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Abstract

Transformer-based large pre-trained models have shown

remarkable generalization ability, and various parameter-

efficient fine-tuning (PEFT) methods have been proposed to

customize these models on downstream tasks with minimal

computational and memory budgets. Previous PEFT meth-

ods are primarily designed from a tensor-decomposition

perspective that tries to effectively tune the linear trans-

formation by finding the smallest subset of parameters to

train. Our study adopts an orthogonal view by represent-

ing the attention operation as a graph convolution and for-

mulating the multi-head attention maps as a convolutional

filter subspace, with each attention map as a subspace ele-

ment. In this paper, we propose to tune the large pre-trained

transformers by learning a small set of combination coeffi-

cients that construct a more expressive filter subspace from

the original multi-head attention maps. We show analyti-

cally and experimentally that the tuned filter subspace can

effectively expand the feature space of the multi-head atten-

tion and further enhance the capacity of transformers. We

further stabilize the fine-tuning with a residual parameter-

ization of the tunable subspace coefficients, and enhance

the generalization with a regularization design by directly

applying dropout on the tunable coefficient during train-

ing. The tunable coefficients take a tiny number of param-

eters and can be combined with previous PEFT methods in

a plug-and-play manner. Extensive experiments show that

our approach achieves superior performances than PEFT

baselines with neglectable additional parameters.1

1. Introduction

Large foundational models have demonstrated remark-

able performance and generalization ability across a wide

range of natural language processing and computer vision

†Equal contribution.
1Code is available at: https://github.com/ZichenMiao/

Coeff_Tuning

Figure 1. (Up) Under the graph convolution view of the atten-

tion, the proposed Coeff-Tuning enhances the expressiveness by

combining the attention maps with a tiny tunable subspace coeffi-

cient α. It can be seamlessly integrated with other PEFT methods,

e.g., LoRA [21], by introducing neglectable additional parameters.

(Bottom) Combining Coeff-Tuning with LoRA achieves better re-

sults in the concept customization task with SDXL [51].

tasks [11, 28, 55, 68]. The success of these models can be

attributed to their ability to learn rich, transferable repre-

sentations by leveraging the power of the transformer archi-

tecture [68] and the extensive knowledge captured during
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Except for this watermark, it is identical to the accepted version;
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pre-training on large-scale datasets [1, 58]. However, fine-

tuning these pre-trained transformers on downstream tasks

with full-parameter updates can be challenging due to the

high computational and memory costs.

To address this, various parameter-efficient fine-tuning

(PEFT) methods have been developed to adapt pre-trained

models on downstream tasks while minimizing the num-

ber of trainable parameters [21, 38, 53, 79]. A representa-

tive family of these approaches focuses on tuning the lin-

ear transformation layers in transformers, where they ap-

ply a lightweight parameterization, e.g., low-rank parame-

terization [21, 38], to adapt the weight matrices. However,

none of these methods are designed from a holistic view of

the core operation in transformers, the multi-head attention

layer [68], which plays a key role in the expressiveness of

transformers [10, 59].

In this paper, we propose a new PEFT method tailored to

enhance the multi-head attention’s expressiveness by tuning

a minimal set of parameters. We first formulate the multi-

head attention as a graph convolution with a filter subspace,

with each graph filter as the attention map of each attention

head. We then tune the filter subspace by simply learning a

small set of subspace coefficients that linearly combine the

pre-trained attention maps. In this way, we adapt for each

attention head a new task-adaptive attention map that better

captures the token-wise correlation.

We attribute the effectiveness of our approach to its abil-

ity to expand the feature space of the original multi-head

attention layer. By applying the softmax function to the

query-key correlation matrices, all elements in a row of the

original attention map are non-negative and have a sum of

one [68]. This limits the expressiveness of the multi-head

attention as the output token embeddings lie within the con-

vex hull of the value embeddings. Our method constructs

a new filter subspace with non-constrained coefficients as

shown in Figure 1, allowing negative elements learned in

the combined attention map to capture more diverse token-

wise relationships. This also enables the output tokens to

obtain representation outside the convex hull of the value

embeddings, which further enhances the capacity of the

multi-head attention. We provide analysis and an illustra-

tive toy example to better demonstrate this point.

We show that our approach can be seamlessly combined

with previous PEFT methods in a plug-and-play manner. As

the filter subspace in each attention layer is spanned by a

tiny number of attention maps (usually 10∼30), we only in-

troduce neglectable additional tunable parameters and train-

ing costs over the base PEFT methods.

We validate our approach on a large variety of fine-

tuning tasks and datasets, along with pre-trained transform-

ers of different scales and modalities. Specifically, we

first show the effectiveness of our method with ViT [11]

on the few-shot image classification fine-tuning. We also

show our method can achieve superior performance with

vision-language transformers on image-text multi-modal

fine-tuning [8]. Moreover, we also show our method can

better customize the text-to-image diffusion models on per-

sonalized generation [56].

We summarize our contributions as follows,

• We provide a filter subspace view of the multi-head at-

tention and propose to fine-tune a new filter subspace by

learning a small set of subspace coefficients.

• We demonstrate that our method can expand the feature

space of the original multi-head attention and enhance its

expressiveness on downstream tasks.

• We validate our method on extensive fine-tuning tasks and

various transformer architectures.

2. Related Work

Parameter-Efficient Fine-Tuning. Large attention-

based transformers [11, 54, 55, 68] gain a significant

amount of generalizable knowledge by pre-training on

large-scale datasets [57, 58]. A common way to utilize

those general skills is to fine-tune large transformers on

domain-specific tasks and data. Recent advancements in

parameter-efficient fine-tuning (PEFT) methods aim to

reduce the computational and memory costs of adapting

large models by fine-tuning only a subset of parameters.

LoRA [21] and its variants [4, 24, 29, 36, 78, 82] fine-tune

lower-rank matrices at each layer to represent weight

updates. DoRA [38] enhances LoRA through weight de-

composition into magnitude and direction, thus improving

training stability and learning capacity without additional

inference costs. The adapter [20] approach inserts small

modules between layers and reduces parameters by only

tuning these adapters [2, 24, 34, 50, 79]. Visual prompt

tuning (VPT) [23, 60] has introduced a limited number

of learnable parameters for optimization while keeping

the backbone frozen. SSF [35] proposes scaling and

shifting features of each layer in a pre-trained large model.

OFT [53] tackles fine-tuning in text-to-image diffusion

models by preserving the hyperspherical energy of neuron

relationships. However, these methods primarily focus on

efficient tuning of the parameter weight matrices, lacking

a holistic view of the attention layer. In this paper, we

take an orthogonal approach by tuning a tiny combination

coefficient given a novel graph filter subspace view of the

multi-head attention.

The Expressiveness of Attention. Transformer-based

models have achieved success across vision and language

tasks [8, 11, 14, 22, 31, 37] due to the effectiveness of the

attention mechanism [68]. Despite their success, various

studies have examined the limitations in the expressiveness

of transformers [10, 59, 71, 80]. Shi et al. [59] and Zhou

et al. [84] identify the attention collapse in transformers as
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Figure 2. Illustration of the proposed Coeff-Tuning. We first view each token X[i] as a node Vi in an all-connected graph G = (V,E). The

attention operation then turns into a graph convolution with each attention map A
h as a graph convolutional filter Fh(X). In this way, the

attention maps in the multi-head attention layer form a filter subspace F(X), and each element in the filter is constrained in (0, 1) after

softmax. The proposed Coeff-Tuning then tunes a subspace coefficient α ∈ R
H×H with a tiny number of parameters, that expands the

range of attention scores by linearly combining the original filter subspace and enhances the expressiveness of the multi-head attention.

a result of self-attention’s convergence to a low-rank space,

which leads to unstable training as attention scores concen-

trate [10, 45]. To counteract this, techniques such as hier-

archical fusion [59] and stabilizing attention entropy [80]

have been proposed to prevent performance stagnation in

vision transformers. DeepViT [84] proposes to re-generate

diverse attention maps to avoid attention collapse in train-

ing vision transformers from scratch. In contrast, our work

studies the expressiveness of the attention layer in the con-

text of the large model fine-tuning. We also provide a novel

interpretation of multi-head attention maps as a graph fil-

ter subspace, and propose the residual parameterization and

regularization to stabilize the tuning process.

3. Method

3.1. A Filter Subspace View on Attention

Attention. The attention layer transforms the input se-

quence X ∈ R
N×Ci to the output sequence O ∈ R

N×Co ,

where N denotes the sequence length, Ci and Co are the

dimension of input and output features. The attention

layer projects the input as Q = XWq , K = XWk,

V = XWv using the corresponding projection matrices

Wq,Wk,Wv ∈ R
Ci×Co , and calculates the attention map,

A = softmax(QK⊺)

= softmax(XWqW
⊺

kX
⊺).

(1)

The attention map A ∈ R
N×N captures the token-wise re-

lationship by doing inner-product in a space transformed by

Wq,Wk. Then the output of the attention layer is,

O = attn(Wq,Wk,Wv;X)

= softmax(XWqW
⊺

kX
⊺)XWv

= AXWv.

(2)

Multi-head Attention. Multi-head attention extends this

by allowing multiple attention mechanisms, i.e., heads, to

work in parallel, with each head independently learning at-

tention patterns. For each attention head, we have,

Oh = attn(Wh
q ,W

h
k ,W

h
v ;X), (3)

where h = 1, · · · , H and H is the number of heads.

The project matrices for each head are Wh
q ,W

h
k ,W

h
v ∈

R
Ci×

Co

H . The multi-head attention represents as,

Z = Concat
[

O1, · · · ,OH
]

Wo

= Concat
[

A1XW1
v, · · · ,A

HXWH
v

]

Wo

=

H
∑

h=1

AhXWh
vo,

(4)

where Wo ∈ R
Co×Co and Wh

vo = Wh
v (W

h
o )

⊺, Wh
o ∈

R
Co×

Co

H , Wh
vo ∈ R

Ci×Co .

A Filter Subspace View on Multi-head Attention. We

now present our filter subspace view on the multi-head at-

tention. By viewing each token embedding X[n] ∈ R
Ci

as a node Vn, which are connected with all the other nodes

with edges E[m,n] = 1, ∀m ∈ [N ], we obtain a graph

representation of all the tokens, G = (V,E).
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We then reformulate the attention operation as the mes-

sage passing as in Graph Convolution Nerworks [27].

Specifically, inspired by [6], we write the single-head at-

tention as a graph convolution with the filter Fh(X),

Oh[n, :] =
∑

n′
∈[N ]

c′∈[Ci]

Fh(X)[n, n′] X[n′, c′]Wh[c′, :],
(5)

where Wh = Wh
vo ∈ R

Ci×C0 denotes the weight for linear

projection on each node, and the n-th row of the filter, i.e.,

Fh(X)[n, :], represents the local graph filter around the n-th

node (token). Comparing with (1) and (2), we have,

Fh(X) = softmax(XWqW
⊺

kX
⊺). (6)

The multi-head attention individually learns H filters

{F1(X), ...,FH(X)} to aggregate complementary infor-

mation across nodes. These H filters naturally form a graph

convolutional filter subspace F(X) as,

F(X) = {Fh(X)}Hh=1 ⊆ (0, 1)N×N , (7)

and we denote each Fh(X) as a filter atom. The multi-head

attention can then be represented in the way of decomposed

graph convolution [6] as,

O[n, :] =

H
∑

h=1

∑

n′
∈[N ]

c′∈[Ci]

Fh(X)[n, n′]X[n′, c′]Wh[c′, :].
(8)

It can be seen from (8) that the parameters Fh(X),Wh

plays two key yet independent roles in the graph convolu-

tion. The Wh updates the knowledge for each node by pro-

jecting its representation into a new space, while the graph

filter Fh(X) guides the information flow across nodes. In-

tuitively, with a more expressive graph convolutional filter

subspace F(X), each node can aggregate more informative

features from other nodes.

3.2. Subspace Coefficient Tuning

Given the re-formulation of multi-head attention maps as a

graph convolutional filter subspace, we present an efficient

fine-tuning method specifically designed for transformers to

enhance attention’s expressiveness. Our motivation is that

after the softmax function, each graph filter Fh(X) has val-

ues in the range (0, 1) with row-sum as one. The normal-

ized attention maps restrict the expressiveness in the way

that each output embedding lies in the convex hull of the

value embeddings.

To expand the feature space of the output embeddings,

we propose Coeff-Tuning, to tune the filter subspace on the

target dataset with a small set of combination coefficients,

i.e., subspace coefficient α ∈ R
H×H . As shown in Fig-

ure 2, the tunable coefficient α constructs a more expressive

filter subspace F̂α(X) by linearly combining the pre-trained

multi-head attention maps F(X). Each element F̂h(X) in

the learned filter subspace can be written as,

F̂h(X) = α[h, :]⊺F(X) =

H
∑

i=1

α[h, i]Fi(X). (9)

The multi-head attention then represents as,

O =

H
∑

h=1

F̂h(X)XWh =

H
∑

h=1

H
∑

i=1

α[h, i]Fi(X)XWh.

(10)

Note that, mathematically, the subspace coefficient α is un-

constrained, allowing it to combine attention maps with

a wider range of values from the original filter subspace

F(X). With attention scores exceeding the range (0, 1), we

effectively expand the space for O by allowing a more flex-

ible combination of value matrices.

Residual Parameterization. To facilitate the tuning and

preserve the most knowledge in the pre-trained transformer,

we propose a residual parameterization of the subspace co-

efficient,

α
′ = α+ I,

F̂h(X) = Fh(X) +

H
∑

i=1

α[h, i]Fi(X).
(11)

In this way, we maintain the original filter subspace with

the identity matrix, while parameterizing the subspace co-

efficient α′ to learn the residual combination of attention

maps on fine-tuning tasks.

Reguralization on Subspace Coefficient. The proposed

Coeff-Tuning substantially enhances the expressiveness of

multi-head attention with tunable coefficient α. However, it

may also lead to overfitting and preventing channel projec-

tion parameters Wv,Wo from learning generalizable fea-

tures. To alleviate this, we propose a simple regularization

design that performs dropout [63] directly on the tuned sub-

space coefficient α during training,

α
′ = Dropout(α; p) + I. (12)

In this way, we randomly remove an element from α with a

probability of p to avoid overfitting.

4. Analysis

In this section, we analyze that adjusting the filter subspace

using the proposed subspace coefficient α can effectively

enhance the expressiveness of the multi-head attention.
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𝐗Input 𝐎Output Fine-tune 𝐅(𝐗) Fine-tune 𝐖𝑣 Fine-tune 𝛂𝐅(𝐗) 𝐅(𝐗)

𝐎 = ෍𝒉=𝟏𝑯 ෍𝒊=𝟏𝑯 𝛂 ℎ, 𝑖  𝐅𝑖 𝐗𝐎 = ෍𝒉=𝟏𝑯 𝐅ℎ  𝐗 𝐎 = ෍ℎ=1
𝐻 𝐅ℎ  𝐗 𝐖𝑣ℎ𝐎 ∈ min 𝐗 , max(𝐗) 𝐎 ∈ መ𝒮, min 𝐗 , max(𝐗) ⊆ መ𝒮

Figure 3. The effectiveness of tuning subspace coefficient α. The goal is to convert the input graph X to the target graph O using a single

attention layer, O =
∑H

h=1
F

h(X)XW
h
v , where F(X) = softmax(XWqW

⊺

kX
⊺). We have the following observations: (i) When only

tuning Wq and Wk, i.e., updating F(X), the positions of output nodes are constrained within the range of the input nodes X, since the

values of F(X) are in the range of (0, 1). (ii) In addition to tuning F(X), updating Wv projects the input as XWv , but the output graph

is still not aligned with the target graph. (iii) In addition to tuning F(X), adapting α successfully transforms the input graph into the

target graph. Compared with (i), α expand the positions of output nodes
∑H

i=1
α[:, i]Fi(X)X beyond the constraints of the input nodes,

enhancing the expressiveness of the attention effectively.

For the filter F(X) in the filter subspace F ,

since F(X) = softmax(XWqW
⊺

kX
⊺), their elements

F(X)[n, n′] satisfy the following properties,

0 < F(X)[n, n′] < 1,
∑

n′∈[N ]

F(X)[n, n′] = 1. (13)

Definition 4.1. Given N nodes {xi}
N
i=1, the set S(x) =

{
∑N

i=1 λixi | λi > 0,
∑

i λi = 1} is a bounded convex

set.

According to the Definition 4.1, when the projected

nodes XWh ∈ R
N×Co of each head h are given, the out-

put Oh[n, :] =
∑

n′∈[N ] F
h(X)[n, n′]X[n′]Wh lies within

S(XWh), which means the outputs Oh[n, :] are bounded.

This property also applies to the multi-head attention mech-

anism.

Proposition 4.2. If Sh is a bounded convex set, ∀h =
1, · · · , H , the set S = S1 + · · ·+ SH = {x1 + · · ·+ xH |
∀xh ∈ Sh} is also a bounded convex set.

According to Proposition 4.2, when the projected nodes

XWh are given, the outputs of the multi-head attention

O[n, :] =
∑H

h=1

∑

n′∈[N ] F
h(X)[n, n′]X[n′]Wh are also

bounded.

Proposition 4.3. After applying the subspace coefficients

α, the outputs of the reconstructed filter subspace F̂α

form a set Ŝ = {
∑H

h=1

∑H

i=1 α[h, i]Fi(X)[n, n′]XWh |
Fi(X)[n, n′] > 0,

∑

j F
i(X)[n, n′] = 1, α[h, i] ∈ R},

which satisfies S ⊆ Ŝ .

According to Proposition 4.3, when applying filter sub-

space coefficients α, we can reconstruct the filter subspace

F and expand the set S . Specifically, given XWh, the out-

put O[n, :] =
∑H

h=1

∑H

i=1 α[h, i]Fi(X)[n, n′]XWh can

be in the set Ŝ \ S . Our method obtains an expanded set,

enhancing the expressiveness of the model. We provide the

support of our analyses in Appendix A.

4.1. Validation Experiment

We assess the effectiveness of the subspace coefficients us-

ing a single attention layer. Given an input graph X, the out-

put of the attention layer is calculated as O = F(X)XWv ,

where F(X) = softmax(XWqW
⊺

kX
⊺).

Our goal is to optimize Wq , Wk, Wv to trans-

form the input graph X into the target graph O as

shown in Figure 3. The input graph contains 8 nodes X =
[[−1, 1], [0, 1], [1, 1], [1, 0], [1,−1], [0,−1], [−1,−1], [−1, 0]]
positioned in a range of [−1, 1] and the target graph O =
[

[−1, 1], [0, 2], [1, 1], [2, 0], [1,−1], [0,−2], [−1,−1], [−2, 0]
]

,

with node coordinates in the range of [−2, 2].
As shown in Figure 3, by only tuning the Wq and Wk,

i.e., F(X) = softmax(XWqW
⊺

kX
⊺), the output is con-

strained inside the range of the input, which is aligned with

Proposition 4.1. When we tune Wq , Wk, and Wv , the out-

put exceeds the input range but still cannot fully match the

target graph. However, when we tune the subspace F(X)
and subspace coefficient α, the attention layer can success-

fully transform the input graph into the target graph as in

Figure 3. This observation is aligned with Proposition 4.3,

and indicates that the proposed Coeff-Tuning can effectively

expand the feature space of the multi-head attention layer.

4.2. Complexity Analysis

We now formally analyze the complexity of the proposed

Coeff-Tuning, and compare it with other baseline PEFT

methods. The number of parameters required for our

method is H × H , where H is the number of heads at

each attention layer. Considering Wq,Wk,Wv ∈ R
Ci×Co

and Wo ∈ R
Co×Co of the attention layer, our method in-

troduces relative H2

3CiCo+C2
o

parameters. In modern large

transformer models, we typically have Ci = 2048 and

Co = 1280. With H = 10, our method requires ap-

proximately 0.001% additional parameters. Compared with

other PEFT methods such as LoRA, our method introduces
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Table 1. Fine-tuning Results on VTAB-1k with ViT

Natural Specialized Structured
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F
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P
s

Full fine-tuning 68.9 87.7 64.3 97.2 86.9 87.4 38.8 79.7 95.7 84.2 73.9 56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1 65.57 85.8 45.15

Adapter 74.1 86.1 63.2 97.7 87.0 34.6 50.8 76.3 88.0 73.1 70.5 45.7 37.4 31.2 53.2 30.3 25.4 13.8 22.1 55.82 0.234 16.44

BitFit 72.8 87.0 59.2 97.5 85.3 59.9 51.4 78.7 91.6 72.9 69.8 61.5 55.6 32.4 55.9 66.6 40.0 15.7 25.1 62.05 0.105 15.08

VPT 77.7 86.9 62.6 97.5 87.3 74.5 51.2 78.2 92.0 75.6 72.9 50.5 58.6 40.5 67.1 68.7 36.1 20.2 34.1 64.85 0.06 16.68

LoRA 67.1 91.4 69.4 98.8 90.4 85.3 54.0 84.9 95.3 84.4 73.6 82.9 69.2 49.8 81.7 81.8 48.3 32.8 44.2 72.91 0.305 15.74

SPT-Adapter 72.9 93.2 72.5 99.3 91.4 84.6 55.2 85.3 96.0 83.9 75.8 82.2 68.0 49.3 80.0 82.4 51.9 31.7 41.2 73.52 0.266 16.44

Linear Probing 63.4 85.0 63.2 97.0 86.3 36.6 51.0 78.5 87.5 68.6 74.0 34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2 52.94 0 15.05

Coeff. α Only (Ours) 69.5 90.8 74.5 99.1 90.9 83.0 51.1 83.6 95.3 84.6 75.8 57.4 59.1 46.5 78.6 75.0 51.4 25.6 34.2 69.78 0.002 15.06

FACT-TT≤16 71.3 89.6 70.7 98.9 91.0 87.8 54.6 85.2 95.5 83.4 75.7 82.0 69.0 49.8 80.0 79.2 48.4 34.2 41.4 73.04 0.040 15.14

w/ Coeff-Tuning (Ours) 72.1 89.7 71.8 99.1 91.2 88.9 54.8 85.3 95.7 84.2 75.3 83.0 68.8 51.0 81.3 80.0 49.3 35.0 42.7 73.64 0.042 15.15

SNELL-8 73.7 92.7 72.4 99.2 91.4 89.2 55.4 84.9 96.1 86.4 75.2 84.0 68.5 53.5 81.0 82.7 49.9 33.9 39.2 74.17 0.268 15.47

w/ Coeff-Tuning (Ours) 74.2 92.9 73.1 99.2 91.6 90.3 55.6 85.2 96.2 86.3 75.8 84.1 68.8 53.7 81.3 84.0 52.1 35.0 39.9 74.70 0.270 15.48

relative H2

3rCi+5rCo
parameters, where r is the LoRA rank.

Using the same values for Ci, Co, H , and setting r = 4,

our approach requires less than 0.2% additional parameters

compared to LoRA and its variants. This also indicates that

our Coeff-Tuning can maintain almost the same quantity of

parameters when combined with other PEFT methods.

5. Experiments

In this section, we validate the proposed Coeff-Tuning with

various tasks and datasets, including tuning the vision trans-

former [11] on few-shot image classification, tuning text-to-

image diffusion model [51] for concept customization, and

tuning vision-language BART [8] on image-to-text under-

standing. Combining with other weight-based PEFT meth-

ods, the proposed Coeff-Tuning consistently achieves supe-

rior results with neglectable parameters added.

5.1. Few­shot Image Classification

we first validate the proposed method by fine-tuning Vi-

sion Transformers on a series of downstream datasets for

few-shot image classification. Our method achieves supe-

rior results while maintaining a high parameter efficiency

compared with baseline methods.

Experimental Settings. We utilize the VTAB-1k [81]

dataset which comprises 19 diverse computer vision tasks

across three domains: standard natural imagery, special-

ized capture, and synthetic/structured environments. The

benchmark evaluates model performance on various task

Table 2. Fine-tuning Results on the FGVC with ViT.

CUB-200 NABirds Flowers S-Dogs S-Cars Mean

Full fine-tuning 87.3 82.7 98.8 89.4 84.5 88.5

Linear Probing 85.3 75.9 97.9 86.2 51.3 79.3

Adapter 87.3 84.3 98.4 88.8 68.4 85.5

BitFit 88.4 84.2 98.8 91.2 79.4 88.4

VPT 86.7 78.8 98.4 90.7 68.7 84.6

LoRA 84.9 79.0 98.1 88.1 79.8 86.0

SPT-LoRA 88.6 83.4 99.5 91.4 87.3 90.1

SNELL-8 89.6 86.8 99.3 92.1 89.9 91.5

w/ Coeff-Tuning (Ours) 89.8 87.1 99.5 92.2 90.7 91.9

objectives. With only 1,000 training samples per task, it

presents a significant few-shot learning challenge. We also

benchmark our method on five fine-grained datasets in few-

shot settings, including CUB-200-2011 [69], NABirds [67],

Oxford Flowers [44], Stanford Dogs [25] and Stanford

Cars [13]. A detailed description is provided in Ap-

pendix B.2.

As for the vision transformer, we follow VPT [23],

SSF [35], and select ViT-B/16 [11] pre-trained on

ImageNet-21K [9] as the base model for fine-tuning. We

benchmark the proposed Coeff-Tuning with a series of

PEFT methods for few-shot learning including SSF [35],

VPT [23], Adapter [20], LoRA [21], and BitFit [79].

We present two settings of Coeff-Tuning in this task. We

first explore the representation ability of tuning subspace

coefficient α only, which tunes the transformer bottleneck

with only tuning H2 (144 for ViT [11]) parameters for each

transformer block. We also show the performance of com-

bining Coeff-Tuning and SSF [35] to demonstrate that our

method can plug and play with other PEFT methods. We

set the coefficient dropout rates as p = 0 and p = 0.1 for

these two settings respectively, and provide other hyperpa-

rameters in Appendix B.2.

Results. As shown in Table 1, the proposed Coeff-

Tuning shows superior performances in both settings. Com-

pared with the linear probing baseline which achieves

a mean accuracy of 61.69, Coeff-Tuning obtains a

significantly higher result of 73.49 with tuning only

(12 ∗ 12) ∗ 12 = 1,728 additional subspace coefficients

α in ViT [11] (ViT [11] has 12 attention layers, each atten-

tion has 12 heads). Thus, we achieve a large performance

increase in few-shot image classification (11.8↑) with ne-

glectable additional parameter costs. Note that this re-

sult has already surpassed almost all baselines. We fur-

ther achieve the best performance by combining Coeff-

Tuning with SSF while maintaining almost the same param-

eter cost.

20151



Figure 4. Results on Concept Customization. Compared to the baseline method (middle row), Coeff-Tuning (bottom row) leads to higher

concept fidelity and text alignment of the generated images. For instance, our method accurately generates images of a “⟨V ⟩ plushie sloth

in the snow,” while the baseline fails to align with the text prompt. Additionally, our method generates a “⟨V ⟩ wooden pot” with higher

fidelity to the input image.

Table 3. Concept Customization Results with SDXL.

Method # Params (%) Text Align. Concept Align. Diversity

DoRA 0.0371 0.33 0.73 10.9

Ours + DoRA 0.0374 0.34 0.75 11.37

LoRA 0.0306 0.33 0.74 10.08

Ours + LoRA 0.0309 0.34 0.75 10.45

5.2. Personalized Text­to­Image Generation

We now show the effectiveness of Coeff-Tuning with the

concept customization with Stable Diffusion (SDXL) [51,

55]. We validate the effectiveness of Coeff-Tuning by com-

bining it with baseline PEFT methods, LoRA [21] and

DoRA [38], and compare the performance with baselines

without tuning α. Specifically, we fine-tune SDXL [51]

to associate the special token with a concept image from

Dreambooth [56] and CustomConcept101 [30] datasets. We

choose 10 different concepts, and fine-tune the model on

4 ∼ 9 images. We utilize 25 different text prompts follow-

ing [53] and generate 4 images for each prompt. We eval-

uate the fidelity, diversity, and text-to-image alignment of

the generated images. Other training details are described

in Appendix B.3.

Evaluation metrics. We assess the concept alignment

with the average cosine similarity between CLIP embed-

dings [54] of the generated images and the concept images.

The diversity of generated images is measured by the Vendi

score [12] calculated with the DINOv2 embeddings [46].

The text alignment of the generated images is measured via

average cosine similarity in the CLIP feature space [54].

Results. The quantitative results are shown in Table 3. By

combining with LoRA [21] or DoRA [38], the proposed

Coeff-Tuning generates images with greater diversity and

better alignment with the both text prompt and input con-

cept images. The qualitative results of our method com-

pared with LoRA [21] are shown in Figure 4. The gener-

ated images with Coeff-Tuning have higher concept fidelity,

preserving more characteristics from the input images.

As an example, consider the concept “⟨V ⟩ cat” as shown

in the 4th column in Figure 4, the image generated using

our method retains the cat’s color from the input image,

while the one generated by the baseline method alter the

color. Additionally, the backgrounds in images generated

with our method show more detailed features compared to

those from the baseline method. Coeff-Tuning achieves the

above improvements by introducing a limited number of ad-

ditional parameters. We provide more generated images in

Appendix B.3.

5.3. Image­Text Understanding

As we have shown the effectiveness of Coeff-Tuning in fine-

tuning models on both few-shot image classification and

personalized image generation, we now validate it on multi-

task image-text understanding, which is a much larger-

scale multi-modal fine-tuning task that requires a higher

model capacity. By combining with baseline PEFT meth-
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Table 4. Multi-Model Fine-tuning Results with VL-Bart.

Method # Params (%) VQAv2 GQA NVLR2 COCO Cap Avg.

Full Model 100 66.9 56.7 73.7 112.0 77.3

LoRA 5.94 65.2 53.6 71.9 115.3 76.5

Ours + LoRA 5.94 66.2 54.1 73.0 115.2 77.1

DoRA 5.96 65.8 54.7 73.1 115.9 77.4

Ours + DoRA 5.96 66.4 54.9 73.0 116.4 77.7

ods, our method again achieves superior performance with

neglectable parameter increase.

Experimental Settings. We evaluate our method on VL-

BART [8] multi-modal transformer, which utilizes CLIP-

ResNet101 [54] for vision encoding and sends the visual

features to BART-Base [31] for image-text joint modeling.

Following [65], we evaluate our method with the multi-

task fine-tuning of VL-Bart [8] on four large-scale image-

text understanding tasks simultaneously: VQAv2 [14] and

GQA [22] for visual question answering, NLVR2 [64] for

visual reasoning, and MSCOCO [5] for image captioning.

Following the plug-and-play practice, we combine the pro-

posed Coeff-Tuning with LoRA [21] and DoRA [38] re-

spectively, and set the subspace coefficient dropout rate to

p = 0.2. Detailed descriptions of other settings and hyper-

parameters are provided in Appendix B.4.

Results. As shown in Table 4, our method surpasses base-

line LoRA [21] and DoRA [38] respectively in almost all

image-text datasets consistently, and achieves higher aver-

age scores. The Coeff-Tuning combined with LoRA [21]

obtains comparable results with full-model fine-tuning, and

it achieves better results than full-model tuning when it is

combined with DoRA [38]. Notably, these improvements

are achieved while maintaining the same parameter budgets

as we only tune a hundred parameters for each attention.

5.4. Ablation Study

In this section, we examine the effectiveness of each com-

ponent of our design with ablation experiments.

Table 5. Ablation studies on (a) residual parameterization and (b)

coefficient dropout showing their effects on model performance.

Parametrization Avg.

α w/ rand. init. 44.28

α w/ identity init. 61.57

I +α, zero init. 73.49

(a)

Dropout p Avg. Score

0.0 75.1

0.1 77.3

0.2 77.7

0.4 72.3

(b)

Residual Parameterization. We first demonstrate the

importance of residual parameterization in Eq. 11 in Coeff-

Tuning. We compare our residual parameterization with the

direct parameterization where we directly tune α without

adding it to the identity matrix, and initialize it with either

a random matrix or an identity matrix. We adopt the few-

shot tuning task as in Sec. 5.1 and only tune α. Results in

Table 5a show that models with residual parameterization

achieve superior performance than direct parameterization

with two different initializations. This validates our design

that maintaining the original filter subspace while learning

the residual combination helps preserve pre-trained knowl-

edge and leads to better fine-tuning performance.

Subspace Coefficient Dropout. The dropout regulariza-

tion on the subspace coefficient as in Eq. 12 plays a cru-

cial role in preventing overfitting. We adopt the experiment

setting in multi-modal fine-tuning as in Sec. 5.3. We ex-

periment with different dropout rates p ∈ {0, 0.1, 0.2, 0.4}
during training. The results in Table 5b demonstrate that

a moderate dropout rate (p = 0.2) yields the best perfor-

mance while either a lower or higher dropout rate leads to

sub-optimal results. This suggests that applying dropout di-

rectly on the tuned subspace coefficient α can effectively

prevent overfitting and lead to better generalization.

6. Conclusion

In this paper, we presented Coeff-Tuning, a new parameter-

efficient fine-tuning approach that enhances multi-head at-

tention’s expressiveness by learning a set of subspace coef-

ficients. By reformulating attention as a graph convolution

with a filter subspace, we demonstrated both theoretically

and empirically that our method expands the feature space

of multi-head attention beyond the original convex hull con-

straints. The proposed Coeff-Tuning can be seamlessly inte-

grated with existing PEFT methods while introducing neg-

ligible additional parameters. Through extensive experi-

ments across diverse tasks and modalities, we consistently

demonstrated superior performance compared to competi-

tive PEFT baselines. Our method achieved significant im-

provements in various metrics while maintaining high pa-

rameter efficiency, suggesting a promising direction for en-

hancing the adaptability of large pre-trained transformers.
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