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Abstract001

Parameter-efficient finetuning (PEFT) aims to002
mitigate the prohibitive computation and mem-003
ory costs involved in adapting large-scale pre-004
trained models to diverse downstream tasks.005
Among numerous PEFT strategies, Low-Rank006
Adaptation (LoRA) has emerged as one of the007
most widely adopted approaches due to its ro-008
bust empirical performance and minimal im-009
plementation overhead. In practical deploy-010
ment, LoRA is typically applied to the WQ011
and WV projection matrices of the attention012
modules, achieving an effective trade-off be-013
tween model performance and parameter ef-014
ficiency. While LoRA has achieved consid-015
erable success, it still encounters challenges016
such as suboptimal performance and slow con-017
vergence. To address these limitations, we in-018
troduce AILoRA, a novel parameter-efficient019
method that incorporates function-aware asym-020
metric low-rank priors. Our empirical analysis021
reveals that the projection matrices WQ and022
WV in the attention mechanism exhibit dis-023
tinct parameter characteristics, stemming from024
their functional differences. Specifically, WQ025
captures task-specific semantic space knowl-026
edge essential for attention distribution compu-027
tation, making its parameters highly sensitive028
to downstream task variations. In contrast, WV029
encodes token-level feature representations that030
tend to remain stable across tasks and layers.031
Leveraging these insights, AILoRA performs032
a function-aware initialization by injecting the033
principal components of WQ to retain task-034
adaptive capacity, and the minor components035
of WV to preserve generalizable feature rep-036
resentations. This asymmetric initialization037
strategy enables LoRA modules to better ex-038
ploit the specialized roles of attention matrices,039
thereby enhancing both finetuning performance040
and convergence efficiency. Extensive experi-041
ments on multiple large language models and042
diverse natural language tasks demonstrate the043
consistent superiority of AILoRA over existing044
PEFT approaches.045
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Figure 1: Comparative analysis of the WQ and WV pro-
jection matrices in the self-attention mechanism. Fig-
ures (a) and (b) visualize the WQ and WV matrices
across all layers of RoBERTa-large (24 encoder layers)
before and after fine-tuning on the CoLA dataset, using
t-SNE for dimensionality reduction. Each point repre-
sents a projection matrix from a specific layer. Figures
(c) and (d) report the Frobenius norms of the weight up-
dates ∆WQ and ∆WV after fine-tuning on the CoLA
and SST-2 datasets, respectively.

1 Introduction 046

Large Language Models (Brown et al., 2020; 047

Ouyang et al., 2022; Mao et al., 2024, LLMs), 048

pretrained on large-scale text corpora, have ex- 049

hibited remarkable generalization capabilities and 050

broad applicability across a wide range of NLP 051

tasks (Zheng et al., 2023), including question an- 052

swering (Ivison et al., 2023), mathematical rea- 053

soning (Wang et al., 2024b) and tabular tasks (He 054

et al., 2025). In practice, full finetuning is generally 055

regarded as the most effective approach for adapt- 056

ing large language models to specific downstream 057

tasks. However, the substantial computational and 058

memory costs of full finetuning limit its applica- 059

bility in real-world scenarios. For instance, fine- 060

tuning a LLaMA-65B model requires over 780GB 061
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of GPU memory (Dettmers et al., 2024), and man-062

dates storing a full set of model parameters for each063

downstream task.064

To address these challenges, parameter-efficient065

finetuning (Hu et al., 2023, PEFT) has emerged066

as an effective alternative to full finetuning for067

adapting large-scale pretrained models to down-068

stream tasks, typically by freezing most model069

parameters and updating only a small number of070

trainable parameters or modules. Recents years071

have witnessed the rapid emergence of numerous072

PEFT methods, including Adapter tuning (Houlsby073

et al., 2019), Prefix-tuning (Li and Liang, 2021),074

LoRA (Hu et al., 2021), and BitFit (Zaken et al.,075

2022). Among these approaches, Low-Rank Adap-076

tation (LoRA) has received particular attention due077

to its strong empirical performance and high pa-078

rameter efficiency. Specifically, LoRA reduces079

finetuning overhead by decomposing the weight080

updates into the product of two low-rank matrices,081

which are typically applied to the WQ and W V082

matrices of the attention modules in practice to083

achieve a balance between parameter efficiency and084

model performance. Nevertheless, an increasing085

number of empirical studies have shown that the086

default initialization of LoRA often fails to yield087

optimal adaptation performance in downstream ap-088

plications. With the aim of improving the initial-089

ization of LoRA modules, PiSSA (Meng et al.,090

2024) and MiLoRA (Wang et al., 2024a) utilize091

heuristically selected components from pretrained092

weights to initialize the low-rank matrices, aim-093

ing to enhance adaptation performance. However,094

these methods fail to take into account the distinct095

functional roles of the attention projection matrices096

WQ and W V , and a uniform singular value-based097

initialization may still be insufficient to achieve098

optimal performance on downstream tasks. This099

limitation becomes more pronounced as model size100

increases, where the oversimplified initialization101

strategy struggles to accommodate the growing102

complexity and functional heterogeneity of large-103

scale models.104

To overcome previously described limitations105

and improve the initialization scheme in LoRA, we106

first examine the functional differences and param-107

eter behaviors of the attention projection matrices108

WQ and W V . Prior studies (Vaswani et al., 2017;109

Clark et al., 2019) have shown that the WQ pro-110

jection matrices in attention mechanism generate111

query vectors that guide attention over the seman-112

tic space, playing a key role in semantic alignment.113

In contrast, W V produces value vectors that en- 114

code token-level features and are aggregated via 115

attention scores to produce the final output repre- 116

sentations. Inspired by the aforementioned per- 117

spective, we conduct a comparative analysis of the 118

WQ and W V projection matrices to investigate 119

their parameter distribution patterns and variation 120

trends in relation to downstream tasks. As illus- 121

trated in Figure 1, two notable phenomena can 122

be observed: (1) the distribution of the WQ ma- 123

trices exhibits a high degree of dispersion after 124

finetuning, and the Frobenius norms of ∆WQ are 125

relatively large, suggesting that WQ across differ- 126

ent layers captures diverse semantic information 127

and is highly sensitive to downstream tasks; (2) in 128

contrast, the W V matrices display a highly con- 129

centrated and layer-consistent distribution, and the 130

relatively small Frobenius norms of ∆W V indicate 131

more stable and task-invariant encoding behavior, 132

reflecting their role in representing generalizable 133

token-level features. 134

Inspired by the above analysis, we propose 135

Function-aware Asymmetric Initialization for Low- 136

Rank Adaption (AILoRA), a parameter-efficient 137

finetuning method that introduces an asymmetric 138

initialization strategy to better align with the dis- 139

tinct functional roles of projection matrices in atten- 140

tion mechanism. Specifically, we perform singular 141

value decomposition (SVD) on the pretrained WQ 142

and W V matrices, and utilize the principal singular 143

components (those with the largest singular values) 144

of WQ and the minor components (associated with 145

the smallest singular values) of W V to initialize 146

their respective LoRA modules. This asymmetric 147

initialization offers two key advantages: (1) it en- 148

ables the LoRA modules of WQ to rapidly adapt to 149

the semantic space of downstream tasks and extract 150

task-relevant semantic features, thereby facilitating 151

more domain-sensitive attention computation; (2) 152

it allows the LoRA modules of W V to refine task- 153

specific representations while preserving the gen- 154

eralizable feature encoding capabilities acquired 155

during pretraining. We conduct comprehensive 156

experiments across various model architectures, pa- 157

rameter scales, and datasets from diverse down- 158

stream tasks. The results demonstrate that AILoRA 159

consistently outperforms mainstream PEFT meth- 160

ods in both performance and convergence speed. 161

The main contributions are summarized as follows: 162

• To enhance the effectiveness of LoRA, we 163

are the first to leverage the functional asym- 164
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metry of attention projection matrices: WQ165

captures task-sensitive semantic information166

essential for attention distribution, whereas167

W V encodes more stable token-level features.168

• Based on our empirical observations, we pro-169

pose AILoRA, a novel PEFT method that in-170

troduces a function-aware asymmetric initial-171

ization strategy for LoRA modules, effectively172

striking a better balance between task-specific173

adaptability and the retention of pretrained174

knowledge.175

• Comprehensive experiments across diverse176

model architectures, parameter scales, and177

downstream tasks demonstrate that AILoRA178

consistently surpasses existing PEFT base-179

lines, while significantly accelerating conver-180

gence.181

2 Related Works182

2.1 Parameter-efficient Finetuning183

Despite its success across numerous tasks, full fine-184

tuning still has several limitations. Notably, finetun-185

ing requires updating all parameters of pretrained186

models, which is impractical given the explosive187

growth of parameter amounts. Recent years have188

witnessed the rise of parameter-efficient finetun-189

ing methods, known as PEFT. PEFT techniques190

freeze most parameters and update only a small191

set of parameters to reduce computing resource192

consumption without compromising model perfor-193

mance. There are three mainstream classes of194

PEFT methods: addition-based, selection-based,195

and reparametrization-based (Lialin et al., 2023).196

The addition-based PEFT methods freeze pre-197

trained weights and inject trainable parameters or198

modules, such as Adapter tuning (Houlsby et al.,199

2019), Prefix-tuning (Li and Liang, 2021) and200

Prompt tuning (Lester et al., 2021). The selection-201

based PEFT methods select a subset of param-202

eters and freeze the rest, including BitFit (Za-203

ken et al., 2022) and FAR (Vucetic et al., 2022).204

The reparametrization-based methods introduce205

reparametrization to reduce trainable parameters,206

such as LoRA and KronA (Edalati et al., 2022).207

Building upon these methods, numerous variants208

have subsequently emerged, including P-tuning209

(Liu et al., 2023), QLoRA (Dettmers et al., 2024)210

LoRA-drop (Zhou et al., 2025) and ComLoRA211

(Huang et al., 2025).212

2.2 Low-Rank Adaptation 213

The low-rank adaptation (LoRA) is one of the most 214

widely adopted PEFT techniques, grounded in the 215

core assumption that the weight updates neces- 216

sary for downstream task adaptation are intrinsi- 217

cally low-rank. Consequently, LoRA employs the 218

product of two low-rank matrices, A ∈ Rr×n and 219

B ∈ Rm×r to approximate the weight updates of 220

W ∈ Rm×n. The model parameters can be ex- 221

pressed as 222

W = W0 +∆W = W0 +
α

r
BA, (1) 223

where W0 and ∆W denote the pretrained weights 224

and weight updates, respectively. The scaling fac- 225

tor α is used to facilitate the optimization pro- 226

cess, and r is the rank of two low-rank matrices 227

(r ≪ min(m,n)). The B matrix is initialized to 228

all zero, while the A matrix adopts a random Gaus- 229

sian distribution initialization. This initialization 230

strategy ensures that ∆W = 0 at the beginning 231

of finetuning, implying no deviation from the pre- 232

trained weights. During finetuning, the pretrained 233

weight W0 keeps frozen and only the two low-rank 234

matrices A and B are trainable. 235

3 Methodology 236

In this section, we present the details of the pro- 237

posed method. Motivated by the observation that 238

different projection matrices in the self-attention 239

mechanism fulfill distinct semantic roles, we hy- 240

pothesize that adopting a matrix-specific initializa- 241

tion strategy can better exploit their respective ca- 242

pacities. As highlighted in LASER (Sharma et al., 243

2023), the minor singular components of weight 244

matrices contain noisy or long-tail information, 245

while the principal singular components capture es- 246

sential features across tasks. Consequently, we pro- 247

pose the function-aware Asymmetric Initialization 248

for Low-Rank Adaptation based on the unique 249

properties of different singular components. The 250

framework of AILoRA is illustrated in Figure 2. 251

At first, AILoRA applies the singular value decom- 252

position (SVD) to the pretrained weight matrices 253

WQ and W V ∈ Rm×n. The SVD result is W = 254

UΣV T , where U = [u1, u2, . . . , um] ∈ Rm×m 255

and V = [v1, v2, . . . , vn] ∈ Rn×n are the singular 256

matrices with orthonormal columns and V T is the 257

transpose of V . Σ ∈ Rm×n is a diagonal matrix, 258

where diagonal elements are the singular values 259

arranged in descending order. Then, AILoRA uses 260

the SVD results to initialize the LoRA modules. 261
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Figure 2: AILoRA first performs SVD on the WQ and WV matrices. For the WQ matrices, the principal components
are used to initialize the LoRA modules while keeping the remaining components frozen.In contrast, the LoRA
modules of WV are initialized using the minor components, with the remaining components fixed.

For the WQ matrices, AILoRA utilizes the262

largest r singular values and their corresponding263

singular vectors to form the principal low-rank ma-264

trices AQ
p and BQ

p as illustrated in the left panel of265

Figure 2, which can be formulated as:266 BQ
p = U[:,:r]Σ

1/2
[:r,:r] ∈ Rm×r,

AQ
p = Σ

1/2
[:r,:r]V

T
[:,:r] ∈ Rr×n.

(2)267

And the remaining components are used to con-268

struct the residual matrices WQ
r , which are frozen269

during finetuning:270

WQ
r = U[:,r:]Σ[r:,r:]V

T
[:,r:] ∈ Rm×n. (3)271

The matrix slicing notations used above are con-272

sistent with those in Python, in which [:r] denotes273

the first r dimensions. The low-rank matrices AQ
p274

and BQ
p can be multiplied to obtain the full-size275

principal matrices WQ
p and the WQ matrices can276

be formed:277

WQ = WQ
p +WQ

r = BQ
p A

Q
p +WQ

r . (4)278

The LoRA modules of the WQ matrices contain279

knowledge that significantly influences attention280

computation. By training the principal components,281

the WQ matrices can swiftly adapt to the seman-282

tic space of downstream tasks and perform a more283

domain-oriented computation of attention distribu-284

tion.285

For the W V matrices, AILoRA utilizes the small-286

est r singular values and their corresponding singu-287

lar vectors to construct the minor low-rank matrices288

AV
m and BV

m as presented in the right panel of Fig-289

ure 2. The remaining components construct the290

residual matrices W V
r , which is kept frozen during291

finetuning: 292
BV

m = U[:,−r:]Σ
1/2
[−r:,−r:] ∈ Rm×r,

AV
m = Σ

1/2
[−r:,−r:]V

T
[:,−r:] ∈ Rr×n,

W V
r = U[:,:−r]Σ[:−r,:−r]V

T
[:,:−r] ∈ Rm×n.

(5) 293

The matrix slicing notations [-r:] denote the last r 294

dimensions. Similarly, the low-rank matrices AV
m 295

and BV
m are used to reconstruct the full-size minor 296

matrices W V
m and the W V matrices can be formed: 297

W V = W V
m +W V

r = BV
mAV

m +W V
r . (6) 298

The minor components of the W V matrices, en- 299

capsulating less critical knowledge, are assigned 300

to the low-rank matrices Am and Bm. The opti- 301

mization process enables the LoRA modules to 302

master feature representations tailored to down- 303

stream tasks and mitigate the impact of noise. And 304

the remaining components in the W V
r matrices re- 305

main unchanged to preserve knowledge acquired 306

by pretraining. 307

Inspired by LoRA+ (Hayou et al., 2024), we 308

assign the LoRA module of the W V matrices a 309

learning rate twice that of the WQ matrices, as 310

the smaller magnitudes warrants a higher learning 311

rate to ensure efficient convergence. The design of 312

AILoRA similarly ensures no deviation from the 313

pretrained weights at the beginning of training. 314

4 Experiments 315

To assess the effectiveness of AILoRA, we con- 316

duct extensive experiments on both Natural Lan- 317

guage Understanding (NLU) and Natural Language 318

Generation (NLG) tasks. The baselines include 1) 319

LoRA, 2) PiSSA and 3) MiLoRA. All experiments 320

are performed on a single NVIDIA A100 GPU 321

unless otherwise specified. 322
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Table 1: Model performance on the GLUE benchmark. The best results are shown in bold.

Model Method CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B

RoBERTa-large
(335M)

LoRA 67.9 90.2 92.7 94.3 88.9 85.8 96.2 91.8
PiSSA 67.8 90.3 92.1 94.8 88.9 85.0 96.1 91.7

MiLoRA 68.4 90.2 93.0 94.8 88.8 85.4 96.2 91.7
AILoRA 69.3 90.3 93.5 94.9 88.8 86.4 96.4 92.0

DeBERTa-v3-base
(184M)

LoRA 69.5 89.8 92.8 94.2 89.0 85.6 96.0 90.9
PiSSA 68.8 89.0 92.2 94.1 88.5 84.3 96.0 90.9

MiLoRA 68.8 89.5 92.8 94.2 88.9 85.8 95.8 91.2
AILoRA 70.5 90.0 93.3 94.3 89.1 85.8 96.1 91.2

Table 2: Model performance with RoBERTa-large on
SQuAD datasets. The best results are shown in bold

Dataset Method EM F1

SQuAD v1.1

LoRA 88.6 94.4
PiSSA 88.4 94.3

MiLoRA 88.5 94.4
AILoRA 88.4 94.3

SQuAD v2.0

LoRA 78.0 81.2
PiSSA 77.4 81.1

MiLoRA 77.5 81.2
AILoRA 78.5 82.2

4.1 Experiments on NLU Tasks323

Models and Datasets We finetune RoBERTa-large324

(Liu et al., 2019), an encoder-only model consist-325

ing of 24 layers, on the GLUE benchmark (Wang326

et al., 2018) and SQuAD datasets (Rajpurkar et al.,327

2016). The GLUE benchmark comprises nine328

natural language understanding tasks, covering329

single-sentence classification, similarity and para-330

phrase, and inference tasks. Consistent with prior331

researches, we exclude the WNLI task. Evaluation332

metrics also follow prior works: CoLA is evaluated333

using Matthew’s Correlation, STS-B with Spear-334

man’s correlation coefficient, MRPC and QQP with335

F1 score, and the remaining tasks are evaluated us-336

ing accuracy. The SQuAD datasets include two337

versions, SQuAD v1.1 and SQuAD v2.0, for which338

we report the Exact Match (EM) ratio and F1 score.339

Additionally, the encoder-only DeBERTa-v3-base340

with 12 layers (He et al., 2021) is also used on the341

GLUE benchmark for further comparison.342

Implementations Details We use the implemen-343

tation of transformers1 for all NLU tasks. For the344

1https://github.com/huggingface/transformers

GLUE benchmark, the rank of low-rank matrices is 345

uniformly set to 8 across all methods and datasets 346

We conduct a grid search over learning rates and re- 347

port the best results. Batch size, epoch number and 348

other hyperparameters are consistent with PiSSA. 349

For the SQuAD datasets, the numbers of epochs 350

for SQuAD v1.1 and v2.0 are 3 and 2, respectively, 351

with learning rates searched over {1e-4, 2e-4, 3e-4, 352

4e-4}. For fairness, all methods are evaluated using 353

a uniform rank of 8. All experiments are repeated 5 354

times using random seeds, and the reported results 355

are averaged over these runs. 356

Results We present the results on the GLUE bench- 357

mark and SQuAD datasets in Table 1 and Table 2, 358

respectively. As shown in Table 1, our proposed 359

AILoRA achieves the best performance on 15 out 360

of 16 tasks. Notably, AILoRA exceed the best 361

baseline by 0.6 and 1.0 points on the challenging 362

task RTE and CoLA. In Table 2, AILoRA demon- 363

strates competitive performance compared to base- 364

line methods on SQuAD v1.1. On more challeng- 365

ing SQuAD v2.0, AILoRA outperforms all base- 366

lines, yielding improvements of 0.5 and 1.0 points 367

in EM and F1 scores, respectively. In conclusion, 368

these results highlight that AILoRA demonstrates 369

enhanced adaptability to downstream tasks, which 370

contributes to its superior performance across a 371

variety of NLU tasks. 372

4.2 Experiments on NLG Tasks 373

Models and Datasets To evaluate the effective- 374

ness of AILoRA on the NLG task, we finetune 375

LLaMA2-7B (Touvron et al., 2023), a decoder- 376

only model with 32 layers, on Math10K (Hu et al., 377

2023) dataset and evaluate its performance on 378

five datasets, including 1) MultiArith (Roy and 379

Roth, 2015), 2) GSM8K (Cobbe et al., 2021), 380

3) AddSub (Hosseini et al., 2014), 4) SingleEq 381
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Table 3: Test accuracy with LLaMA2-7B on arithmetic reasoning tasks. The best results are shown in bold.

Method MultiArith GSM8K AddSub SingleEq SVAMP Avg.

LoRA 95.0 41.8 81.5 86.6 45.0 70.0
PiSSA 80.8 24.4 55.4 64.0 35.7 52.1

MiLoRA 96.2 40.7 80.0 84.4 46.5 69.6
AILoRA 95.8 40.5 85.6 86.4 46.5 71.0
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Figure 3: The training loss and accuracy over the epochs
of AILoRA and baselines.

(Koncel-Kedziorski et al., 2015) and 5) SVAMP382

(Patel et al., 2021). We report test accuracy for ev-383

ery dataset. Additionally, we fine-tune BART-large384

(Lewis et al., 2020) on the summarization task, and385

the details are provided in Appendix A.3.386

Implementation Details For arithmetic reasoning,387

we use the implementation of LLM-Adapters (Hu388

et al., 2023). The AdamW optimizer (Loshchilov389

and Hutter, 2017) is employed with a learning390

rate 3e-4, warming up for 3% steps. We finetune391

LLaMA2-7B for 3 epochs and set the rank of low-392

rank matrices to 32 to accommodate the larger train-393

ing corpus. All experiments are repeated 5 times on394

a single NVIDIA A800 GPU using random seeds395

to report the average results.396

Results Table 3 presents the results on arithmetic397

reasoning. As illustrated, AILoRA achieves state-398

of-the-art performance across all datasets, surpass-399

ing the best baseline by 1.0 point on average. No-400

tably, AILoRA outperforms the best baseline by 4.1401

points on the AddSub dataset. The results demon-402

strate the scalability of AILoRA for NLG tasks.403

Table 4: Comparison with more PEFT methods. The
number of trainable parameters is reported to two deci-
mal places. The best results are shown in bold.

Method Params CoLA MRPC RTE STS-B

Full FT 355.36M 68.5 93.1 85.8 92.1

Adapter 7.40M 68.5 93.1 87.0 92.1
BitFit 1.32M 68.4 92.7 86.4 91.7
DoRA 0.84M 67.3 93.2 83.6 91.8

rsLoRA 0.79M 67.1 93.0 86.8 91.8
VeRA 1.11M 68.6 93.3 83.6 91.1

AILoRA 0.79M 69.3 93.5 86.4 92.0

5 Ablation experiment 404

5.1 Convergence analysis 405

To assess the convergence behavior of AILoRA 406

and baselines, we finetune RoBERTa-large on RTE 407

dataset for 20 epochs with the rank r set to 8. Both 408

training loss and test accuracy at each epoch are 409

visualized as shown in Figure 3. As shown in Fig- 410

ure 3a, AILoRA consistently maintains the low- 411

est training loss across epochs, indicating more 412

efficient and stable optimization. Notably, LoRA 413

exhibits a significantly higher loss after the first 414

epoch, which highlights that the standard initial- 415

ization strategy used in LoRA prevents efficient 416

convergence at early stages. As illustrated in Fig- 417

ure 3b, AILoRA reaches 80% test accuracy within 418

the first four epochs, faster than all baselines, and 419

ultimately achieves the highest accuracy of 86.4%. 420

These results further validate the effectiveness of 421

AILoRA in accelerating convergence and enhanc- 422

ing overall performance. 423

5.2 Comparison with More PEFTs 424

To further assess the effectiveness of AILoRA, we 425

compare AILoRA with full finetuning, classic and 426

novel PEFT methods, including Adapter tuning, 427

BitFit, DoRA (Liu et al., 2024), rsLoRA (Kala- 428

jdzievski, 2023) and VeRA (Kopiczko et al., 2023). 429

Specifically, we finetune RoBERTa-large on four 430
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Figure 4: Experiments on function-aware enhancement of WQ and WV .

tasks of GLUE benchmark. As for full finetun-431

ing, we adapt the hyperparameter configuration432

given in the original paper. Adapter tuning inserts433

and updates adapter modules into the self-attention434

and feedforward layers and the bottleneck size of435

adapters is set to 64 by default. BitFit only updates436

the bias terms of the pretrained model. DoRA437

decomposes pretrained weights into two compo-438

nents, direction and magnitude, and only applies439

LoRA to the direction component to enhance train-440

ing stability. rsLoRA divides the LoRA modules441

by the square root of the rank, facilitating a straight-442

forward finetuning compute/performance trade-off.443

VeRA shares a pair of frozen random matrices444

across all layers and conducts layer-wise adapta-445

tion using “scaling vectors”. The rank of low-rank446

matrices of VeRA is set to 256, following the con-447

figuration used in the original paper. We repeat all448

experiments 5 times and report the best average449

results. As shown in Table 4, AILoRA achieves450

the highest scores on the CoLA and MRPC tasks451

by updating the fewest parameters, surpassing the452

best baselines by 0.7 point on CoLA. On RTE and453

STS-B tasks, AILoRA still achieves competitive454

results. Although Adapter tuning gets the highest455

scores, it updates ×6.7-9.3 more parameters. Over-456

all, AILoRA achieves an optimal balance between457

parameter efficiency and model performance.458

5.3 Experiments on Function-Aware459

Enhancement460

To gain deeper insights into AILoRA, we con-461

duct further experiments to investigate the function-462

aware enhancement of WQ and W V matrices. For463

WQ matrices, we assess the similarity between the464

LoRA modules and ∆W after full finetuning, de-465

fined as the difference between the fully-finetuned466

and pretrained weights. The analysis follows the467

method outlined in LoRA. Specifically, we em- 468

ploy SVD to extract the first r columns of the 469

left singular-vector matrices from both full-size 470

low-rank matrices and ∆W . Then we compute 471

the subspace similarity using the following met- 472

ric: ϕ(A,B) =
∥ATB∥2F

r , where ∥ · ∥F denotes the 473

Frobenius norm. The value of ϕ(A,B) ranges from 474

0 to 1, with larger values indicating higher subspace 475

similarity. As presented in Figure 4a, the LoRA 476

modules of PiSSA and AILoRA exhibit strong simi- 477

larity with ∆W , indicating that the knowledge they 478

acquire closely resembles that obtained through full 479

finetuning. This effect reveals that the LoRA mod- 480

ules of WQ in PiSSA and AILoRA demonstrates 481

strong adaptability to downstream task-specific se- 482

mantic space. For W V matrices, the cross-entropy 483

loss, the usual next token prediction loss used when 484

training LLMs, is used as the metric for measur- 485

ing forgetting (Kalajdzievski, 2024). We measure 486

the divergence between the predicted distributions 487

of the pretrained model and the finetuned model 488

to quantify the extent to which pretrained knowl- 489

edge is forgotten after finetuning. Specifically, we 490

finetune RoBERTa-large on the CoLA dataset and 491

assess forgetting on the SST-2 test set. As shown 492

in Figure4b, LoRA exhibits the lowest forgetting 493

loss, as it does not modify the pretrained parame- 494

ters, thereby minimizing the degree of forgetting 495

of pretrained knowledge. By leveraging the minor 496

components, MiLoRA introduces relatively minor 497

perturbations to the pretrained parameters, and con- 498

sequently incurs a relatively low forgetting loss. 499

As for AILoRA and PiSSA, the primary distinction 500

lies in that AILoRA utilizes minor components in- 501

stead of principal ones (as in PiSSA) to initialize 502

the LoRA of W V . Consequently, AILoRA exhibits 503

a significantly lower forgetting loss, demonstrat- 504

ing that AILoRA effectively preserves pretrained 505
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knowledge.506

5.4 Experiments on Initialization Strategies507

To evaluate the validity of AILoRA’s initializa-508

tion scheme, we construct a control variant termed509

reAILoRA, where the LoRA modules are initial-510

ized in the reverse manner: using the minor compo-511

nents of WQ and the principal components of W V .512

We conduct experiments on CoLA, MRPC, RTE513

and STS-B tasks. As shown in Figure 6, AILoRA514

consistently outperforms reAILoRA across all515

tasks, validating the effectiveness of our function-516

aware asymmetric initialization. The principal517

components of WQ primarily capture semantic-518

distinguishing knowledge, enabling the model to519

assign higher attention scores to contextually rel-520

evant tokens. Meanwhile, the minor components521

of W V assign less-optimized knowledge to master522

feature representations of downstream tasks and523

mitigate the impact of noise.524

5.5 Experiments on Various Ranks525

In this section, we investigate the impact of increas-526

ing the rank from 1 to 32, aiming to assess whether527

AILoRA consistently outperforms baselines across528

different rank settings. The experiments are con- 529

ducted on the CoLA dataset for 20 epochs, and the 530

training loss of the training set and the accuracy 531

on the test set are depicted in Figure 5. In Fig- 532

ure 5a, the training losses of AILoRA are almost 533

the lowest compared to all baselines, indicating the 534

best adaptability to downstream tasks. Figure 5b 535

further demonstrates that AILoRA consistently sur- 536

passes all baselines under the same parameter bud- 537

get, highlighting its broad adaptability and scalabil- 538

ity. Notably, when the rank is increased to 32, both 539

the training loss and test Matthews Correlation Co- 540

efficient (MCC) exhibit anomalous behavior: the 541

training loss rises and the MCC declines. This 542

observation highlights that simply increasing the 543

number of trainable parameters does not guaran- 544

tee improved performance and may even lead to 545

degradation. 546

6 Conclusion 547

In this paper, we systematically investigate the dis- 548

tinct functional roles of the WQ and W V projec- 549

tion matrices in the attention mechanism. Mo- 550

tivated by these insights, we propose AILoRA, 551

a novel parameter-efficient fine-tuning method. 552

AILoRA introduces a function-aware asymmetric 553

initialization scheme, leveraging the principal com- 554

ponents of WQ and the minor components of W V 555

to initialize the respective LoRA modules. This 556

design enables LoRA to better exploit the func- 557

tional asymmetry of attention matrices, leading to 558

improved downstream performance and faster con- 559

vergence. Extensive experiments across diverse 560

model architectures (encoder-only, decoder-only, 561

and encoder-decoder), parameter scales (ranging 562

from 184M to 7B), and downstream tasks (in- 563

cluding both NLU and NLG benchmarks) consis- 564

tently validate the effectiveness and robustness of 565

AILoRA. 566
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Limitations567

Due to hardware resource limitations, we are un-568

able to conduct experiments on larger models, such569

as LLaMA2-13B. While AILoRA improves model570

performance and accelerates convergence, it does571

not reduce the number of trainable parameters. Fu-572

ture work will focus on reducing the number of573

trainable parameters while improving model per-574

formance.575
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A Appendix807

A.1 Experiments on Weight Matrix Selection808

Given a limited parameter budget, which types of809

rank settings yield the best performance? To an-810

swer the above question, we conduct experiments811

on four tasks of GLUE benchmark, limiting the to-812

tal number of trainable parameters to 0.79M on813

RoBERTa-large. For simplicity and parameter-814

efficiency considerations, we only apply low-rank815

adaptation to the attention weights and keep the816

FFN modules frozen. This parameter budget is817

equivalent to r = 8 if the low-rank adaptation818

is applied to two types of weight matrices and819

r = 16 when applied to one type. When adapt-820

ing to the WQ and W V weights, we employed821

the asymmetric initialization method of AILoRA.822

For other weight types, the default initialization823

method of LoRA is used. The experimental results824

are summarized in Table 5. Notably, allocating the825

entire parameter budget to the WK weights almost826

results in the poorest performance, as previously827

highlighted in LoRA. Moreover, applying low-rank828

adaptation to more than one type of weight matrices829

generally leads to better performance. At last, ap-830

plying AILoRA to the WQ and W V weights yields831

the best results, demonstrating the effectiveness of832

our weight matrices selection.833

Table 5: Results on different rank settings. The best
results are shown in bold.

Rank Settings CoLA MRPC RTE STS-B

rq=rv=8 (AILoRA) 69.3 93.5 86.4 91.8
rq=16 62.1 92.2 82.0 90.5
rk=16 58.7 90.5 79.2 89.7
rv=16 66.5 92.1 85.9 91.9
ro=16 65.4 91.7 84.8 92.0
rq=rk=8 62.6 90.8 83.1 90.4
rk=rv=8 67.7 89.5 85.8 91.7

rq=rk=rv=ro=4 68.5 89.0 85.6 91.9
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Figure 7: The similarity between LoRA modules with
∆W of Value.

A.2 The subspace similarity of W V matrices 834

To further analyze the functional enhancement of 835

AILoRA, we compare the subspace similarity be- 836

tween the LoRA module weights and ∆W for the 837

WQ matrices. As presented in Figure 7, PiSSA ex- 838

hibits stronger subspace alignment with ∆W , ow- 839

ing to direct optimization over the principal singu- 840

lar components of pretrained weights. In contrast, 841

the random and all-zero initialization of LoRA re- 842

sults in relatively small updates, leading to lower 843

similarity with ∆W . MiLoRA and AILoRA specif- 844

ically optimize the minor components of the pre- 845

trained weights, enabling the model to acquire task- 846

relevant feature representations during finetuning 847

while preserving the knowledge obtained through 848

pretraining. Therefore, the subspace similarities of 849

MiLoRA and AILoRA are likewise notably low. 850

A.3 Experiments on Summarization Tasks 851

We finetue BART-large, which adopts an en- 852

coder&decoder architecture with 12 encoder lay- 853

ers and 12 decoder layers, on two summariza- 854

tion datasets: XSum (Narayan et al., 2018) and 855

CNN/DailyMail (Hermann et al., 2015), and evalu- 856

ate model performance using Rouge 1/2/L scores 857

(R-1/2/L, (Lin, 2004)). We use the implementation 858

of transformers and follow the setting of AdaLoRA 859
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Table 6: Results with BART-large on summarization tasks. We report R-1/2/L scores. The best results are shown in
bold.

Method XSUM CNN/DailyMail

LoRA 40.46 / 17.55 / 32.36 42.73 / 19.75 / 29.17
PiSSA 40.63 / 17.63 / 32.51 42.74 / 19.65 / 29.18

MiLoRA 40.31 / 17.35 / 32.15 42.84 / 19.78 / 29.17
AILoRA 40.66 / 17.61 / 32.51 42.91 / 19.79 / 29.24

(Zhang et al., 2023), setting the rank of low-rank860

matrices to 8 and training epochs to 15. And we set861

the beam length as 8 and batch size as 64, while for862

CNN/DailyMail, we set the beam length as 4 and863

batch size 32. We conduct a grid search over learn-864

ing rates in {5e-5, 1e-4, 5e-4} and report the best865

results. Results shown in Table 6 demonstrate that866

AILoRA consistently achieves best scores across867

all matrics, closely matching or surpassing the best-868

performing baselines.869

A.4 The visualization of AILoRA and870

baselines871

To further investigate the impact of the initialization872

methods on LoRA modules, we employ the t-SNE873

technique on AILoRA and baselines to Visualize874

the finetuned weights. As depicted in Figure 8,875

it can be seen that the distribution of LoRA can876

not be easily distinguished. The low-rank matrix877

B is set to all zero and A is randomly initialized,878

resulting in small updates and negligible impact on879

the discrimination. In contrast, the distribution of880

PiSSA, MiLoRA and AILoRA are distinctly sepa-881

rated. The low-rank matrices of there method are882

initialized using singular components of pretrained883

weights, contributing to larger update magnitudes884

and thus more easily distinguishable distribution.885

Although The distribution of AILoRA resembles886

that of PiSSA and MiLoRA, AILoRA uses the sin-887

gular components of WQ to rapidly adapt to the888

semantic space of downstream tasks, and utilizes889

the minor components of the W V matrices to grasp890

downstream-task-specific feature representations891

during finetuning and the pretrained knowledge is892

well preserved. Consequently, AILoRA generally893

outperforms PiSSA and MiLoRA.894
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(a) LoRA (b) PiSSA (c) MiLoRA (d) AILoRA

Figure 8: Visualization results of the low-rank matrices on CoLA dataset.
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