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Abstract001

Continual Learning (CL) enables Large Lan-002
guage Models (LLMs) to incrementally acquire003
new knowledge without costly retraining. How-004
ever, existing CL methods exhibit a fundamen-005
tal trade-off. Regularization-based approaches006
maintain a fixed parameter budget but often007
suffer from degraded performance over long008
task sequences. Expansion-based methods, in009
contrast, preserve performance by dynamically010
extending the model architecture. However,011
this comes at the cost of a growing memory012
footprint. To resolve this trade-off, we propose013
Continual Adaptation via Subspace Trimming014
(CAST), a parameter-efficient framework that015
systematically allocates and organizes task-016
specific subspaces within a single LoRA mod-017
ule, maintaining strong performance over long018
task sequences without increasing the parame-019
ter budget. CAST leverages the intrinsic redun-020
dancy of LoRA to allocate sparse, task-specific021
subspaces and utilizes a lightweight semantic022
routing mechanism to facilitate task-agnostic023
inference. Experiments on LLaMA 3.1-8b and024
Qwen 3-8b show that CAST outperforms re-025
lated continual learning methods while main-026
taining a nearly constant training memory foot-027
print and preserving over 25% idle capacity028
even after 15 sequential tasks.029

1 Introduction030

Large Language Models (LLMs) (Zhao et al., 2023)031

have demonstrated impressive understanding and032

reasoning capabilities across a wide range of tasks.033

However, once pretrained, their parameters remain034

largely fixed, making it difficult for them to in-035

corporate newly emerging knowledge or adapt to036

domain shifts. Since training such models from037

scratch is computationally prohibitive, recent stud-038

ies have increasingly explored Continual Learning039

(CL) as a practical paradigm for updating LLMs040

on a stream of new tasks and data (Wu et al., 2024).041

A central challenge, however, is catastrophic for-042

getting (Wu et al., 2022), where learning new data043

Figure 1: Effect of the active parameter ratio in B Ma-
trix on downstream performance.

unintentionally disrupts previously acquired knowl- 044

edge, leading to substantial performance degrada- 045

tion on earlier tasks. 046

To mitigate catastrophic forgetting, prior stud- 047

ies have explored various continual learning strate- 048

gies. Replay-based methods (de Masson d’Autume 049

et al., 2019), while effective, often raise privacy 050

concerns and introduce storage overheads. Alterna- 051

tively, regularization-based methods (Zhang et al., 052

2025b) aim to preserve knowledge by imposing 053

constraints on parameter updates. However, be- 054

cause all tasks are optimized within a shared pa- 055

rameter space, these methods struggle to maintain 056

stable performance over long task sequences, as 057

accumulated interference eventually leads to se- 058

vere forgetting. Given these limitations, recent 059

approaches have turned to architectural expansion 060

to explicitly allocate task-specific parameters. 061

Expansion-based methods (Wang et al., 2023b; 062

Razdaibiedina et al., 2023; Tong et al., 2025), par- 063

ticularly those built upon Parameter-Efficient Fine- 064

Tuning (PEFT) (Houlsby et al., 2019; Pfeiffer et al., 065

2021; Li and Liang, 2021; Lester et al., 2021), 066

achieve strong continual adaptation performance 067

by assigning dedicated parameters to each task, 068

thereby effectively eliminating interference. How- 069

ever, this strategy introduces a trade-off in scala- 070

bility. Although Parameter-Efficient Fine-Tuning 071

(PEFT) techniques, such as Low-Rank Adaptation 072

(LoRA) (Hu et al., 2022), reduce the size of individ- 073
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ual modules, many expansion-based methods rely074

on the frequent instantiation of additional adapters075

as new tasks arrive (Wang et al., 2022). This ex-076

pansion leads to persistent increases in memory077

demands. Over long task sequences, this additive078

approach diminishes the core efficiency of PEFT.079

Recent advances in the LoRA community re-080

veal a crucial property: similar to common neu-081

ral networks, LoRA adapters exhibit significant082

parameter redundancy (Zhang et al., 2025a; Zhu083

et al., 2024b; Zhang et al., 2023a). As illustrated084

in Figure 1, preserving a small active ratio of B085

Matrix is sufficient to recover the performance of086

the dense baseline, with significant degradation087

observed only at extreme sparsity. This observa-088

tion naturally raises a question: can such intrinsic089

redundancy be exploited to avoid the parameter ac-090

cumulation inherent in expansion-based continual091

learning?092

In this work, we provide a positive answer to this093

question. We demonstrate that a single, fixed-size094

LoRA module possesses sufficient latent capac-095

ity to support multiple tasks, provided that task-096

specific knowledge is dynamically allocated within097

non-overlapping parameter subspaces. Building098

on this, we propose Continual Adaptation via099

Subspace Trimming (CAST), a parameter-efficient100

continual learning framework that preserves strong101

adaptation performance within a fixed LoRA pa-102

rameter budget.103

Empirically, we find that during adaptation, acti-104

vating only 3%–10% of LoRA parameters is often105

sufficient to achieve performance comparable to106

full-parameter fine-tuning, revealing substantial la-107

tent capacity within a single adapter. Motivated by108

this sparsity, CAST incrementally allocates com-109

pact sets of task-relevant parameters while leav-110

ing weakly updated parameters available for future111

learning, enabling the continual reuse of underuti-112

lized capacity. As a result, CAST maintains sta-113

ble performance over long task sequences without114

incurring any growth in parameters, memory, or115

inference cost. Extensive experiments demonstrate116

that CAST consistently matches the performance of117

independently trained task-specific models, provid-118

ing strong empirical evidence that a single LoRA119

module can support robust continual learning when120

its latent capacity is properly managed.121

Our main contributions are summarized as fol-122

lows:123

• Building upon the inherent parameter redun-124

dancy in LoRA adapters, we demonstrate how 125

their significant latent capacity can be repur- 126

posed for continual learning without increas- 127

ing model size. 128

• We propose CAST, a parameter-efficient con- 129

tinual learning framework that enables robust 130

long-term adaptation within a single LoRA 131

module by dynamically allocating and reusing 132

underutilized capacity. 133

• Extensive experiments demonstrate that 134

CAST matches the performance of indepen- 135

dently trained task-specific models over long 136

task sequences, while maintaining a constant 137

training memory footprint. 138

2 Related Work 139

Continual learning for LLMs. CL for LLMs aims 140

to acquire new knowledge without catastrophic for- 141

getting. Existing approaches are generally catego- 142

rized into replay-based, regularization-based, and 143

expansion-based methods. Replay-based methods, 144

such as Experience Replay (ER) (Rolnick et al., 145

2019), mitigate forgetting by revisiting buffered 146

past data. However, these methods raise inher- 147

ent concerns regarding data privacy and scalability, 148

as storage overheads scale poorly with the num- 149

ber of tasks. Regularization-based methods like 150

CLoRA (Smith et al., 2023), O-LoRA (Wang et al., 151

2023a), and DEAL (Han et al., 2025) preserve 152

knowledge by imposing constraints on parameter 153

updates to maintain a fixed parameter budget. How- 154

ever, as the sequence length increases, the accumu- 155

lation of constraints often leads to a sharp decline 156

in model plasticity, making it difficult to guaran- 157

tee performance in complex, long-chain scenar- 158

ios. Expansion-based methods (Wang et al., 2023b) 159

like ProgPrompt (Razdaibiedina et al., 2023) and 160

Any-SSR (Tong et al., 2025) adapt to new tasks 161

by freezing historical parameters and dynamically 162

expanding architectural capacity. While this strat- 163

egy effectively alleviates catastrophic forgetting, it 164

leads to a cumulative expansion of model parame- 165

ters as the number of tasks accumulates. 166

Parameter-Efficient Fine-Tuning. In recent 167

years, PEFT methods (Houlsby et al., 2019; Pfeif- 168

fer et al., 2021; Li and Liang, 2021; Lester et al., 169

2021) have attracted increasing research interest. 170

Among these methods, LoRA (Hu et al., 2022) has 171

become one of the most widely adopted approaches 172

due to its strong performance and efficiency by 173
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Figure 2: Overview of CAST. The pipeline proceeds in three stages. Step 1: Subspace Trimming. Task-specific
sparse mask Mt is identified from the shared basis B. Step 2: Sparsity-Aware Training. To prevent catastrophic
forgetting, only the active subspace defined by Mt 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-174

ther explore more efficient fine-tuning paradigms,175

techniques such as Loraprune (Zhang et al., 2024)176

and LoRA-drop (Zhou et al., 2025) subsequently177

emerged. LoRI (Zhang et al., 2025a) reduces pa-178

rameter redundancy through a unique asymmetric179

design that combines a frozen projection A matrix180

with a sparsely updated B matrix. Inspired by the181

efficiency of LoRI, CAST reduces inter-task inter-182

ference by dynamically managing sparse subspaces183

through selective freezing and updating.184

3 Preliminary185

3.1 Problem formulation186

We consider a CL setting in which a model187

learns from a sequence of T tasks, denoted as188

S = {T1, T2, . . . , TT }. Each task Tt arrives se-189

quentially with its corresponding dataset Dt =190

{(x(t)
i , y

(t)
i )}Nt

i=1, where x ∈ X denotes the input191

and y ∈ Y the target label.192

We focus on the challenging task-agnostic con-193

tinual learning setting. During training on task Tt,194

the model has access only to Dt and cannot revisit195

full datasets from previous tasks T<t. At inference196

time, the task identity is unavailable; the model197

must therefore infer task-relevant knowledge im-198

plicitly from the input x.199

The objective is to learn a unified prediction200

function fΘ : X → Y parameterized by Θ, which 201

minimizes the cumulative empirical risk over all 202

observed tasks: 203

min
Θ

1

t

t∑
k=1

E(x,y)∼Dk
[L(fΘ(x), y)] , (1) 204

where L(·) denotes the task-specific loss. The cen- 205

tral challenge is to acquire new task knowledge 206

while preventing performance degradation on pre- 207

viously learned tasks. 208

3.2 Low-Rank Adaptation (LoRA) 209

LoRA (Hu et al., 2022) adapts large pre-trained 210

models by injecting trainable low-rank matrices 211

into frozen backbone weights. Given a weight ma- 212

trix W0 ∈ Rdout×din , LoRA parameterizes the up- 213

date as: 214

W = W0 + s ·BA, (2) 215

where A ∈ Rr×din and B ∈ Rdout×r are trainable 216

low-rank matrices, r ≪ min(din, dout), and s is a 217

scaling factor. 218

4 Method 219

4.1 Overview 220

CAST aims to enable long-sequence continual 221

adaptation within a single fixed-size LoRA mod- 222

ule. Instead of allocating new parameters for each 223
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Figure 3: Sorted magnitudes of LoRA parameter up-
dates during adaptation.

task, we treat the LoRA parameter space as a finite224

shared resource that must be progressively allo-225

cated based on task-specific effective parameter226

demand.227

As illustrated in Figure 2, the CAST framework228

operates through three integrated stages: (1) Sub-229

space trimming, which identifies a compact task-230

specific parameter subspace within a shared LoRA231

module; (2) Sparsity-aware training, which up-232

dates only the selected subspace to avoid interfer-233

ence with previously learned tasks; and (3) Task-234

agnostic inference, which utilizes a semantic rout-235

ing mechanism to dynamically aggregate relevant236

subspaces based on input semantics.237

4.2 Subspace trimming238

This section describes how CAST performs sub-239

space trimming, i.e., how it adaptively identifies240

a sparse, task-specific parameter subset within a241

shared LoRA module.242

LoRA formulation. We freeze the pre-trained243

backbone parameters W0 and inject a single shared244

LoRA adapter parameterized by matrices A ∈245

Rr×din and B ∈ Rdout×r. Unlike expansion-based246

approaches, CAST maintains a fixed parameter247

budget and does not instantiate new adapters for248

incoming tasks.249

Following prior research that the A matrix in250

LoRA tends to capture task-agnostic transforma-251

tions, while task-specific variations are primarily252

reflected in B (Tian et al., 2024; Zhu et al., 2024a;253

Zhang et al., 2023b), we share A across all tasks254

to reduce training memory footprint and restrict255

subspace allocation to B. Accordingly, CAST per-256

forms subspace trimming exclusively on B.257

For each task Tt, CAST identifies a sparse, task-258

specific parameter subspace by learning a binary 259

mask Mt ∈ {0, 1}dout×r, which selectively acti- 260

vates a subset of parameters in the shared B matrix. 261

The forward computation for task t is given by: 262

h(t) = W0x+ s · (B⊙Mt)Ax, (3) 263

where ⊙ denotes element-wise multiplication and 264

s is the LoRA scaling factor. 265

Warm-up phase. To identify task-relevant pa- 266

rameters without pre-allocating a fixed sparsity bud- 267

get, CAST initiates a brief warm-up phase upon 268

the arrival of a new task Tt. During this phase, we 269

randomly sample a small subset of training data to 270

probe the intrinsic parameter importance within B. 271

All parameters in B that have not been assigned 272

to previous tasks are temporarily activated and 273

treated as candidates for the current task, while 274

parameters associated with earlier tasks remain 275

frozen. No sparsity constraint is imposed at this 276

stage. This allows the model to adapt freely within 277

the available parameter space and expose task- 278

relevant parameters through natural gradient-driven 279

updates. 280

Empirically, we observe that only a small frac- 281

tion of parameters in B exhibits significant update 282

magnitudes during the warm-up phase, indicating 283

that task adaptation intrinsically relies on a sparse 284

subset of the shared low-rank matrix. These update 285

magnitudes provide a reliable signal for subsequent 286

subspace allocation. 287

Adaptive subspace search. The objective of 288

adaptive subspace search is to select a sparse subset 289

of parameters from B that are essential for the cur- 290

rent task while discarding redundant updates. We 291

leverage the observation that the magnitude of pa- 292

rameter updates during the warm-up phase serves 293

as an effective proxy for parameter importance. 294

This choice is motivated by the first-order Tay- 295

lor expansion of the loss function. For a weight 296

update ∆B, the corresponding loss reduction can 297

be approximated as 298

∆L ≈ −∇BL⊤∆B. (4) 299

Assuming that the update direction correlates with 300

the gradient, parameters with larger update magni- 301

tudes |∆B| contribute more significantly to task- 302

specific loss reduction. 303

After sorting the update magnitudes in descend- 304

ing order, we consistently observe a convex, heavy- 305

tailed distribution. As shown in Figure 3, this struc- 306

ture reflects a sharp transition between a small set 307
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of high-impact parameters and a long tail of neg-308

ligible updates. Our goal is therefore to identify a309

principled cutoff that separates these two regions.310

Direct curvature-based methods are unreliable311

due to the discrete and non-smooth nature of the312

sorted update distribution, where many parameters313

share identical magnitudes. To address this issue,314

we adopt a robust geometric knee-point detection315

strategy. We first normalize the sorted curve to316

the unit square coordinate system. Let N be the317

total number of parameters and s̃i be the min-max318

normalized magnitude of the i-th parameter. We319

define the coordinate point for each parameter as320

(xi, yi) = (i/N, s̃i). The knee point index k∗ is321

then determined by maximizing the perpendicular322

distance to the reference chord defined by x+ y −323

1 = 0:324

k∗ = argmax
i

(xi + yi − 1) (5)325

The parameter magnitude at this optimal index326

k∗ is set as the truncation threshold τ . We then327

construct the binary mask Mt where each element328

mt,j is determined by retaining parameters whose329

update magnitudes exceed this threshold:330

mt,j =

{
1, if |∆wj | > τ,

0, otherwise.
(6)331

Through this subspace trimming process, CAST332

preserves parameters that are critical for the cur-333

rent task while resetting low-impact parameters to334

zero. This strategy not only solidifies task-specific335

knowledge but also continuously releases unused336

capacity, ensuring that the shared LoRA module re-337

mains flexible and sustainable as new tasks arrive.338

4.3 Sparsity-aware training339

To preserve previously learned knowledge during340

adaptation to the current task Tt, CAST restricts341

parameter updates to the task-specific subspace de-342

fined by the binary mask Mt. By limiting updates343

to task-relevant components, this procedure enables344

adaptation while reducing inter-task interference.345

Updates to the shared B matrix are performed346

through masked backpropagation:347

B← B− η · (∇BL ⊙Mt) , (7)348

where ⊙ denotes the Hadamard product. This up-349

date rule ensures that parameters assigned to previ-350

ous tasks remain unchanged.351

To enable task identification without explicit 352

identifiers, we assign a learnable task vector vt 353

to each task as a reference point in the embedding 354

space. The routing is optimized by aligning the 355

input embedding E(x) with vt and separating it 356

from historical task vectors using a margin-based 357

objective. Specifically, we calculate the positive 358

alignment: 359

spos = ⟨E(x),vt⟩ (8) 360

We then identify the hardest negative sample from 361

the set of frozen past vectors Vpast: 362

sneg = max
vj∈Vpast

⟨E(x),vj⟩ (9) 363

The routing objective uses a smooth ranking loss 364

with a margin m: 365

Lroute = Softplus(sneg − spos +m) (10) 366

For the initial task where Vpast = ∅, the loss simpli- 367

fies to 1− spos. All task vectors are constrained to 368

unit norm to focus the optimization on directional 369

alignment. 370

4.4 Task-agnostic inference 371

Task-agnostic inference reconstructs task-specific 372

parameter configurations for test inputs with un- 373

known task identities. This process utilizes the task 374

vectors vk optimized during Section 4.3 to guide 375

mask aggregation. 376

For a test instance x, we calculate routing coeffi- 377

cients α by applying a temperature-scaled Softmax 378

function to the cosine similarity between the input 379

embedding E(x) and the frozen task vectors V: 380

αk = softmaxk

(
1

τ
⟨E(x),vk⟩

)
. (11) 381

These coefficients weight the historical masks to 382

produce an instance-specific soft mask, defined as: 383

Magg =
t∑

k=1

αkMk. (12) 384

The final forward pass incorporates this aggregated 385

mask into the parameter decomposition: 386

h = W0x+ s · [(B⊙Magg)A]x (13) 387

This mechanism enables dynamic task selection 388

during inference and minimizes inter-task interfer- 389

ence. 390
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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 Order 2 Order 3 Average Order 4 Order 5 Order 6 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 77.3 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 Order 2 Order 3 Average Order 4 Order 5 Order 6 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 LoRA 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 77.5 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

5 Experiments391

5.1 Experimental Setup392

Datasets. We evaluate CAST under both standard393

and long-sequence continual learning settings.394

Standard Continual Learning Benchmark. We395

adopt a widely used continual learning benchmark396

for language models composed of five text clas-397

sification datasets (Zhang et al., 2015). Specif-398

ically, AG News and Yahoo Answers focus on399

topic classification, Amazon Reviews (McAuley400

and Leskovec, 2013) and Yelp Reviews address401

sentiment analysis, and DBpedia (Lehmann et al.,402

2015) evaluates ontology-based document classi-403

fication. Together, these datasets span diverse lin-404

guistic domains and task semantics. Following405

common practice, we evaluate under three different406

task orders to examine robustness to task sequence407

variations. Detailed dataset statistics and task or-408

ders are provided in Appendix E.2, E.3, and E.4. 409

Long Task Sequence. To assess performance 410

under longer task sequences, we further conduct 411

experiments on a continual learning benchmark 412

consisting of fifteen datasets (Razdaibiedina et al., 413

2023). This benchmark integrates tasks from multi- 414

ple sources, including the standard continual learn- 415

ing benchmark, the GLUE benchmark (Wang et al., 416

2018), the SuperGLUE benchmark (Wang et al., 417

2019), and the IMDB movie review dataset (Maas 418

et al., 2011). The resulting task sequence covers a 419

broad range of classification and reasoning tasks, 420

and poses a substantially more challenging long- 421

sequence continual learning scenario. 422

Evaluation metrics. We use Average Accuracy 423

(AA) as the primary evaluation metric. Specifically, 424

given a task sequence S = {T1, T2, . . . , TT }, let 425

Ai,k denote the accuracy on task Ti after learning 426

the k-th task. The average accuracy after learning 427

6



a) Standard CL Benchmark b) Long Task Sequence

Figure 4: Comparison of various methods based on
average accuracy and parameter count.

task Tk is computed as:428

AA =
1

k

k∑
i=1

Ai,k. (14)429

Implementation details. We conduct ex-430

periments on two large language models com-431

monly adopted in prior continual learning stud-432

ies: LLaMA 3.1-8B (Grattafiori et al., 2024) and433

Qwen 3-8B (Yang et al., 2025). Results across both434

backbones exhibit consistent trends, demonstrating435

the robustness and generalizability of CAST. More436

details are described in Appendix E.5.437

5.2 Comparison with related methods438

We compare CAST with a set of representative439

methods under a unified experimental protocol.440

The compared approaches are grouped into con-441

tinual learning methods and reference methods ac-442

cording to their underlying assumptions.443

The continual learning methods include Vanilla444

LoRA, EWC (Kirkpatrick et al., 2017), O-LoRA445

(Wang et al., 2023a), and DEAL (Han et al., 2025).446

EWC, O-LoRA, and DEAL represent recent447

continual learning approaches that aim to improve448

performance during sequential adaptation. In ad-449

dition, we report several reference methods that450

operate under different or stronger assumptions.451

Zero-shot evaluates the base model without task-452

specific fine-tuning. Replay incorporates an ad-453

ditional memory buffer containing samples from454

previous tasks. ProgPrompt (Razdaibiedina et al.,455

2023) relies on additional task identity at infer-456

ence by assigning a dedicated prompt to each task.457

PerTask-LoRA trains dedicated LoRA modules458

for each task.459

Table 1 reports the continual learning perfor-460

mance of all compared methods on the two bench-461

mark suites. Following prior work, we report the462

AA over three independent runs with different task463

orders.464

Pos 1 Pos 4 Pos 12
Dataset Position

17

18
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20

21

22

23

Pe
ak

 M
em

or
y 

Si
ze

 (G
B)

Vanilla LoRA
O-LoRA
DEAL
CAST (Ours)

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- 465

shot baseline. Without any continual fine-tuning, 466

the base model achieves only 13.6% average ac- 467

curacy on the Standard CL benchmark and 32.1% 468

on the long task sequence. This substantial per- 469

formance gap clearly demonstrates that continual 470

adaptation is essential for effective knowledge ac- 471

quisition across sequential tasks. 472

Among all continual learning methods, CAST 473

consistently achieves the strongest overall perfor- 474

mance. On the Standard CL benchmark, CAST 475

reaches an average accuracy of 81.1%. On the long 476

task sequence, CAST maintains a high accuracy 477

of 80.2%. In contrast, the vanilla sequential base- 478

line exhibits severe forgetting and achieves only 479

58.8% and 61.8% average accuracy on the two 480

benchmarks, respectively. 481

We further compare CAST with representa- 482

tive regularization-based and subspace-constrained 483

methods. O-LoRA and DEAL demonstrate compet- 484

itive anti-forgetting capability on the shorter task 485

sequence, achieving 76.2% and 79.3% average ac- 486

curacy on the Standard CL benchmark. However, 487

their performance degrades noticeably when the 488

task sequence is extended. This trend suggests that 489

fixed or globally constrained subspaces become in- 490

sufficient to accommodate a growing number of 491

tasks. In contrast, CAST exhibits strong stability 492

across both benchmarks, indicating that it can sus- 493

tain reliable performance even under a long task 494

sequence. 495

Finally, we compare CAST with Pertask-LoRA, 496

which trains an independent LoRA adapter for each 497

task and eliminates inter-task interference through 498

parameter separation. Pertask-LoRA achieves 499

81.5% average accuracy on the Standard CL bench- 500

mark and 82.7% on the long task sequence. CAST 501

achieves performance that is highly comparable 502
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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 shared503

LoRA module. This result indicates that CAST504

can effectively preserve task performance while505

avoiding the need to maintain separate task-specific506

adapters.507

To evaluate the generality of these findings, we508

conduct the same experiments using the Qwen 3-509

8B backbone. As reported in Table 2, CAST ex-510

hibits performance trends consistent with those ob-511

served on LLaMA 3.1-8b. Across both standard512

and long task sequences, CAST remains the most513

reliable method among all compared approaches,514

confirming that its effectiveness is not specific to a515

particular model architecture.516

Figure 4 compares the average accuracy and pa-517

rameter usage of different methods on LLaMA 3.1-518

8B. PerTask-LoRA serves as the ideal AA upper519

bound, where a dedicated LoRA is trained indepen-520

dently for each task.521

While PerTask-LoRA achieves high accuracy,522

its parameter count grows linearly with the task523

sequence, leading to prohibitive storage costs in524

the Long Task Sequence setting. In contrast,525

CAST maintains a compact and constant parameter526

footprint. Remarkably, CAST achieves accuracy527

comparable to the ideal PerTask-LoRA baseline,528

demonstrating that our method effectively accumu-529

lates knowledge and retains performance without530

the need for the extensive parameter expansion re-531

quired by the ideal approach.532

Furthermore, our analysis in Appendix D con-533

firms that the parameter space remains far from534

saturation even in long sequences. Additionally,535

by observing that the allocated parameter usage536

for identical tasks varies adaptively across different537

task orders, which verify the dynamic nature of our538

allocation strategy.539

5.3 Comparison of training memory footprint540

We evaluate the peak GPU memory consumption541

on NVIDIA V100 GPUs using FP16 precision542

across sequential tasks. Figure 5 shows the train-543

ing memory footprint of different methods as the 544

number of tasks increases. 545

The results show that CAST maintains a nearly 546

constant training memory footprint throughout the 547

entire task sequence, remaining close to that of the 548

vanilla LoRA baseline. This behavior indicates that 549

CAST does not incur additional memory overhead 550

as new tasks arrive. 551

In contrast, O-LoRA exhibits a clear increase in 552

memory consumption, which becomes pronounced 553

as more tasks are learned. This growth is caused 554

by the accumulation of task-specific states, making 555

the method increasingly impractical for long task 556

sequences. DEAL shows a more stable memory 557

profile but consistently requires higher memory us- 558

age due to auxiliary components introduced during 559

training. 560

Overall, these results demonstrate that CAST 561

preserves the memory efficiency of a fixed- 562

parameter baseline while supporting continual 563

adaptation over long task sequence. 564

Due to space constraints, we provide additional 565

qualitative case studies and a detailed hyperparam- 566

eter sensitivity analysis in Appendix A and Ap- 567

pendix B, respectively. 568

5.4 Effectiveness of Knee point detection 569

To validate the effectiveness of the knee points 570

identified by our detection method, we conducted 571

experiments using Llama 3.1-8b on the MNLI and 572

Yahoo datasets as illustrated in Figure 6. The re- 573

sults demonstrate that the knee points detected by 574

our approach correspond to highly effective reten- 575

tion ratios for the model. These specific points 576

are highlighted by red stars in the charts. This ap- 577

proach effectively avoids the need for an exhaustive 578

search across all possible ratios. 579

Additionally, we provide supplementary visu- 580

alizations of the knee point detection process in 581

Appendix C for further reference. 582

6 Conclusion 583

We reveal that a single LoRA module possesses 584

intrinsic parameter redundancy suitable for reuse. 585

Building on this, we introduce CAST to explicitly 586

partition task-specific representations within a con- 587

strained budget. CAST delivers stable plasticity 588

without the need for task identifiers. Extensive ex- 589

periments demonstrate its competitive performance 590

on benchmarks, alongside strong efficiency in GPU 591

memory consumption. 592
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7 Limitations.593

Despite its effectiveness, our study has several lim-594

itations. First, due to constraints in computational595

resources, we are currently unable to conduct com-596

prehensive testing on larger-scale models, such as597

70B+ variants, and our results are primarily focused598

on the 8B-scale. Second, also due to computational599

constraints, the reported results are based on a sin-600

gle experimental run with a fixed random seed,601

offering only an initial observation of the method’s602

stability.603
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A Case Study 785

To intuitively understand the effectiveness of our 786

proposed method, we present a qualitative case 787

study in Table 3, comparing our approach with 788

Vanilla LoRA across stability verification. 789

In Case 1, we revisit a sample from the Ya- 790

hoo dataset after the model has finished training 791

on the subsequent DBpedia task. Vanilla LoRA 792

fails to recall the correct label, incorrectly pre- 793

dicting "Business or Finance," which indicates 794

catastrophic forgetting. In contrast, our method 795

successfully preserves the old knowledge. Cru- 796

cially, the router output for the revisited task is 797

[0.994, 0.001, . . . ], demonstrating that our mecha- 798

nism correctly identifies the task context and reac- 799

tivates the corresponding task-specific experts with 800

high confidence, shielding the parameters from in- 801

terference. 802

In Case 2, we examine the model’s adaptability 803

to the new SST-2 task. The non-sparse router distri- 804

bution ([. . . , 0.177, 0.177, 0.303]) reveals a key ad- 805

vantage: our method utilizes task vectors to reason- 806

ably transfer relevant knowledge from past tasks to 807

10

https://arxiv.org/abs/2310.14152
https://arxiv.org/abs/2310.14152
https://arxiv.org/abs/2310.14152
https://arxiv.org/abs/2112.08654
https://arxiv.org/abs/2112.08654
https://arxiv.org/abs/2112.08654
https://openreview.net/forum?id=figzpGMrdD
https://openreview.net/forum?id=figzpGMrdD
https://openreview.net/forum?id=figzpGMrdD
https://openreview.net/forum?id=figzpGMrdD
https://openreview.net/forum?id=figzpGMrdD
https://arxiv.org/abs/2402.01364
https://arxiv.org/abs/2402.01364
https://arxiv.org/abs/2402.01364
https://arxiv.org/abs/2504.07448
https://arxiv.org/abs/2504.07448
https://arxiv.org/abs/2504.07448
https://arxiv.org/abs/2308.03303
https://arxiv.org/abs/2308.03303
https://arxiv.org/abs/2308.03303
https://arxiv.org/abs/2308.03303
https://arxiv.org/abs/2308.03303
https://arxiv.org/abs/2509.23893
https://arxiv.org/abs/2509.23893
https://arxiv.org/abs/2509.23893
https://arxiv.org/abs/2402.16842
https://arxiv.org/abs/2402.16842
https://arxiv.org/abs/2402.16842


Case Study

Case 1: Yahoo Classification Task Goal: Verify Stability of old knowledge.
Instruction: What is the topic of the following paragraph? Choose one from the options: Society & Culture, Science &
Mathematics, ..., Politics & Government.
Input: Question: what are the address of Citizen and Immigration Canada prcesing cantres? Answer: Go to this website
to find the addresses: http://www.cic.gc.ca/
True Answer: Politics & Government

Vanilla LoRA:
• Adapter after Yahoo: Politics & Government
• Adapter after Yahoo → ... → DBpedia: Business or Finance

Ours:
• Adapter after Yahoo: Politics & Government (Router: [1.0])
• Adapter after Yahoo → ... → DBpedia: Politics & Government (Router: [0.994, 0.001, 0.004, 0.001])

Case 2: SST-2 Sentiment Analysis Goal: Verify plasticity on new tasks.
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
their talent or the power of this movie.
True Answer: Good.

Ours:

• Adapter after MNLI → ... → SST-2: Good.

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

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-808

aging historical information, the mechanism en-809

sures the primacy of the current task’s learning.810

This demonstrates that our approach maintains high811

plasticity, effectively synthesizing past knowledge812

to solve new problems without suffering from in-813

transigence.814

B Hyperparameter Sensitivity Analysis815

Effect of LoRA rank. We study the sensitivity816

of CAST to the LoRA rank r, which controls the817

number of trainable parameters. Table 7 reports the818

accuracy of LLaMA 3.1-8B under different task819

orders with r ∈ {8, 16, 32}.820

Increasing the rank improves average accuracy821

from 80.2% (r = 8) to 80.9% (r = 16), while822

further increasing r to 32 yields a smaller gain823

(81.1%), indicating diminishing returns. Notably,824

CAST achieves consistently strong performance825

even with a small rank, demonstrating robustness826

to the choice of r and high parameter efficiency.827

C Visualization of the Adaptive Subspace 828

Search. 829

In this section, we provide a visual demonstration 830

of how the adaptive trimming threshold is deter- 831

mined. As discussed in the Section 4.2, we utilize 832

the geometric knee-point detection strategy to dy- 833

namically identify the knee point index. 834

Figure 7 illustrates the knee-point detection strat- 835

egy process across standard CL benchmarks. These 836

visualizations are based on the LLaMA 3.1-8B 837

model evaluated under Order 2. In each Figure, the 838

blue curve depicts the sorted parameter importance 839

scores, while the gray dashed line serves as the 840

reference chord. The knee point is mathematically 841

identified as the point with the maximum perpen- 842

dicular distance to this baseline, representing the 843

optimal cutoff for parameter retention. 844

D Subspace Sparsity and Capacity 845

We analyze the parameter utilization of the shared 846

LoRA module on the long task sequence using 847

LLaMA 3.1–8B. A key question in fixed-capacity 848

continual learning is whether the parameter space 849

becomes saturated as tasks accumulate. 850
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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
2 Qwen 3, LLaMA 3.1 DBpedia→ Amazon→ AG News→ Yahoo
3 Qwen 3, LLaMA 3.1 Yahoo→ Amazon→ AG News→ DBpedia

4 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
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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 Order1 Order2 Order3 Avg.

8 80.3 80.2 80.1 80.2
16 80.8 80.8 81.1 80.9
32 81.0 81.0 81.5 81.1

Figure 8 shows the allocation of active LoRA pa-851

rameters across tasks. Even after learning 15 tasks,852

a substantial fraction of parameters remains inac-853

tive, with around one quarter of the parameter space854

never selected by any task across different task or-855

ders. Moreover, the spatial patterns of activated856

parameters vary across task orders, suggesting that857

subspace allocation is adaptive and task-dependent858

rather than fixed.859

E Experiences Setup860

E.1 Artifacts and Licenses861

We use several publicly available artifacts in our862

experiments. Their details and licenses are summa-863

rized as follows:864

LLaMA 3.1-8B: Released under the Llama 3.1865

Community License Agreement. We use it via the866

Hugging Face library.867

Qwen 3-8B: Released under the Apache license868

2.0. We use it via the Hugging Face library.869

The datasets used in this work, including the870

Standard CL Benchmark and Long Task Sequence,871

are accessed via Hugging Face. These datasets872

are released under their respective original licenses.873

We confirm that our use of these artifacts is strictly874

for non-commercial academic research, which is875

consistent with the intended use and the specific876

research-oriented licenses provided by the creators.877

E.2 Dataset 878

Table 4 summarizes all datasets used across the con- 879

tinual learning benchmarks. These datasets were 880

also employed in O-LoRA (Wang et al., 2023a), 881

where each is framed as a classification task using 882

a unified instruction-based text-to-text format. 883

E.3 Instruction Prompts 884

We adopt the task-specific instruction prompts in- 885

troduced in O-LoRA (Wang et al., 2023a), as sum- 886

marized in Table 5. 887

E.4 Task Sequence Orders 888

We report task orders used for our CL experiments 889

across LLaMA 3.1 and Qwen 3 models in Table 6. 890

NLI denotes natural language inference, including 891

MNLI, RTE, and CB. SC denotes sentiment analy- 892

sis, including Amazon, Yelp, SST-2 and IMDB. TC 893

denotes topic classification, including AG News, 894

DBpedia, and Yahoo. 895

E.5 Implementation Details 896

We implemented our framework using the Deep- 897

Speed library with ZeRO-Stage 2 optimization and 898

Distributed Data Parallel (DDP) on a cluster of 4 899

NVIDIA V100 GPUs. All models were trained 900

in FP16 mixed precision. Due to computational 901

constraints, we report results from a single run. To 902

ensure numerical stability in half-precision train- 903

ing, we utilized an automatic loss scaling strategy 904

with an initial scale power of 212, a hysteresis of 905

3, and a scale window of 1000 steps. Additionally, 906

we adjusted the AdamW optimizer’s epsilon term 907

(ϵ) to 1e-4 to prevent underflow, with β1 = 0.9, 908

β2 = 0.999, and a weight decay of 0. We em- 909

ployed a dual learning rate strategy: 1e-4 for the 910

LoRA parameters and a larger 1e-2 for the learn- 911
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able task vectors to accelerate routing convergence.912

The LoRA adapter A matrix was randomly initial-913

ized while preserving the specified rank r, and task914

vectors were also randomly initialized. The max-915

imum sequence length was capped at 512 tokens.916

We used a batch size of 8 with 8 gradient accumula-917

tion steps. Training was conducted for a maximum918

of 300 steps, utilizing a WarmupDecayLR sched-919

uler where 50% of the data was randomly sampled920

during the warm-up phase. To prevent overfitting,921

we applied early stopping with a patience of 50922

steps and gradient clipping with a maximum norm923

of 1.0. For each task, we randomly sample 1,000924

training instances and reserve 500 samples per class925

for validation.926
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