx+s-(BoM)Ax, (3)

where © denotes element-wise multiplication and
s is the LoRA scaling factor.

Warm-up phase. To identify task-relevant pa-
rameters without pre-allocating a fixed sparsity bud-
get, CAST initiates a brief warm-up phase upon
the arrival of a new task 7;. During this phase, we
randomly sample a small subset of training data to
probe the intrinsic parameter importance within B.

All parameters in B that have not been assigned
to previous tasks are temporarily activated and
treated as candidates for the current task, while
parameters associated with earlier tasks remain
frozen. No sparsity constraint is imposed at this
stage. This allows the model to adapt freely within
the available parameter space and expose task-
relevant parameters through natural gradient-driven
updates.

Empirically, we observe that only a small frac-
tion of parameters in B exhibits significant update
magnitudes during the warm-up phase, indicating
that task adaptation intrinsically relies on a sparse
subset of the shared low-rank matrix. These update
magnitudes provide a reliable signal for subsequent
subspace allocation.

Adaptive subspace search. The objective of
adaptive subspace search is to select a sparse subset
of parameters from B that are essential for the cur-
rent task while discarding redundant updates. We
leverage the observation that the magnitude of pa-
rameter updates during the warm-up phase serves
as an effective proxy for parameter importance.

This choice is motivated by the first-order Tay-
lor expansion of the loss function. For a weight
update AB, the corresponding loss reduction can
be approximated as

AL~ —-VgLTAB. 4)

Assuming that the update direction correlates with
the gradient, parameters with larger update magni-
tudes |AB| contribute more significantly to task-
specific loss reduction.

After sorting the update magnitudes in descend-
ing order, we consistently observe a convex, heavy-
tailed distribution. As shown in Figure 3, this struc-
ture reflects a sharp transition between a small set



of high-impact parameters and a long tail of neg-
ligible updates. Our goal is therefore to identify a
principled cutoff that separates these two regions.

Direct curvature-based methods are unreliable
due to the discrete and non-smooth nature of the
sorted update distribution, where many parameters
share identical magnitudes. To address this issue,
we adopt a robust geometric knee-point detection
strategy. We first normalize the sorted curve to
the unit square coordinate system. Let N be the
total number of parameters and S; be the min-max
normalized magnitude of the i-th parameter. We
define the coordinate point for each parameter as
(zi,y;) = (i/N, ;). The knee point index k* is
then determined by maximizing the perpendicular
distance to the reference chord defined by  + y —
1=0:

k* = argmax (z; +vy; — 1) 3
2
The parameter magnitude at this optimal index
k* is set as the truncation threshold 7. We then
construct the binary mask M; where each element
my ; is determined by retaining parameters whose
update magnitudes exceed this threshold:

L,

Through this subspace trimming process, CAST
preserves parameters that are critical for the cur-
rent task while resetting low-impact parameters to
zero. This strategy not only solidifies task-specific
knowledge but also continuously releases unused
capacity, ensuring that the shared LoRA module re-
mains flexible and sustainable as new tasks arrive.

if|ij‘ > T,

otherwise.

(6)

4.3 Sparsity-aware training

To preserve previously learned knowledge during
adaptation to the current task 7;, CAST restricts
parameter updates to the task-specific subspace de-
fined by the binary mask M. By limiting updates
to task-relevant components, this procedure enables
adaptation while reducing inter-task interference.

Updates to the shared B matrix are performed
through masked backpropagation:

B+ B-n-(VBLOM,), (N

where © denotes the Hadamard product. This up-
date rule ensures that parameters assigned to previ-
ous tasks remain unchanged.

To enable task identification without explicit
identifiers, we assign a learnable task vector vy
to each task as a reference point in the embedding
space. The routing is optimized by aligning the
input embedding E(x) with v; and separating it
from historical task vectors using a margin-based
objective. Specifically, we calculate the positive
alignment:

Spos = <E(X)7 Vt> (8)

We then identify the hardest negative sample from
the set of frozen past vectors Vpast:

Sneg = max (E(x),v;) )
\Zi €Vpast
The routing objective uses a smooth ranking loss
with a margin m:
Lioute = Softplus(sneg — Spos + M) (10)
For the initial task where Vjast = (), the loss simpli-
fies to 1 — sp0¢. All task vectors are constrained to

unit norm to focus the optimization on directional
alignment.

4.4 Task-agnostic inference

Task-agnostic inference reconstructs task-specific
parameter configurations for test inputs with un-
known task identities. This process utilizes the task
vectors v, optimized during Section 4.3 to guide
mask aggregation.

For a test instance x, we calculate routing coeffi-
cients « by applying a temperature-scaled Softmax
function to the cosine similarity between the input
embedding F'(x) and the frozen task vectors V:

oy, = softmaxy, (71_<E(X),Vk>> . (1D

These coefficients weight the historical masks to
produce an instance-specific soft mask, defined as:

t
Mage = Z M. (12)
k=1

The final forward pass incorporates this aggregated
mask into the parameter decomposition:

h=Wyx+s-[(BOM,g)Alx (13)
This mechanism enables dynamic task selection
during inference and minimizes inter-task interfer-
ence.



Table 1: Average accuracy of different methods on LLaMA 3.1-8B. Methods are grouped into reference methods
and continual learning methods. For continual learning methods, the best performance is highlighted in bold and

the second-best is underlined.

Method Standard CL Benchmark Long Task Sequence
Order 1 Order2 Order3 Average Order4 Order5 Order6 Average

Zero-shot 13.6 13.6 13.6 13.6 32.1 32.1 32.1 32.1
Replay 81.2 81.5 78.5 80.4 71.3 80.5 79.4 79.1
ProgPrompt 80.6 79.9 80.9 80.5 79.4 79.3 80.1 79.6
Vanilla LoRA  61.6 56.4 58.3 58.8 61.3 63.7 60.4 61.8
EWC 72.3 68.5 70.4 70.4 59.4 61.8 65.3 62.2
O-LoRA 78.5 75.3 74.7 76.2 72.9 73.2 70.4 72.2
DEAL 79.8 78.9 79.1 79.3 73.8 74.6 75.4 74.6
CAST (Ours) 81.0 81.0 81.5 81.1 80.5 80.8 79.3 80.2

Table 2: Average accuracy of different methods on Qwen 3-8B. Methods are grouped into reference methods and
continual learning methods. For continual learning methods, the best performance is highlighted in bold and the

second-best is underlined.

Method Standard CL Benchmark Long Task Sequence
Order 1 Order2 Order3 Average Order4 Order5 Order6 Average

Zero-shot 55.6 55.6 55.6 55.6 70.9 70.9 70.9 70.9
Replay 81.0 81.4 80.5 81.0 78.8 80.1 79.4 79.4
ProgPrompt 80.2 80.8 80.7 80.6 81.1 81.5 81.4 81.3
Vanilla LoORA  66.3 64.4 66.4 65.7 71.2 72.5 70.3 71.3
EWC 71.5 70.8 72.5 71.6 69.8 71.5 71.3 70.9
O-LoRA 78.4 76.4 77.8 71.5 75.4 74.8 73.4 74.5
DEAL 81.3 79.9 80.5 80.6 79.8 78.5 79.4 79.2
CAST (Ours) 80.5 80.3 81.0 80.6 82.5 83.2 81.7 82.5

S Experiments

5.1 Experimental Setup

Datasets. We evaluate CAST under both standard
and long-sequence continual learning settings.

Standard Continual Learning Benchmark. We
adopt a widely used continual learning benchmark
for language models composed of five text clas-
sification datasets (Zhang et al., 2015). Specif-
ically, AG News and Yahoo Answers focus on
topic classification, Amazon Reviews (McAuley
and Leskovec, 2013) and Yelp Reviews address
sentiment analysis, and DBpedia (Lehmann et al.,
2015) evaluates ontology-based document classi-
fication. Together, these datasets span diverse lin-
guistic domains and task semantics. Following
common practice, we evaluate under three different
task orders to examine robustness to task sequence
variations. Detailed dataset statistics and task or-

ders are provided in Appendix E.2, E.3, and E.4.

Long Task Sequence. To assess performance
under longer task sequences, we further conduct
experiments on a continual learning benchmark
consisting of fifteen datasets (Razdaibiedina et al.,
2023). This benchmark integrates tasks from multi-
ple sources, including the standard continual learn-
ing benchmark, the GLUE benchmark (Wang et al.,
2018), the SuperGLUE benchmark (Wang et al.,
2019), and the IMDB movie review dataset (Maas
et al., 2011). The resulting task sequence covers a
broad range of classification and reasoning tasks,
and poses a substantially more challenging long-
sequence continual learning scenario.

Evaluation metrics. We use Average Accuracy
(AA) as the primary evaluation metric. Specifically,
given a task sequence S = {71, 72,...,7Tr}, let
A; 1. denote the accuracy on task 7; after learning
the k-th task. The average accuracy after learning
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Figure 4: Comparison of various methods based on
average accuracy and parameter count.

task 7T is computed as:

k
1
AA = Z; Aj . (14)

Implementation details. We conduct ex-
periments on two large language models com-
monly adopted in prior continual learning stud-
ies: LLaMA 3.1-8B (Grattafiori et al., 2024) and
Qwen 3-8B (Yang et al., 2025). Results across both
backbones exhibit consistent trends, demonstrating
the robustness and generalizability of CAST. More
details are described in Appendix E.5.

5.2 Comparison with related methods

We compare CAST with a set of representative
methods under a unified experimental protocol.
The compared approaches are grouped into con-
tinual learning methods and reference methods ac-
cording to their underlying assumptions.

The continual learning methods include Vanilla
LoRA, EWC (Kirkpatrick et al., 2017), O-LoRA
(Wang et al., 2023a), and DEAL (Han et al., 2025).

EWC, O-LoRA, and DEAL represent recent
continual learning approaches that aim to improve
performance during sequential adaptation. In ad-
dition, we report several reference methods that
operate under different or stronger assumptions.
Zero-shot evaluates the base model without task-
specific fine-tuning. Replay incorporates an ad-
ditional memory buffer containing samples from
previous tasks. ProgPrompt (Razdaibiedina et al.,
2023) relies on additional task identity at infer-
ence by assigning a dedicated prompt to each task.
PerTask-LoRA trains dedicated LoRA modules
for each task.

Table 1 reports the continual learning perfor-
mance of all compared methods on the two bench-
mark suites. Following prior work, we report the
AA over three independent runs with different task
orders.

n
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Figure 5: Comparison of Peak Training Memory Foot-
print (GB) across different methods evaluated at distinct
sequence positions.

We first compare all methods against the Zero-
shot baseline. Without any continual fine-tuning,
the base model achieves only 13.6% average ac-
curacy on the Standard CL benchmark and 32.1%
on the long task sequence. This substantial per-
formance gap clearly demonstrates that continual
adaptation is essential for effective knowledge ac-
quisition across sequential tasks.

Among all continual learning methods, CAST
consistently achieves the strongest overall perfor-
mance. On the Standard CL benchmark, CAST
reaches an average accuracy of 81.1%. On the long
task sequence, CAST maintains a high accuracy
of 80.2%. In contrast, the vanilla sequential base-
line exhibits severe forgetting and achieves only
58.8% and 61.8% average accuracy on the two
benchmarks, respectively.

We further compare CAST with representa-
tive regularization-based and subspace-constrained
methods. O-LoRA and DEAL demonstrate compet-
itive anti-forgetting capability on the shorter task
sequence, achieving 76.2% and 79.3% average ac-
curacy on the Standard CL benchmark. However,
their performance degrades noticeably when the
task sequence is extended. This trend suggests that
fixed or globally constrained subspaces become in-
sufficient to accommodate a growing number of
tasks. In contrast, CAST exhibits strong stability
across both benchmarks, indicating that it can sus-
tain reliable performance even under a long task
sequence.

Finally, we compare CAST with Pertask-LoRA,
which trains an independent LoRA adapter for each
task and eliminates inter-task interference through
parameter separation. Pertask-LoRA achieves
81.5% average accuracy on the Standard CL bench-
mark and 82.7% on the long task sequence. CAST
achieves performance that is highly comparable



2
)
3 3

Accuracy (%)
N

Accuracy (%
3

<
N

1 5 6.2 20 50 70 1 5 74 20 50 70
Retention Ratio (%) Retention Ratio (%)

a)evaluate on MNLI b) evaluate on Yahoo

Figure 6: Comparison of accuracy across different re-
tention ratios for two datasets.

to Pertask-LoRA while relying on a single shared
LoRA module. This result indicates that CAST
can effectively preserve task performance while
avoiding the need to maintain separate task-specific
adapters.

To evaluate the generality of these findings, we
conduct the same experiments using the Qwen 3-
8B backbone. As reported in Table 2, CAST ex-
hibits performance trends consistent with those ob-
served on LLaMA 3.1-8b. Across both standard
and long task sequences, CAST remains the most
reliable method among all compared approaches,
confirming that its effectiveness is not specific to a
particular model architecture.

Figure 4 compares the average accuracy and pa-
rameter usage of different methods on LLaMA 3.1-
8B. PerTask-LoRA serves as the ideal AA upper
bound, where a dedicated LoRA is trained indepen-
dently for each task.

While PerTask-LoRA achieves high accuracy,
its parameter count grows linearly with the task
sequence, leading to prohibitive storage costs in
the Long Task Sequence setting. In contrast,
CAST maintains a compact and constant parameter
footprint. Remarkably, CAST achieves accuracy
comparable to the ideal PerTask-LoRA baseline,
demonstrating that our method effectively accumu-
lates knowledge and retains performance without
the need for the extensive parameter expansion re-
quired by the ideal approach.

Furthermore, our analysis in Appendix D con-
firms that the parameter space remains far from
saturation even in long sequences. Additionally,
by observing that the allocated parameter usage
for identical tasks varies adaptively across different
task orders, which verify the dynamic nature of our
allocation strategy.

5.3 Comparison of training memory footprint

We evaluate the peak GPU memory consumption
on NVIDIA V100 GPUs using FP16 precision
across sequential tasks. Figure 5 shows the train-

ing memory footprint of different methods as the
number of tasks increases.

The results show that CAST maintains a nearly
constant training memory footprint throughout the
entire task sequence, remaining close to that of the
vanilla LoRA baseline. This behavior indicates that
CAST does not incur additional memory overhead
as new tasks arrive.

In contrast, O-LoRA exhibits a clear increase in
memory consumption, which becomes pronounced
as more tasks are learned. This growth is caused
by the accumulation of task-specific states, making
the method increasingly impractical for long task
sequences. DEAL shows a more stable memory
profile but consistently requires higher memory us-
age due to auxiliary components introduced during
training.

Overall, these results demonstrate that CAST
preserves the memory efficiency of a fixed-
parameter baseline while supporting continual
adaptation over long task sequence.

Due to space constraints, we provide additional
qualitative case studies and a detailed hyperparam-
eter sensitivity analysis in Appendix A and Ap-
pendix B, respectively.

5.4 Effectiveness of Knee point detection

To validate the effectiveness of the knee points
identified by our detection method, we conducted
experiments using Llama 3.1-8b on the MNLI and
Yahoo datasets as illustrated in Figure 6. The re-
sults demonstrate that the knee points detected by
our approach correspond to highly effective reten-
tion ratios for the model. These specific points
are highlighted by red stars in the charts. This ap-
proach effectively avoids the need for an exhaustive
search across all possible ratios.

Additionally, we provide supplementary visu-
alizations of the knee point detection process in
Appendix C for further reference.

6 Conclusion

We reveal that a single LoRA module possesses
intrinsic parameter redundancy suitable for reuse.
Building on this, we introduce CAST to explicitly
partition task-specific representations within a con-
strained budget. CAST delivers stable plasticity
without the need for task identifiers. Extensive ex-
periments demonstrate its competitive performance
on benchmarks, alongside strong efficiency in GPU
memory consumption.



7 Limitations.

Despite its effectiveness, our study has several lim-
itations. First, due to constraints in computational
resources, we are currently unable to conduct com-
prehensive testing on larger-scale models, such as
70B+ variants, and our results are primarily focused
on the 8B-scale. Second, also due to computational
constraints, the reported results are based on a sin-
gle experimental run with a fixed random seed,
offering only an initial observation of the method’s
stability.
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tivates the corresponding task-specific experts with
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terference.
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to the new SST-2 task. The non-sparse router distri-
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Case 1: Yahoo Classification Task

Mathematics, ..., Politics & Government.

to find the addresses: http://www.cic.gc.ca/
True Answer: Politics & Government

Vanilla LoRA:
¢ Adapter after Yahoo: Politics & Government

Ours:

Instruction: What is the topic of the following paragraph? Choose one from the options: Society & Culture, Science &

Input: Question: what are the address of Citizen and Immigration Canada prcesing cantres? Answer: Go to this website

¢ Adapter after Yahoo — ... — DBpedia: Business or Finance

 Adapter after Yahoo: Politics & Government (Router: [1.0])
* Adapter after Yahoo — ... — DBpedia: Politics & Government (Router: [0.994,0.001,0.004, 0.001])

Goal: Verify Stability of old knowledge.

Case 2: SST-2 Sentiment Analysis

their talent or the power of this movie.
True Answer: Good.

Ours:

« Adapter after MNLI — ... — SST-2: Good.

Instruction: What is the sentiment of the following paragraph? Choose one from the option. Options: Good, Bad.
Input: Whether you like rap music or loathe it , you can’t deny either the tragic loss of two young men in the prime of

* Router: [0.001, 0.024, 0.014, 0.005, 0.001, 0.107, 0.014, 0.177, 0.177, 0.177, 0.303]

Goal: Verify plasticity on new tasks.

Table 3: Qualitative Case Study. We compare the prediction results of Vanilla LoRA and our method. Case 1
(Yahoo) demonstrates that our method effectively mitigates catastrophic forgetting by reactivating the correct expert
(Router ~ 1.0) after learning subsequent tasks (up to DBpedia), whereas Vanilla LoRA fails. Case 2 (SST-2) shows
our model’s plasticity in accurately handling new tasks with dynamic router allocation.

facilitate current inference. Crucially, while lever-
aging historical information, the mechanism en-
sures the primacy of the current task’s learning.
This demonstrates that our approach maintains high
plasticity, effectively synthesizing past knowledge
to solve new problems without suffering from in-
transigence.

B Hyperparameter Sensitivity Analysis

Effect of LoRA rank. We study the sensitivity
of CAST to the LoRA rank r, which controls the
number of trainable parameters. Table 7 reports the
accuracy of LLaMA 3.1-8B under different task
orders with r € {8, 16, 32}.

Increasing the rank improves average accuracy
from 80.2% (r = 8) to 80.9% (r = 16), while
further increasing r to 32 yields a smaller gain
(81.1%), indicating diminishing returns. Notably,
CAST achieves consistently strong performance
even with a small rank, demonstrating robustness
to the choice of r and high parameter efficiency.
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C Visualization of the Adaptive Subspace
Search.

In this section, we provide a visual demonstration
of how the adaptive trimming threshold is deter-
mined. As discussed in the Section 4.2, we utilize
the geometric knee-point detection strategy to dy-
namically identify the knee point index.

Figure 7 illustrates the knee-point detection strat-
egy process across standard CL benchmarks. These
visualizations are based on the LLaMA 3.1-8B
model evaluated under Order 2. In each Figure, the
blue curve depicts the sorted parameter importance
scores, while the gray dashed line serves as the
reference chord. The knee point is mathematically
identified as the point with the maximum perpen-
dicular distance to this baseline, representing the
optimal cutoff for parameter retention.

D Subspace Sparsity and Capacity

We analyze the parameter utilization of the shared
LoRA module on the long task sequence using
LLaMA 3.1-8B. A key question in fixed-capacity
continual learning is whether the parameter space
becomes saturated as tasks accumulate.



Table 4: Overview of datasets used in experiments.

Dataset Source Task Type Evaluation Metric
1 Yelp CL Benchmark Sentiment Analysis Accuracy
2 AG News CL Benchmark Topic Classification Accuracy
3 DBpedia CL Benchmark Entity Typing Accuracy
4 Yahoo CL Benchmark Topic Classification Accuracy
5 Amazon CL Benchmark Sentiment Analysis Accuracy
6 MNLI GLUE Natural Language Inference Accuracy
7 QQP GLUE Paraphrase Detection Accuracy
8 RTE GLUE Natural Language Inference Accuracy
9 SST-2 GLUE Sentiment Analysis Accuracy
10 WiC SuperGLUE  Word Sense Disambiguation Accuracy
11 CB SuperGLUE  Natural Language Inference Accuracy
12 COPA SuperGLUE Causal Reasoning Accuracy
13 BoolQ SuperGLUE Boolean QA Accuracy
14 MultiRC SuperGLUE Multi-hop QA Accuracy
15 IMDB External Sentiment Analysis Accuracy
Table 5: Instruction prompts provided to the model for each task.
Task Prompt
NLI What is the logical relationship between "sentence 1" and "sen-
tence 2"? Choose one from the options.
QQP Do "sentence 1" and "sentence 2" express the same meaning?
Choose one from the options.
SC What is the sentiment of the following passage? Choose one from
the options.
TC What is the topic of the following passage? Choose one from the
options.

BoolQA  According to the passage, is the statement true or false? Choose
one from the options.

MultiRC  Based on the passage and question, is the candidate’s answer
correct? Choose one from the options.

WiC Given a word and two sentences, is the word used with the same
sense in both? Choose one from the options.
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Table 6: Task sequences used in experiments.

Order Model Task Sequence

1 Qwen 3, LLaMA 3.1 DBpedia —+ Amazon — Yahoo — AG News
Qwen 3, LLaMA 3.1 DBpedia —+ Amazon — AG News — Yahoo
Qwen 3, LLaMA 3.1 Yahoo —+ Amazon — AG News — DBpedia

Qwen 3, LLaMA 3.1 MNLI — CB — WiC — COPA — QQP — BoolQ — RTE —
IMDB — Yelp — Amazon — SST-2 — DBpedia — AG News
— MultiRC — Yahoo
5 Qwen 3, LLaMA 3.1 MultiRC — BoolQ — WiC — MNLI — cb — COPA — QQP
— RTE — IMDB — SST-2 — DBpedia — AG News — Yelp —
Amazon — Yahoo
6 Qwen 3, LLaMA 3.1 Yelp — Amazon — MNLI — CB — COPA — QQP — RTE —
IMDB — SST-2 — DBpedia — AG News — Yahoo — MultiRC
— BoolQ — WiC

W
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Figure 7: Visualization of knee-point detection strategy. The red star marks the identified knee point used for
trimming.
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Figure 8: Visualization of the dynamic parameter allocation across sequential learning stages (Order 4 to
Order 6). Each radial segment represents a specific task (dataset), with the radial length corresponding to the
proportion of active parameters allocated to that task. The grey sector labeled Inactive denotes the pruned or sparse

parameters.

Table 7: LoRA rank sensitivity analysis on LLaMA 3.1-
8B (Accuracy, %).

r  Orderl Order2 Order3 Avg.
8 80.3 80.2 80.1  80.2
16  80.8 80.8 81.1 809
32 81.0 81.0 81.5  8lI.1

Figure 8 shows the allocation of active LoRA pa-
rameters across tasks. Even after learning 15 tasks,
a substantial fraction of parameters remains inac-
tive, with around one quarter of the parameter space
never selected by any task across different task or-
ders. Moreover, the spatial patterns of activated
parameters vary across task orders, suggesting that
subspace allocation is adaptive and task-dependent
rather than fixed.

E Experiences Setup

E.1 Artifacts and Licenses

We use several publicly available artifacts in our
experiments. Their details and licenses are summa-
rized as follows:

LLaMA 3.1-8B: Released under the Llama 3.1
Community License Agreement. We use it via the
Hugging Face library.

Qwen 3-8B: Released under the Apache license
2.0. We use it via the Hugging Face library.

The datasets used in this work, including the
Standard CL Benchmark and Long Task Sequence,
are accessed via Hugging Face. These datasets
are released under their respective original licenses.
We confirm that our use of these artifacts is strictly
for non-commercial academic research, which is
consistent with the intended use and the specific
research-oriented licenses provided by the creators.
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E.2 Dataset

Table 4 summarizes all datasets used across the con-
tinual learning benchmarks. These datasets were
also employed in O-LoRA (Wang et al., 2023a),
where each is framed as a classification task using
a unified instruction-based text-to-text format.

E.3 Instruction Prompts

We adopt the task-specific instruction prompts in-
troduced in O-LoRA (Wang et al., 2023a), as sum-
marized in Table 5.

E.4 Task Sequence Orders

We report task orders used for our CL experiments
across LLaMA 3.1 and Qwen 3 models in Table 6.
NLI denotes natural language inference, including
MNLI, RTE, and CB. SC denotes sentiment analy-
sis, including Amazon, Yelp, SST-2 and IMDB. TC
denotes topic classification, including AG News,
DBpedia, and Yahoo.

E.5 Implementation Details

We implemented our framework using the Deep-
Speed library with ZeRO-Stage 2 optimization and
Distributed Data Parallel (DDP) on a cluster of 4
NVIDIA V100 GPUs. All models were trained
in FP16 mixed precision. Due to computational
constraints, we report results from a single run. To
ensure numerical stability in half-precision train-
ing, we utilized an automatic loss scaling strategy
with an initial scale power of 2!2, a hysteresis of
3, and a scale window of 1000 steps. Additionally,
we adjusted the AdamW optimizer’s epsilon term
(e) to le-4 to prevent underflow, with 5; = 0.9,
B2 = 0.999, and a weight decay of 0. We em-
ployed a dual learning rate strategy: le-4 for the
LoRA parameters and a larger 1e-2 for the learn-



able task vectors to accelerate routing convergence.
The LoRA adapter A matrix was randomly initial-
ized while preserving the specified rank r, and task
vectors were also randomly initialized. The max-
imum sequence length was capped at 512 tokens.
We used a batch size of 8 with 8 gradient accumula-
tion steps. Training was conducted for a maximum
of 300 steps, utilizing a WarmupDecayL.R sched-
uler where 50% of the data was randomly sampled
during the warm-up phase. To prevent overfitting,
we applied early stopping with a patience of 50
steps and gradient clipping with a maximum norm
of 1.0. For each task, we randomly sample 1,000
training instances and reserve 500 samples per class
for validation.
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