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Abstract

Parameter Efficient Fine-Tuning (PEFT) pro-
vides a powerful approach for adapting large
pre-trained language models (PLMs) to specific
domains. Among PEFT methods, LoRA-based
methods have emerged as a leading approach.
However, existing LoRA-based approaches pri-
marily focus on modifying the architecture or
the low-rank matrices, overlooking the signifi-
cant influence of downstream tasks on LoRA ef-
fectiveness. In this paper, we first theoretically
demonstrate that fine-tuning actually involves
two tasks: domain inference fine-tuning and
content inference fine-tuning. We also demon-
strate that LoRA can be decoupled into two
tasks. To address the limitations associated
with coupled updates in LoRA, we introduce
Task Decoupled LoRA (TD-LoRA), a novel
approach that segregates LoRA tasks into dis-
tinct domain inference and content inference
tasks. We employ cosine similarity between
fine-tuned weights and pre-trained weights to
approximate the transition from general knowl-
edge to domain-specific knowledge. Addition-
ally, TD-LoRA has the same memory require-
ments and comparable computational costs as
LoRA. We conduct extensive experiments on
various pre-trained models and demonstrate its
effectiveness on the GLUE, E2E and MMLU
benchmarks.

1 Introduction

Large Pre-trained language models (PLMs), such
as GPT series (Radford et al., 2019; Brown et al.,
2020), GLM (Zeng et al., 2023), LLaMA series
(Touvron et al., 2023a,b), have achieved remark-
able performance across a wide range of NLP tasks.
Despite their strong general capabilities, PLMs still
fall short in certain domains, such as programming,
mathematics, biomedical, or finance (Wu et al.,
2024). Fine-tuning is the primary technique for
PLMs to adapt to specific downstream NLP tasks.
Fine-tuning the whole PLMs requires tremendous
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Figure 1: The structures of LoORA 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-
ties. These requirements imposes significant limi-
tations on both the research and application of the
PLMs.

To address this problem, researchers propose
an incredibly powerful method known as PEFT.
PEFT updates only a small number of parame-
ters, which significantly reduces both computa-
tional costs and memory requirements, while still
managing to achieve performance levels compa-
rable to those of full fine-tuning. PEFT methods
encompass Adapter (Houlsby et al., 2019), prompt-
tuning (Lester et al., 2021), Prefix-tuning (Li and
Liang, 2021), LoRA (Hu et al., 2022), et al. Cur-
rently, LoRA is regarded as one of the most effi-
cient techniques (Ding et al., 2023a), and a substan-
tial number of PEFT strategies have been devel-
oped based on LoRA. LoRA operates by freezing
the pre-trained weights Wy, and the weights to be
updated, AW, are represented as low-rank decom-
position matrices A € R4 and B € R4*T,

In LoRA, rank r determines the number of train-
able parameters. Experiments (Hu et al., 2022;
Zhang et al., 2023b; Kopiczko et al., 2023; Ding
et al., 2023b) demonstrate that, under the same
LoRA-based method and PLMs, the optimal choice
of rank r vary across different downstream tasks.



(Ding et al., 2023c) made experiments on 100 rep-
resentative tasks and observed that the performance
of PEFT is not consistent with their number of train-
able parameters. Instead, the design of the structure
for PEFT play a greater role. This phenomenon
naturally raises a question:

Question 1: How do the downstream tasks af-
fect the performance of LoRA-based methods?

Existing researches on downstream tasks in fine-
tuning PLMs is focused on the area of catastrophic
forgetting. (Kotha et al., 2023) factor a model into
task inference and the capabilities on the tasks. (Lin
et al., 2023) proposes that models gain speciality
for the fine-tuning task and loss generality for other
tasks during fine-tuning. Inspired by these works,
we hypothesize that fine-tuning encompasses two
parameter updating tasks: 1) domain inference fine-
tuning, which updates model’s inference of the
input domain; and 2) content inference fine-tuning,
which enhances domain-specific capabilities. We
provide a theoretical proof that the fine-tuning pro-
cess is composed of these two tasks in Section 3.
Figure 1 illustrates the process of task decoupling
in LoRA.

Therefore, considering the Question 1, we
presents another essential question:

Question 2: Can we decouple the tasks of LoRA
to improve the performance of LoRA?

To address the aforementioned two questions, we
propose task decoupled LoRA, TD-LoRA, which
is a novel LoRA structure with two branches to ob-
tain domain-specific fine-tuning. We decouple the
tasks of LoRA and improving the performance of
the two tasks separately. Specifically, we introduce
a new branch to LoRA adaption to achieve task
decoupled in LoRA. To achieve the some mem-
ory requirements and comparable computational
costs with LoRA, we utilize the cosine similarity
between original LoRA adaption weight AW and
the pre-training weight W as the approximate pre-
diction. As illustrated in Figure 2.

The contribution of the proposed methods are as
follows:

* We first proposed that fine-tuning process en-
compasses two parameter updating tasks: do-
main inference fine-tuning and content infer-
ence fine-tuning.

* We provide a theoretical proof of the task de-
coupling in LoRA process. Based on this the-
ory, we first analyze LoRA from the perspec-
tive of task decoupling.

_______________________________

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

* We propose a novel LoRA, TD-LoRA, with
two branches to obtain domain-specific fine-
tuning. TD-LoRA has the some memory
requirements and comparable computational
costs with LoRA, and achieve better perfor-
mance on multiple tasks.

2 Related work
2.1 LoRA-based Methods

Compared with full fine-tuning which requires
tremendous computational cost, Low-rank adaption
(LoRA) updates a small number of parameters and
achieve comparable performance. LoRA become a
prevalent strategy for fine-tuning LLMs. Based on
the directions of improvement, we categorize the
LoRA-based methods as follows. 1) (Aghajanyan
et al., 2021; Edalati et al., 2022) focus on finding a
better lower-rank matrix. These methods adjust the
structure of adaption to get an optical LoRA weight.
2) (Valipour et al., 2023; Zhang et al., 2023b) adjust
the rank of LoRA matrix. These methods adjust
the diagonal matrix, indeed they make research
on the a parameter r which represent the rank of
LoRA. 3) (Zi et al., 2023; Zhang et al., 2023a) up-
date pre-training weights according LoRA metric,
that is they train an parameter to adjust the weight
of pre-training weight. 4) (Dettmers et al., 2023;
Xu et al., 2023b) propose quantization techniques
to improve the high precision fine-tuning and infer-
ence of LoRA. 5) (Huang et al., 2023; Liu et al.,
2023) combine multiple LoRA modules for cross-
task transfer.

2.2 Task Decoupling

Task decoupling is a commonly used technique in
computer vision (CV) domain, such as object de-



tection, scene text detection. Outstanding works
used the decoupled features to get the representa-
tion need for CV tasks. CTPN (Tian et al., 2016)
propose three branches to obtain distinct features
to predict score, coordinates and offsets of an-
chors. Faster RCNN (Ren et al., 2015) has two
branches for bounding box regression and classi-
fication. YOLOX (Ge et al., 2021) introduces de-
coupled head to the YOLO family to decoupling
regression and classification. These works demon-
strate the importance of decoupling tasks in CV
domain. However, as mentioned in Section 1, the
task decoupling of fine-tuning PLMs process has
not been studied yet and requires close attention.

3 Theoretical Analysis of Fine-tuning
Tasks

We are interested in the fine-tuning process from
the perspective of downstream tasks. We will
first study fine-tuning components through model
weights, providing a theoretical analysis of the
two tasks of fine-tuning. Then we demonstrate
that LoRA can be divided into two branches to
obtain domain-specific fine-tuning. Finally, we
propose TD-LoRA to realized task decoupling in
fine-tuning process.

3.1 Two Tasks of Fine-tuning Process

To identify the fine-tuning tasks from the perspec-
tive of downstream tasks, we study fine-tuning
through model weights.

Specifically, for a pre-trained model fine-tuned
on single downstream task, the distribution of fine-
tuned model weights W can be represented as fol-
lows:

P(W|X,Y) =

where P(Y|X, W) denotes the W-conditioned
content inference distribution, P(WW]X) denotes

distribution of W given X.
P(Y|X) is independent of W, Eq. 1 is approxi-
mated as:

PW|X,Y)=PY|X,W)P(W|X) 2)

We can observe that the distinction between
model weights in two terms: P(Y|X,W) and

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
downstream tasks, thus P(W|X) is different
across downstream tasks. The optical W on one
downstream tasks do not achieve similar perfor-
mance on other tasks. This answers Question 1.

P(W|X) represents the change of downstream
tasks information, e.g., tasks changes in mathemat-
ics and biomedical. We refer to it as domain in-
ference, as it represents the model's ability to iden-
tify downstream tasks from input X. P(Y|X, W)
stands for the prediction of content Y. We refer
to it as content inference, representing the model's
ability to generate outputs based on the input, fol-

lowing the process of domain inference.
PW|X,Y)=PY|X,W) PW|X)
———— —— 3)

content inference domain inference

Essentially, the fine-tuning process updates two
functions of the model: domain inference and
content inference. The domain inference distribu-
tion undergoes changes across various downstream-
specific datasets during the whole fine-tuning pro-
cess. To achieve domain-specific fine-tuning, we
must decouple these two tasks. Figure 3 shows a
schematic view of fine-tuning process with couples
tasks and decoupled tasks.

3.2 Task Decoupling in LoRA Process

According to Eq. 3, the objective of fine-tuned
model weight W is:

W = argmaxP(W|X,Y)
w
= argmaxP(Y|X,W)P(W|X) 4)
w
= argmaxlog P(Y|X, W) + log P(W|X)
w
where P(Y'|X, W) denotes the fine-tuned model

content inference, P(W|X) denotes the fine-tuned
model domain inference. Eq. 4 suggests that the



model weights are essentially composed of two
parts: content inference and domain inference.

Similarly, we can obtain that the pre-trained
model Wy is:

Wo = argvl‘“r/wuxl:'o(Y|X7 W)Py(W|X)
= argvrvnaXPo(Y|X, W)Py(W|X) ©)
where Py (Y| X, W) denotes the pre-trained model
content inference, Py(W|X) denotes the pre-
trained model domain inference. Py(Y'| X, W) and
Py(W|X) is constant once the pre-trained model
is confirmed.

For a pre-trained model weight W, € R%1 >4
LoRA updates a low-rank matrix weight AW in
fine-tuning process, i.e, W = Wy + AW. Re-
searches (Dai et al., 2023; Garg et al., 2022; Li
et al., 2023) approximate the standard attention to
relaxed linear attention and (Kotha et al., 2023)
demonstrate pre-trained models approach mixture
regression.

Inspired by these works, we hypothesize that
approximate the LoRA fine-tuned model can be
approximately expressed as a combination of linear
regression models:

PYIX, W) = f(WX) = f(WoX) + f(AWX)

= P(Y|X,Wo) + P(Y|X,AW) ©

Wy is frozen in LoRA, P(Y|X,W,) and
Py(Y| X, Wy) are independent of W. Combining
Eq. 4, Eq. 5 and Eq. 6, during the process of fine-
tuning a specific model using LoRA, the objective
of model weight W is obtained by:

W = argmaxP(Y|X, W)P(W|X)
w
= argmax(P(Y|X, Wy) + P(Y|X, AW))P(W|X)
w

PW|X)

= argmaxP (Y| X, Wo)Po(Wo|X) ————
3 (Y] )Po(Wo| )PO(W0|X)

+ argmaxP (Y |X, AW)P(W|X)
w

P(Y|X,Wy) P(W|X)
= argmax 0
w  Po(Y|X,Wy) ~ Po(Wol|X)

7
+ argmaxP (Y| X, AW)P(AW|X) ™
w

P(W|X)
Po(Wol|X)
P(W|X) — Po(Wo|X)
Po(Wo|X)
P(W|X) — Po(Wo|X)
Po(Wo|X)

= argmaxWj + AW
w

=Wo+ AW +

0

= Wo +\A\V’Yl+

content

0

domain

Compared with LoRA, there are three parts in Eq.
7: the pre-trained model weights Wy, the LoRA
weights AW and a new weights associated with

the changes of domain inference. From the per-
spective of the proposed task decoupling, LoRA
only updates the content inference of the model
while disregarding the domain inference.

The original LoRA single branch is not suitable,
as indicated by Eq. 7. To achieve task decoupling
weights updates, a new branch is required to facil-
itate domain inference fine-tuning. Through this
process, domain-specific fine-tuning is achieved.
Eq. 7 answers Question 2 and provides insights
into how decoupling tasks in LoRA can potentially
enhance performance.

3.3 Task Decoupling LoRA (TD-LoRA)

It is an NP-hard problem to find P(WW|X) because
W is a high-dimensional vector with a large num-
ber of parameters. Experiments in (Gueta et al.,
2023) revealed that PLMs fine-tuned on the same
downstream task are clustered together in weights
space. This indicates that the cosine similarity be-
tween weights increases for more similar down-
stream tasks, whereas it decreases for less similar
downstream tasks. The cosine similarity in weight
spaces reflect whether X belongs to downstream
tasks. So we approximate this NP-hard optimiza-
tion objective by the cosine similarity of weights.
The cosine similarity between model weights is
inversely proportional to the change in the domain
inference.

In TD-LoRA, the trainable low-rank matrix
AWrp is divided into two parts to decouple tasks:

AWrp = AW, + AWy (®)

where AW, performs the content inference fine-
tuning, AW, performs the domain inference fine-
tuning.

To achieve the some memory requirements and
comparable computational costs with LoRA, we
utilize the cosine similarity between LoRA updates
weights W and the pre-training weight W as the
approximate prediction of domain inference.

AWp = —cos(Wo, AW) W, ©)

where the negative value of cosine similarity is

attributed to the negative correlation between the
cosine similarity of weights and the domain change,
as we analyzed above.

This finding is supported by the experiments in
(Kotha et al., 2023). It observed that the generated
content of pre-trained models for similar tasks are
most influenced by downstream tasks, while dis-
similar tasks are less affected by downstream tasks.



Algorithm 1 TD-LoRA

Input: r: low rank; «: scale factor, 7"
the total number of training epochs, Wj:
model parameters, A: low-rank metric, B:
low-rank metric, 7: the global learning rate,
X: fine-tuning dataset {(z1,%1),.., (Tn,yn)}-

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

2: for epoch=1,2,...,T do

3:  for (z,y) € X do

4 p + Wox + BA

5: A<+ A—7Vallp,y)

6: B+ B —1V3gl(p,y)

7: AWy + —cos(Wy, Wy + BA)W,

8 AW, + BA

9: W« Wy + aAW,. + a AWy
10:  end for
11: end for

Output: A,B

This demonstrates the inverse relationship between
cosine similarity of weights and domain changes.

In Section 4.3.1, we compared cosine similarity
with random matrix, additional trainable matrix and
mixture methods. With cosine similarity, the mem-
ory requirements of TD-LoRA is some as LoRA,
we only need to increase few computational costs
to cover the cosine calculation between two ma-
trices W € R%*42_ Table 3 shows the additional
computational costs.

Algorithm 1 shows the details of TD-LoRA.
Intuitively, in the direction of downstream tasks,
the cosine similarity between Wy and W is large,
whereas in the direction of non-downstream tasks,
the cosine similarity between the Wy and W is
small. Therefore, cosine similarity can be used
to approximate the inference process of domain
inference.

Finally, the overall weight updates of the pro-
posed TD-LoRA can be expressed as:

W = Wy + BA — cos(Wy, Wo + BA)W) (10)

4 Experiments

In this section, we compare TD-LoRA with full
fine-tuning and prior works of Prefix-tuning, LORA,
AdaLoRA. Our experiments cover natural language
understanding tasks, natural language generation
tasks and LLMs instruction tuning. Specifically,
we fine-tuning RoOBERTa-base and RoBERTa-large

(Liu et al., 2019) on the General Language Under-
standing Evaluation (GLUE) benchmark (Wang
et al., 2019), GPT-2 Medium (Radford et al.,
2019) on E2E NLG Challenge benchmarks (E2E),
LLaMA-7B and LLaMA2-7B on MMLU bench-
mark (Hendrycks et al., 2021). The pre-trained
models are download from HuggingFace. We con-
duct the experiments on NVIDIA GeForce RTX
3090 GPU with 24GB memory.

4.1 Experimental Settings

Baseline. We compare TD-LoRA with the follow-
ing methods:

* Full fine-tuning (Full FT) of PLMs involves
training the entire model, including all layers
and parameters. It is an effective methods for
PLMs to adapt to downstream tasks. FTTP2
is a common variant that update the last two
layers while freezing others.

Prefix-tuning (Prefix) append a learnable vec-
tor P = [Py], [P2],, [P)] to the hidden states
of the multi-head attention layer. Prefix-
tuning enables the use of different prefixes
for various downstream tasks.

* LoRA is the most common approach for
PLMs. LoRA freezes the pre-trained weights
Wy and the update weights AW is low-rank
decomposition matrices A and B. We re-
produced LoRA, since several results on the
GLUE development set were missed. To en-
sure a fair comparison, we initialize the model
to the pre-trained model on all tasks.

* AdalLoRA extends LoRA by dynamically ad-
justing the rank r according to importance of
modules. AdalLoRA parameterizes the incre-
mental updates in the form of singular value
decomposition. AdalL.oRA adaptively allo-
cates the parameter budget among weight ma-
trices according to their importance score.

Models and Datasets. We conduct extensive exper-
iments on multiple pre-trained models and bench-
marks.

* GLUE Benchmark consists of 8 natural lan-
guage understanding tasks. These tasks en-
compass a range of challenges, including
single-sentence classification, pairwise text
classification, and regression. Following
most previous PEFT works (Hu et al., 2022;



CoLA | SST-2 MRPC STS-B QQP NNLI | QNLI | RTE

Methods #TPs Acc Acc Acc/F1 P/S Acc/F1 Acc Acc Acc

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
AdalLoRA 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
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

o 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 RoOBERTa-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; Xu
et al., 2023a), we employ RoBERTa-base and
RoBERTa-large as backbone model.

* E2E NLG Challenge benchmarks is a com-
mon used benchmark for NLG models, such
as GPT-2. It consists of 42,000 training, 4,600
validation, and 4,600 test examples from the
restaurant domain. We fine-tuning GPT-2
Medium on E2E to demonstrate that TD-
LoRA still performs better on NLG tasks and
NLG models.

* MMLU benchmark (MMLU) is widely used
as a benchmarks for LLMs evaluation. It cov-
ers 57 tasks including science, humanities,
econometric and more. Alpaca dataset (Taori
et al., 2023) consists of 52,000 instructions
and demonstrations generated by OpenAl's
text-davinci-003 engine. It is a popular in-
struction tuning dataset for LLMs. We down-
load Alpaca dataset from HuggingF ace and
fine-tuned LLaMA-7B, LLaMA2-7B. We
evaluate the fine-tuned model on MMLU to
compare the performance of TD-LoRA and
LoRA.

Implementation Details. We propose a task de-
coupling PEFT based on LoRA. TD-LoRA employ
cosine similarity to approximate the domain infer-
ence function. The trainable parameters are the
same as in LoRA. Therefore, we mainly compare
the performance of TD-LoRA and LoRA under
the same experimental setup. In GLUE benchmark
experiments, we use the experimental setup from
(Hu et al., 2022). In the E2E benchmark experi-
ments, we also use the experimental setup from

(Hu et al., 2022). In instruction tuning experiments,
we use the some experimental setup for TD-LoRA
and LoRA. We set the learning rate 10~%, epochs
3, batch size 128, LoRA rank 8, LoRA alpha 16,
LoRA trainable matrices [, V]. In the ablation
study, we conduct experiments on RoBERTa-large
and LLaMA-7B. The downstream task is RTE. The
experimental setup is the some as experiments in
GLUE benchmark. Without loss of generality, the
training settings of experiments similar to those
of LoRA. LLaMA is the most commonly used
open-source large language model. We fine-tuning
LLaMA to further demonstrate the effectiveness of
TD-LoRA on LLMs.

4.2 Results
4.2.1 GLUE Benchmark

We first conduct an evaluation on GLUE bench-
mark, a widely recognized benchmark for PEFT
methods. Similarly to LoRA, we apply RoBERTa-
base and RoBERTa-large as backbones. We initial-
ize the model to the pre-trained model on all tasks
and reproduced LoRA results using some training
settings to obtain several missing results in paper.

Table 1 shows experimental results on the GLUE
development set. The results indicate that TD-
LoRA outperforms LoRA and other representa-
tive fine-tuning methods in more than half of the
tasks, and it ranks in the top 2 of all tasks. This
demonstrates the effectiveness of the proposed task
decoupling algorithm.

4.2.2 E2E Benchmark

GPT-2 Medium is the 355M parameter version of
GPT-2, a transformer-based language model. We



E2E NLG Challenge
Model & Method #TPs | BLEU NIST MET ROUGE.L CIDEr
GPT-2 M (FT) 35490M | 682 8.62 462 71.0 247
GPT-2M (FT™?) | 25.19M | 68.1 859 460 70.8 2.41
GPT-2 M (LoRA) 035M | 68.69 8.65 4637 7112 2.48
GPT-2M (TD-LoRA) | 035M | 69.93 8.80 4659  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 FTTP? 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 evaluate
the performance of TD-LoRA on NLG models.
We use the experimental setup provided by (Hu
et al., 2022) both for LoRA and TD-LoRA. Table
2 shows TD-LoRA performs better than LoRA for
all metrics. This indicates TD-LoRA also also
performs effectively with transformer-based NLG
models.

4.2.3 Instruction Tuning

RoBERTa-base (125M), RoBERTa-large (355M)
and GPT-2 M (354.92M) are relative small models.
LLaMA is the widely used open-source large lau-
guage model. We apply LLaMA-7B and LLaMA2-
7B for instruction tuning and perform fine-tuning
using both LoRA and TD-LoRA. We apply LoRA
and TD-LoRA on all 32 LLaMA decoder layers.
We choose Alpaca datasets as fine-tuning dataset.
This dataset is used to conduct instruction-tuning
for LLMs, making LL.Ms follow instruction bet-
ter. We evaluate the fine-tuned models on MMLU
benchmarks. Results are shown in Table 4.

To calculate the additional computational costs
of TD-LoRA, we compute the total FLOPs of the
fine-tuning process of LLaMA, shown in Table
3. The additional computational costs are relative
small.

4.3 Ablation Study
4.3.1 Domain Inference Methods

TD-LoRA appends a branch for domain inference
task and employs cosine similarity to accomplish
the domain inference task. We conducted experi-
ments to explore different method on the domain
inference branch. We compare the performance of
various methods: cosine similarity, random matrix,
additional trainable matrix and mixture of LoRA
and TD-LoRA.

Table 5 shows the results of these methods. Com-
pared to random matrix, additional trainable matrix
and mixture methods, cosine similarity achieved

~ LoRA
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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-
ity more effectively approximate domain changes
in fine-tuning process.

4.3.2 Optimization Process

To illustrate the detailed process of fine-tuning
pre-trained model using TD-LoRA, we fine-tuned
LLaMA-7b on the Alpaca dataset. We recorded
the train loss value every 10 steps and recorded the
evaluation loss values every 200 steps. We show
the loss curves in Figure 4.

It can be observed that the train loss of TD-LoRA
is very close to that of LoRA, but the evaluation
loss of TD-LoRA is smaller than that of LoRA and
decreases faster. This indicates that during training
process, TD-LoRA is better able to capture differ-
ent optimization directions for different domains,
rather than simply fitting the training data. LoRA
couple the domain inference and content inference
updates. It appears that LoRA is exhibiting charac-
teristics of overfitting to the training data.



Model PEFT Method | Epoch FLOPs (TFLOPs) Training Times (min)
LoRA 3 1345015.310 466 min
LLaMA-7B TD-LoRA 3 1345028.006(1 0.001%) 486 min(T 4.3%)
LoRA 3 1351931.086 234 min
LLaMA2-7B TD-LoRA 3 1351972.977(1 0.003%) 245 min(1 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
Non oM 35.23
LLaMA-7B LoRA 4.19M 35.54
TD-LoRA 4.19M 36.41
Non oM 45.30
LLaMA2-7B 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 AICQE(I;%)
Non OM 85.56
Random oM 52.71
Trainable 0.8M 85.92
Cosine OM 87.00
Non + Cosine oM 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 Performance

The optimization process of TD-LoRA is the
domain-specific fine-tuning. To shown TD-LoRA
obtain better domain-specific fine-tuning, we eval-
uate the cross domain performance of TD-LoRA.
We fine-tuned RoBERTa-large with LoRA and TD-
LoRA on RTE tasks, and evaluated the perfor-
mance of the fine-tuned models on four additional
tasks in GLUE. Similarly, we fine-tuned LLaMA-
7B on the Alpaca dataset and evaluated the per-
formance of the fine-tuned models on four tasks
across different domains in MMLU.

The results are shown in Figure 5. TD-LoRA
achieve better cross domain performance than
LoRA. The results demonstrate the effectiveness
of task decoupling operation.
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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

The performance of the LoRA-based method with
the same structure is significantly influenced by
downstream tasks. We first analyze the fine-tuning
process from the perspective of downstream tasks.
We provide an theoretical proof that fine-tuning
process encompasses two parameter updating tasks:
domain inference fine-tuning and content inference
fine-tuning. We first analysis task decoupling in
LoRA process and provide a theoretical proof that
LoRA also can be decoupled. Based on this the-
ory, we analyze LoRA from the view of task de-
coupling and propose TD-LoRA. TD-LoRA has
two branches to obtain domain-specific fine-tuning.
We apply cosine similarity to approximate domain
inference task, thus achieve some memory require-
ments and comparable computational costs with
LoRA. Extensive experiments demonstrate the ef-
fectiveness of TD-LoRA. In the future, a more
optimal function to approximate domain inference
is worth researching on.



6 Limitations

It is an NP-hard problem to find P(W|X) because
W is a high-dimensional vector with a large num-
ber of parameters. We employ cosine similarity
between LoRA updates weights and pre-trained
weights to approximate domain inference. This
lacks a certain level of accuracy. A more accurate
domain inference requires further research. Due
to limitations in computational resources, we did
not conduct experiments on larger models such as
LLaMA-13B or LLaMA-70b. The effectiveness of
TD-LoRA on bigger LLMs remains to be verified.
However, this is precisely the significance of our
research on PEFT methods.
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