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Abstract

Fine-tuning Large Language Models (LLMs)
via Parameter-Efficient Fine-Tuning (PEFT)
has become the standard for adapting general-
purpose models to specialized downstream
tasks. Among these, Low-Rank Adaptation
(LoRA) is widely adopted for its ability to re-
duce trainable parameters by utilizing a low-
rank decomposition of weight updates. How-
ever, as the demand for deploying thousands of
task-specific adapters on resource-constrained
edge devices grows, the storage and memory
overhead of standard LoRA remains a critical
bottleneck. In this study, we propose Relayed
LoRA, a novel algorithm designed to push the
boundaries of parameter efficiency. Our ap-
proach introduces a secondary, "relayed" de-
composition of the two standard LoRA ma-
trices (A and B) into a quad-matrix structure
(A1, A, By, Bs). By leveraging a fixed struc-
tural mapping, we decouple the representa-
tional rank from the total number of trainable
parameters, enabling the system to maintain
a high-rank update while significantly reduc-
ing the parameter footprint—often by an order
of magnitude. Empirical evaluations on the
GLUE benchmark and a clinical dementia lan-
guage dataset demonstrate that Relayed LoRA
achieves performance comparable to standard
LoRA while utilizing substantially fewer pa-
rameters. Our results suggest that Relayed
LoRA provides a scalable and efficient frame-
work for large-scale multi-task deployment, of-
fering a new paradigm for extreme parameter-
efficient fine-tuning in memory-sensitive envi-
ronments.

1 Introduction

While LLMs are powerful for general purpose ap-
plications, they often need fine-tuning to suit to
specific purpose tasks. In this process, PEFT of-
fers a computationally efficient way of re-training
an LLM (Hu et al., 2023; Han et al., 2024; Run-
wal et al., 2025). Among the PEFT techniques,

LoRA is widely used for it offering large savings
in the number of trainable parameters and good
performance (Hu et al., 2022; Lin et al., 2024). Ex-
periments show that in some cases, LORA can even
achieve better performance than tuning all the pa-
rameters of a model (Mao et al., 2025). The basic
setup of LoRA is to approximate a large matrix
by the multiplication of two small matrices with
a rank lower than that of the large matrix. This
results in fewer parameters to train and leads to
a low computational cost. The phenomenon of a
low rank update in transfer learning has been no-
ticed by researchers for some time. It has been
shown that when an LLM is trained long enough,
changes to its parameters somehow become a low
rank update (Aghajanyan et al., 2021). Later on,
the effectiveness of LoRA in terms of its expressive
power has been proved by Zeng and Lee (2023),
providing mathematical evidence for its success.

Although LoRA dramatically reduces the num-
ber of parameters needed for fine-tuning an LL.M,
sometimes that number may still be too large, espe-
cially for edge devices. Researchers have proposed
modifications to LoRA from various aspects (Gao
et al., 2024; Liu et al., 2024; Tian et al., 2024,
Babakniya et al., 2023; Qi et al., 2024). One cost
or side effect of LoRA is that it introduces a longer
computational path. To alleviate the problems asso-
ciated with this long computational path, Shi et al.
introduced a residual path in training LoRA (Shi
et al., 2024). Their results indicate that the residual
path leads to more efficient training. LoRA has also
been integrated with quantization to further reduce
the footprint of an LLLM in implementation (Qin
et al., 2024; Xu et al., 2023; Li et al., 2023).

In this work, we proposed a Relayed LoRA ap-
proach to further reduce the number of trainable
parameters. In the standard LoRA, a large to-be-
tuned parameter matrix AW is approximated by
the multiplication of two smaller matrices, denoted
as A and B, which are of lower rank than the large



matrix. With an approximate choice of the ranks
of A and B, their multiplication can approximate
AW . In the Relayed LoRA, we propose to fur-
ther express A and B as the multiplication of four
smaller matrices, denoted as A1, Ay, By, and Bs,
so the four small matrices together use even fewer
parameters than A and B would use. In our frame-
work, only the four small matrices are trained, and
they are used to create matrices A and B. Then A
and B are multiplied to create AW. In other words,
A and B are no longer trainable in Relayed LoRA,
instead, they just serve the purpose of passing the
parameters in Ay, As, By, and By to AW.

In this work, we proposed a new LoRA method
that further reduces the number of parameters re-
quired in the standard LoRA. The main contribu-
tion of our work is that we proposed a relayed low
rank adaptation method. The proposed Relayed
LoRA method further reduces the number of train-
able parameters required in the standard LoRA. In
Relayed LoRA, the two low rank matrices used
in the standard LoRA are decomposed into four
smaller matrices to save on parameters. In training
an LLM, only the four small matrices are updated.
Their multiplication results are passed to the two
large matrices in standard LoRA. The two large
matrices, however, do not get trained. They only
function as relay stations to pass the updates from
the four small matrices to the trainable layers of an
LLM. Hence, the new approach is termed Relayed
LoRA. Because now only the four small matrices
contain trainable parameters, the relay process sub-
stantially reduces the number of parameters. Ex-
periments in this work show that Relayed LoRA
can save up to 80% of the parameter compared to
standard LoRA. Theoretically, more savings are
possible when the number of parameters in the
standard LoRA is even larger.

The novelty of our work lies in the significant fur-
ther reduction of trainable parameters achieved by
Relayed LoRA. Built upon standard LoRA, which
directly applies low-rank adaptation through two
trainable matrices A and B, Relayed LoRA takes a
step further by decomposing each of these matrices
into two smaller components, effectively creating
a cascaded low-rank adaptation pathway, allowing
greater greater parameter efficiency.

2 Related Work

Since the introduction of LoRA, many works have
been presented to further enhance the training pro-

cess or apply it to different types of model con-
figuration, such as federated learning (Cho et al.,
2024; Wu et al., 2024b; Yang et al., 2024). In im-
proving the training process, Valipour et al. (2022)
proposed a DyLoRA method that was shown to
speed up the training by four to seven times than
the standard LoRA. Other modifications include
ReLoRA by Lialin et al. (2023) in which the LoRA
process was repeated several times in implemen-
tation. The essence of LoRA is to use low-rank
matrices to approximate a large matrix. LoRA
can be implemented for different layers of a large
model and as such, the ranks of the small matri-
ces can be set unequal, as proposed in AdaLoRA
by Zhang et al. (2023). LoRA has also been com-
bined with other techniques in implementation. For
example, Dettmers et al. (2023) proposed QLoRA
to integrate LORA with quantization in facilitate
the training of LLMs on devices with limited mem-
ory. Xia et al. (2024) designed multi-task LL.M
quantization and using multiple LoRA adaptors to
achieve memory-efficient serving. Gao et al. (2024)
presented a FashingGPT model which involves fine-
tuning multiple independent LoR A-adapters to cre-
ate a versatile LLM. In the standard LoRA, the
two matrices A and B are updated with the same
learning rate. Researchers have shown that this
equal learning rate may lead to sub-optimal perfor-
mance for LLMs when its embedding dimension
is large and proposed a LoRA+ method, which up-
dates A and B with different paces (Hayou et al.,
2024). Though LoRA effectively reduces the num-
ber of trainable parameters, it may suffer from low
serving efficiency. Wu et al. (2024a) proposed a
dLoRA, which stands for dynamic LoRA, method
that obtains high serving efficiency by dynamically
orchestrating requests and LoRA adapters. Be-
yond saving trainable parameters, LoRA has been
shown to exhibit a good capability to accommo-
date additional requirements by users. For exam-
ple, there were reports that fine-tuning of an LLM
may increase the risk that the model will generate
malicious output (Huang et al., 2024a,b). Yet, it
was shown that by patching some simple codes in
LoRA, such risk can be reduced (Hsu et al., 2024).

3 Method

3.1 Brief Review of Standard LoRA

LoRA leverages low-rank matrix decomposition to
update the pre-trained weights, with the primary
goal of substantially reducing the number of train-



able parameters. In LoRA, the updated parameter
matrix is regarded as the original pre-trained param-
eter matrix, which is frozen, plus an incremental
matrix AW, that is

W =Wy + AW (1)

where IV represents the updated matrix, Wy repre-
sents the original pre-trained parameter matrix, and
AW represents the parameter incremental matrix.
LoRA operates on the assumption that the update
matrix possesses a low "intrinsic rank" r, where
r < d, and d is the dimension of W. Here, for
the purpose of discussion, we assume that W is
a square matrix of size d x d, but note that the
proposed method and the discussion are equally
applicable to W if it is not a square matrix. LoORA
decomposes the parameter increment matrix AW
into two low-rank matrices A and B to approxi-
mate it while significantly reducing the amount of
trainable parameters. When LoRA is applied to
a large language model based on the transformer
architecture, the parameter matrix of the original
pre-trained model is frozen so it does not partic-
ipate in the parameter update. At the same time,
matrices A and B of LoRA are trained to perform
low-rank adaptation. In this way, LoRA divides the
propagation path into two paths, one is the result of
the pre-trained parameters, that is, the output result
of the original model; the other is the result of the
low-rank matrix adaptation. Then the two results
are added together to obtain the final training result,

Wz =Wyx + (AB)zx. (2)

While in theory, the LoRA approach can be applied
to any layers or modules of a large model, accord-
ing to Hu et al. (2022), for an LLM using Trans-
former, applying the LoORA method to the query
and value matrices of the self-attention module
achieves the best results. According to the exper-
iments in (Hu et al., 2022), the LoRA fine-tuning
technology can improve the effect of the model
by updating a small number of model parameters
for different downstream tasks while maintaining
the effect of the original model. Experimental re-
sults show that in the process of model fine-tuning,
selecting a very low rank can well fit the original
parameter matrix and update the parameters for a
small number of features.

3.2 Our Method — Relayed LoRA

In Relayed LoRA, we propose that the A and B
matrix in the standard LoRA method can be fur-

ther decomposed. In the proposed Relayed LoRA
method, matrices A and B are further decomposed
as A = A; x Ay and B = By x By of which
A1, A, By, and By are of smaller sizes than A
and B. For an original parameter matrix W of
size (Rw,Cw ), we assume that matrix A takes
the size of (Ry, ) where r is generally a much
smaller number than Ry and Cyyy. Similarly, we
assume that matrix B has the size of (r, Cyy). The
number of elements in A is Ry X r and in B is
r x Cy. Take A for example, we compute the
smallest integer d 4 that is larger than the squared
root of Ry x r such that

da = [VRw x 7). 3)

The smaller matrices A7 and Ao are then defined
with dimensions (d 4, k) and (k, d4), respectively,
where k is a user-specified hyperparameter. It can
be seen that A; x Ao will give a square matrix
Asquare such that

Asquare = Al X AQ (4)

whose size is (da,d4). We then populate A by
extracting the first Ry x 7 elements of Aggyqre.
Since Agquare typically contains more elements
than A, the surplus elements are disregarded and do
not participate in subsequent computations. In this
step, it is important that we always assign the same
elements from Aggyqre to fill into A, while we are
free to choose whether we assign the first Ry X r
elements or last Ry x r elements of Aggyqre OF
by some other manners to A, as long as we are
consistent in selecting the elements to fill into A.
Similarly, we set

dB = [\/’I” X CW-‘. (5)

and compute two small matrices By and By with
sizes of (dp, k) and (k, dp), respectively. And we
can obtain a square matrix Bgyqre Such that

Bsquare = Bl X B2 (6)

whose size is (dp,dp). We then extract the first
r x Cy elements from Bjgyqre to fill into B and
leave extra elements in Bggyare, if any, unused.
Figure 1 shows the process of Relayed LoRA.
For the purpose of description, we assume that
the big matrix AW is of size (Rw,Cw). We
also assume that the rank of matrices A and B
is 7. So we have A of size (Ryw,r) and B of
size (r, Cy). Up to this point, the procedure is
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Figure 1: In the Relayed LoRA setup, (a) shows how a large parameter matrix AW is conceptually obtained by the
multiplication of matrices A and B. (b) uses A for illustration to show that it is computed by the multiplication of
two smaller matrices A; and Aj to create matrix A;qyqre and then the correct number of elements in Asgyqrc are
selected to fill into A in (a). As the elements in A may not happen to be a square number, some elements are left
unused (grayed area). The procedure for calculating B is the same.

the same as in the standard LoRA, Figure 1(a).
Here note that in Relayed LoRA, A and B are not
trained. Instead, we further decompose them by
the multiplication of even smaller matrices. The
procedure for decomposing A is shown in Fig-
ure 1(b). We first build a blank Aqyqre Which is
the smallest square matrix that can contain the num-
ber of parameters of A, that is Asyqure is of size
([v/Rw x r], [v/Rw x r]). We then set and train
two smaller matrices A; of size ([/Rw x r|, k)
and Ay of size (k, [v/Rw x r]) to obtain Agguare.
At this step, the Agyqure We obtain will generally
have more parameters than A has. So we select
the first Ry x r parameters of Asqyqre to fill into
A and leave the remaining parameters unused, as
indicated by the gray boxes in the figure. In this
procedure, matrix A serves as a relay station and
is not get trained. Hence we call A a relay ma-
trix. The procedure for decomposing B into B;
and B> is not shown as it is similar. The number of
trainable parameters is now the sum of parameters
in Ay, Ao, By, and Bs. This is a further reduction
from the trainable parameters required in the stan-
dard LoRA.

Now, given A and B obtained from the above
steps, we then follow the steps of the standard
LoRA to build matrix AW. In Relayed LoRA,
only the four small matrices Ay, As, By, and Bo
are trained, while Agguare, Bsquare and A, B are
just placeholders and do not get trained. In other
words, Agsquares Bsquare, A, and B serve as re-

lay stations by passing the trainable parameters of
Ay, Ao, By, and Bs. In the procedure of relay, ma-
trix mapping is carried out from Agqyqre to A and
from Bggyare to B. The mapping is from a square
matrix to a rectangle matrix, as illustrated in Fig-
ure 2, in which we assume that Aggqyre is of size
4 x 4 and A of 7 x 2. The mapping from Aqqure
to A is represented by the matched color codes in
the figure. Since Aquqare has more elements than
A, the last several elements are simply left unused.
The mapping from Bjgyare to B is similar. Here
we note that the mapping can take other patterns,
as long as the pattern is consistent during the train-
ing process of Relayed LoRA, it will not affect the
performance of the method. After obtaining A and
B, the rest steps is the same as in standard LoRA.

In Relayed LoRA, each matrix is calculated as
follows.

Wo+ AW =Wy + AB (7

in which
A = A; x A (®)
B = Bjx Bs. )

The number of trainable parameters depends on
Ry, Cw,r, and k. The total number of trainable
parameters in Relayed LoRA is

Npew = 2daxk+2dp xk

= 2]V Rw xrlk+2[Vrx Cwylk

(10)
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Figure 2: Illustration of the mapping from matrix
Asquare to A. 'We use matched color codes to illus-
trate the mapping from locations in Agqyqre to A. The
two extra elements in Agqyqre are left unused (gray).

while in the standard LoRA, the total number
Ngtandard Of trainable parameter is

1D

Nstandard = RW xXr+ CW XT.

It can be seen that V., is smaller than Ng;undard
as long as r and k are considerably smaller than
Ry and Cyy, which is often the case in reality.
The dimensions of each matrix are summarized in
Table 1. In the initialization of the standard LoRA,
one of matrices A and B, e.g., B is set to zero. In
the initialization of Relayed LoRA, we similarly
set By to zero so that Bggyare and hence B will be
zero at first iteration.

Matrix Dimensions

Original AW (Rw, Cw)

Relay matrix A (Rw, )

Relay matrix B (r, Cy)

Asquare ((\/RW X ’I"—|, [\/RW X T-I)
Bsqum‘e ((\/CW X 7”‘—|7 [\/CW X 7:|)
Small A, ([VRw xr],k)

Small A2 (k, ’—\/ RW X T—‘)

Small By ([vVCw x 1], k)

Small By (k, [vCw x1])

Table 1: Dimensions of matrices in Relayed LoRA.

3.3 Theoretical insight into parameter savings
in Relayed LoRA

To ensure the resulting product aligns with the re-
quired dimensions of the base model (d x ), we
employ a Fixed Structural Mapping (®) scheme.
Rather than using random projections, ® acts as a
deterministic indexing function that reshapes the
quad-matrix product. By keeping & static during

training, we preserve the differentiability of the sys-
tem, allowing gradients to flow seamlessly from the
objective function through the intermediate product
to the trainable quad-matrices.

In this work, we choose to decompose each ma-
trix A and B into two small square matrices, A
and Ao, and Bj and Bs. The reason of decompos-
ing A and B into the multiplication of two square
matrices is to train as few trainable parameters as
possible. It can be proved that when a large matrix
is decomposed into two square matrices, the total
number of elements in the two square matrices is
smaller than any other kinds of decomposition. In
other words, such a decomposition is the most ef-
ficient one. In this work, we decompose A and B
separately, thus we have four small trainable matri-
ces. We can also consider A and B together as one
big matrix such that C = A @ BT where @ stands
for concatenation and superscript 71" is transpose.

Relayed LoRA is designed to yield further sav-
ings in parameters for LoRA-kind approach. Com-
paring Eq. (10) to (11), it can be seen that the sav-
ing is proportionally larger for bigger Ry and Cyy .
Mathematically, this can be proved by comparing
the corresponding terms of Eq. (10) with those of
Eq. (11). For example, for the terms involving Ry,
it is 2[v/Rw x r]k in Eq. (10) and Ry x r in
Eq. (11). The savings in percentage of the number
of parameters is

o 2VBRwxrlk 2% %)
N - \/war o/
(12)

RW Xr

As k is usually a much smaller number than Ry,
it can be seen that the saving is more significant for
large Ry, and r. The same proof can be derived
for the terms involving Cyy. Here we note that
in theory, k can be set to one to give the highest
savings in parameters. Nevertheless, it can be set
to greater than one to give the small matrices more
expression power.

4 Experiments

4.1 Implementation

All the experiments were conducted on a worksta-
tion equipped with an NVIDIA RTX4090D GPU
with 24 GB of memory and CUDA 2.1. The codes
were implemented in Python 3.0. We used AdamW
for optimizer. We did not use warm-up ratio and
learning rate schedule.

In this work, we used RoBERTa base, DeBERTa
base, and RoBERTa large models as the backbone



LLMs (Liu et al., 2019). Experiments were set up
in the same configuration of Hu et al. (2022). When
applying LoRA fine-tuning, we only focused on the
query and value layers of the self-attention module
of the Transformer and froze the parameters of all
layers except the classification head to ensure that
only the LoRA part is involved in training.

4.2 GLUE data and results

We first evaluate Relayed LoRA on the GLUE
benchmark, a collection of datasets developed by
multiple institutions to assess natural language un-
derstanding capabilities (Wang et al., 2018). GLUE
contains several NLU tasks performed in English,
including sentiment analysis, natural language in-
ference, and semantic similarity. Due to computa-
tional constraints, we selected a subset of GLUE
tasks with smaller dataset sizes for our experiments.
Information about the data is given in Table 2. All
the tasks are binary classification, except for STS-
B, whose task is regression over seven degrees of
semantic similarity, i.e., a seven-category classifi-
cation task. In training the LLMs, learning rate was
set to 4e-4 for CoLA, MRPC, and STS-B data and
5e-4 for RTE and SST-2 data. For the first exper-
iment, we set both r and k to eight and evaluated
Relayed LoRA on the GLUE datasets. The test
results are shown in Table 3. As shown in our re-
sults, setting » = 8 and £ = 8 leads to a substantial
reduction in the number of trainable parameters
for each LLM. For the RoOBERTa base model, the
number of parameters was reduced from 294,912
for standard LoRA to 60,672 for Relayed LoRA,
representing a 79.5% reduction. The performance
of Relayed LoRA was very close to that of the
standard LoRA across all the datasets. For most
datasets such as QNLI, SST-2, QQP and STS-B,
the performance of Relayed LoRA was within one
percentage point to that of the standard LoRA. As
shown in Table 3, a divergence is observed in the
RTE dataset (69.2% vs. 83.1% in standard LoRA).
We hypothesize that this is not a limitation of the
quad-matrix architecture, but rather a sensitivity
to the gradient sparsity inherent in extreme com-
pression. In low-resource settings like RTE, the
restricted optimization landscape of Relayed LoRA
requires more sophisticated learning rate schedul-
ing. Future work will explore whether dynamic
rank allocation can mitigate this bottleneck.

For the DeBERTa base model, the number of
parameters for the standard LoRA was 442,368
and 91,008 for Relayed LoRA. The savings in pa-

rameters were 79.4%, similar to that of ROBERTa
base model. The performance of Relayed LoRA
was also very close to that of the standard LoRA.
For example, the accuracy of the standard LoRA
on QNLI was 50.5%, while Relayed LoRA had
almost the same accuracy of 50.1%.

For the RoBERTa large model, the savings in pa-
rameters was 82.2%, 139,776 trainable parameters
for Relayed LoRA versus 786,432 trainable param-
eters for standard LoRA. For the RoBERTa large
model, there are cases that the performance of Re-
layed LoRA was a few percentage lower than that
of standard LoRA. This was more obvious for the
RTE dataset, for which the standard LoRA had an
accuracy of 83.1% while Relayed LoRA’s accuracy
as 69.2%. Similar observation can be made about
the STS-B dataset. This performance gap may be
attributed to the relatively small size of the RTE
and STS-B datasets, which might have provided in-
sufficient training data for Relayed LoRA. So from
the above experiments, we observed that Relayed
LoRA offered a large saving in trainable parame-
ters while attaining approximately the same perfor-
mance as the standard LoRA for most datasets and
LLMs we tested.

To assess how Relayed LoRA behaves during
training, we plotted the training and validation
losses in Figure 3. It is seen that in this case, Re-
layed LoRA had similar training and validation
losses as the standard LoRA.

Figure 3: (a), training loss and (b), validation loss of
Relayed LoRA and standard LoRA, with RoBERTa base
as the backbone model.

Next, to assess how Relayed LoRA performs for
different k, we used MRPC as a test bed. We chose
RoBERTa base as the backbone model and set r to
64 and let k& change from 4 to 32. For comparison,
the standard LoRA had 6,291,456 trainable param-
eters and obtained an F1 score of 90.5 and accuracy
of 87.1%. The results of Relayed LoRA are plotted
in Figure 4. In the plot, the savings in parameters
were calculated as the number of parameters in Re-
layed LoRA over that in the standard LoRA. From



dataset Task Evaluation metrics Data size
QNLI Question natural language inference Accuracy 100,000
SST-2  Sentiment analysis Accuracy 67,000
QQP Quora question pairs F1 score, accuracy 400,000
MRPC  Synonym detection F1 score, accuracy 3,700
MNLI  Multi-genre natural language inference  Accuracy 433,000
RTE Text entailment Accuracy 2,000
CoLA  Grammatical correctness Matthew’s correlation coefficient 900
STS-B  Semantic similarity Pearson correlation coefficient 5,700
Table 2: GLUE datasets used in this work.
Trainable
Model PEFT QNLI | SST-2 | QQP | MRPC | MNLIm | MNLImm | RTE | CoLA | STS-B*
parameters

82%7 | 70.3%] 88.1%/

Rot]ifseRTa LoRA 204912 | 512% | 498% | 20er | sseq | 557% 85.5% 489% | 542% | ‘oo

Relayed T7.7%7 | 67.3%] 87.1%/

LoRA 60672 | 50.1% | 493% | soce | ss7q | 859% 85.4% 50.8% | S0.8% | ‘e cor

19.3%7 | 67.4%] 90.4%7

DegieRTa LoRA 442368 | 50.5% | 49.6% | (oq | ssqq | 89-5% 89.5% 54.1% | 67.1% | o oo

‘ Relayed 19.6%7 | 70.1%/ 86.9%/

oRA 91,008 | 50.1% | 498% | oo'ior | sgaqo | 556% 88.7% 487% | 65.1% | ‘ox o

21.0% | 90.3%] 89.9%/

ROIErEgl:Ta LoRA 786432 | 504% | 504% | seo | sege | ST1% 86.5% 83.1% | 603% | ‘go oo

Relayed T43%7 | 86.1%/ 70.3%/

LoRA 139.776 | 50.7% | 482% | Liua | soaq | 78:8% 79.9% 692% | 598% | e

Table 3: Test results on using » = 8 and k = 8. Performance measured in single metrics was accuracy. Performance
measured in two metrics were F1 score and accuracy. *STS-B’s performance was measured in Pearson correlation

coefficient and Spearman correlation coefficient.

the plots it is seen that as k became large, the per-
formance of Relayed LoRA increased, though it
appeared to plateau when k reached 32 for r = 64.
As expected, for smaller &, the savings in trainable
parameters is more prominent. However, even for
large k such as 32, the savings in parameters are
still significant as Relayed LoRA used only about
25% of the parameters as the standard LoRA.

100% 100%
80% 80%
60% 60%
40% 40%

20% / 20%
% 0%

—o=3% of parameters in Relayed LoRA over standard LoRA =o="% of parameters in Relayed LoRA over standard
Relayed LoRA 1 score

Standard LoRA F1 score

@) (b)

LoRA
Relayed LoRA accuracy

Figure 4: (a), F1 score and (b), accuracy in analyzing
MRPC dataset by Relayed LoRA. Gray lines are the
results of standard LoRA.

4.3 Dementia data and results

For the second experiments, we used three de-
mentia transcript datasets, all of which are from
the dialogue task of picture description in English
and Chinese. They are ADReSS, Pitt, and iFLY
datasets. The ADReSS dataset contains 78 demen-

tia patients and 78 normal controls from the 2020
ADReSS Challenge. The Pitt dataset is the Pitts-
burgh corpus taken from the Dementiabank dataset,
which comes from an annual longitudinal study
conducted by the University of Pittsburgh School
of Medicine. There are 498 patient data, includ-
ing 242 controls and 256 patients with possible or
very likely Alzheimer’s disease (AD), and the two
groups are basically balanced. The iFLY Chinese
dataset contains 111 controls and 68 Alzheimer’s
patients, including 60 women and 51 men in the
control group, and 38 women and 30 men in the AD
group. The data is available at http://challenge.
xfyun.cn/2019/gamedetail?blockId=978.

All datasets contain two columns, with one col-
umn being the transcripted text of patient conversa-
tion and the other being the label. The conversation
text length is uneven, with the longest text length
being 2588 and the shortest text length being 79. In
the dataset, the ADReSS and Pitt datasets are En-
glish texts with two labels: 0 means that the patient
does not have Alzheimer’s disease; 1 means that
the patient may have mild cognitive impairment
(or Alzheimer’s disease). The iFLY dataset is Chi-
nese text with three labels: 0 means that the patient
does not have Alzheimer’s disease; 1 means that
the patient may have mild cognitive impairment
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(or Alzheimer’s disease); 2 means that the patient
has Alzheimer’s disease. In addition, we merged
the ADReSS and Pitt datasets as a whole English
dataset to expand the data volume. We call this
dataset the combined set. Information about the
data is shown in Table 4. We first used RoOBERTa

Label | ADReSS | Pitt | iFLY | Combined
0 78 | 242 68 320
1 78 | 256 111 334
2 - - 144 -
Total 156 | 498 323 654

Table 4: Distribution of different stages of dementia in
each dataset. The combined dataset is the combination
of ADReSS and Pitt data.

base as the backbone model and trained standard
and Relayed LoRA to analyze the transcripts of
AD patients and health controls. Results are shown
in Table 5. Relayed LoRA used about 20% of the
trainable parameters as standard LoRA, yet the two
methods had almost the same accuracy in classify-
ing patients’ transcripts.

PEFT Trainable | poos | Piee | iFLY | Combined
parameters

LoRA 294,912 75% | 82% | 49% 90.8%

Rf(lﬁky;d 60,672 78% | 81% | 51% 91.6%

Table 5: Number of trainable parameters and accuracy
on test set by using RoOBERTa base as the backbone
model to classify subjects’ transcripts into healthy, mild
cognitive impairment, and AD.

4.4 Depression data and results

As another test, we applied Relayed LoRA
to a depression transcript dataset, whose pur-
pose is to identify whether a speaker is po-
tentially a depression patient. The data
was downloaded from http://www.kaggle.com/
datasets/kyharndeok/dpression. Results are
shown in Table 6, from which we note that Relayed
LoRA achieved similar accuracy as conventional
LoRA but used far fewer parameters, pointing to
the parameter-efficient advantage of Relayed LoRa.

5 Discussion and Conclusions

The primary innovation of this research is the intro-
duction of a hierarchical decomposition strategy for
adapter-based tuning. To the best of our knowledge,
this is the first work to successfully implement a

Model PEFT Trainable Accuracy
parameters
RoBERTa | LoRA 294,912 | 80.46%
base Relayed
LoRA 60,672 | 79.06%
DeBERTa | LoRA 442,368 | 79.06%
base Relayed
LoRA 91,008 | 77.24%
RoBERTa | LoRA 786,432 | 79.24%
large Relayed
LoRA 139,776 | 77.47%

Table 6: Test results on the depression dataset.

quad-matrix relay to achieve extreme parameter
efficiency without sacrificing the underlying rank
of the weight update. By decoupling the rank (r)
from the number of trainable parameters, Relayed
LoRA breaks the linear dependency that has his-
torically limited the efficiency of PEFT methods.
This work provides a scalable path forward for the
’one model, millions of adapters’ vision, enabling
a more democratized and efficient landscape for
LLM customization. In our experiments, the sav-
ings can be as high as 80% or even more. This
reduction in parameters makes it more feasible to
train LLMs on edge devices (Zhao et al., 2023) and
facilitate remote fine-tuning (Yang et al., 2025). In
the current work, we multiplied the four small ma-
trices A1 and A,, and By and B> to construct the
large matrices Asquare and Bgquare, respectively.
Other operations could be used to build Aggyare
and Bgyare from the four small matrices. It would
also be interesting to establish a relationship be-
tween r and k in determining the optimal range
for k£ so Relayed LoRA can obtain good perfor-
mance while requiring smallest possible number of
parameters.

Experiments demonstrate that Relayed LoRA
largely preserves the fine-tuning performance of
standard LoRA while significantly reducing the
number of trainable parameters, and even outper-
forms it on certain datasets. However, the perfor-
mance on some data sets is relatively low. The
precise cause of this phenomenon remains unclear,
but several factors may contribute to it. The first
cause may be the sizes of datasets. Limited train-
ing data sets may cause the model to overfit by
learning specific characteristics of the training data.
The second cause could be the quality of training
data and the difference between the original task
that an LLM was trained on and the new task for
which it was fine-tuned. For example, in the GLUE
benchmark, different datasets originate from var-
ious sources, leading to variations in data quality,
which could affect model training.
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Limitations

A limitation of this study, constrained by com-
putational resources, is that we did not initial-
ize our models using LLMs that had been further
pre-trained on large, task-specific corpora such as
MNLI. Using the parameters from an LLM already
trained on a large data set may lead to higher per-
formance for both standard LoRA and Relayed
LoRA.

Ethical considerations

The push for extreme parameter efficiency in Re-
layed LoRA could facilitate the rapid, low-cost
proliferation of specialized malicious models, such
as those used for generating sophisticated misin-
formation or deepfake text, by lowering the com-
putational barrier for bad actors. Additionally, the
algorithmic opacity introduced by the quad-matrix
decomposition may make it harder to audit and
mitigate embedded biases, potentially leading to
the deployment of "black-box" models that rein-
force systemic social prejudices under the guise of
technical efficiency.
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