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Abstract

Parameter Efficient Fine-Tuning (PEFT) pro-001
vides a powerful approach for adapting large002
pre-trained language models (PLMs) to specific003
domains. Among PEFT methods, LoRA-based004
methods have emerged as a leading approach.005
However, existing LoRA-based approaches pri-006
marily focus on modifying the architecture or007
the low-rank matrices, overlooking the signifi-008
cant influence of downstream tasks on LoRA ef-009
fectiveness. In this paper, we first theoretically010
demonstrate that fine-tuning actually involves011
two tasks: domain inference fine-tuning and012
content inference fine-tuning. We also demon-013
strate that LoRA can be decoupled into two014
tasks. To address the limitations associated015
with coupled updates in LoRA, we introduce016
Task Decoupled LoRA (TD-LoRA), a novel017
approach that segregates LoRA tasks into dis-018
tinct domain inference and content inference019
tasks. We employ cosine similarity between020
fine-tuned weights and pre-trained weights to021
approximate the transition from general knowl-022
edge to domain-specific knowledge. Addition-023
ally, TD-LoRA has the same memory require-024
ments and comparable computational costs as025
LoRA. We conduct extensive experiments on026
various pre-trained models and demonstrate its027
effectiveness on the GLUE, E2E and MMLU028
benchmarks.029

1 Introduction030

Large Pre-trained language models (PLMs), such031

as GPT series (Radford et al., 2019; Brown et al.,032

2020), GLM (Zeng et al., 2023), LLaMA series033

(Touvron et al., 2023a,b), have achieved remark-034

able performance across a wide range of NLP tasks.035

Despite their strong general capabilities, PLMs still036

fall short in certain domains, such as programming,037

mathematics, biomedical, or finance (Wu et al.,038

2024). Fine-tuning is the primary technique for039

PLMs to adapt to specific downstream NLP tasks.040

Fine-tuning the whole PLMs requires tremendous041
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Figure 1: The structures of LoRA and TD-LoRA from
the perspective of task decoupling. LoRA couples the
tasks of fine-tuning in one branch. TD-LoRA has two
branch in parallel, one branch for domain inference fine-
tuning, and the other for content inference fine-tuning.

computational cost and significant memory capaci- 042

ties. These requirements imposes significant limi- 043

tations on both the research and application of the 044

PLMs. 045

To address this problem, researchers propose 046

an incredibly powerful method known as PEFT. 047

PEFT updates only a small number of parame- 048

ters, which significantly reduces both computa- 049

tional costs and memory requirements, while still 050

managing to achieve performance levels compa- 051

rable to those of full fine-tuning. PEFT methods 052

encompass Adapter (Houlsby et al., 2019), prompt- 053

tuning (Lester et al., 2021), Prefix-tuning (Li and 054

Liang, 2021), LoRA (Hu et al., 2022), et al. Cur- 055

rently, LoRA is regarded as one of the most effi- 056

cient techniques (Ding et al., 2023a), and a substan- 057

tial number of PEFT strategies have been devel- 058

oped based on LoRA. LoRA operates by freezing 059

the pre-trained weights W0, and the weights to be 060

updated, ∆W , are represented as low-rank decom- 061

position matrices A ∈ Rr×d2 and B ∈ Rd1×r. 062

In LoRA, rank r determines the number of train- 063

able parameters. Experiments (Hu et al., 2022; 064

Zhang et al., 2023b; Kopiczko et al., 2023; Ding 065

et al., 2023b) demonstrate that, under the same 066

LoRA-based method and PLMs, the optimal choice 067

of rank r vary across different downstream tasks. 068
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(Ding et al., 2023c) made experiments on 100 rep-069

resentative tasks and observed that the performance070

of PEFT is not consistent with their number of train-071

able parameters. Instead, the design of the structure072

for PEFT play a greater role. This phenomenon073

naturally raises a question:074

Question 1: How do the downstream tasks af-075

fect the performance of LoRA-based methods?076

Existing researches on downstream tasks in fine-077

tuning PLMs is focused on the area of catastrophic078

forgetting. (Kotha et al., 2023) factor a model into079

task inference and the capabilities on the tasks. (Lin080

et al., 2023) proposes that models gain speciality081

for the fine-tuning task and loss generality for other082

tasks during fine-tuning. Inspired by these works,083

we hypothesize that fine-tuning encompasses two084

parameter updating tasks: 1) domain inference fine-085

tuning, which updates model’s inference of the086

input domain; and 2) content inference fine-tuning,087

which enhances domain-specific capabilities. We088

provide a theoretical proof that the fine-tuning pro-089

cess is composed of these two tasks in Section 3.090

Figure 1 illustrates the process of task decoupling091

in LoRA.092

Therefore, considering the Question 1, we093

presents another essential question:094

Question 2: Can we decouple the tasks of LoRA095

to improve the performance of LoRA?096

To address the aforementioned two questions, we097

propose task decoupled LoRA, TD-LoRA, which098

is a novel LoRA structure with two branches to ob-099

tain domain-specific fine-tuning. We decouple the100

tasks of LoRA and improving the performance of101

the two tasks separately. Specifically, we introduce102

a new branch to LoRA adaption to achieve task103

decoupled in LoRA. To achieve the some mem-104

ory requirements and comparable computational105

costs with LoRA, we utilize the cosine similarity106

between original LoRA adaption weight ∆W and107

the pre-training weight W0 as the approximate pre-108

diction. As illustrated in Figure 2.109

The contribution of the proposed methods are as110

follows:111

• We first proposed that fine-tuning process en-112

compasses two parameter updating tasks: do-113

main inference fine-tuning and content infer-114

ence fine-tuning.115

• We provide a theoretical proof of the task de-116

coupling in LoRA process. Based on this the-117

ory, we first analyze LoRA from the perspec-118

tive of task decoupling.119

Pre-trained 
Weights W0

A

B

cos(�) W0

x

h

Domain Inference Content Inference

Figure 2: The structure of TD-LoRA. The fine-tuning
adaption has two branch in parallel.

• We propose a novel LoRA, TD-LoRA, with 120

two branches to obtain domain-specific fine- 121

tuning. TD-LoRA has the some memory 122

requirements and comparable computational 123

costs with LoRA, and achieve better perfor- 124

mance on multiple tasks. 125

2 Related work 126

2.1 LoRA-based Methods 127

Compared with full fine-tuning which requires 128

tremendous computational cost, Low-rank adaption 129

(LoRA) updates a small number of parameters and 130

achieve comparable performance. LoRA become a 131

prevalent strategy for fine-tuning LLMs. Based on 132

the directions of improvement, we categorize the 133

LoRA-based methods as follows. 1) (Aghajanyan 134

et al., 2021; Edalati et al., 2022) focus on finding a 135

better lower-rank matrix. These methods adjust the 136

structure of adaption to get an optical LoRA weight. 137

2) (Valipour et al., 2023; Zhang et al., 2023b) adjust 138

the rank of LoRA matrix. These methods adjust 139

the diagonal matrix, indeed they make research 140

on the a parameter r which represent the rank of 141

LoRA. 3) (Zi et al., 2023; Zhang et al., 2023a) up- 142

date pre-training weights according LoRA metric, 143

that is they train an parameter to adjust the weight 144

of pre-training weight. 4) (Dettmers et al., 2023; 145

Xu et al., 2023b) propose quantization techniques 146

to improve the high precision fine-tuning and infer- 147

ence of LoRA. 5) (Huang et al., 2023; Liu et al., 148

2023) combine multiple LoRA modules for cross- 149

task transfer. 150

2.2 Task Decoupling 151

Task decoupling is a commonly used technique in 152

computer vision (CV) domain, such as object de- 153
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tection, scene text detection. Outstanding works154

used the decoupled features to get the representa-155

tion need for CV tasks. CTPN (Tian et al., 2016)156

propose three branches to obtain distinct features157

to predict score, coordinates and offsets of an-158

chors. Faster RCNN (Ren et al., 2015) has two159

branches for bounding box regression and classi-160

fication. YOLOX (Ge et al., 2021) introduces de-161

coupled head to the YOLO family to decoupling162

regression and classification. These works demon-163

strate the importance of decoupling tasks in CV164

domain. However, as mentioned in Section 1, the165

task decoupling of fine-tuning PLMs process has166

not been studied yet and requires close attention.167

3 Theoretical Analysis of Fine-tuning168

Tasks169

We are interested in the fine-tuning process from170

the perspective of downstream tasks. We will171

first study fine-tuning components through model172

weights, providing a theoretical analysis of the173

two tasks of fine-tuning. Then we demonstrate174

that LoRA can be divided into two branches to175

obtain domain-specific fine-tuning. Finally, we176

propose TD-LoRA to realized task decoupling in177

fine-tuning process.178

3.1 Two Tasks of Fine-tuning Process179

To identify the fine-tuning tasks from the perspec-180

tive of downstream tasks, we study fine-tuning181

through model weights.182

Specifically, for a pre-trained model fine-tuned183

on single downstream task, the distribution of fine-184

tuned model weights W can be represented as fol-185

lows:186

P (W |X,Y ) =
P (Y |X,W )P (W |X)P (X)

P (X,Y )

=
P (Y |X,W )P (W |X)P (X)

P (Y |X)P (X)

=
P (Y |X,W )P (W |X)

P (Y |X)

(1)187

where P (Y |X,W ) denotes the W -conditioned188

content inference distribution, P (W |X) denotes189

distribution of W given X .190
P (Y |X) is independent of W , Eq. 1 is approxi-191

mated as:192

P (W |X,Y ) = P (Y |X,W )P (W |X) (2)193

We can observe that the distinction between194

model weights in two terms: P (Y |X,W ) and195

Domain A Optimical Weights

Domain B Optimical Weights
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Figure 3: A schematic view of fine-tuning process with
coupled tasks (Left) and decoupled tasks (Right). As
training progresses, the model initially completes the
domain inference task based on X , and subsequently
adjusts content prediction according to both domain W
and input X .

P (W |X). The distribution of X varies across 196

downstream tasks, thus P (W |X) is different 197

across downstream tasks. The optical W on one 198

downstream tasks do not achieve similar perfor- 199

mance on other tasks. This answers Question 1. 200

P (W |X) represents the change of downstream 201

tasks information, e.g., tasks changes in mathemat- 202

ics and biomedical. We refer to it as domain in- 203

ference, as it represents the model's ability to iden- 204

tify downstream tasks from input X . P (Y |X,W ) 205

stands for the prediction of content Y . We refer 206

to it as content inference, representing the model's 207

ability to generate outputs based on the input, fol- 208

lowing the process of domain inference. 209

P (W |X,Y ) = P (Y |X,W )︸ ︷︷ ︸
content inference

P (W |X)︸ ︷︷ ︸
domain inference

(3) 210

Essentially, the fine-tuning process updates two 211

functions of the model: domain inference and 212

content inference. The domain inference distribu- 213

tion undergoes changes across various downstream- 214

specific datasets during the whole fine-tuning pro- 215

cess. To achieve domain-specific fine-tuning, we 216

must decouple these two tasks. Figure 3 shows a 217

schematic view of fine-tuning process with couples 218

tasks and decoupled tasks. 219

3.2 Task Decoupling in LoRA Process 220

According to Eq. 3, the objective of fine-tuned 221

model weight W is: 222

W = argmax
W

P (W |X,Y )

= argmax
W

P (Y |X,W )P (W |X)

= argmax
W

logP (Y |X,W ) + logP (W |X)

(4) 223

where P (Y |X,W ) denotes the fine-tuned model 224

content inference, P (W |X) denotes the fine-tuned 225

model domain inference. Eq. 4 suggests that the 226
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model weights are essentially composed of two227

parts: content inference and domain inference.228

Similarly, we can obtain that the pre-trained229

model W0 is:230

W0 = argmax
W

P0(Y |X,W )P0(W |X)

= argmax
W

P0(Y |X,W )P0(W |X)
(5)231

where P0(Y |X,W ) denotes the pre-trained model232

content inference, P0(W |X) denotes the pre-233

trained model domain inference. P0(Y |X,W ) and234

P0(W |X) is constant once the pre-trained model235

is confirmed.236

For a pre-trained model weight W0 ∈ Rd1×d2 ,237

LoRA updates a low-rank matrix weight ∆W in238

fine-tuning process, i.e, W = W0 + ∆W . Re-239

searches (Dai et al., 2023; Garg et al., 2022; Li240

et al., 2023) approximate the standard attention to241

relaxed linear attention and (Kotha et al., 2023)242

demonstrate pre-trained models approach mixture243

regression.244

Inspired by these works, we hypothesize that245

approximate the LoRA fine-tuned model can be246

approximately expressed as a combination of linear247

regression models:248

P (Y |X,W ) = f(WX) = f(W0X) + f(∆WX)

= P (Y |X,W0) + P (Y |X,∆W )
(6)249

W0 is frozen in LoRA, P (Y |X,W0) and250

P0(Y |X,W0) are independent of W . Combining251

Eq. 4, Eq. 5 and Eq. 6, during the process of fine-252

tuning a specific model using LoRA, the objective253

of model weight W is obtained by:254

W = argmax
W

P (Y |X,W )P (W |X)

= argmax
W

(P (Y |X,W0) + P (Y |X,∆W ))P (W |X)

= argmax
W

P (Y |X,W0)P0(W0|X)
P (W |X)

P0(W0|X)

+ argmax
W

P (Y |X,∆W )P (W |X)

= argmax
W

P (Y |X,W0)

P0(Y |X,W0)
W0

P (W |X)

P0(W0|X)

+ argmax
W

P (Y |X,∆W )P (∆W |X)

= argmax
W

W0
P (W |X)

P0(W0|X)
+ ∆W

= W0 + ∆W +
P (W |X) − P0(W0|X)

P0(W0|X)
W0

= W0 + ∆W︸︷︷︸
content

+
P (W |X) − P0(W0|X)

P0(W0|X)
W0︸ ︷︷ ︸

domain

(7)255

Compared with LoRA, there are three parts in Eq.256

7: the pre-trained model weights W0, the LoRA257

weights ∆W and a new weights associated with258

the changes of domain inference. From the per- 259

spective of the proposed task decoupling, LoRA 260

only updates the content inference of the model 261

while disregarding the domain inference. 262

The original LoRA single branch is not suitable, 263

as indicated by Eq. 7. To achieve task decoupling 264

weights updates, a new branch is required to facil- 265

itate domain inference fine-tuning. Through this 266

process, domain-specific fine-tuning is achieved. 267

Eq. 7 answers Question 2 and provides insights 268

into how decoupling tasks in LoRA can potentially 269

enhance performance. 270

3.3 Task Decoupling LoRA (TD-LoRA) 271

It is an NP-hard problem to find P (W |X) because 272

W is a high-dimensional vector with a large num- 273

ber of parameters. Experiments in (Gueta et al., 274

2023) revealed that PLMs fine-tuned on the same 275

downstream task are clustered together in weights 276

space. This indicates that the cosine similarity be- 277

tween weights increases for more similar down- 278

stream tasks, whereas it decreases for less similar 279

downstream tasks. The cosine similarity in weight 280

spaces reflect whether X belongs to downstream 281

tasks. So we approximate this NP-hard optimiza- 282

tion objective by the cosine similarity of weights. 283

The cosine similarity between model weights is 284

inversely proportional to the change in the domain 285

inference. 286

In TD-LoRA, the trainable low-rank matrix 287

∆WTD is divided into two parts to decouple tasks: 288

∆WTD = ∆Wc +∆Wd (8) 289

where ∆Wc performs the content inference fine- 290

tuning, ∆Wd performs the domain inference fine- 291

tuning. 292

To achieve the some memory requirements and 293

comparable computational costs with LoRA, we 294

utilize the cosine similarity between LoRA updates 295

weights W and the pre-training weight W0 as the 296

approximate prediction of domain inference. 297

∆WD = −cos(W0,∆W )W0 (9) 298

where the negative value of cosine similarity is 299

attributed to the negative correlation between the 300

cosine similarity of weights and the domain change, 301

as we analyzed above. 302

This finding is supported by the experiments in 303

(Kotha et al., 2023). It observed that the generated 304

content of pre-trained models for similar tasks are 305

most influenced by downstream tasks, while dis- 306

similar tasks are less affected by downstream tasks. 307
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Algorithm 1 TD-LoRA
Input: r: low rank; α: scale factor, T :
the total number of training epochs, W0:
model parameters, A: low-rank metric, B:
low-rank metric, τ : the global learning rate,
X: fine-tuning dataset {(x1, y1), ..., (xn, yn)}.

1: W0 is initialized with pre-trained weights. A
is initialized by Kaiming Initialization, B = 0.

2: for epoch=1, 2, ..., T do
3: for (x, y) ∈ X do
4: p←W0x+BA
5: A← A− τ∇Al(p, y)
6: B ← B − τ∇Bl(p, y)
7: ∆Wd ← −cos(W0,W0 +BA)W0

8: ∆Wc ← BA
9: W ←W0 + α∆Wc + α∆Wd

10: end for
11: end for
Output: A,B

This demonstrates the inverse relationship between308

cosine similarity of weights and domain changes.309

In Section 4.3.1, we compared cosine similarity310

with random matrix, additional trainable matrix and311

mixture methods. With cosine similarity, the mem-312

ory requirements of TD-LoRA is some as LoRA,313

we only need to increase few computational costs314

to cover the cosine calculation between two ma-315

trices W ∈ Rd1×d2 . Table 3 shows the additional316

computational costs.317

Algorithm 1 shows the details of TD-LoRA.318

Intuitively, in the direction of downstream tasks,319

the cosine similarity between W0 and W is large,320

whereas in the direction of non-downstream tasks,321

the cosine similarity between the W0 and W is322

small. Therefore, cosine similarity can be used323

to approximate the inference process of domain324

inference.325

Finally, the overall weight updates of the pro-326

posed TD-LoRA can be expressed as:327

W = W0 +BA− cos(W0,W0 +BA)W0 (10)328

4 Experiments329

In this section, we compare TD-LoRA with full330

fine-tuning and prior works of Prefix-tuning, LoRA,331

AdaLoRA. Our experiments cover natural language332

understanding tasks, natural language generation333

tasks and LLMs instruction tuning. Specifically,334

we fine-tuning RoBERTa-base and RoBERTa-large335

(Liu et al., 2019) on the General Language Under- 336

standing Evaluation (GLUE) benchmark (Wang 337

et al., 2019), GPT-2 Medium (Radford et al., 338

2019) on E2E NLG Challenge benchmarks (E2E), 339

LLaMA-7B and LLaMA2-7B on MMLU bench- 340

mark (Hendrycks et al., 2021). The pre-trained 341

models are download from HuggingFace. We con- 342

duct the experiments on NVIDIA GeForce RTX 343

3090 GPU with 24GB memory. 344

4.1 Experimental Settings 345

Baseline. We compare TD-LoRA with the follow- 346

ing methods: 347

• Full fine-tuning (Full FT) of PLMs involves 348

training the entire model, including all layers 349

and parameters. It is an effective methods for 350

PLMs to adapt to downstream tasks. FTTop2 351

is a common variant that update the last two 352

layers while freezing others. 353

• Prefix-tuning (Prefix) append a learnable vec- 354

tor P = [P1], [P2], , [Pl] to the hidden states 355

of the multi-head attention layer. Prefix- 356

tuning enables the use of different prefixes 357

for various downstream tasks. 358

• LoRA is the most common approach for 359

PLMs. LoRA freezes the pre-trained weights 360

W0 and the update weights ∆W is low-rank 361

decomposition matrices A and B. We re- 362

produced LoRA, since several results on the 363

GLUE development set were missed. To en- 364

sure a fair comparison, we initialize the model 365

to the pre-trained model on all tasks. 366

• AdaLoRA extends LoRA by dynamically ad- 367

justing the rank r according to importance of 368

modules. AdaLoRA parameterizes the incre- 369

mental updates in the form of singular value 370

decomposition. AdaLoRA adaptively allo- 371

cates the parameter budget among weight ma- 372

trices according to their importance score. 373

Models and Datasets. We conduct extensive exper- 374

iments on multiple pre-trained models and bench- 375

marks. 376

• GLUE Benchmark consists of 8 natural lan- 377

guage understanding tasks. These tasks en- 378

compass a range of challenges, including 379

single-sentence classification, pairwise text 380

classification, and regression. Following 381

most previous PEFT works (Hu et al., 2022; 382
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Methods # TPs CoLA
Acc

SST-2
Acc

MRPC
Acc/F1

STS-B
P/S

QQP
Acc/F1

NNLI
Acc

QNLI
Acc

RTE
Acc

ba
se

Full FT 124.6M 59.07 92.89 88.24/91.58 90.87/90.61 90.81/87.72 86.27 91.07 72.20
Prefix 0.96M 59.31 93.81 87.25/91.03 88.48/88.32 87.75/84.09 85.21 90.77 54.51

LoRA(Re) 0.3M 63.50 95.071 88.48/91.59 90.91/90.51 90.75/87.69 87.32 92.73 81.23
AdaLoRA 1.03M 59.82 93.92 87.99/91.33 90.83/90.73 88.58/84.98 86.26 91.43 70.04
TD-LoRA 0.3M 65.61 94.84 90.68/92.14 90.65/90.39 90.81/87.82 87.39 93.23 79.06

la
rg

e

Full FT 355.3M 65.78 95.54 89.22/92.28 91.74/91.76 89.30/86.68 89.42 93.61 81.23
Prefix 2.03M 59.01 95.76 88.24/91.37 90.92/91.07 88.88/85.45 89.30 93.32 74.01

LoRA(Re) 0.8M 68.03 95.99 90.20/92.91 92.0/91.75 91.01/88.07 90.54 94.75 85.56
AdaLoRA 2.23M 65.85 94.95 89.46/92.34 92.05/91.80 89.60/86.30 90.36 94.62 77.98
TD-LoRA 0.8M 67.03 96.10 90.93/93.40 92.19/91.9 90.99/88.14 90.49 95.24 87.00

Table 1: Results on the GLUE benchmark with RoBERTa-Base and RoBERTa-Large. In the table, "TPs"denotes the
number of trainable parameters, "P/S"represents the Pearson/Spearman correlation. Specifically, we report Matthews
correlation for COLA, the averaged matched accuracy for MNLI. Results of Full Fune-tuning, Prefix-tuning and
AdaLoRA are sourced from (Xu et al., 2023a). We reproduced LoRA (LoRA(Re)) since several results on the
GLUE development set were missed. We denote the best result in bold and underline the second best result(except
the LoRA results from (Hu et al., 2022)). "-"denotes the missed result in related paper.

Fu et al., 2023; Kopiczko et al., 2023; Xu383

et al., 2023a), we employ RoBERTa-base and384

RoBERTa-large as backbone model.385

• E2E NLG Challenge benchmarks is a com-386

mon used benchmark for NLG models, such387

as GPT-2. It consists of 42,000 training, 4,600388

validation, and 4,600 test examples from the389

restaurant domain. We fine-tuning GPT-2390

Medium on E2E to demonstrate that TD-391

LoRA still performs better on NLG tasks and392

NLG models.393

• MMLU benchmark (MMLU) is widely used394

as a benchmarks for LLMs evaluation. It cov-395

ers 57 tasks including science, humanities,396

econometric and more. Alpaca dataset (Taori397

et al., 2023) consists of 52,000 instructions398

and demonstrations generated by OpenAI's399

text-davinci-003 engine. It is a popular in-400

struction tuning dataset for LLMs. We down-401

load Alpaca dataset from HuggingFace and402

fine-tuned LLaMA-7B, LLaMA2-7B. We403

evaluate the fine-tuned model on MMLU to404

compare the performance of TD-LoRA and405

LoRA.406

Implementation Details. We propose a task de-407

coupling PEFT based on LoRA. TD-LoRA employ408

cosine similarity to approximate the domain infer-409

ence function. The trainable parameters are the410

same as in LoRA. Therefore, we mainly compare411

the performance of TD-LoRA and LoRA under412

the same experimental setup. In GLUE benchmark413

experiments, we use the experimental setup from414

(Hu et al., 2022). In the E2E benchmark experi-415

ments, we also use the experimental setup from416

(Hu et al., 2022). In instruction tuning experiments, 417

we use the some experimental setup for TD-LoRA 418

and LoRA. We set the learning rate 10−4, epochs 419

3, batch size 128, LoRA rank 8, LoRA alpha 16, 420

LoRA trainable matrices [Q,V ]. In the ablation 421

study, we conduct experiments on RoBERTa-large 422

and LLaMA-7B. The downstream task is RTE. The 423

experimental setup is the some as experiments in 424

GLUE benchmark. Without loss of generality, the 425

training settings of experiments similar to those 426

of LoRA. LLaMA is the most commonly used 427

open-source large language model. We fine-tuning 428

LLaMA to further demonstrate the effectiveness of 429

TD-LoRA on LLMs. 430

4.2 Results 431

4.2.1 GLUE Benchmark 432

We first conduct an evaluation on GLUE bench- 433

mark, a widely recognized benchmark for PEFT 434

methods. Similarly to LoRA, we apply RoBERTa- 435

base and RoBERTa-large as backbones. We initial- 436

ize the model to the pre-trained model on all tasks 437

and reproduced LoRA results using some training 438

settings to obtain several missing results in paper. 439

Table 1 shows experimental results on the GLUE 440

development set. The results indicate that TD- 441

LoRA outperforms LoRA and other representa- 442

tive fine-tuning methods in more than half of the 443

tasks, and it ranks in the top 2 of all tasks. This 444

demonstrates the effectiveness of the proposed task 445

decoupling algorithm. 446

4.2.2 E2E Benchmark 447

GPT-2 Medium is the 355M parameter version of 448

GPT-2, a transformer-based language model. We 449
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Model & Method # TPs
E2E NLG Challenge

BLEU NIST MET ROUGE-L CIDEr
GPT-2 M (FT) 354.92M 68.2 8.62 46.2 71.0 2.47
GPT-2 M

(
FTTop2

)
25.19M 68.1 8.59 46.0 70.8 2.41

GPT-2 M (LoRA) 0.35M 68.69 8.65 46.37 71.12 2.48
GPT-2 M (TD-LoRA) 0.35M 69.93 8.80 46.59 71.55 2.53

Table 2: GPT-2 medium (M) with Full fine-tuning, LoRA and TD-LoRA on the E2E benchmark. Results of FT
and FTTop2 are sourced from (Hu et al., 2022). We denote the best result in bold. For all metrics, TD-LoRA
outperforms LoRA without increasing trainable parameters.

make experiments on GPT-2 Medium to evaluate450

the performance of TD-LoRA on NLG models.451

We use the experimental setup provided by (Hu452

et al., 2022) both for LoRA and TD-LoRA. Table453

2 shows TD-LoRA performs better than LoRA for454

all metrics. This indicates TD-LoRA also also455

performs effectively with transformer-based NLG456

models.457

4.2.3 Instruction Tuning458

RoBERTa-base (125M), RoBERTa-large (355M)459

and GPT-2 M (354.92M) are relative small models.460

LLaMA is the widely used open-source large lau-461

guage model. We apply LLaMA-7B and LLaMA2-462

7B for instruction tuning and perform fine-tuning463

using both LoRA and TD-LoRA. We apply LoRA464

and TD-LoRA on all 32 LLaMA decoder layers.465

We choose Alpaca datasets as fine-tuning dataset.466

This dataset is used to conduct instruction-tuning467

for LLMs, making LLMs follow instruction bet-468

ter. We evaluate the fine-tuned models on MMLU469

benchmarks. Results are shown in Table 4.470

To calculate the additional computational costs471

of TD-LoRA, we compute the total FLOPs of the472

fine-tuning process of LLaMA, shown in Table473

3. The additional computational costs are relative474

small.475

4.3 Ablation Study476

4.3.1 Domain Inference Methods477

TD-LoRA appends a branch for domain inference478

task and employs cosine similarity to accomplish479

the domain inference task. We conducted experi-480

ments to explore different method on the domain481

inference branch. We compare the performance of482

various methods: cosine similarity, random matrix,483

additional trainable matrix and mixture of LoRA484

and TD-LoRA.485

Table 5 shows the results of these methods. Com-486

pared to random matrix, additional trainable matrix487

and mixture methods, cosine similarity achieved488

Steps

Loss

(a) Train Loss

Loss

Steps

(b) Eval Loss

Figure 4: Loss curves of LLaMA-7B in the training
process. The fine-tuning data is Alpaca dataset.

superior results. This indicates that cosine similar- 489

ity more effectively approximate domain changes 490

in fine-tuning process. 491

4.3.2 Optimization Process 492

To illustrate the detailed process of fine-tuning 493

pre-trained model using TD-LoRA, we fine-tuned 494

LLaMA-7b on the Alpaca dataset. We recorded 495

the train loss value every 10 steps and recorded the 496

evaluation loss values every 200 steps. We show 497

the loss curves in Figure 4. 498

It can be observed that the train loss of TD-LoRA 499

is very close to that of LoRA, but the evaluation 500

loss of TD-LoRA is smaller than that of LoRA and 501

decreases faster. This indicates that during training 502

process, TD-LoRA is better able to capture differ- 503

ent optimization directions for different domains, 504

rather than simply fitting the training data. LoRA 505

couple the domain inference and content inference 506

updates. It appears that LoRA is exhibiting charac- 507

teristics of overfitting to the training data. 508
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Model PEFT Method Epoch FLOPs (TFLOPs) Training Times (min)

LLaMA-7B
LoRA 3 1345015.310 466 min

TD-LoRA 3 1345028.006(↑ 0.001%) 486 min(↑ 4.3%)

LLaMA2-7B
LoRA 3 1351931.086 234 min

TD-LoRA 3 1351972.977(↑ 0.003%) 245 min(↑ 4.7%)

Table 3: Total FLOPs and training time of fine-tuning with LoRA and TD-LoRA. The additional computational
costs occurs during the calculation of cosine similarity.

Model PEFT Method # TPs MMLU Acc

LLaMA-7B
Non 0M 35.23

LoRA 4.19M 35.54
TD-LoRA 4.19M 36.41

LLaMA2-7B
Non 0M 45.30

LoRA 4.19M 45.19
TD-LoRA 4.19M 45.61

Table 4: Results of 5-shot MMLU accuracy. Fine-tuning
dataset is Alpaca dataset. "Non "denotes the pre-trained
model without fine-tuning. The best results are in bold.
TD-LoRA outperforms LoRA on MMLU benchmark.

Method Add TPs
RTE

Acc(%)
Non 0M 85.56

Random 0M 52.71
Trainable 0.8M 85.92

Cosine 0M 87.00
Non + Cosine 0M 85.20

Table 5: Results of different domain inference methods.
Experiments are conducted on RoBERTa-large, with
RTE tasks. "Add TPs "denotes the additional trainable
parameters compared to LoRA. "Non "denotes models
trained with LoRA. "Non + Cosine "denotes training
with LoRA first, followed by training with TD-LoRA.

4.3.3 Cross Domains Performance509

The optimization process of TD-LoRA is the510

domain-specific fine-tuning. To shown TD-LoRA511

obtain better domain-specific fine-tuning, we eval-512

uate the cross domain performance of TD-LoRA.513

We fine-tuned RoBERTa-large with LoRA and TD-514

LoRA on RTE tasks, and evaluated the perfor-515

mance of the fine-tuned models on four additional516

tasks in GLUE. Similarly, we fine-tuned LLaMA-517

7B on the Alpaca dataset and evaluated the per-518

formance of the fine-tuned models on four tasks519

across different domains in MMLU.520

The results are shown in Figure 5. TD-LoRA521

achieve better cross domain performance than522

LoRA. The results demonstrate the effectiveness523

of task decoupling operation.524

RTE MRPC QNLI QQP
0

10

20

30

40

50

60

A
cc

ur
ac

y

LoRA
TD-LoRA

(a) Roberta-large

Abstract_algebra Econometrics Global_facts Marketing
0

10

20

30

40

50

60

A
cc

ur
ac

y

LoRA
TD-LoRA

(b) LLaMA-7b

Figure 5: Cross domains performance of LoRA and
TD-LoRA. The blue bars represent results of LoRA,
the red bars represent results of TD-LoRA. Figure (a)
shows results of pre-trained Roberta-large fine-tuned on
RTE task. SST2, MRPC, QNLI and QQP are four tasks
in GLUE. Figure (b) shows results of LLaMA-7B fine-
tuned on Alpaca data. Abstract_algebra, econometrics,
global_facts, marketing are four tasks in MMLU. TD-
LoRA helps Roberta-large performs better cross tasks.

5 Conclusion 525

The performance of the LoRA-based method with 526

the same structure is significantly influenced by 527

downstream tasks. We first analyze the fine-tuning 528

process from the perspective of downstream tasks. 529

We provide an theoretical proof that fine-tuning 530

process encompasses two parameter updating tasks: 531

domain inference fine-tuning and content inference 532

fine-tuning. We first analysis task decoupling in 533

LoRA process and provide a theoretical proof that 534

LoRA also can be decoupled. Based on this the- 535

ory, we analyze LoRA from the view of task de- 536

coupling and propose TD-LoRA. TD-LoRA has 537

two branches to obtain domain-specific fine-tuning. 538

We apply cosine similarity to approximate domain 539

inference task, thus achieve some memory require- 540

ments and comparable computational costs with 541

LoRA. Extensive experiments demonstrate the ef- 542

fectiveness of TD-LoRA. In the future, a more 543

optimal function to approximate domain inference 544

is worth researching on. 545
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6 Limitations546

It is an NP-hard problem to find P (W |X) because547

W is a high-dimensional vector with a large num-548

ber of parameters. We employ cosine similarity549

between LoRA updates weights and pre-trained550

weights to approximate domain inference. This551

lacks a certain level of accuracy. A more accurate552

domain inference requires further research. Due553

to limitations in computational resources, we did554

not conduct experiments on larger models such as555

LLaMA-13B or LLaMA-70b. The effectiveness of556

TD-LoRA on bigger LLMs remains to be verified.557

However, this is precisely the significance of our558

research on PEFT methods.559
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