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Abstract001

Low-Rank Adaptation (LoRA) is a widely002
adopted parameter-efficient fine-tuning (PEFT)003
method for Large Language Models (LLMs),004
but it still incurs notable overhead and suf-005
fers from parameter interference in complex006
datasets. While recent works decouple LoRA007
update matrices to exploit matrix-wise asym-008
metry, training costs remain high. We revisit009
LoRA from the perspective of inter-matrix010
and intra-layer parameter redundancy and pro-011
pose Resource-Efficient Low-Rank Adaptation,012
EffiLoRA, a lightweight and generalizable ap-013
proach for language, multimodal, and diffusion014
models. EffiLoRA employs a unified A matrix015
across all transformer layers and introduces a016
runtime selective B matrices update to dynami-017
cally trade-off the system resource budget and018
model performance. EffiLoRA consistently019
outperforms LoRA across diverse modalities,020
including commonsense reasoning, visual in-021
struction tuning, and image generation, demon-022
strating improved efficiency and robustness.023

1 Introduction024

Large Language Models (LLMs; Brown et al. 2020;025

Devlin et al. 2019; AI@Meta 2024; Meta Plat-026

forms, Inc. 2024) offer impressive generalization027

capabilities but are exceedingly costly to train028

from scratch. Consequently, fine-tuning pretrained029

LLMs for multiple downstream tasks has emerged030

as a prevalent technique to meet domain-specific031

requirements, effectively balancing performance032

and resource efficiency. However, full fine-tuning033

(FFT)—which updates every parameter in mod-034

els consisting of billions of parameters—remains035

computationally and memory-intensive. To over-036

come these limitations, Parameter-Efficient Fine-037

Tuning (PEFT) methods have been proposed, in-038

cluding LoRA (Zhang et al., 2023b; Hu et al., 2022;039

Liu et al., 2024b), adapters (Rebuffi et al., 2017;040

Houlsby et al., 2019; Karimi Mahabadi et al., 2021),041

and various derivatives (Li and Liang, 2021; Lester042

et al., 2021; Deng et al., 2022; He et al., 2021). 043

PEFT selectively tunes only a subset of model pa- 044

rameters or incorporates specialized modules tai- 045

lored to specific tasks. By maintaining most of 046

the base model parameters frozen and fine-tuning 047

only a limited number of task-specific parameters, 048

PEFT, like LoRA, substantially decreases compu- 049

tational and memory overhead during both adap- 050

tation and deployment phases, thus extending the 051

practical applicability of LLMs. Current research 052

efforts largely aim at enhancing the efficiency of 053

LoRA further, particularly by minimizing the num- 054

ber of trainable parameters (Zhang et al., 2023a; 055

Tian et al., 2024). Nevertheless, excessively aggres- 056

sive parameter reduction may hinder convergence 057

(Yeh et al., 2023), while overly cautious approaches 058

risk overfitting. Moreover, PEFT methods (Kaplan 059

et al., 2020; Liu et al., 2024b) inherently underper- 060

form compared to FFT due to the limited parameter 061

updates, highlighting an essential trade-off between 062

efficiency and performance. This performance gap 063

becomes particularly evident in complex domains 064

characterized by diverse sub-domains and intricate 065

task distributions (Dou et al., 2024; Li et al., 2024). 066

This situation presents a compelling research ques- 067

tion: 068

How to achieve high performance and efficient 069

fine-tuning across heterogeneous domains within 070

tight resource constraints? 071

Recent studies reveal significant parameter re- 072

dundancy in low-rank adaptation. This redundancy 073

manifests at both the matrix-wise (Zhang et al., 074

2023a; Song et al., 2024; Kopiczko et al., 2023) 075

and layer-wise (Yao et al., 2024; Lin et al., 2024a; 076

Renduchintala et al., 2023; Pan et al., 2024) levels, 077

as similar adaptation patterns often recur across 078

different modules, leading to inflated parameter 079

counts. Initial approaches to mitigate this issue 080

involve sharing (Song et al., 2024) or freezing 081

(Zhang et al., 2023a) low-rank matrices across lay- 082

ers. While these techniques reduce parameter over- 083
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head, they often do so at the cost of model ex-084

pressiveness and generality. The tension between085

efficiency and performance is particularly acute in086

complex task learning, where one must balance087

task interference against cross-task synergy. To088

address this, recent work has explored Mixture-089

of-Experts (MoE) frameworks (Gao et al., 2024;090

Tang et al., 2025; Li et al., 2024) or has decoupled091

adapters into shared and task-specific components092

(Tian et al., 2024; Hayou et al., 2024). However,093

such modular designs typically increase the total094

number of tunable parameters, highlighting an on-095

going need for a more efficient trade-off between096

adaptation capacity and parameter efficiency.097

To address these challenges, we introduce098

Resource-Efficient Low-Rank Adaptation,099

EffiLoRA, a lightweight and generalizable100

framework designed to mitigate both parameter101

redundancy and interference. In particular,102

EffiLoRA tackles redundancy by employing103

a single, unified low-rank matrix A across all104

transformer layers. This design enforces a common105

adaptation subspace, thereby eliminating repetitive106

per-layer parameters. Meanwhile, EffiLoRA107

introduces a selective B matrices update to108

enhance both efficiency and robustness, further109

reducing parameter overhead. For complex110

settings, EffiLoRA deploys parallel, task-specific111

“B-heads” that learn distinct transformations while112

leveraging the shared subspace defined by A.113

This modular architecture effectively reduces114

potentially conflicting task objectives, mitigating115

interference and promoting shared knowledge116

transfer. The resulting design strikes a principled117

balance between parameter efficiency and model118

expressiveness, enabling scalable fine-tuning119

under stringent resource constraints. Across120

diverse natural language, multimodal, and diffu-121

sion tasks, EffiLoRA consistently outperforms122

strong baselines, establishing it as a robust and123

efficient framework for fine-tuning in complex,124

heterogeneous scenarios.125

2 Background and Motivation126

2.1 Low-Rank Adaptation127

Low-Rank Adaptation (LoRA) (Hu et al., 2022)128

is an efficient fine-tuning technique for large pre-129

trained models, introducing small low-rank ma-130

trices (A and B) that can be applied to arbitrary131

linear layers. Formally, for a linear transforma-132

tion h = Wx with input x ∈ Rdi and weight133
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W ∈ Rdo×di , LoRA learns a low-rank decomposed 134

update: 135

y′ = y +∆y = Wx+BAx, (1) 136

where y ∈ Rdo is the output, and A ∈ Rr×di , 137

B ∈ Rdo×r are low-rank matrices with r ≪ 138

min(do, di) as the chosen rank. Typically, B is 139

initialized to zeros, while A follows a Gaussian ma- 140

trix. During fine-tuning, only A and B are updated, 141

keeping the original model parameters frozen, thus 142

significantly reducing computational overhead. 143

2.2 Observations 144

In this subsection, we revisit LoRA to analyze the 145

trade-off between expressiveness and parameter 146

efficiency and conduct systematic experiments that 147

shed light on its underlying mechanisms. 148

Observation I: LoRA exhibits significant pa- 149

rameter redundancy at both the inter-matrix and 150

intra-layer level. Inter-matrix: for a single LoRA 151

adapter with matrices A and B, recent studies (Tian 152

et al., 2024; Hayou et al., 2024) observe that that 153

the down-projection matrix A converges to a strik- 154

ingly similar subspace across different layers. Con- 155

sequently, strategies like freezing (Zhang et al., 156

2023a) and sharing (Song et al., 2024) the A ma- 157

trix after initialization can effectively capture this 158

common basis while eliminating redundant param- 159

eters. As shown in Figure 1, both approaches per- 160

form comparably to—and sometimes slightly better 161

than—vanilla LoRA, confirming the high degree of 162

inter-matrix redundancy. Intra-layer: Prior work 163

has established that different layers in an LLM 164

contribute unequally to fine-tuning, with adapta- 165

tion often concentrated in a small subset of layers 166

(Yao et al., 2024; Lin et al., 2024a; Renduchintala 167

et al., 2023; Pan et al., 2024). Building on this 168

insight, we find that the LoRA matrices themselves 169

exhibit a similar pattern of varying importance. To 170

demonstrate this, we adopt a shared-A design and 171

randomly prune N layer-specific B matrices. For a 172

32-layer model, this reduces the parameter budget 173
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Figure 2: Impact of dropping different num. of B.

from (A + B) × 32 to A + B × (32 − N). As174

illustrated in Figure 2, experiments on Llama-3-8B175

show that discarding 50% of the B matrices de-176

grades performance by a mere 2.4%. This result177

indicates a long-tailed utility distribution, where a178

large fraction of layer-specific adapters are expend-179

able and can be pruned with minimal impact on180

performance.181

Observation II: Fine-tuning on heterogeneous182

data reveals a tension between task-specific con-183

flicts and latent cross-domain commonalities. We184

illustrate this tension by fine-tuning LLaVA-v1.5-185

7B (Liu et al., 2023a) on a mixed dataset from186

two distinct domains: Visual Question Answer-187

ing (VQA) (Antol et al., 2015) and open-ended188

Generation (Gen) (Liu et al., 2023a; Mostafazadeh189

et al., 2016). As detailed in Figure 3, evaluating190

on the VizWiz benchmark (Bigham et al., 2010) re-191

veals that naively combining these domains forces192

a single set of adapter parameters to learn conflict-193

ing objectives, leading to significant performance194

degradation and optimization interference. This195

suggests that domain signals must be modulated196

carefully. A Mixture-of-Experts (MoE) approach,197

which routes inputs to specialized LoRA adapters,198

can mitigate task conflicts and even exceed single-199

domain performance on some metrics (e.g., 82.15%200

on Yes/No questions). However, this hard par-201

titioning can fail to leverage shared knowledge,202

causing it to underperform on others (e.g., Unan-203

swerable). One more balanced strategy like Hy-204

draLoRA (Tian et al., 2024), which shares a global205

down-projection matrix A while maintaining task-206

specific up-projection matrices B, better captures207

both commonalities and specializations. This archi-208

tecture achieves the highest mean score (38.10%),209

surpassing both MoE-LoRA (37.44%) and vanilla210

LoRA (36.00%). Nevertheless, its reliance on sepa-211

rate per-task B matrices substantially increases the212

parameter budget. This leaves open the challenge213

of achieving cross-task synergy without the high214

overhead of explicit expert modules.215
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Figure 3: Performance comparison on heterogeneous
data on LLaVA-7B (Liu et al., 2023a), evaluated on the
VizWiz dataset (Bigham et al., 2010).

3 EffiLoRA 216

Resource-Efficient Low-Rank Adaptation 217

(EffiLoRA) is designed to address the parameter 218

redundancy and high training costs inherent 219

in standard LoRA. As illustrated in Figure 4, 220

EffiLoRA achieves this through two core inno- 221

vations: (1) a Unified Asymmetric Architecture 222

that maximizes parameter efficiency through 223

cross-layer sharing, and (2) a dynamic training 224

Reducer that intelligently and selectively updates 225

parameters during training to balance model 226

performance with computational resources. 227

3.1 Unified Asymmetric Architecture 228

The foundation of EffiLoRA is its novel parameter- 229

sharing structure, designed to tackle both intra- 230

layer and inter-matrix redundancy. This architec- 231

ture is established by a Configurator responsible 232

for initializing the model’s low-rank matrices. 233

Global Knowledge Sharing via a Unified Matrix A. 234

The Configurator first initializes a single, globally 235

shared low-rank matrix A ∈ Rd×r that is reused 236

across all Transformer layers. Unlike traditional 237

LoRA, which allocates unique A and B matrices 238

for each layer, our approach drastically reduces the 239

total number of trainable parameters. This shared 240

matrix A is designed to capture and encode gener- 241

alizable, model-wide knowledge, forming a highly 242

parameter-efficient backbone for adaptation. 243

Input-Specific Adaptation with a Dynamic Router 244

and Expert Matrices B. Complementing the shared 245

matrix A, the Configurator initializes a set of mul- 246

tiple low-rank “expert” matrices {B(n)
i }mi=1 for 247

each Transformer layer n. These expert matrices, 248
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Figure 4: Workflow of EffiLoRA. Given a base model and a target dataset, the Configurator generates a shared-
asymmetric-head LoRA structure, where a global low-rank matrix A is reused across layers while each Bi,j remains
layer- and head-specific. A Reducer then prunes redundant B heads under resource and performance constraints,
yielding an optimized low-parameter LoRA configuration that balances efficiency and effectiveness.
Bn

i ∈ Rd×r, are designed to capture fine-grained,249

specialized knowledge specific to each layer.250

To enable dynamic, input-aware adaptation, we251

introduce a lightweight Router network. The252

Router’s role is to dynamically select which experts253

to activate for each input token during both train-254

ing and inference. Its architecture includes a dense255

layer with a trainable weight matrix Wg ∈ Rr×N .256

For an intermediate input token representation x,257

the router performs a linear transformation z =258

W T
g x and applies a softmax function to convert259

the output z into normalized gating scores wi(x).260

These scores modulate the contribution of each ex-261

pert. The weight update ∆Wn for layer n is thus262

defined as:263

∆W (n) =

(
m∑
i=1

w
(n)
i B

(n)
i

)
·A, (2)264

The final adapted weight is given by W ′(n) =265

W (n) +∆W (n). This asymmetric design, a static,266

shared A and a dynamic mixture of expert B matri-267

ces, enables both expressive adaptation and param-268

eter efficiency.269

3.2 Reducer for Resource-Aware Training270

On top of this efficient architecture, we introduce271

the Reducer, a dynamic training mechanism that272

minimizes computational overhead by freezing spe-273

cific B matrices during training. Crucially, this is274

not a post-training pruning method but a dynamic275

freezing strategy applied during the training pro-276

cess itself. This online adaptation adaptively re-277

duces the number of active parameters, differing278

fundamentally from static pruning techniques. The279

Reducer’s core is an importance score vector s,280

which is updated iteratively to reflect each layer’s281

contribution to the task objective. The scores are282

calculated through the following process: 1) Layer283

Suppression: In each update step, we select a fixed 284

number of layers (e.g., n-layers-suppressed=16) 285

with the lowest current importance scores. These 286

layers are temporarily "suppressed" by scaling their 287

outputs to near-zero. 2) Loss Evaluation: We then 288

compute the loss on a mini-batch of validation data. 289

A larger increase in loss relative to the baseline 290

(without suppression) indicates that the suppressed 291

layers are more important, as their temporary re- 292

moval significantly harms performance. 3) Score 293

Update: The importance scores of the suppressed 294

layers are updated proportionally to the magnitude 295

of the observed loss increase. This process re- 296

peats periodically, refining the scores to reflect each 297

layer’s evolving contribution. 298

At each training step, these importance scores 299

guide the parameter updates. The vector is passed 300

through a Sigmoid function to create a sampling 301

distribution: 302

p = σ(−s) 303

which biases selection towards higher-importance 304

layers. A subset of K layers is then sampled, and 305

only the B
(n)
i matrices within these selected layers 306

are updated: 307

B
(n)
i ←

{
B

(n)
i − η∇

B
(n)
i

L, if layer n is sampled

frozen, otherwise
(3) 308

The hyperparameter K is a critical control knob 309

that allows users to flexibly trade off performance 310

against computational resources. The impact of K 311

is systematically investigated in the experiments 312

(see Figure 5) that demonstrate the robustness. 313

4 Experiments and Analysis 314

In this section, we detail the principal experi- 315

ments. To evaluate the effectiveness and robust- 316

ness of EffiLoRA, we test it in different modali- 317
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ties—commonsense reasoning (Section 4.1), visual318

instruction tuning (Section 4.2), and image gener-319

ation (Section 4.3). We then summarize the key320

results and provide a concise interpretation.321

4.1 Commonsense Reasoning322

4.1.1 Experiment Setting323

Model and Dataset. We fine-tune the LLaMA3-324

8B model (AI@Meta, 2024) for commonsense325

reasoning tasks. We first fine-tune the model326

on Commonsense-170k samples from (Hu et al.,327

2023), and subsequently evaluated on eight widely328

used benchmarks: ARC (Clark et al., 2018),329

OBQA (Mihaylov et al., 2018), PIQA (Bisk et al.,330

2019), SIQA (Sap et al., 2019), BoolQ (Clark331

et al., 2019), HellaSwag (Zellers et al., 2019), and332

Winog. (Sakaguchi et al., 2021). A detailed descrip-333

tion of the dataset can be found in Appendix A.1.334

Baselines. First, we compare EffiLoRA with dif-335

ferent LoRA variants, including 1) LoKr (Yeh336

et al., 2023) which employs Kronecker products for337

matrix decomposition of AB; 2) NoRA (Lin et al.,338

2024a) which introduces a dual-layer nested struc-339

ture with SVD-based initialization, freezing outer340

LoRA weights, and training an inner LoRA layer.341

3) AdaLoRA (Zhang et al., 2023b) which parame-342

terizes the incremental updates of the pre-trained343

weight matrices in the form of singular value de-344

composition; Second, we extend the experiments345

exploring EffiLoRA with multi-LoRA optimiza-346

tion approaches, including: 4) HydraLoRA (Tian347

et al., 2024): Introduces an asymmetric LoRA348

architecture with a shared matrix A and multi-349

ple distinct B matrices, combined through a train-350

able MoE router to dynamically adapt to differ-351

ent tasks without requiring domain expertise. 5)352

MoLA (Gao et al., 2024): A parameter-efficient353

tuning method that integrates LoRA and Mixture-354

of-Experts (MoE) with layer-wise expert alloca-355

tion. 6) LoRAMoE (Dou et al., 2024): A parameter-356

efficient fine-tuning method combining LoRA and357

MoE, freezing the backbone model and introduc-358

ing experts. 7) MixLoRA (Li et al., 2024): A359

resource-efficient parameter tuning method com-360

bining LoRA and MoE with independent attention-361

layer adapters and load balancing, enhancing multi-362

task performance and reducing computation and363

memory costs. 8) GraphMoE (Tang et al., 2025):364

A novel MoE-based architecture that enhances lan-365

guage model reasoning through a self-rethinking366

mechanism and recurrent routing on a pseudo graph367
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of expert nodes. A detailed description of the base- 368

lines and hyperparameter settings can be found in 369

Appendix B.1. 370

4.1.2 Performance Analysis. 371

As shown in Table 1, EffiLoRA with multiple B 372

achieves an average accuracy of 86.4% on common- 373

sense reasoning tasks while updating only 0.53% 374

of the backbone parameters. This result surpasses 375

other strong methods like HydraLoRA (86.1%, 376

0.93%) and GraphMoE (85.3%, 5.90%). Notably, 377

compared to HydraLoRA, EffiLoRA achieves a 378

0.3% higher accuracy with nearly 43% fewer tun- 379

able parameters (0.53% vs. 0.93%). Even a 380

more parameter-efficient version, EffiLoRA (Sin- 381

gle B), maintains a competitive average accuracy 382

of 84.6% using only 0.18% of the parameters. 383

These results highlight the strong parameter ef- 384

ficiency of EffiLoRA, validating that significant 385

redundancy exists across layers and can be ex- 386

ploited without sacrificing performance. Specif- 387

ically, the shared low-rank matrix A across all lay- 388

ers captures global, task-agnostic representations, 389

while the layer-specific Bi heads concentrate ex- 390

pressive capacity where needed. Additionally, the 391

probabilistic layer sampling mechanism ensures 392

that updates are dynamically allocated to the most 393

contributive layers, counteracting the adverse ef- 394

fects of aggressive parameter reduction. Notably, 395

EffiLoRA achieves this without altering vanilla 396

LoRA’s internal architecture. This synergy between 397

architectural asymmetry and adaptive update al- 398

location enables EffiLoRA to extend the existing 399

LoRA variants of PEFT, offering a principled bal- 400

ance between expressiveness and compression. 401

4.1.3 Framework Analysis 402

Impact of different drop ratios. Figure 5 il- 403

lustrates the performance degradation under vary- 404

ing drop ratios of the trainable LoRA B matri- 405

ces. For this, we compare two strategies: random 406

dropping and a proposed importance-based drop- 407

ping. The results clearly show that the importance- 408

based method consistently outperforms random 409
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Table 1: Comparative performance of various methods fine-tuning LLaMA3-8B on the commonsense reasoning
tasks. * denotes results from the original paper; 1 from (Wu et al., 2024); 2 from(Tang et al., 2025).

Schemes ARC-e OBQA SIQA ARC-c WinoG. PIQA BoolQ HellaS Avg. Param.

LoRA (Hu et al., 2022) 84.2 79.0 79.9 71.2 84.3 85.2 70.8 91.7 80.8 0.35%

LoRA-FA (Zhang et al., 2023a) 86.1 81.0 79.5 73.4 83.8 84.2 69.0 93.4 81.3 0.17%
ShareLoRA (Song et al., 2024) 87.5 83.1 80.2 75.0 84.0 85.5 71.0 96.1 82.8 0.18%

LoKr1 (Yeh et al., 2023) 89.2 81.8 78.7 76.7 82.1 81.6 65.1 92.0 80.9 0.01%
NoRA* (Lin et al., 2024a) 88.2 85.0 79.1 77.5 84.3 86.4 73.3 94.1 83.1 0.09%

AdaLoRA1 (Zhang et al., 2023b) 90.4 85.0 76.7 79.1 83.3 86.4 75.1 75.4 81.4 0.35%

EffiLoRA (Single B) 89.8 86.6 80.5 79.9 84.4 88.3 72.7 94.7 84.6 0.18%
HydraLoRA (Tian et al., 2024) 92.4 87.0 82.6 81.9 87.8 88.0 73.6 96.2 86.1 0.93%

MoLA2 (Gao et al., 2024) 86.4 84.4 76.4 77.9 83.3 86.7 74.0 93.9 82.9 2.70%
LoRAMoE2 (Dou et al., 2024) 87.8 85.0 74.8 79.5 83.4 87.1 72.4 94.8 83.5 3.20%

MixLoRA* (Li et al., 2024) 86.5 84.8 78.8 79.9 82.1 87.6 75.0 93.3 83.5 3.00%
GraphMoE* (Tang et al., 2025) 90.3 88.2 79.4 80.6 83.7 88.8 75.9 95.3 85.3 5.90%

EffiLoRA (Multiple B) 92.9 87.0 81.7 81.8 88.4 89.6 74.1 95.8 86.4 0.53%

dropping across all sparsity levels. Notably, with410

importance-based pruning, EffiLoRA maintains411

stable accuracy even as up to 75% of the B matrices412

are removed. This robustness confirms the long-413

tailed utility distribution of layer-wise LoRA up-414

dates—only a small subset of layers contribute dis-415

proportionately to downstream performance. The416

observed resilience stems from two design princi-417

ples of EffiLoRA: first, the shared global matrix418

A effectively preserves core semantic representa-419

tions even as layer-specific parameters are pruned;420

second, the selective update mechanism adaptively421

concentrates updates on high-importance layers,422

mitigating the adverse effects of aggressive param-423

eter reduction.424

Impact of B matrices number. Table 1 shows425

the results of an ablation study on the number of426

task-specific B matrices used from the start. The427

data reveals a clear positive correlation between428

the number of B-heads and model performance.429

The model’s average accuracy steadily increases430

from 81.3% with a single B-head (1B) to 82.7%431

(2B), 85.1% (3B), and finally 86.4% with four B-432

heads (4B). While performance consistently rises,433

the incremental gains suggest diminishing returns434

as more heads are added. This trend suggests that435

while adding B-heads increases the model’s expres-436

sive capacity, the most impactful task knowledge is437

acquired by the first few heads, with later additions438

contributing more marginally.439

Impact of Configurator. As shown in Ta-440

ble 1, disabling the Configurator and using only441

importance-based selective updates, EffiLoRA (sin-442

gle B), yields lower performance (84.6%) despite443

training 0.18% of the model. This highlights a444

key limitation of purely importance-driven spar-445

Table 2: Effect of different numbers of B matrices.

Method Average Acc. (%)

1B 81.3
2B 82.7
3B 85.1
4B 86.4

sity: it lacks architectural asymmetry and fails 446

to capture shared structure across tasks. In con- 447

trast, EffiLoRA’s asymmetric design, with a glob- 448

ally shared A matrix and specialized Bi heads, ex- 449

plicitly disentangles generalizable semantics from 450

task-specific variation, enabling joint learning of 451

cross-task commonality and local specialization. 452

Impact of Reducer. We evaluated the benefit 453

of structured parameter dropping via our Reducer 454

component. In contrast to HydraLoRA, which uti- 455

lizes a full set of 32 down-projection A matrices, 456

EffiLoRA employs a single shared A matrix and 457

further prunes the multi-head B matrices using an 458

importance-based strategy. This combined reduc- 459

tion method lowers the tunable parameter count 460

from 0.70% to 0.53% while yielding a 0.3% in- 461

crease in accuracy. Further analysis, presented in 462

Figure 5, validates our approach by showing that 463

importance-guided dropping consistently outper- 464

forms random dropping at all sparsity levels. This 465

confirms the effectiveness of our scoring strategy in 466

preserving the most contributive parameters during 467

compression. 468

Overhead Analysis As shown in Table 3, 469

EffiLoRA demonstrates superior efficiency, outper- 470

forming the equivalent-rank LoRA (rank=64) with 471

a performance score of 85.7 (vs. 82.7), despite re- 472

quiring only 42.8M parameters (just 38% of LoRA- 473

64) and 12.8h of training time (a 58% reduction). 474
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Table 3: Overhead analysis of fine-tuning with different
LoRA approaches.

Method Param. Train time FLOPs Performance

LoRA (r=16) 28.3M 8.0h 1.00 80.8
LoRA (r=32) 56.6M 14.6h 3.63 83.3
LoRA (r=64) 113.2M 30.4h 15.11 82.7

EffiLoRA (r=16 × 4) 42.8M 12.8h 2.86 85.7

Furthermore, compared to the parameter-similar475

LoRA (rank=32), it reduces relative FLOPs (Woo476

et al., 2025) by 21.2% (2.86 vs. 3.63) while also477

achieving higher performance. This establishes478

EffiLoRA as a highly efficient and scalable fine-479

tuning solution that strikes a superior performance-480

to-cost trade-off.481

Table 4: Comparative performance of various methods
fine-tuning LLaVA-v1.5-7B.

Methods Dataset MMBench MMVet MME AI2D DocVQA MathVista Avg

LoRA
General 55.90 35.00 66.38 - - - -

Doc - - - 50.26 31.59 - -
Math - - - - - 16.80 -

LoRA All 51.40 32.90 48.52 48.83 30.71 17.70 38.34
MoLE All 59.70 31.90 66.05 52.78 31.42 18.30 43.35

HydraLoRA All 56.70 35.70 62.89 52.78 31.67 19.10 43.14

EffiLoRA All 58.10 34.40 68.01 52.82 32.08 19.60 44.18

4.2 Visual Instruction Tuning482

Experiment Setting. Model and Dataset. To483

evaluate performance on multimodal tasks, we484

fine-tune the LLaVA1.5-7B (Liu et al., 2023a) us-485

ing the subset of LLaVA-OneVision single-image486

(Liu et al., 2024a) dataset, which includes general,487

document, and math tasks. Square sampling is488

applied to ensure balanced coverage across sub-489

sets, promoting better generalization and task di-490

versity. After fine-tuning, we evaluate the model491

on several benchmarks spanning three categories:492

general-related (MMBench (Liu et al., 2023c),493

MMVet (Yu et al., 2024), MME (Fu et al., 2024)),494

document-related (AI2D (Kembhavi et al., 2016),495

DocVQA (Mathew et al., 2021)), and math-related496

(MathVista (Lu et al., 2024)). To mitigate vary-497

ing score ranges, we are bringing all datasets to a498

0–100 scale. A detailed description of the dataset499

can be found in Appendix A.2.500

Baselines. We compare EffiLoRA against the501

following baselines: 1) Single LoRA, which fine-502

tunes a single LoRA on each individual dataset. 2)503

Multi-LoRA fine-tunes a LoRA on the combined504

mixture dataset. 3) LLaVA-MoLE (Chen et al.,505

2024), which integrates lightweight LoRA experts506

via the MoE framework across different datasets507

and configurations. 4) HydraLoRA (Tian et al.,508

2024), trained on the combined mixture dataset. 509

Performance Analysis. As shown in Table 4, 510

vanilla LoRA fine-tuned on single data sources 511

yields reasonable performance—achieving 50.26 512

on AI2D and 31.59 on DocVQA when trained 513

solely on document data, and 16.80 on MathVista 514

when trained only on math data. However, joint 515

training across all modalities causes a pronounced 516

performance collapse, with the average score drop- 517

ping to 38.34, reflecting substantial cross-task inter- 518

ference. In contrast, EffiLoRA boosts the joint av- 519

erage to 44.18 and achieves consistent gains across 520

most tasks (e.g., 58.10 on MMBench, 68.01 on 521

MME, and 52.82 on AI2D), demonstrating superior 522

conflict mitigation. These improvements arise from 523

the asymmetric adapter design: a globally shared 524

low-rank matrix A captures universal semantic pat- 525

terns, while input-conditioned Bi matrices provide 526

localized task-specific capacity. This decoupling 527

suppresses redundancy and enables EffiLoRA to 528

maintain both generality and adaptability, ensur- 529

ing robust performance in multi-task fine-tuning 530

scenarios. 531

4.3 Diffusion Generation 532

Experiment Setting. Model and Dataset. To 533

evaluate performance on image generation tasks, 534

we adopt Stable Diffusion v1.5 (Rombach et al., 535

2022) as the base model. We fine-tuned the model 536

on the pokemon-blip-captions dataset (Mod- 537

elScope, 2024). For evaluation, we sample 100 538

prompts to generate images and assess their qual- 539

ity using GPT-as-judge. A detailed description of 540

the dataset and evaluation protocol are provided in 541

Appendix A.3 and Appendix B.3, respectively. 542

Performance Analysis. As demonstrated in Ta- 543

ble 5, EffiLoRA achieves a top-tier average score 544

of 7.76 when fine-tuning Diffusion v1.5, decisively 545

outperforming both LoRA and HydraLoRA base- 546

lines. It delivers consistent improvements across 547

key dimensions, including image quality (8.32), 548

theme relevance (8.86), and creativity (7.14). This 549

quantitative superiority is further corroborated by 550

the HPS v2 benchmark (Wu et al., 2023) (Table 6), 551

where EffiLoRA again attains the highest score 552

(24.80), confirming its state-of-the-art image gen- 553

eration quality. These strong empirical results are 554

highlighted in qualitative comparisons (Figure 6), 555

where EffiLoRA more faithfully renders nuanced 556

details—such as a cartoon butterfly with a sad ex- 557

pression—compared to competing methods. These 558
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A cartoon butterfly with a 
sad look on its face.

A cartoon pikachu with 
big eyes and big ears.

Base LoRA HydraLoRA EffiLoRA

Figure 6: Comparison of text-to-image generation results. EffiLoRA demonstrates superior prompt fidelity over the
base model, LoRA, and HydraLoRA

Table 5: Comparative performance of fine-tuning Diffusion.
Scheme Quality Detail Theme Creativity Style Emotion Tech Avg.

LoRA 8.24 6.97 8.72 6.95 8.07 6.84 7.66 7.63
HydraLoRA 8.22 6.93 8.81 7.12 8.10 6.95 7.66 7.68
EffiLoRA 8.32 7.03 8.86 7.14 8.16 7.00 7.81 7.76

Table 6: HPS v2 Scores.
Method Avg. HPS v2 (↑)

LoRA 24.08
HydraLoRA 24.29
EffiLoRA 24.80

comprehensive performance gains stem directly559

from EffiLoRA’s architectural innovations. The560

asymmetric adapter design leverages a globally561

shared low-rank matrix A to encode common gen-562

erative structures, while dynamically combining563

input-specific Bi matrices to inject instance-level564

variability. This separation of concerns allows the565

model to generalize effectively while retaining ex-566

pressiveness, minimizing redundancy and enhanc-567

ing efficiency without sacrificing output quality.568

5 Related Work569

LoRA and its Variants. Low-Rank Adaptation570

(LoRA) (Hu et al., 2022) enables efficient fine-571

tuning via trainable low-rank matrices. Subse-572

quent variants optimize performance through three573

paradigms: (1) Training-centric methods employ574

adaptive rates (Hayou et al., 2024) or stochastic reg-575

ularization (Lin et al., 2024b); (2) Capacity-centric576

approaches (e.g., DyLoRA, AdaLoRA) (Valipour577

et al., 2023; Zhang et al., 2023b) dynamically578

allocate rank; and (3) Structure-centric designs579

leverage tensor decompositions (LoKr, LoHa,580

FLoRA) (Yeh et al., 2023; Si et al., 2024) or mag-581

nitude–direction splits (DoRA) (Liu et al., 2024b)582

for tighter compression. Further redundancy reduc-583

tion is achieved by sharing (Song et al., 2024) or584

freezing (Yao et al., 2024) matrices, driving a shift585

toward highly compact PEFT frameworks.586

Multi-LoRA Architecture. Recent works ex-587

tend single adapters to composable collections to588

boost flexibility. Approaches like LoraHub (Huang589

et al., 2023) and Multi-LoRA (Wang et al., 2023) 590

select or slice adapters, while LoRAMoE (Dou 591

et al., 2024) and MOELoRA (Liu et al., 2023b) 592

integrate LoRA experts into MoE scaffolds to mit- 593

igate interference, though often scaling parame- 594

ters multiplicatively. S-LoRA (Sheng et al., 2023) 595

optimizes serving, and HydraLoRA (Tian et al., 596

2024) improves efficiency via asymmetric projec- 597

tions. Unlike these, our EffiLoRA shares a global 598

A across all layers while maintaining lightweight 599

expert-specific B. This design decouples general 600

knowledge from task specifics and introduces a 601

unique dynamic Reducer to selectively freeze B, 602

ensuring parameter-efficient scaling distinct from 603

prior MoE-based methods. 604

6 Conclusion 605

In this paper, we introduced EffiLoRA, a resource- 606

efficient low-rank adaptation framework designed 607

to reduce parameter overhead and mitigate task 608

interference. By revisiting LoRA from the per- 609

spective of parameter redundancy, EffiLoRA em- 610

ploys a unified cross-layer A matrix complemented 611

by a dynamic, selective update mechanism for the 612

B matrices. This architecture not only achieves 613

substantial parameter savings but also enhances 614

model performance and robustness. Extensive 615

experiments across diverse modalities, including 616

language, vision-language, and diffusion models, 617

demonstrate that EffiLoRA consistently outper- 618

forms standard LoRA in both task accuracy and 619

efficiency. 620
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Limitations621

Although the proposed EffiLoRA achieves a good622

balance between parameter efficiency and model623

expressiveness, the current study focuses exclu-624

sively on parameter-efficient fine-tuning (PEFT) ap-625

proaches, particularly those based on LoRA. While626

the method demonstrates strong performance in627

fine-tuning tasks, its effectiveness has not been eval-628

uated on other efficient adaptation paradigms such629

as prompt-tuning, prefix-tuning, or fully frozen630

training strategies. Additionally, the framework has631

only been applied in the downstream fine-tuning632

phase; its potential applicability during the pre-633

training stage remains an open question for future634

exploration. Future work may explore more ef-635

ficient routing mechanisms, hybrid PEFT frame-636

works, and extensions to the pre-training phase to637

further improve both efficiency and generalization.638

Ethical Considerations639

We affirm adherence to the ACL Code of Ethics.640

This work studies resource-efficient low-rank adap-641

tation and does not involve human subjects, person-642

ally identifiable information, or sensitive attributes.643

All datasets and pretrained weights used are pub-644

licly available and were accessed and used in ac-645

cordance with their licenses and terms of use; no646

data scraping outside the providers’ terms was per-647

formed. We disclose our use of LLM-based writ-648

ing assistance in a separate LLM-usage section in649

Appendix C. Potential risks include lowering the650

computational barrier for deploying more capable651

models in resource-constrained settings; to miti-652

gate misuse concerns, we evaluate only on standard653

public benchmarks, refrain from releasing domain-654

specific models for sensitive applications, and pro-655

vide documentation to support responsible use. The656

authors take full responsibility for the integrity and657

accuracy of the reported results.658
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A Datasets 949

A.1 Commonsene Reasoning 950

Table 7 presents detailed information about the 951

datasets used in our experiments, including their 952

task names, respective domains, the number of 953

training and test sets, and task types. The details of 954

the benchmarks are as follows: 955

• BoolQ (Clark et al., 2019): yes/no questions 956

which are naturally occurring and generated 957

in unprompted and unconstrained settings. 958

There are 3270 questions in the test set. 959

• PIQA (Bisk et al., 2019): questions with two 960

solutions requiring physical commonsense. 961

There are 1830 questions in the test set. 962

• HellaSwag (Zellers et al., 2019): common- 963

sense NLI questions including a context and 964

several endings which complete the context. 965

There are 10042 questions in the test set. 966

• WinoGrande (Sakaguchi et al., 2021): fill-in- 967

a-blank task with binary options to choose 968

the right option for a given sentence, which 969

requires commonsense reasoning. There are 970

1267 questions in the test set. 971

• ARC-easy (Clark et al., 2018) & ARC- 972

challenge (Clark et al., 2018): the Challenge 973

Set and Easy Set of ARC dataset of gen- 974

uine grade-school level, containing 2376/1172 975

multiple-choice science questions in the test 976

set, respectively. 977

• OpenbookQA (Mihaylov et al., 2018): ques- 978

tions requiring multi-step reasoning, use of 979

additional commonsense knowledge, and rich 980

text comprehension. There are 500 questions 981

in the test set. 982

A.2 Visual Instruction Tuning 983

Table 8 shows the details of the LLaVA train- 984

ing dataset. Table 9 shows the details of the test 985

datasets. 986

A.3 Diffusion Generation 987

Dataset Composition Each entry in the dataset 988

consists of two keys: image and text. The image 989

field contains a JPEG image loaded as a PIL ob- 990

ject with variable dimensions, while the text field 991

provides a descriptive caption corresponding to the 992
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Table 7: Description of Datasets used in experiments.

Task Name Domain # Train # Test Task Type

BoolQ Wikipedia 9,427 3,270 Text Classification
ARC-E Natural Science 2,250 2,380 Question Answering
ARC-C Natural Science 1,120 1,170 Question Answering
OpenBookQA Science Facts 4,957 500 Question Answering
PIQA Physical Interaction 16,100 1,840 Question Answering
SIQA Social Interaction 33,410 1,954 Question Answering
HellaSwag Video Caption 39,905 10,042 Sentence Completion
WinoGrande Winograd Schemas 9,248 1,267 Fill in the Blank

Table 8: Detail of LLaVA-OneVision Dataset

Datasets Weight Domain Task Type

General 36.1% General Various
Doc/Chart/Screen 20.6% Document Question Answering, Chart Analysis
Math/Reasoning 20.1% Mathematics Problem Solving, Reasoning
General OCR 8.9% OCR Text Extraction, Recognition
Pure Language 14.3% Language Text Generation, Language Modeling

image content. Only a train split is provided, in-993

dicating that the dataset is primarily intended for994

training purposes.995

Caption Generation with BLIP To enrich the996

textual descriptions and improve the semantic align-997

ment between images and captions, the original998

Pokémon images were processed through a pre-999

trained BLIP model. This model is capable of1000

generating rich, context-aware captions that accu-1001

rately describe the visual content. These generated1002

captions serve as the textual conditioning input for1003

training diffusion-based text-to-image models.1004

B Experimental Setup1005

B.1 Commonsene Reasoning1006

Table 10 shows the detailed hyperparameters for1007

commonsense reasoning tasks when fine-tuning the1008

LLaMA3-8B.1009

B.2 Visual Instruction Tuning1010

Table 11 shows the detailed hyperparameters for1011

Visual Instruction Tuning when fine-tuning the1012

LLaVA1.5-7B.1013

B.3 Diffusion Generation1014

Table 12 shows the detailed hyperparameters for1015

the Diffusion Generation task when fine-tuning the1016

stable-diffusion v1.5. For GPT evaluation, refer to1017

13 and 14.1018

C The Use of Large Language Models 1019

We used LLMs solely as a writing-assistance tool 1020

to polish our paper (grammar, wording, concision, 1021

and minor LATEX formatting). The LLM did not 1022

contribute to research ideation, problem formula- 1023

tion, method design, experiments, data analysis, 1024

results, or conclusions, and it was not used to gen- 1025

erate citations or technical content. All suggestions 1026

were reviewed and, when adopted, edited by the 1027

authors, who take full responsibility for the paper’s 1028

content; no proprietary data beyond the manuscript 1029

text was shared with the tool. 1030
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Table 9: Description of LLaVA test datasets

Task Name Domain Task Type

MMBench Vision-Language Fine-grained ability evaluation
MMVet Multimodal Integrated capability evaluation
MME Multimodal Comprehensive evaluation
ChartQA Vision-Language Question Answering about Charts with Visual and Logical Reasoning
AI2D Vision-Language Diagram Understanding and Question Answering
DocVQA Vision-Language Visual Question Answering on Document Images
MathVista Vision-Language Mathematical Reasoning in Visual Contexts

Table 10: The hyperparameters for various methods on the commonsense reasoning tasks.

Hyperparameter LoRA LoKr AdaLoRA HydraLoRA EffiLoRA MoLA LoRAMoE MixLoRA

Rank r 16

α 32

Dropout 0.05

Target module q, k, v, up, down q, k, v, o, gate, up, down

#Experts - 4 8

Top-K - dense 2

Table 11: The hyperparameters for various methods on the Visual Instruction Tuning tasks.

Hyperparameter Single-LoRA MoLE HydraLoRA EffiLoRA

Rank r 32

α 64

Batch size 1

Epochs 1

Learning rate 2e-4

Target module q, k, v, o, gate, up, down

#Experts 3

Table 12: The hyperparameters for various methods on the Diffusion Generation tasks.

Hyperparameter Single-LoRA HydraLoRA EffiLoRA

Rank r 4

α 8

Batch size 1

Steps 20000

Learning rate 1e-4

Target module q, k, v, o

#Experts 3
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Table 13: Image Evaluation Criteria

Criteria Description

Overall Quality

• Is the image clear and complete without obvious blur, noise or
errors?

• Are the colors natural and harmonious, fitting the theme and scene?

Detail Richness

• Does the image have rich details in the subject and background?

• Are the details realistic and logically consistent with reality (if the
theme is a real-life scene)?

Theme Consistency

• Does the image accurately reflect the given theme or description?

• Is there any deviation from the theme or unexpected content?

Creativity & Uniqueness

• Does the image show unique creativity or perspective?

• Are there novel elements or composition methods?

Style Matching

• Does the image match the specified style (such as realism, cartoon,
oil painting, etc.)?

• Is it consistent with the target style?

Emotional Expression

• Can the image convey a certain emotion or atmosphere?

• Does it resonate with the audience?

Technical Performance

• Does the image demonstrate good generation technology, such as
lighting and perspective?

• Are there any obvious generation errors or flaws?

Table 14: Scoring Criteria

Score Description
10 points Perfect, almost flawless, exceeding expectations.
8-9 points Excellent, with a few minor flaws, but overall outstanding.
6-7 points Good, meeting expectations but with room for improvement.
4-5 points Average, with many problems that need improvement.
2-3 points Poor, not meeting expectations and requiring major adjustments.
1 point Very poor, almost unacceptable.
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