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q Research Directions: Our team conducts research from several perspectives including tensor representation for machine learning,
trustworthy machine learning and quantum machine learning.

q Research Achievements (FY2025): We developed low-rank and tensor representation-based technology to improve the efficiency
and scalability of modern machine learning models. Our key achievements include 1) efficient hard prompt optimization; 2) memory-
efficient long-context inference for large language models (LLMs); 3) storage-efficient class incremental learning; 4) parameter-efficient
model adaptation and transfer learning; and 5) tensor manifold frameworks and their associated learning theory.

Motivation: Our research focuses on developing efficient and adaptive
learning mechanisms for large models across different stages of their
lifecycle. These works address the challenges lying in prompt learning,
inference-time approach for long-context reasoning and continual learning.
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Figure 1. Illustration of our framework. (a) The prompt optimization process learns a probability distribution over prompt space using the
proposed STEPS, where sampling and updating tensor factors are performed iteratively. (b) Image generation using the learned prompt
with the stable diffusion model.

selected from these k candidates based on the lowest actual
loss value. Then by alternatively optimizing each coordi-
nate [42, 46], the target prompt can be refined iteratively.

2.2. Tensor Train (TT) Decomposition
The TT format provides an efficient way to represent
high-dimensional tensors through a sequence of lower-
dimensional TT cores. Formally, for a d-dimensional tensor
X → Rk1→k2→···→kd , the elements of its TT representation
can be written as

X(i1, i2, . . . , id) =
R1∑

r1=1

R2∑

r2=1

· · ·

Rd→1∑

rd→1=1

G1(1, i1, r1)

G2(r1, i2, r2) · · ·Gd(rd↑1, id, 1),

(3)

where ij → {1, 2, . . . , kj} indexes the j-th dimension, Rj

for j = 0, 1, . . . , d are commonly called TT ranks with
R0 = Rd = 1, and Gj → RRj→1→kj→Rj are TT cores. TT
decomposition effectively reduces the parameter complex-
ity from exponential O(kd) to linear O(dkR2), where k =
maxj kj and R = maxj Rj . Building upon this parameter
efficient representation, we propose to use TT decomposi-
tion to parameterize the probability tensor of prompt con-
figurations, which naturally addresses the curse of dimen-
sionality in prompt optimization problems.

3. STEPS: A Tensor Framework for Hard
Prompt Optimization

In this section, we propose a novel approach by leveraging a
tensor-based probability estimation framework to efficiently
capture and explore high-probability regions in the prompt
optimization landscape.

3.1. Prompt Space and Tensor Representation
Prompt Space Construction For a prompt of length d,
we specify a vocabulary set Vj for each token position j →

{1, 2, . . . , d}. The full prompt space is then constructed as
follows:

X := V1 ↭ V2 ↭ · · ·↭ Vd, (4)

where ↭ represents the Cartesian product. X forms a dis-
crete space of dimension |V1|↑ |V2|↑ · · ·↑ |Vd|, with |Vj |

denoting the size of vocabulary set Vj . Each entry in X cor-
responds to a unique prompt configuration, constructed by
combining vocabulary tokens according to their coordinate
indices:

X (i1, i2, · · · , id) = [V1(i1),V2(i2), · · · ,Vd(id)]. (5)

Consider a prompt of length d = 3 where each token po-
sition j → {1, 2, 3} is drawn from the same vocabulary
set, i.e., Vj = {“hello”, “you”, “how”, “are”}. In this case,
the prompt space consists of 4 ↑ 4 ↑ 4 possible combina-
tions. For example, the prompt corresponding to X (3, 4, 2)
is “how are you”.

Loss Landscape Tensor The formulation of Eq. (4) pro-
vides a structured representation of the complete prompt
space. For prompt evaluation, we adopt the loss in Eq. (1)
to construct a loss landscape tensor Y → R|V1|→|V2|→···→|Vd|,
where its elements are evaluated by

Y(i1, i2, . . . , id) = L(X (i1, i2, . . . , id);ytarget). (6)

The loss landscape tensor maps each prompt configuration
in X to its corresponding loss value, providing a compre-
hensive view of the performance across the entire prompt
space.

3.2. Sequential Tensor Probability Estimation for
Prompt Optimization

For the prompt optimization problem defined in Eq. (2),
exhaustive search in the complete prompt space becomes
computationally intractable due to its exponential growing
complexity O(|V|d).
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q Hard Prompt Optimization: Projected gradient descent suffers from slow
convergence, while gradient-based token search is easy to get stuck in local minima
and cannot make use of full candidate prompt space.

q Methodology: To search or optimize a prompt in a high-dimensional and discrete
space, we propose to formulate loss landscape function as an approximate low-rank
tensor and develop a sequential probability tensor estimation algorithm for efficient
and effective hard prompt optimization.

Method Overview
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Figure: Overview of the LRQK method. Subscript Ω denotes selected tokens, t
denotes current token. qt, kt are original query and key, q̂t, k̂t are approximated
query and key.

q Motivation: Long context inference (i.e., >32K) induces linearly increasing KV
cache, causing out-of-memory (OOM) failures in LLM inference.

q Key Contribution: To maintain accuracy and avoid heavy data transfers, we
propose a low-rank attention and a dynamic CPU-GPU KV management by
offloading KV cache to CPU and maintaining only a few pairs for GPU inference.

Tensor Decomposition Based Memory-Efficient Incremental Learning
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Figure 2. Illustration of the proposed tensor decomposition-based memory-efficient CIL method with two-stage exemplar selected strategy.
We use Dt to represent the training data of t-th task, D̃t represent the partial reconstructed data of Dt, Dt

M represent the exemplar stored
in memory, and D̃t

M represent the exemplar reconstructed by the stored factor. The notion of “Write”, “Read,” and “Training” refers
to writing raw samples and factors obtained from other sample decomposition into memory, reading exemplars and factors set from
memory, and training the model using new task data, stored exemplars, and reconstructed samples from the factors, respectively. All these
exemplars are chosen by our exemplars selection strategy.

priate rank (crucial for balancing the fidelity and compact-
ness of the factors), we can significantly reduce the size
of these components while preserving crucial information.
We first investigate two widely used TD methods: CAN-
DECOMP/PARAFAC (Carroll & Chang, 1970) and Tucker
(Tucker, 1966). However, maintaining decomposition accu-
racy with Tucker decomposition results in component sizes
close to the original data for low-resolution datasets such
as CIFAR-10/100 (Krizhevsky, 2009), which are not effec-
tively handled by many memory-efficient replay methods
(Wang et al., 2022c; Luo et al., 2023). This is not desirable
for our purposes. To ensure generalizability, we chose to
use CP decomposition exclusively.

From CP Decomposition to Image Compression. For
the data x

t

n
→ RC→H→W in D

t , given a rank R, the CP
decomposition factorizes it into a sum of R rank-1 tensor
factors. According to Eq. (1), we can infer the size of these
components (be grouped into matrices) is A(1)

→ RC→R,
A(2)

→ RH→R, A(3)
→ RW→R, respectively. Therefore,

the compression ratio ω of this process can be defined as

follows:

ω =
(C +H +W )↑R

C ↑H ↑W
. (3)

Note that with Tensorly (Kossaifi et al., 2019) for tensor
decomposition, we first transform the original image (in
integer format) to float-point format. As a result, the factors
from the decomposition are in floating-point format. To
ensure the Eq. (3) holds, we need to convert these float-point
factors to 8-bit. By doing this, we can consistently achieve
a compression ratio of less than 1, where 1 represents the
memory required to store the raw image. Therefore, within
the same memory budget, we can store more decomposed
factors.

Adaptive Training. Following the above concepts out-
lined, we focus on the CIL setting, where for all t ↓= t

↑,
Xt ↔ Xt→ = ⊋ and Yt ↔ Yt→ = ⊋. The goal is to conduct
continuous training without forgetting previous knowledge.
Specifically, for conditioning the current task t, the setting
with CIL remains rather tricky. The model must maintain
stability for retaining the knowledge from all previous tasks

4

q Motivation: Continual/Lifelong learning
has unavoidable forgetting due to class
and data distribution shifts. Replay based
methods aim to address this issue but
demand large storage for re-training.

q Methodology: We propose an adaptive
training framework leveraging tensor
decomposition, alongside a hybrid
exemplar selection strategy to improve the
storage efficiency and exemplar diversity.

q Motivation: t-scalar-based low-rank
representations fail to represent nonlinear
geometry of complex tensor data, while
classical differential geometry remains
incompatible with t-scalar algebra.

q Key Contribution: Establish t-product
geometry framework that defines t-
manifolds and associated sheaf-theoretic
structures, and fundamental learning
theory on t-manifolds.

q Motivation: LoRA assumes fine-tuning adapter to be low-rank for parameter
efficiency, while full fine-tuning adapter tends to be high-rank.

q Methodology: We propose the Transformed Low-rank Adaptation (TLoRA) method
that is a mixture of transform adaptation and residual adaptation. By leveraging TN
representation, TLoRA achieves better approximation to full fine-tuning as well as the
improved parameter efficiency. Its application to Text-to-Image models validates the
high quality of generated samples.

q Motivation: Tensor regression suffers from data insufficiency and faces distribution
shifts when using transfer learning.

q Methodology: Low-rank tensor transition (LoRT) for transferable tensor regression
with theoretical guarantees.

Algorithm Prefill

Within the standard LLM inference framework, prompt processing (prefill)
followed by autoregressive generation (decode). This approach introduces
a low-rank attention and a dynamic CPU-GPU KV management.

Prefill (prompt processing): To derive a low rank representation
AQ,AK → Rl×r, and BQ,BK → Rr×d from the original query and key
matrices Q,K → Rl×d,

argmin
AQ,BQ,AK,BK

1
2
∥∥QK" − AQA"

K
∥∥2

F , s.t. Q = AQBQ,K = AKBK.

Algorithm Decode
Decode (autoregressive generation): Update the low rank factors
during inference. At step t, continually compute smaller q̂t, k̂t → R1×r

from current input qt, kt → R1×d and update the low rank factors
BQ,t,BK,t → Rr×d,

argmin
q̂t ,̂kt

1
2 ‖q̂tBQ,t−1 − qt‖2

F +
1
2
∥∥∥k̂tBK,t−1 − kt

∥∥∥
2

F
,

s.t. q̂tk̂#
t = qtk#

t , q̂tA#
K,Ω,t−1 = qtK#

Ω,t−1.

• Select top-k relevant tokens using proxy attention:

Ωk = topk
(
q̂tA#

K,Ω,t−1, k
)

• Fetch corresponding {ki, vi}i∈Ωk from CPU cache; merge with
GPU-resident KV cache.

• Update basis matrices BQ,t,BK,t and asynchronously offload kt, vt to
CPU.

Prefill (prompt processing)

Decode (autoregressive generation)

Select top-k relevant tokens; Fetch corresponding KV cache; Update low-rank basis.

(a) Additive low-rank difference (b) Orthogonal rotation (c) True fully fine-tuned weight

Figure 2. Simulation study on pre-trained SDXL [46] and fine-tuned SDXL-Inpaint [56] weights. SDXL-Inpaint is fine-tuned on image-
mask pairs to facilitate imputation ability of the SDXL base model. We investigate the approximation of UNet attention layers, which are
counterpart of our fine-tuning targets in experiments. We test the approximation error on three cases: (a) Additive low-rank difference,
which LoRA can effectively compensate for the difference. (b) Orthogonal rotation, which follows the assumption of OFT and is full-rank.
(c) True fully fine-tuned weights, which could be mixtures of additive and rotative effects.

SDXL [46] model and the fine-tuned SDXL-Inpaint [56]
model. We consider three settings: (a) Additive low-rank
difference, where the desired weight W→ is generated by
some low-rank update W→ = W0 + B→A→. (b) Orthog-
onal rotation, where the desired weight W→ is generated
by an orthogonal transform W→ = W0T→. (c) True fully
fine-tuned weight, where W→ is obtained by full-parameter
fine-tuning, which is identical to SDXL-Inpaint [56]. We
approximate W→ using: (I) OFT in Eq. (2). (II) LoRA in
Eq. (1). (III) TR, which replaces ! in Eq. (1) with TR. (IV)
OFT + LoRA, which uses OFT for T and LoRA for ! in
Eq. (3). (V) TRM + LoRA, which uses TRM for T and
LoRA for ! in Eq. (3). (VI) TRM + TR, which uses TRM
for T and TR for ! in Eq. (3). To showcase the expres-
siveness, we illustrate the approximation error with differ-
ent adaptation budgets in Fig. 2. More details and results on
different layers/models can be found in Appendix A. Based
on the results, we have several observations.

• LoRA and OFT work well under their own assumptions,
i.e. Figs. 2a and 2b respectively, which may not hold in
the real case (Fig. 2c). Adding the TRM transform can
take the best of both worlds and performs well across
these settings. More importantly, the TRM transform
generally improves LoRA and TR in Figs. 2b and 2c.

• Compared to LoRA, the TR can be advantageous when
the parameter budget is extremely small. In Fig. 2c, TRM
+ TR achieves comparable error with LoRA R = 1 (the
leftmost point) using less than 10% sizes. TR can also
adapt the budget size more smoothly. However, when the
rank increases, the improvement may not be significant.

• The simple combination OFT+LoRA does not reduce the
approximation error. In Fig. 2c, it introduces additional
parameters compared to LoRA, while the error does not
change. We hypothesis this is because that the orthogonal
transform does not change the column space spanned by
the pre-trained weight, therefore limits the ability to align
with the target weight W→.

Although this is a simple simulation study, these observa-
tions align well with our experiments in Sec. 4.

3.3. Tensor-ring matrix transform adaptation
In this subsection, we introduce the structure of the trans-
form T . Recall that the purpose of T is to align the pre-
trained weight W0 to the target weight W→ as closely as
possible, in order to reduce the rank of the residual adapta-
tion !. Since the target weight space (e.g., optimal weights
for the fine-tuning task) is not likely to be low-rank, we as-
sume T also has a full-rank structure. Furthermore, to ad-
dress the sparsity problem in OFT, T is expected to have
dense entries. As this transform matrix is large, it should be
represented by parameter-efficient structures.

To meet the above requirements, we adopt the tensor-
ring matrix (TRM) form [9, 42, 73]. Given a matrix T →

RI↑J , suppose I =
∏

D

d=1 Id, J =
∏

D

d=1 Jd and that it
can be re-arranged (tensorized) into many sub-arrays. The
TRM factorizes the matrix into contractions of D 4th-order
factors Ad

→ RId↑Jd↑Rd↑Rd+1 , ↑d = 1, . . . , D, which
are called core tensors. The sequence [R1, . . . , RD+1] with
RD+1 = R1 is the TR rank. When one of the Rd is equal to
1, TRM reduces to the tensor-train matrix [TTM, 42] form.
For simplicity, we assume R = R1 = · · · = RD+1 and
I = J throughout this work. The TRM assumes each entry
of the matrix is computed by,

T [i1 · · · iD, j1 · · · jD] = tr(A1[i1, j1, :, :] · · ·AD[iD, jD, :, :]).
(4)

For simplicity, we denote the TRM format as T =
TRM(A1:D), where A1:D denotes {A1, . . . ,AD

}.
TRM is a highly compact form for representation of

dense and full-rank matrices. If the factors A1:D are dense
and full-rank, then TRM(A1:D) becomes a dense and full-
rank matrix. Moreover, the memory cost of the TRM is
O(DI2/DR2) if I = J , which is much lower than the orig-
inal O(I2) if we adjust proper hyper-parameters D and R.
To show the expressive power of TRM, we conduct a sim-
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Figure 3. Expressiveness
of BOFT and TRM. For
BOFT, the first number in the
bracket indicates the number
of blocks, and the second
number indicates the num-
ber of Butterfly factors. For
TRM, the numbers denote the
sizes of sub-indices Id.

ulation study to compare it with the Butterfly OFT [BOFT,
32], which is proposed to represent dense matrices in OFT.
Specifically, we randomly generate an orthogonal matrix
with shape 512→ 512, and approximate it using BOFT and
TRM. The approximation error for different parameter sizes
is shown in Fig. 3. TRM achieves a smaller approximation
error when the number of parameters is small. Moreover, as
we increase the number of parameters, the approximation
error of TRM consistently decreases and is better than that
of BOFT. More details are provided in Appendix B.

Initialization. To ensure that the fine-tuned model is the
same as the original model at initialization [20], the trans-
form T should be an identity matrix. Fortunately, for TRM,
we can easily construct an identity matrix as follows.

Proposition 1. For the TRM in Eq. (4), if we initialize every

factor as

Ad[:, :, r, r→] = IId/R, ↑d = 1, . . . , D, and r, r→ = 1, . . . , R,

the resulting TRM T is an identity matrix.

Constrained transform. While the transform can be
powerful, sometimes it is beneficial to have constraints on
it, limiting the fine-tuned weight to be within a small re-
gion of the pre-trained one. In particular, previous methods
adopt identity regularization [47] or orthogonal regulariza-
tion [4, 34, 67] during fine-tuning. However, directly com-
puting these regularizations on the transform T could be
computationally expensive. By using the TRM, we show
that they can be computed efficiently on the core tensors
A1:D with much smaller sizes.

For identity regularization ↓T ↔ II↓F , we have

RI(A1:D) =
D∑

d=1

R∑

r,r→=1

∥∥∥Ad[:, :, r, r→]↔ IId/R
∥∥∥
F

.

According to Prop. 1, this would encourage the transform
to be identity. For orthogonal regularization, directly com-
puting ↓TT ↭

↔ II↓F is computationally expensive due to
the additional matrix multiplication. Instead, we have

RO(A1:D) =
D∑

d=1

Id,Id∑

id,jd=1

∥∥∥∥∥

Id∑

l=1

(Ad[id, l, :, :]↗ Ad[jd, l, :, :])↔ IR2/R

∥∥∥∥∥
F

.

Proposition 2. The matrix product of two TRM X =
TRM(A1:D) and Y = TRM(B1:D) is still a TRM XY ↭ =

TRM(C1:D), where each core tensor satisfies Cd[id, jd, :
, :] =

∑
ld

Ad[id, ld, :, :] ↗ Bd[jd, ld, :, :] for each d =
1, . . . , D and id, jd = 1, . . . , Id.

Therefore, combining Props. 1 and 2, we can compute
the orthogonal regularization as shown above. In practice,
we observe that the identity regularization performs better
than the orthogonal regularization. This observation is con-
sistent with the findings in [4, 34, 47].

3.4. Tensor-ring residual adaptation
Given the powerful transform, we expect the residual part
! in Eq. (3) to be approximated by very compact struc-
tures. Specifically, we adopt the tensor-ring (TR) decom-
position [73]. Suppose the residual part ! ↘ RI↑J , with
I =

∏
D

d=1 Id, J =
∏

D

d=1 Jd. The TR format is similar
to TRM, but parameterizes the matrix into a more compact
and low-rank structure. Specifically, it factorizes the matrix
into 2D 3rd-order core tensors, denoted as Bd

↘ RId↑R↑R

and Cd
↘ RJd↑R↑R, ↑d = 1, . . . , D. Each element is com-

puted using the following contraction,

![i1 · · · iD, j1 · · · jD] =

tr(B1[i1, :, :] · · ·BD[iD, :, :]C1[j1, :, :] · · ·CD[jD, :, :]).
(5)

The space complexity is O(DI1/DR2), which is even
smaller than that of TRM.

Initialization. Due to the high-order structure, the TR for-
mat may be more sensitive to initialization. Previous works
adopting TR in PEFT [1, 65] utilize random Gaussian ini-
tialization for all factors B1:D and C1:C , hence losing the
zero-initialization of the overall adaptation as in LoRA.
This may cause optimization instability and result in the loss
the information from pre-trained models.

In particular, we can write the TR layer as a sequence of
linear layers. Given two tensors A of shape Id→R→R and
X of shape I1 · · ·→ Id→R, we define the →2 contraction as,

A →2 X =
Id∑

l=1

R∑

r=1

A[l, :, r]X[I1, . . . , l, r].

The result is of shape I1 → · · · → Id↓1 → R. Therefore, the
TR residual layer can be defined as,

TR(B,C)x = tr(B1
· · ·→2 BD

→2 C1
· · ·→2 CD

→2 X),

which is reformulated as multiple linear layers. To ensure
zero initialization, we initialize B1 as a zero tensor. Each
element of other core tensors B2:D and C1:D is initial-
ized independently from Gaussian distribution N (0,ω2).
The initialization strategy now basically follows the µP
framework [63], i.e., the standard deviation should be ω =
!(

≃
n out/n in), where n out = R and n in = IdR.
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PEFT methods for these tasks [3, 5, 7, 17, 18, 21, 47, 61,
66, 71, 75]. There are also training-free approaches [51],
which could be slow at inference.

Parameter-efficient fine-tuning. Popular PEFT methods
include Adapter [19], Prefix-tuning [30], Prompt-tuning
[28], LoRA [20], and many of their variants. LoRA has be-
come the most popular PEFT method due to its simplicity
and impressive performances [11]. Many variants of LoRA
have been proposed [8, 22, 23, 25, 31–33, 39, 43, 47, 69].
In DoRA [31], the pre-trained weight is decomposed into
magnitude and direction, whereas vanilla LoRA is applied
to the direction. In the current work, we show that DoRA
can also be connected to our method as utilizing a diago-
nal transform. Orthogonal Fine-Tuning [OFT, 47] applies
a learnable orthogonal transform for adaptation. However,
for parameter efficiency, OFT adopts block diagonal matri-
ces, which are highly sparse. Subsequently, many methods
aim to improve OFT by applying particular dense transform
structures [4, 32, 34, 67, 71]. Our method adopts a similar
idea of using a transform, but we design a different dense
matrix parameterization using tensor decomposition. Ad-
ditionally, several works [5, 13, 54] also share similarities
with ours by using pre-defined and fixed transforms.

Tensor decomposition. TD is a classical tool in signal
processing and machine learning [9]. In particular, tensor-
train [TT, 42] and its extension, tensor-ring [TR, 73], have
shown exceptional results in model compression, including
MLP [40], CNN [14, 58], RNN/LSTM [37, 44, 55, 64] and
Transformer [35, 45]. Recently, TDs have also been applied
to PEFT [2, 8, 24, 65]. While these works utilize similar
TT/TR structures to our model, they do not apply the trans-
form adaptation. Moreover, we study a different initializa-
tion strategy for the TR factors to make the training more
stable, as we will show in our experiments.

3. Proposed model
3.1. Preliminaries
Notations. Notations for tensors, matrices, vectors and
scalars basically follow the conventions in the Deep Learn-

ing textbook [15, 16]. Furthermore, we use square brackets
to denote entries or slices of an array. For example, given a
tensor X → RI→J→K , we have matrix slices Xi:: = X[i, :, :
] → RJ→K , vector slices xij: = X[i, j, :] → RK and scalar
entries xijk = X[i, j, k] → R. We use II to denote identity
matrix of shape I↑I . The Kronecker product is denoted by
↓. The matrix trace is denoted by tr(·). diag(m) denotes
diagonal matrix with diagonal elements m. For indices of
tensorization, we adopt the little-endian convention [9]. For
a vector x → RI with I =

∏
D

d=1 Id, if it is tensorized into
X → RI1→···ID , we have x[i1 . . . iD] = X[i1, . . . , iD], where
i1 . . . iD = i1 + (i2 ↔ 1)I1 + (i3 ↔ 1)I1I2 + · · · (iD ↔

1)I1 · · · ID↑1.

Low-rank adaptation [20]. Consider a linear layer y =
W0x, where the weight has shape I↑I . Given a pre-trained
weight W0, LoRA aims to learn an additive adaptation !
of the same shape, i.e.,

y↓ = (W0 +!)x, s.t.! = BA, (1)

where the adaptation is parameterized by a low-rank matrix
decomposition to reduce trainable parameters. The low-
rank matrices B → RI→R and A → RR→I are optimized
through the given fine-tuning tasks, and have a total of 2IR
trainable parameters, which is much smaller than the origi-
nal size I2 if R ↗ I . However, as some works [5, 39] indi-
cate, the desired fine-tuning weight may not be low-rank.

Orthogonal fine-tuning [47]. Instead of the additive
adaptation in Eq. (1), OFT introduces an orthogonal trans-
formation of the pre-trained weight for adaptation,

y↓ = (W0T )x, (2)

where T is a trainable orthogonal matrix of shape I ↑ I .
However, directly optimizing T is computationally infea-
sible due to its large size. In [47], T is parameterized
as a block diagonal matrix, which is extremely sparse for
small parameter budgets. This sparsity is considered to re-
duce the information transfer and connectivity among neu-
rons, which is deleterious to the fine-tuning. Therefore,
parameter-efficient matrices with dense entries are more de-
sirable for OFT [4, 32, 34, 67, 71].

3.2. Our motivation
Supposing the target of fine-tuning is to approximate some
desired weight W↔, the assumption behind LoRA is that the
difference !↔ = W↔ ↔ W0 is low-rank. However, this is
unlikely to be true in real large foundation models [39].

Considering this approximation problem, if the target
!↔ has a high rank, LoRA inevitably causes high approx-
imation error, as illustrated in Figs. 2b and 2c. To address
this issue, we first apply a learnable linear transform T on
W0 to align W0 on W↔ and then approximate the residual
part by another compact structure. Here, the difference be-
comes !↓

↔ = W↔ ↔W0T . After the transform, !↓
↔ should

have a smaller rank than the original !↔ so that we can
use much more compact structures for approximation of this
residual part. The overall fine-tuning structure becomes,

y↓ = (W0T +!)x, (3)

where T and ! learnable compact parameterizations. To
meet different requirements and desired properties, we de-
sign TRM form [42, 73] for the transform T and TR form
[42, 73] for the residual ! in Secs. 3.3 and 3.4 respectively.

To empirically illustrate the effectiveness of the trans-
form, we conduct a simulation study on the pretrained
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Figure 1. Qualitative comparison of the subject-driven generation results. Results are generated using fine-tuned checkpoint by each
method. For each model, we randomly generate four images, all of which are shown here. The subcaptions are the given prompts, and the
subjects in italics represent training subjects.

Abstract

Parameter-Efficient Fine-Tuning (PEFT) of text-to-image

models has become an increasingly popular technique with

many applications. Among the various PEFT methods,

Low-Rank Adaptation (LoRA) and its variants have gained

significant attention due to their effectiveness, enabling

users to fine-tune models with limited computational re-

sources. However, the approximation gap between the low-

rank assumption and desired fine-tuning weights prevents

the simultaneous acquisition of ultra-parameter-efficiency

and better performance. To reduce this gap and further im-

prove the power of LoRA, we propose a new PEFT method

that combines two classes of adaptations, namely, trans-

form and residual adaptations. In specific, we first apply

†Work done during an internship at Sony AI

a full-rank and dense transform to the pre-trained weight.

This learnable transform is expected to align the pre-trained

weight as closely as possible to the desired weight, thereby

reducing the rank of the residual weight. Then, the resid-

ual part can be effectively approximated by more compact

and parameter-efficient structures, with a smaller approxi-

mation error. To achieve ultra-parameter-efficiency in prac-

tice, we design highly flexible and effective tensor decom-

positions for both the transform and residual adaptations.

Additionally, popular PEFT methods such as DoRA can be

summarized under this transform plus residual adaptation

scheme. Experiments are conducted on fine-tuning Stable

Diffusion models in subject-driven and controllable gener-

ation. The results manifest that our method can achieve

better performances and parameter efficiency compared to

LoRA and several baselines.
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