ReFTA: Breaking the Weight Reconstruction Bottleneck in Tensorized
Parameter-Efficient Fine-Tuning

Jingjing Zheng!>33 Anda Tang!
jjzheng233@gmail.com

tanganda@pku.edu.cn

Zhouchen Lin"%7-

zlin@pku.edu.cn

Qianggiang Mao**

maoqg@student .ubc.ca

Yankai Cao?3**

yankai.cao@ubc.ca

!State Key Lab of General Al, School of Intelligence Science and Technology, Peking University

*Institute of Applied Mathematics, The University of British Columbia

3Centre for Al Decision-Making and Action, The University of British Columbia

“Department of Chemical and Biological Engineering, The University of British Columbia

SDepartment of Mathematics, The University of British Columbia

®Institute for Artificial Intelligence, Peking University

"Pazhou Laboratory (Huangpu), Guangzhou, Guangdong, China

Abstract

Tensor-based fine-tuning has attracted growing interest for
its ability to reduce trainable parameters beyond matrix-
based approaches such as LoRA and PiSSA, while cap-
turing inter-layer correlations within networks. However,
existing tensor methods typically require repeated recon-
struction of model weights during training, leading to sub-
stantial computational and memory overhead. To over-
come these limitations, we propose Reconstruction-Free
Tensor-Based Adaptation (ReFTA), which offers four key
advantages: (1) it eliminates repeated explicit tensor re-
construction by exploiting the algebraic properties of ten-
sors; (2) it achieves lower quantization error by fine-tuning
only the principal tensor components; (3) it is supported
by a rigorous generalization guarantee rooted in the al-
gebraic foundations of tensor product-based approaches;
and (4) it adopts a unified design controlled by a single
tensor rank configuration. Extensive experiments on both
image classification (IC) and natural language understand-
ing (NLU) tasks demonstrate that ReFTA achieves the best
accuracy—efficiency trade-off among all evaluated methods.
Across most cases, ReFTA attains the highest average accu-
racy with the fewest trainable parameters. On IC tasks with
the ViT-Large model, ReFTA surpasses LoRA by 5.6%
in average accuracy, while reducing the number of train-
able parameters by up to 96% compared to LoRA. On NLU
tasks with RoBERTa-Large, ReFTA improves the aver-
age accuracy by approximately 5% over most existing meth-
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ods while using only 86.4% fewer parameters than LoRA
(r = 1) and 97.5% fewer than PiSSA. The code for ReFTA
is available at https://github.com/jzheng20/ReFTA.

1. Introduction

The ascent of large-scale foundation models has delivered
unprecedented capabilities across natural language pro-
cessing, vision, and multimodal tasks. However, these
advances rely on an exponential increase in model size
[4, 5, 8], posing severe challenges to efficiency and scal-
ability. This has driven the development of numerous
parameter-efficient fine-tuning (PEFT) methods that re-
duce the number of trainable parameters, including prefix-
tuning [21, 23], adapter-based methods [15], sparse meth-
ods [12, 41], and low-rank decomposition-based adaptation
[7, 16,27, 42].

Among these, low-rank decomposition—based adaptation
has emerged as one of the most effective PEFT strate-
gies, with Low-Rank Adaptation (LoRA) [16] being its
most prominent representative. LoRA introduces low-
rank updates to pre-trained weights and has inspired a
wide range of matrix decomposition—based PEFT variants
[3,16,27,28,37, 38, 42]. For example, PiSSA [27] decom-
poses each layer’s pre-trained weight matrix into a residual
matrix W and a principal matrix WP = AB, where
only the factors A € RY*" and B € R"*" are updated
during training, and r < min(d,n). By initializing these
factors from principal components, the fine-tuning process
converges more rapidly toward promising local optima.
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(a) The k-th layer of the Slice-Wise Low-Rank
Adapter has its own LoRA-like pair (Ag, By)
with rank Ry, where only By and Aj are
trainable, and each Ry, is determined by a ten-
sor singular value thresholding algorithm and
may vary across different k.

n
m =

UJ € REXK

The output of the Slice-Wise
Low-Rank Adapter

Inverse of the given invertible
linear transform

(b) Feature Fusion Operation: feature fusion
along the third dimension via multiplication
with U(—)r , where Ug denotes any fixed in-
vertible linear transform, e.g., Discrete Cosine
Transform (DCT).

Figure 1. [llustration of ReFTA, where the Tensor Principal Com-
ponents part consists of a Slice-Wise Low-Rank Adapter and a Fea-
ture Fusion Operation x3U .

Despite their success, matrix decomposition—based
PEFT methods are limited by their reliance on layer-wise
low-rank structures. As model size grows, such singu-
lar value decomposition (SVD)-grounded approaches strug-
gle to handle the rapidly increasing number of trainable
parameters. This limitation has motivated a shift toward
tensor decomposition-based methods, which have demon-
strated strong potential for compressing high-dimensional
data [14]. Recent works such as LoTR [2], FedTT [13],
and LoRETTA [40] apply tensor decomposition techniques,
e.g., Tucker Decomposition [11, 22, 34] and Tensor-Train
Decomposition (TT) [29], and leverage the inherent low
rank tensor structure in the model weights to achieve more
compact representations of the update weights, further re-
ducing parameter counts. However, existing tensor meth-
ods introduce two critical limitations: (1) they often re-
quire repeated reconstruction of tensorized weights during
training, incurring substantial computational and memory
overhead; and (2) they introduce multiple interdependent
rank hyperparameters, creating a heavy tuning burden for
large-scale models. Together, these issues expose a key gap:

while tensor-based PEFT improves parameter efficiency, its
complex tensor structures restricts their practicality in large-
scale settings due to the additional computational, memory,
and implementation overhead they introduce.

To address this gap, we propose Reconstruction-Free
Low-rank Tensor Adaptation (ReFTA), an efficient fine-
tuning framework grounded in Tensor SVD (T-SVD) [25,
26, 30, 43], which is defined under the tensor-product (t-
product). Compared with existing approaches, our method
offers the following advantages:

* Lower Quantization Error: ReFTA leverages T-SVD
and decouples the model weights into independent tensor
components, thereby enabling, to the best of our knowl-
edge, the principal-components-only tensor-based fine-
tuning scheme and yielding substantially lower quantiza-
tion error and more targeted parameter updates.

» Simplified Tensor-Based Adaptation: Rather than
naively applying T-SVD to derive a structurally cum-
bersome tensor-based adaptation, we leverage the alge-
braic properties of tensors to formulate a concise and ef-
ficient adaptation design (Figure 1), which eliminates the
need for explicit tensor reconstruction during forward and
backward propagation, achieving higher computational
and memory efficiency.

* Theoretical Guarantee: We provide the first theoretical
guarantee for a tensor-based PEFT by deriving an explicit
upper bound on the expected test error of ReFTA, estab-
lishing its robustness and providing a level of theoretical
support previously absent in this line of work.

* Single Rank Configuration: In contrast to Tucker and
TT-based methods that rely on multiple rank hyperparam-
eters for different tensor modes, ReFTA adopts a unified
design governed by a single tensor-rank hyperparameter,
greatly simplifying configuration and tuning.

Extensive experiments on both vision and language
benchmarks demonstrate the efficiency and generality of
ReFTA. On ViT models, ReFTA achieves the best aver-
age accuracy among all compared PEFT methods while
using the fewest trainable parameters. Specifically, on
the ViT-Large model, ReFTA surpasses both LoRA and
LoRETTA by 5.6% and 7.1% in average accuracy, respec-
tively, while reducing the number of trainable parameters
by up to 96% compared to LoRA and by 50% compared
to LoORETTA. For ViT-Huge, evaluated on the challeng-
ing datasets OxfordPets, StanfordCars, and FGVC, ReFTA
(r=15) achieves a 1.1% higher average accuracy while us-
ing only 5.4% of the trainable parameters of LoRA (r=8).
On RoBERTa-Large, ReFTA (0.020M) also achieves the
highest average accuracy across NLU tasks among all PEFT
methods with the smallest parameter budget (over 97.5%
fewer than PiSSA), outperforming leading approaches, in-
cluding LoRA, PiSSA, LoRA-PRO [38], LoRETTA, and
WeGeFT [31], by around 5% on average. Overall, ReFTA



Notations Descriptions

a,a Scalar and vector, respectively

A, B,C,--- Matrices

ABC, - Tensors

AT Transpose of A

X e Rmx4 Matrix constructed from the input features, where m is the batch size,
and d denotes the input feature dimension.

Wy a tensor constructed from the pretrained network weight matrices.

[ A, iz i The (i1, i2, i3)-th element of A

[Ali, in. [Al:is | The (i1,i2)-th tube and is-th frontal slice of .A, respectively

[l A+ \/Zlgu <I(k=1,2,3) [A]i igaia fOT A R xxls

AxzU Mode-3 product of A € RI1*12x%Is and U € RI#*Is e, [A x3
Uli, iy = U[A], 4, foriy = 1,2, Iyand iy = 1,2, , I.

Ax, B Mode-1 product of A € RI*I2%Is and B € RV e, [A x;
Bl.iy.is = B[A]. i, foria =1,2,--+  Landiz =1,2,--- , I5.

U(A),U (A |UA=Ax3U U ' (A)=AxzU""

Table 1. Notations

Figure 2. Illustrations of T-SVD (the top-view perspective).

delivers state-of-the-art adaptation performance, extreme
parameter efficiency, and strong cross-domain generaliza-
tion, fully aligned with and supported by our theoretical
analysis.

2. Notations and Preliminaries

Before introducing the methods, in Table 1, we summarize
the symbols used in this paper.

2.1. Preliminary definitions and results

Definition 1. (t-product) [18] Let A € RI*"%Is qnd B ¢
R"*12XIs  Then the t-product A *y B is defined to be a
tensor of size Iy X I X I3,

Axy B=UYU(A) o UB)), (1)

where U is given invertible linear transform satisfying
UU' =U"U = I, and A ® B is the slice-wise product
of A€ RIxmxIs gpd B € R™*12%1s je [A® B ., =
[A]:,Z,ig [B]:,:,ig for Z‘3 = ]-7 27 T >13-

Definition 2. (f-diagonal tensor) [19] Tensor 8 is called
[f-diagonal if each of its frontal slices is a diagonal matrix.

Definition 3. (Identity tensor) [18] Let U be orthogonal
matrix in Definition 1. The tensor T € R\ >*11X1s g cqlled
the identity tensor if each frontal slice of U(I) is the iden-
tity matrix.

Definition 4. (Conjugate transpose) [18] Let U be orthog-
onal matrix in Definition 1. The conjugate transpose of

Algorithm 1: Tensor PCA (TPCA)

Input: Y € RIv}2X0s {7 ¢ R13>%13 and R > 0.
Output: TPCAR(Y,U), UU),U(S),U(V),
and {Ry};2;.
Step 1: Compute U(Y) = Y x5 U,
Step 2: Perform matrix PCA on each frontal slice of
U(Y) by
foriz =1,...,Isdo
L (UU)]: .6, [U(S)]: 55 [UWV)]: ] =
SVD([U )] :.i5)5
Step 3: Let [ denotes the index set corresponding
to the top R values in U (8S);
Step 4: Compute tensor X by
fork=1,...,I3do
Ry, = [{(i1,142,13) € Igliz = k}
[X]:,:,k: =
[UU)]: 1R kU (S)]1:Ri1:R k [U(WV)1:Ry, 15
Step 5: TPCAR(V,U) = X x3U ';

s

a tensor @ € RIXI2XIs s the tensor Q' that satisfies
[U(Q)].is = [U(Q)]] -

Definition 5. (Orthogonal tensor) [18] A tensor Q €
RIAxIixIs g orthogonal if it satisfies QT sy @ = Q *xy
o' =T.

Theorem 1. (7-SVD) [18] Let X € RIxDXIs  Thep
it can be factorized as X = U xy S *y VT, where
U e Rivxhixls y ¢ REXEXI gre orthogonal, and
S € RIv2XIs g q f diggonal tensor.

Definition 6. (Tensor rank) For X € R *12X1s the tensor
rank of X, denoted by rank(X), is defined as the number
of non-zero singular tubes of S, where 8 is from the t-SVD
of X =U=xy S *y V. We can write

rank(X) = [{(i1, 42, 3)|[U (8))i1,is,i5 7 O}-
Denote o(X) = {[U(8)]iy iz,i5 | [U(S)]iy in,is # O}
Definition 7. (Tensor 2-norm) [26] For X € RIxI2xIs

the tensor 2-norm of X, denoted by || X||a, is defined as
[ X2 = maXq, co(x) Ji-

Property 1. /6] For A € Rlix2xIs . B ¢ RIixXI: gnd
C € RL*%i then A x; B x; C = A x; C x; B when
i # j. (In this study, we will only use the case of i = 1
and j = 3, and the definitions of X1 and X3 are given in
Table 1.)

Theorem 2. (Tensor PCA) For Y € RIX12XIs gnd non-
negative integer R, the solution of
TPCAR(Y,U) = argmin [YV-X|F s.t.rank(X) <R

2
is given by Algorithm 1.
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Figure 3. Tensor singular values of the weight tensor constructed
by stacking the query projection matrices from the pretrained
ViT-Large [9], under U set to (a) DCT and (b) LSM-3.

Based on the Eckart—Young-Mirsky theorem [10] and
the orthogonality of U, the solution to (2) can be derived as
shown in Algorithm 1.

3. The Proposed Tensor-Based Adaptation

3.1. Empirical Observation of Low-Rank Tensor
Structures

Let Wy € R4X"XK be a third-order tensor constructed by
stacking the pretrained weight matrices (e.g., query, key, or
value matrices) across all attention layers. This formulation
provides a unified representation that captures cross-layer
parameter sharing and inter-layer dependencies. Here, d
and n denote the input and output feature dimensions, and
K is the number of layers. Given an input X € R™*?, the
stacked linear projections induced by YWy can be written

as!

H =W,y ><1X, (3)

where m is the batch size, and Wy x1 X|..x =
X[Wy..k for k = 1,2,--- | K (see the definition of the
mode-1 product x; given in Table 1).

To investigate the underlying structure of pretrained
weights, we analyze the weight tensor obtained by stacking
the query matrices of ViT-Large. It is examined using
T-SVD based on different invertible linear transforms U,
including Discrete Cosine Transform (DCT) [18] and the
left singular matrix of the mode-3 unfolding of the weight
tensor [20] (abbreviated as LSM-3), as illustrated in Fig. 3.
Although the weight tensor is not strictly low-rank, most
of its energy is concentrated in a small number of princi-
pal components. This empirical finding motivates our ap-
proach: we leverage T-SVD to develop a new PEFT method
that directly operates on these principal tensor components.

3.2. Reconstruction-Free Low-Rank Tensor-Based
Adaptation (ReFTA)

Motivated by the observations in the previous subsection,

we decompose the weight tensor into a residual tensor W™

!'This formulation also applies to the multi-head attention within a sin-
gle layer, where each head can be treated as an individual slice along the
third mode.

Algorithm 2: Initialization of ReFTA

Input: Wy, invertible transform Uy, and R.

Output: W™, W, and the initialization of
{AR}E |, and {Bk}é_(:1 in (8).

Step 1: Calculate W{" = TPCA (W, Uy), and
obtain Ug(U), Uo(S), Uo(V), and {R; }< | by
Algorithm 1;

Step 2: Obtain Wi™:

Wf)es = Wo - TPCAR(WQ, UQ);

Step 3: Initialize Ay and By, as [Uo(U)]..1.r,
[Uo(S))1: e 1:m, 0 and [Uo(V )iy ks
respectively, fork =1,2,--- | K.

and a principal tensor WE™, while updating only the prin-
cipal component tensor during fine-tuning. As will be an-
alyzed in the Section 4, this design also helps to mitigate
quantization error.

For a given U = U, we employ a T-SVD-based tensor
principal component analysis (TPCA) to obtain W™ =
TPCAR(Wy,Uy) (see Algorithm 1), and thus obtain

H =W X + Wi x; X.

Using the orthogonality property U OU(—)r = Ua— Uy =
I, we have

H=UsW}J") x3U; x1 X + Wi x1 X
=UgWE™) x1 X x3Ug + WE <1 X, (4)

The second equality in (4) is obtained by applying Prop-
erty 1. The exchange of the two operations, nga— and
x1X, is the key to avoiding explicit tensor reconstruction
and distinguishes our formulation from the naive tensor-
based adaptation directly derived via T-SVD. We will fur-
ther elaborate on the benefits of this operation in Section 5.

For Uo(W§") in (4), each frontal slice can be expressed

as
[UoWE)]. .k
=[Uo(U))..1.r k[U0(S)]1:ry 17, . [U0(V 1Ry k-
Accordingly, we define Ay =
UoU)):1:re k[U0(S)]1:Rp 1: R ks By, =

[Uo(V )1k, .k for 1 < k < K, and thus obtain
[UoWE™)]...r = Ay By, (5)

Furthermore, from the definition of the mode-1 product
X1 (see Table 1), we have

[Uo(W§™) x1 X1 = X[UsOWE ok (6)
fork=1,2,--- , K. Combining (6) with (5), we obtain
[UoWE") x1 X]..,, = X ApBy (7



Methods ReFTA Merged Weight Form I of ReFTA Merged Weight Form IT of ReFTA
Forward pass H=Hin x3 Uy + Wi x; X H=Win x3Uy x1 X + W x; X, H = Wi x3 UJ + W) X X,
Time Cost O(mdnK + mnkK?) O(dRn + K?dn + mdnK) O(dRn 4+ K?*dn + mdnK)
oL _ L oL —xT oL oL — xT oL
dUnfold sy (Hint) U‘l(aIJntoldmm)) dUnfold ;) (WPT) — X ((‘iUntold(,)(’H)) aUnfold(m(Wi"‘) =X (r’ﬂ'nfoldm(ﬂ)>
oL _ xT L T oL _ aL aL _ oL
9A, X (a[‘u,m] J»)Bk Unfold 3) (Wine) Uy AUnfold (3, (WP BUnfold (5, (Wint) U“( 9Unfold 3, (WPT)
ackward pass AL _ AT xT oL L _ ) T aL _ L T
Backward pass o8, = Ar X (am..u]. k> A, = (a[w‘..,. ; A)Bkv Pa; = (D[WnnJ py )Bk
% = (au;.fol(ff)(ﬂ.m))Unf"ld(')<wlnt)T % = AkT‘(o[W(if], A) adTLA = A;(O[wﬁ] A)
+(OU"‘"{Z'E“)(H)>Unf01d“)(wﬁes)T ‘%" - (OU"“’?“an(HJ)(Unﬁ)ld(')(wp“ W)’ %( - (iaU:.miﬁn(H))(Unf"ld(l)(wpn +Wet) "
Time Cost O(mnK? + mdnK + dnR) O(mdnK + dnR + dnK?) O(mdnK + dnR + dnK?)

Table 2. Comparison of the forward and backward formulations among ReFTA and its two merged-weight variants.

fork=1,2,--- | K
Defining Hing by [Hint):.p = XApBy for k =
1,2,---, K, we obtain our final formulation

H =Hine x3 Uy + W5 x1 X (8)

by combining (4) and (7).

Equation (8) forms the proposed Tensor-Based Adapta-
tion (ReFTA) as illustrated in Figure 1, in which we fine-
tune only the parameters {A;}5 | and {Bj}X |, while
keeping the invertible transform U and the residual ten-
sor W™ fixed. The component [Hint]..r = X ApBj
for 1 < k < K, correspond to the Slice-Wise Low-Rank
Adapter illustrated in Figure 1. The initialization process
for ReFTA is summarized in Algorithm 2.

As shown in the algorithm, ReFTA requires only a sin-
gle tensor-rank configuration to determine { R;, }2 , unlike
Tucker or TT-based methods that rely on multiple rank hy-
perparameters across tensor modes.

4. Lower Quantization Error

As stated in [27], fine-tuning the principal components can
effectively reduce quantization error. In the tensor case, a
similar conclusion can be derived. To demonstrate ReFTA’s
advantage, we consider the following variant:

H=Hin x3Ug + Wy x1 X, )

where { Ay} | and { By} | in Hiy are initialized using
Gaussian-Zero initialization. The corresponding initializa-
tion quantization error is given as

IWo — QWo)|l%, (10)

where Q(-) denotes the quantization operator. The initial-
ization quantization error of the original ReFTA becomes

Wo — (QOWE™) + Wi = W™ — QW) |5

1D

We compare (10) and (11) in Fig. 4 under both NF4 [7]

and INT4 [39] quantization schemes. As shown in the fig-

ure, when Uy is taken as either the LSM-3 or DCT, the

quantization errors of ReFTA are consistently lower than

-~ Baseline error (Full weight tensor) -|
Error by ReFTA (DCT)
Error by ReFTA (LSM-3)

,,,,,,,, ==~ Baseline error (Full weight tensor) -
Error by ReFTA (DCT)
Error by ReFTA (LSM-3)
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Figure 4. Comparison of NF4 and INT4 quantization errors from
ReFTA and its variant (9) for the weight tensor by stacking the
query projection matrices in ViT-Large.

those given in (10), indicated by the red dashed line. More-
over, as the rank R increases, the both ReFTA (LSM-3) and
ReFTA (DCT) exhibit a monotonic decrease in quantization
error, indicating that higher-rank approximations capture
more principal information and leave smaller quantization-
sensitive residuals. These results clearly demonstrate
ReFTA’s inherent robustness to quantization.

5. Why Exchanging X 3UJ and x; X Elimi-
nates Tensor Reconstruction?

In this section, we explain why exchanging the operations
x1X and x3U, eliminates the need for explicit tensor
reconstruction during training and helps improve runtime
and memory efficiency in both the forward and backward
passes. To analyze this, we examine the three formula-
tions summarized in Table 2, where the merged-weight
forms are obtained by naively applying T-SVD, the tensor
Wine € R>*"*E ig defined as [Win).. x := AyBy for
k=1,2,---,K,and WP := W, x3 U .

By comparing these formulations, we observe that, un-
like the merged-weight forms that require explicit recon-
struction of weight tensor during each forward and back-
ward pass, ReFTA performs adaptation directly in the fea-
ture space. This design avoids redundant tensor—matrix
multiplications and enables efficient gradient propagation
through lightweight intermediate representations (Hint).
The corresponding computational complexity analysis is
presented in Table 2, from which it can be seen that
ReFTA significantly reduces both forward and backward
costs when m < d.



Accuracy (%)

Model  Method #Params Avg.
OxfordPets ~ StanfordCars FGVC RESISC45  CIFAR100
FF 85.8M 93.14:1040 79784115 54841123 96131013 92381013 83.25
Lp - 90281043 25761028 17441043 74223010 84281011 58.39
LoRA (r = 16) SBIK 93191036 45381041 25161016 92701018 92024012  69.69
PISSA (r = 8) 313K 9384103 7843105  S5156:1s  938liis  933lign 8219
PiSSA (r = 1) 55K 9383101 6029403  296li0n 9287102 9198102 7371
viT-Base LoRA-PRO 313K 9403101 7212404  43.39:07 9366102 92.54r01 7914
WeGeFT 49K 9271102 7618492  S182i00 930302 9146102 8104
LoRETTA (r = 5) STK 9339104 7415105 4886105 9336101 91.87:01 8032
ReFTA (R = 15) 46K 93931021 8023 :019 5279:271 93351015 9183015 8242
FF 3033M 94431056 8890406 68251163 96431007 93.581019 8831
Lp - 9Llligso 3791027 24624024 82025011 84281011 63.98
LoRA (r = 16) LSTM 94821000 7325+036 42321008 947li025 9487:010 7999
PISSA (r = 8) 835K 94.04104 8419107  598ligs 9499102 9242407  85.09
LoRA-PRO 835K 94.6710. 8357103  ST7lios 950201 93.53i0n  84.92
ViT-Large PiSSA (r=1) 147K 9398103 83.04103 5672406 9464102  9325:0n  84.32
WeGeFT (r = 16) 65K 94371013 75172050 58041068 94304015 93001008 8297
LoRETTA (r = 5) 132K 7828103 6844103 580400 9453:01 9328401 7851
ReFTA(R = 15) 61K 94.80:022 84.01+0.35 61.69+0.02 94591026 93.26 £0.08 85.67

Table 3. Performance of different fine-tuning methods on various
image classification datasets using ViT models. The FF results
and the results of methods with the smallest parameter counts are
shaded in gray and light blue , respectively.

Furthermore, ReFTA also provides a significant memory
advantage. In the merged-weight forms, the transformed
tensor WP = W, x5 Ua— must be explicitly recon-
structed and stored in memory for each iteration, along
with its gradient graph, resulting in a memory complexity
of O(dnK). By contrast, ReFTA require only the stor-
age of the intermediate feature tensor Hi,y € RmxnxK
whose size scales as O(mnK) with m < d. As a re-
sult, ReFTA achieves a considerably smaller memory foot-
print compared to both merged-weight formulations, which
is further validated by our experimental results.

Accuracy (%)

Model Method #Params

Avg.
OxfordPets  StanfordCars FGVC

LoRA (r = 8) 1392K 91261034 78031027 564li17 7523
PiSSA (r = 8) 1392K 89441070 75491002 5245i1g0 7246
LoRA (r = 1) 245K 90971020 74971160 53401074 73.11
ViT-Huge PiSSA (r=1) 245K 90741035 73104035 50711219 7151
LoRETTA (r = 5) 194K 90.5610.84 74.574038 51264185 7213
ReFTA (R = 15) 76K 92561014 79771020 56.6510.60 76.32
ReFTA (R = 5) 25K 92091000 76.66+031 54821054 7452

Table 4. Performance of different methods on various image clas-
sification datasets using Vi T—-Huge model.

6. Theoretical Guarantee for ReFTA

To provide theoretical insight into the generalization behav-
ior of the proposed ReFTA, we establish an upper bound
on the expected test error based on its tensor low-rank
structure. Specifically, by analyzing the hypothesis class
FrerTa = {6(W x127) | [W|2 < B, W € R¥xnxK}
for x € R?¥! and leveraging the spectral norm constraint
on the tensorized parameters, we derive the following gen-
eralization bound that characterizes how the model com-
plexity scales with the tensor rank R, the number of atten-
tion heads K, and the number of samples m.

Theorem 3. Let g(-) be a l(g)-Lipschitz loss function from
(fW(w)uy) fo [07 1]’ where fW € ]:ReFTA = {¢(W X1

") | W2 < B,W € R>*"EY gnd (z,y) € X x Y,
X C R? and Y are feature space and output space, re-
spectively. For any § > 0, the following holds with prob-
ability at least 1 — § for a randomly chosen i.i.d. samples

S={(mi y,)}1Ls:

Elg(fw (@), 9)] < — > glfwlxi),v0)
i=1

A RnK QIOg%
+VI(g)ml(¢p)RBY/ = +1/ o (12)

where R = rank(W), I(¢) is Lipschitz constant for func-
tion p X = [x1,...,x,|" € R”}Xd for the samples
{.’Bi}gl, and maxX;=1,2,...,m ||:EZ|| S R.

This theorem shows that the generalization gap of
ReFTA is bounded by a term proportional to /RnK/m,
indicating that a smaller tensor rank R effectively reduces
the model complexity. Therefore, ReFTA not only improves
parameter efficiency but also provides theoretical general-
ization guarantees that favor low-rank tensor adaptation in
large-scale models.

7. Experiments

In this section, we compare ReFTA with state-of-the-art
PEFT methods, including Linear Probing (LP), Bitfit [41],
LoRA [16], DyLoRA [35], AdaLoRA [42], FourierFT
[12], PiSSA [27], LoRETTA [40], LoRA-PRO [38], and
WeGeFT [31], to evaluate its effectiveness across image
classification, natural language understanding, and com-
monsense reasoning tasks. Following the same experimen-
tal settings as [12], we prioritize reusing their reported re-
sults whenever applicable for consistency and fairness. Fur-
thermore, we conduct ablation studies to investigate the ef-
fects of different invertible transforms and tensor ranks R
on model performance.

For all tasks, we report the average performance over five
random seeds. The best results among PEFT methods are
highlighted in bold. All experiments were conducted on an
NVIDIA Tesla V100 (32 GB) using Python 3.12.3. Except
for the learning rate and weight decay, which are individ-
ually tuned to their optimal values, all other hyperparame-
ters and training settings, including batch size, number of
epochs, optimizer, and random seeds, follow the configura-
tions in [12]. Unless otherwise specified, all reported results
are obtained by fine-tuning only the guery and value projec-
tion matrices, as well as the classification head.

7.1. Image Classification

We evaluate all methods on image classification using the
widely adopted Vision Transformer (ViT) [9], a represen-
tative foundation model in computer vision, across five



SST-2 MRPC CoLA QNLI RTE STS-B

Model Method #Params Avg.
Acc. Acc. Mcc Acc. Acc. PCC

FF 125M 9438 90.2 63.6 9238 787 912 852
LoRA 03M 95.1i02 897107 634:12  933i03  7T84xos  IlSion 852
AdaLoRA 03M 945:02 887105 620:06 93.1i02 8l0ios  90.5r02 850
DyLoRA 03M 943405 895:t05 6llios 922405  787i07  Ollios 845
PISSA (r = 8) 03M 939401 893i0s  62lize  913:01 773114  905i02 84l

Base LoRA-PRO 03M 942405 90005 643i072 920402  80241s 9094022 853
LoRA (r = 1) 0.055M 937405 892i03 623136 90.6104  795i04 8081206 827
PISSA (r = 1) 0.055M 933102 893i06 626414 90.6104 T49:i12 900103 834
WeGeFT 0.049M 941105 895:05 63.5:13 91.2:04  786i16  905to1 846
LoRETTA 0.057M 946105 883:07 618113 927102 T5.liss 905101 838
ReFTA (R=15) 0.046M 948026 9001041 6342153 9291010 773160 906013 848
FF 356M 96.4 90.9 68 94.7 86.6 924 88.2
LoRA 08M 962405 902410 682410 948103 852411 923405 878
PISSA (r = 8) 08M 955.02 869426 6lliss 92.1ir17  5684s2 918404 807
LoRA-PRO 08M 959i02 909:i04 667120 930i05  605i135 920401 832
LoRA (r = 1) 0.147M 957404  883i07 622424 939102 822425 7824207 834

Large PiSSA (r=1) 0.147M 9524102 849:34 566162 934ros  659i113 913102 812
WeGeFT 0.065M 950103 757i77 640120 937r03  536i12 9ldios 789
LoRETTA 0.132M 962:02  905:0.4  695:t06 94lioo  530:05  920t02 826

ReFTA (R =5) 0.020M 963103 908105 686113 948:01 871107  9l4i0a 88.2

Table 5. Performance of different fine-tuning methods on six
datasets of the GLUE benchmark using RoBERTa models. The
FF results and the results of methods with the smallest parameter
counts are shaded in gray and light blue , respectively.

public datasets: OxfordPets”, StanfordCars®, FGVC®, RE-
SISC45*, and CIFAR100°. We train all methods for 10
epochs on each dataset. For ReFTA, DCT is used as the
invertible transform.

Table 3 presents the results on all five image classifi-
cation datasets using ViT-Base and ViT-Large. As
shown, ReFTA consistently achieves the best overall per-
formance among all compared PEFT methods while us-
ing the fewest trainable parameters. In particular, on
ViT-Large, ReFTA outperforms both the tensor-based
method LoORETTA and LoRA by more than 5% in accuracy,
while requiring only half as many parameters as LORETTA
and about 3.9% of LoRA’s parameter count. Among all
methods with the smallest parameter counts (highlighted
in light blue), ReFTA consistently outperforms the second-
best by at least 1.3% on both ViT-Base and ViT-Large.

To further evaluate the effectiveness of ReFTA under
different parameter budgets, we also conduct experiments
on ViT-Huge. The results are summarized in Table 4.
Across all datasets, ReFTA (R = 15) consistently out-
performs existing methods, including LoRA, PiSSA, and
LoRETTA, while requiring substantially fewer trainable pa-
rameters. Notably, it surpasses LoRA (r = 8) and PiSSA
(r = 8) while using only 5.4% of their trainable parameters.

These results demonstrate that ReFTA consistently
achieves strong generalization and parameter efficiency
across both model scales, aligning well with our theoretical
analysis on the upper bound of low-rank tensor adaptation,
and validating the consistency between theory and practice.

Zhttps://huggingface.co/datasets/timm/oxford-iiit-pet
3 https://huggingface.co/datasets/Multimodal-Fatima
“https://huggingface.co/datasets/timm/resisc45

Mistral-7B LLaMA-2-7B LLaMA-3-8B

Method Avg.
Acc. (%) Params (K) Acc. (%) Params (K) Acc. (%) Params (K)
LoRA (r=8) 86.90 3407 85.37 4194 86.08 3407 86.11
PiSSA (r=8) 83.34 3407 85.37 4194 85.18 3407 84.63
LoRA (r=1) 86.08 425 84.60 524 85.75 425 85.47
PiSSA (r=1) 85.26 425 83.37 524 81.35 425 83.32
LoRETTA (r=5) 73.92 353 82.47 359 8591 353 80.76
ReFTA (r=15) 86.81 199 84.86 245 86.08 119 8591
ReFTA (r=5) 85.75 66 84.85 81 84.36 66 84.98

Table 6. Comparison of accuracy (%) on CommonsenseQA.

7.2. Natural Language Understanding

In this subsection, we evaluate all methods on the General
Language Understanding Evaluation (GLUE) benchmark
[36], where LSM-3 is used as the invertible linear trans-
form for ReFTA. This benchmark encompasses a diverse set
of natural language understanding tasks, including single-
sentence classification, similarity and paraphrase, and nat-
ural language inference. Besides, we use the robustly
optimized BERT model, including RoBERTa-Base and
RoBERTa-Large [24], for the evaluation. We evalu-
ate the performance of the fine-tuned models using three
key metrics: Matthew’s correlation coefficient (MCC) for
CoLA, Pearson correlation coefficient (PCC) for STS-B,
and accuracy (Acc.) for all other tasks. Following [12],
we set the maximum number of training epochs to 100 and
select the best epoch for each run.

Table 5 presents the fine-tuning performance of
RoBERTa-Base and RoBERTa-Large on six datasets
from the GLUE benchmark. On RoBERTa-Base, our pro-
posed ReFTA achieves performance comparable to other
PEFT methods while using the fewest trainable parame-
ters. Notably, on RoBERTa-Large, ReFTA matches the
performance of full fine-tuning (FF) and exceeds that of
almost all other PEFT methods by more than 5% in av-
erage accuracy, while maintaining the smallest parameter
count. Among methods with the smallest number of train-
able parameters (highlighted in light blue), ReFTA outper-
forms WeGeFT by approximately 9% in average accuracy
on RoBERTa—-Large.

7.3. Commonsense Reasoning

To assess the generalization ability of ReFTA in common-
sense reasoning, we evaluate three typical low-rank adap-
tation methods, including LoRA, PiSSA, and LoRETTA,
on CommonsenseQA [32] using three widely adopted LLM
backbones: LLaMA 2-7B [33], and LLaMA 3-8B [Il],
and Mistral-7B [17]. The results are summarized in
Table 6. Across models, ReFTA (r = 15) consistently
surpasses the performance of PiSSA and LoRETTA, and
achieves performance comparable to LoRA (r = 8) while
reducing the number of trainable parameters by approxi-
mately 94%. These findings highlight the strong parameter
efficiency and effectiveness of ReFTA.



— s ——4
=l T 60 pe —F—
_ = > 1 i "
380 - S| &
g / > 850 P
g ¥ g
87 g
- Identity Matrix 3 +-Identity Matrix
+DCT +DCT
}’ ROM 30 ROM

+-Lsm-3 +-Lsm-3
4 5 10 15 20 [} 5 10 15 20
R R

(a) StanfordCars (b) FGVC
75 95
» 90
- —— -+
= //f —— 4 + —est & 4
<65 ¥ j.s <g0
geo ¥ / g 75
< ), 4~ Identity Matrix < 70 4~ Identity Matrix
55 +ocT +DCT
ROM 65 ROM
+-LSM-3 +LSM-3
50 60
0 5 10 15 20 0 5 10 15 20
I I
(c) CoLA (d) RTE

Figure 5. Ablation study of different invertible transforms on four
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Figure 6. Effect of learning U on performance for the FGVC
dataset using ViT-Large. A denotes the coefficient of the reg-
ularization term A||I — Ug Uy ||, which is added to the original
loss to encourage orthogonality. The bars labeled “DCT” corre-
spond to the case where U is fixed to DCT and not trainable.

7.4. Ablation Study

We conduct an ablation study to investigate the impact of
different U, and R on the parameter efficiency and down-
stream task performance of ReFTA.

7.4.1. When the Invertible Linear Transform Is Given

We perform experiments with RoBERTa-Large and
ViT-Large on four datasets: CoLA, RTE, StanfordCars,
and FGVC. Four common invertible linear transforms are
considered: (1) Identity Matrix, (2) DCT, (3) Random Co-
sine Transform (ROM), and (4) LSM-3. The comparison
results are summarized in Fig. 5. As shown in the fig-
ure, DCT and LSM-3 consistently outperform the Identity
Matrix baseline across all tasks, indicating that incorporat-
ing low-rank or frequency-domain invertible transforms can
significantly enhance the parameter efficiency of ReFTA.
The effect is more pronounced in vision tasks such as Stan-
fordCars and FGVC, where DCT and LSM-3 yield im-
provements of up to 3-5%. In contrast, for NLU tasks like

CoLA and RTE, the performance gap narrows as the rank
R increases, but DCT and LSM-3 still demonstrate supe-
rior stability under smaller ranks. Overall, these findings
highlight that carefully designed invertible transforms en-
able ReFTA to achieve better generalization while maintain-
ing parameter efficiency.

7.4.2. When the Invertible Linear Transform Is Learned

To further examine whether it is necessary to learn the in-
vertible transform, we conduct experiments where Uy is
initialized with the DCT but set to be trainable. The results
are presented in Fig. 6. As shown in the figure, allowing
U to be learned brings only marginal improvements, sug-
gesting that the predefined invertible transforms (e.g., DCT
or LSM-3) are already well suited for ReFTA and that addi-
tional learning of U is not necessary.

8. Conclusions and Future Works

In this work, we present ReFTA, a tensor-based parameter-
efficient fine-tuning (PEFT) approach with a single tensor-
rank parameter for large models that achieves extremely
low trainable parameter counts by leveraging the low-rank
structure of weight tensors. To avoid the computational
and memory overhead caused by repeated tensor recon-
struction, ReFTA reformulates the fine-tuning process in a
reconstruction-free manner by exploiting tensor algebraic
properties rather than naively applying T-SVD. We provide
a theoretical cost analysis and empirical memory compar-
isons, both confirming the efficiency of this design. Further
quantization error analysis reveals ReFTA’s remarkable po-
tential for acceleration through quantization. In addition,
we establish an upper bound on the expected test error of
ReFTA, thereby providing a formal generalization guaran-
tee for our approach. Experimental results further confirm
that ReFTA achieves superior performance on downstream
tasks such as image classification, natural language under-
standing, and commonsense reasoning, while requiring sig-
nificantly fewer trainable parameters than existing PEFT
methods. It is worth noting that ReFTA is primarily de-
signed for stacking layers with compatible tensor shapes,
which is the dominant setting in Transformer-based models.
For layers with incompatible shapes, ReFTA does not en-
force stacking but applies independent adaptations to each
layer according to its native structure.

As T-SVD naturally generalizes SVD from matrices to
tensors, many matrix-based PEFT methods can be readily
extended to their tensorized forms. Our work provides valu-
able insights and techniques that help facilitate and inspire
such extensions, making them more effective and princi-
pled. In future work, we plan to explore multi-subspace ten-
sor methods to further enhance model expressiveness and
generalization in parameter-efficient adaptation.
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