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Abstract

Large pre-trained transformers have revolutionized artifi-
cial intelligence across various domains, and fine-tuning re-
mains the dominant approach for adapting these models to
downstream tasks due to the cost of training from scratch.
However, in existing fine-tuning methods, the updated rep-
resentations are formed as a dense combination of modified
parameters, making it challenging to interpret their contri-
butions and understand how the model adapts to new tasks.
In this work, we introduce a fine-tuning framework inspired
by sparse coding, where fine-tuned features are represented
as a sparse combination of basic elements, i.e., feature dic-
tionary atoms. The feature dictionary atoms function as
fundamental building blocks of the representation, and tun-
ing atoms allows for seamless adaptation to downstream
tasks. Sparse coefficients then serve as indicators of atom
importance, identifying the contribution of each atom to the
updated representation. Leveraging the atom selection ca-
pability of sparse coefficients, we first demonstrate that our
method enhances image editing performance by improv-
ing text alignment through the removal of unimportant fea-
ture dictionary atoms. Additionally, we validate the effec-
tiveness of our approach in the text-to-image concept cus-
tomization task, where our method efficiently constructs the
target concept using a sparse combination of feature dic-
tionary atoms, outperforming various baseline fine-tuning
methods. We provide more details at our project page.

1. Introduction

In recent years, pre-trained large models have revolution-
ized artificial intelligence across domains like natural lan-
guage processing and computer vision [11, 22, 46, 52].
Given the prohibitive computational resources required for
training these models from scratch, fine-tuning has emerged
as the dominant paradigm for adapting pre-trained models
to specific downstream tasks, enabling efficient knowledge
transfer while minimizing computational overhead.
Various parameter-efficient fine-tuning (PEFT) meth-
ods [17, 26, 43] have been developed to tune the large trans-

formers by updating a small subset of parameters while
keeping large pre-trained weights frozen. A representative
family of these approaches [17, 26] utilizes lightweight pa-
rameterizations, such as low-rank decomposition, to adapt
the weight matrices. However, despite being lightweight,
these methods obtain the updated features with a dense
matrix multiplication between the input and the adapted
weights, making it challenging to interpret how the indi-
vidual updated parameters contribute to the newly learned
representations and to identify the new knowledge gained
through fine-tuning.

To tackle this challenge, we take inspiration from sparse
coding [9, 30, 32, 33, 37, 39, 42, 54-56], in which sig-
nals are expressed as a sparse combination of basic ele-
ments, i.e., dictionary atoms. In this paper, we frame model
fine-tuning as a sparse coding problem, where the adapted
feature is constructed using a dictionary of feature atoms.
These feature atoms are selectively combined with sparse
coefficients, ensuring that only a small subset of atoms con-
tributes to the updated representation. This sparsity not only
disentangles interactions between features but also allows
each atom to capture a distinct aspect of the downstream
data.

We first analyze with a toy experiment that the tuned
feature dictionary atoms function as building blocks of the
adapted representation, and tuning these atoms allows for
effective adaptation to downstream tasks. We demonstrate
that with pre-trained coefficients and atoms, fine-tuning the
atoms effectively captures the representation of downstream
tasks. Representing features through individual atoms en-
hances controllability in the adaptation process.

We validate our method on generative fine-tuning tasks.
We show that the target concept can be effectively repre-
sented using feature dictionary atoms after fine-tuning the
pre-trained model within our framework. Compared to
baseline methods, our approach allows the selection of spe-
cific atoms to refine the generated image. This adaptability
improves performance on image editing tasks by enhancing
editing results through the removal of unimportant atoms.
We also apply our approach to customized text-to-image
tasks, showing that fine-tuning atoms effectively captures
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Figure 1. (a) Our method leverages sparse coding and enforces high sparsity in adapted feature AQO, ensuring that the output feature is
constructed using only a few dictionary atoms D. (b) The pre-trained model initially generates “8”. It generates “3” after integrating the
learned dictionary D which is fine-tuned on “3”. (c) The overall transformation of the generated digit from “8” to “3” using the dictionary
atoms. The red indicates an increase in value at a specific location and blue indicates a decrease. The total influence is decomposed into
contributions from atoms at different layers: AO™) represents the combined effect of 8 atoms in the first layer, while AO®@ accounts for
the 4 atoms in the second layer. The details of this experiment is provided in Section 3.3

personal concepts while preserving the capabilities of pre-

trained models. Our method outperforms various baseline

approaches, demonstrating its effectiveness in controlled
adaptation for generative modeling.
We summarize our contributions as follows:

* We formulate large transformer fine-tuning as a sparse
coding problem, where the adapted feature representation
is a sparse combination of a dictionary of feature atoms.

* We introduce a fine-tuning framework that leverages a
combination of dictionary atoms and demonstrates that
tuning atoms enhances control over the adaptation pro-
cess.

* We validate the effectiveness of our approach in gener-
ative tasks by demonstrating the improvement in image
editing and concept customization.

2. Related Work

Sparse Representation and Attention Recent research
has demonstrated the significant role of sparsity in en-
hancing both interpretability and computational efficiency
in generative models through various approaches including
sparse autoencoders for feature extraction [49], sparse fea-
ture circuits for improved generalization [31], transcoders
for detailed circuit analysis [12], dictionary learning for
monosemantic representations [5], and selective parame-
ter tuning strategies [18]. Complementary work has ad-
dressed the quadratic computational complexity of stan-
dard attention mechanisms through sparse attention tech-
niques that compute attention scores for only a subset of

-

token pairs [3, 10, 50, 52], with optimizations including

dynamic pattern adjustment [24], hardware-aligned imple-
mentations [60], and graph-based conceptualizations [51],
collectively enabling transformers to process significantly
longer sequences while maintaining model quality despite
challenges in balancing efficiency with performance in
complex long-range dependency scenarios. Compared to
previous works, our method applies sparse coding for fine-
tuning transformer-based models in generative tasks.

Representation Tuning Recent representation tuning ap-
proaches operate directly on model representations rather
than weights, achieving parameter efficiency while enhanc-
ing controllability, and interpretability across various model
types and tasks [1, 8, 27, 28, 36, 53, 57, 58, 64]. Unlike
traditional PEFT approaches that impact representations in-
directly through weight adjustments, representation tuning
methods preserve the original pre-trained model weights
while directly modifying the output representations. In
comparison, our work studies the sparsity in the updated
representation and frames it as a dictionary learning prob-
lem.

Personalized Text-to-Image Generation Extensive re-
search has been conducted on aligning text prompts and
generated concepts [19, 20, 23, 25, 34, 35, 41, 47]. Zhang
et al. [62] developed an object-conditioned energy-based at-
tention map alignment technique in diffusion models, en-
hancing control over specific objects in generated images.
Another study by Zhang et al. [61] improved semantic fi-
delity in text-to-image synthesis through attention regula-
tion. Hao et al. [16] introduces ConceptExpress, an unsu-
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pervised method for extracting personalized concepts from
a single image. Ren et al. [45] addressed memorization is-
sues in text-to-image diffusion models by analyzing cross-
attention mechanisms, proposing solutions to reduce over-
fitting to user-specific data. We approach this problem by
adopting the ideas from sparse coding and learning the tar-
get concept as a sparse combination of coefficients and dic-
tionary atoms.

3. Method

3.1. Preliminary

Multi-head attention (MHA). The attention layer [52]
transforms the input sequence X € RN*C: to the output
sequence O € RM*Co where N denotes the sequence
length, C; and C,, are the dimension of input and output fea-
tures. The attention layer projects the input as Q = XW,,
K = XWg, V = XW,, using the corresponding projec-
tion matrices W, Wy, W, € R%*% and calculates the
attention map,

A = attn(X) = softmax(XW,W]XT). (1)
The attention map A € RV >N captures the token-wise re-

lationship by doing inner-product in a space transformed by
W,, Wy Then the output of the attention layer is,

0 = AXW,, 2)

Multi-head attention extends this by allowing multiple at-
tention mechanisms to work in parallel, with each head in-
dependently learning attention patterns. The project ma-
trices for each head are Wéh),W,(ch),Wq(,h) € RCM%,
where h = 1,--- , H and H is the number of heads. The
multi-head attention represents as,

H
Z=3 AMXW{, (3)
h=1

where W, € RC-%Co and W = wMwW{MT Wi ¢
RCOX% W’E]’Z;) € RCi*xCo

Sparse coding. Sparse coding is a signal representation
technique that models a signal as a linear combination of a
small number of basis functions from a dictionary. Given a
signal X € RNV*Ci the goal of sparse coding is to find a
dictionary D € R™*C (where m > C; is the number of
atoms) and a sparse coefficient vector S € R™V*™ such that
the signal can be approximated as:

X ~ SD, 4)

where S has only a few nonzero elements, ensuring spar-
sity. The sparse coding problem is often formulated as an

optimization problem:
min X — SD|3 + A[S|1, 5)

where A is a regularization parameter controlling the trade-
off between sparsity and reconstruction error. The Prox-
imal gradient method is a common approach to solving
this optimization problem, including Iterative Shrinkage-
Thresholding Algorithm (ISTA) and its accelerated ver-
sion (FISTA) [2], which utilize proximal operators for ef-
ficient iterative updates. For sparse coding with ¢; regu-
larization, the corresponding proximal operator is the soft-
thresholding function:

proxy ., (S) = sign(S) © max(|S| — A,0),  (6)

where ® is Hadamard product. It encourages sparsity by
shrinking small values of S toward zero. Sparse coding
is widely used in signal processing, machine learning, and
neuroscience, providing efficient and interpretable repre-
sentations of data.

3.2. Sparse Fine-Tuning

In this work, we conceptualize model fine-tuning as a sparse
coding problem, i.e., the adapted features are constructed
using a dictionary of feature atoms. As our method focuses
on the transformer architecture, we first propose an inter-
pretation of the attention operation by viewing the product
between the attention map and value matrices as a com-
bination of dictionary atoms with dictionary coefficients.
We then propose a fine-tuning approach by representing the
adapted features as a learned sparse combination of dictio-
nary atoms with sparse coefficients, representing the fine-
tuned representations’ underlying sparsity nature.

A dictionary view of attention. For single head attention
(2), each row of A can be interpreted as coefficients for
combining V into the output O, i.e., O; = Zj A;;V;. In
the case of multi-head attention (3),
XW
A : ,
XWi)

(7
it can be represented as a product of a composite coeffi-
cient [A(l), e ,A(H)] € RVXNH "and an extensive dic-

T

tionary [XW&),W XWH )} € RNH*Co  Each row
of the output O is a linear combination of XW,,, i.e.,
O; =3, AE;I)(XWS,};)) ;- When represented as a lin-
ear combination of dictionary elements, multi-head atten-
tion and single-head attention follow the same formulation.
In the following discussion, we focus on the single-head at-
tention formulation, which can be seamlessly extended to
the multi-head attention case.

H
ZA(h)XW,(ff,) — [A(l)
h=1
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A sparse dictionary view of attention. From the per-
spective of sparse coding, the feature is expressed as SD,
where S represents the sparse coefficients and D con-
sists of dictionary atoms that remain data-independent once
learned. Although attention can be expressed as a linear
combination of atoms, it does not inherently exhibit spar-
sity. To fully leverage the advantages of sparse representa-
tions, we propose to represent the attention mechanism (2)
in the form of sparse coding,

O =SD = 0, (AXW,)D, (8)

where o (+) can be soft-thresholding function or ReLU(z —

\) to ensure sparsity of S = o\(AXW,) € RN*Co,

W, € REXM and D € RMXC is the feature dictionary

atoms, M is the number of atoms.

With this formulation, we obtain the feature dictionary
atoms D (we use the term “atoms” for simplification in this
paper), which are the building blocks for feature represen-
tation O. We illustrate our formulation in Figure | (a). This
formulation provides the following properties:

* The sparse coefficients S = o) (AXW,) ensure that the
feature representation O is combined by only a few D.
We present an extreme example to illustrate how atoms
enhance interpretability: O; = Zj\il S;;D; can be sim-
plified as O; = S;;«D;« if all elements of S; is 0 except
the element at index j*, and only D ;- contributes to the
output feature O;.

* The sparse coefficients S are data-dependent, while the
feature dictionary atoms D are data-independent. While
different inputs generate different coefficients, the output
features are always constructed using the same feature
dictionary atoms.

* We can adjust the size of the feature dictionary by vary-
ing M to handle tasks with different difficulties. Large
M leads to an overcomplete dictionary while small M
produces an undercomplete dictionary.

Fine-tuning via sparse dictionary learning. The above
formulation frames feature representation through the lens
of sparse coding. In the context of large model fine-tuning,
we freeze the pre-trained parameters to make feature rep-
resentations O of the pre-trained model fixed. Instead, we
introduce a sparse coding perspective to encode the adapted
feature representation AQO, which is learned from down-
stream tasks. Specifically, we have,

O+ AO =0 +0),(AXW,)D. 9)

With this formulation, the pre-trained weights remain un-
changed, preserving the capabilities of the pre-trained
model. The adapted feature AO is represented as a linear
combination of feature dictionary atoms D, using sparse
coefficients S = o,(AXWS;). This formulation offers
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Figure 2. (a) Adjusting only the coefficients fails to adapt the
model to the downstream task, whereas (b) modifying only the
atoms enables a perfect fit to the new task composed of high-
frequency signals. (c) Fine-tuning the atoms effectively transitions
the model from low-frequency to high-frequency representations.
They encode the representation of the downstream task.

a framework for understanding how D contributes to the
adapted features in the fine-tuned model. We illustrate our
method in Figure 1 (a).

3.3. Analysis of Dictionary Atoms

In this section, we demonstrate distinct properties of atoms
D and sparse coefficients S.

Features atoms are key to fine-tuning. We analyze the
distinct behaviors of coefficients and atoms, and discover
that atoms play a crucial role in adapting to new tasks. To
explore this within the context of an attention block, we
perform a toy experiment where masked one-dimensional
signals are reconstructed using an attention layer. The sig-
nals, with a length of 64, are synthesized by selecting 5
random Fourier bases, with a low frequency ranging from
o to 2. The objective is to reconstruct the signal after
masking out 75% of its values with only 16 randomly sam-
pled observations. After we have a pre-trained model on the
low-frequency signals, we fine-tune the model to a new task
where signals are constructed with high-frequency Fourier

. 25 . 32 . :
bases ranging from &7 to £7. In this experiment, we test

two different cases: (?) tuning only coefficients on the high-
frequency data with atoms fixed, and (2) tuning only atoms
on the high-frequency data with coefficients fixed. As il-
lustrated in Figure 2, when adapting to high-frequency sig-
nals, modifying only the atoms while keeping the coeffi-
cients fixed allows the model to effectively generalize to the
new task. In contrast, updating only the coefficients is insuf-
ficient for proper adaptation. Building on this observation,
we hypothesize that adjusting atoms is more suitable than
adjusting coefficients for adapting to a new task. We ob-
serve from Figure 2 (c) that atoms are capable of encoding
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the representation of the downstream task. The experiment
details are in Appendix B.

Identifying the importance of feature atoms. We an-
alyze the impact of atoms on the newly learned concept
by visualizing both the influence of individual atoms and
their combined effect. In this experiment, we adopt a
transformer-based variational autoencoder (VAE) [21] with
a two-layer decoder. The experiment process is illustrated
in Figure 1 (b). We first pre-train the model on an image-
denoising task using a subset of the MNIST dataset con-
taining digits 5 to 9. We then fine-tune the model on a
downstream denoising task with only digit 3 by learning a
dictionary for each layer with M = 100. In this scenario,
the digit “3” is the newly learned concept. Given the same
noisy latent, the decoder outputs an “8” without incorpo-
rating fine-tuned feature atoms, whereas it generates a “3”
when the fine-tuned feature atoms are applied. The model
requires only 12 atoms to shift the generated digits from § to
3. The influence of each atom is visualized in Figure | (c),
with the overall impact represented as AQO, where the red
area indicates an increase in pixel value at a specific location
and the blue area represents a decrease. It is straightforward
to see that these 12 feature atoms enhance the regions corre-
sponding to “3” while suppressing certain portions of “8”.
Additionally, Figure 1 (c) illustrates the individual behavior
of each atom, showing how different atoms affect distinct
parts of the generated digit. The experiment details are in
Appendix B.

3.4. Design Variations

In this section, we outline the various design choices im-
plemented in our experiments. Our method achieves sparse
coefficient S = o) (AXW) by utilizing non-linear func-
tion o (-). In the literature on sparse coding [4], there
are three different methods: (i) soft-thresholding function,
ox(x) = proxy ., (x) = sign(x) ©® max(|x| — A, 0), (i)
ReLU, o (x) = ReLU(x — A) = max(x — A,0), and (iii)
top-k activation selection, which selects the most significant
features of top k contributing to the learned representation.
In practice, we observe that top-k activation selection main-
tains a consistent level of sparsity across different inputs.
In contrast, methods (i) soft-thresholding function and (ii)
ReLU exhibit sensitivity to input values, leading to varia-
tions in sparsity. However, methods (i) and (ii) offer control
over the coefficient values, ensuring they stay above a spec-
ified threshold.

Furthermore, we find that when o) (XWj) is highly
sparse, the resulting product Ao (X'W,) also retains spar-
sity. In modern transformers, computation of A and XW,,
are performed separately. For simplicity in implementation,
we adopt the formulation Aoy (XWy).

3.5. Analysis of Our Design

Comparison with LoRA. When representing attention
mechanism (1-3) as a linear combination of dictionary
atoms, updating W, W, is equivalent to updating the co-
efficients while updating W ,,, W, is equivalent to updating
the atoms. LoRA applies adaptation on W, Wy, W,,, W,
with a low-rank matrices W, € R X" Wp € R"*C,
where r represents the rank. LoRA adapts both coefficients
and atoms in a low-rank way. In comparison, our method
adapts the coefficients with W and obtains sparse coeffi-
cients oy (AXW,), while representing atoms with D.

Parameters and computational cost. To adapt the rep-
resentation at each layer, we need additional parameters
for W, and D, which are (C; + C,)M. After the fine-
tuning, considering the density of the coefficients p, i.e.,
1 — p is sparsity, the storage required for the parameters is
Ci;M + pC, M. In comparison, LoRA requires 4(C; + C,)r
additional parameters. The FLOPs required by our method
are 2NMC; + 2pN M C,,. LoRA requires 8C;C,r FLOPs.
For example, if C; = C, = 1024, M = 256, r = 16,
N = 1024, p = 0.01, our method requires 264k pa-
rameters for storage and 0.54GFLOPs for compututation,
while LoRA requires 131k parameters and 0.13GFLops.
Our method involves slightly higher computational costs
than LoRA, as it accounts for feature interactions, whereas
LoRA only updates the weights. Next, we demonstrate that
by leveraging sparse feature representations, our approach
achieves greater robustness compared to LoRA.

Our method provides more stable adaptation. We com-
pare an extreme case between LoRA and our method, by
considering the attention in a dictionary form AO = AV or
AO = SD. In this experiment, we examine the difference
between updating coefficients using a low-rank approach
versus a sparse approach. Both LoRA and our method pro-
duce the updated feature AO with rank 1, where LoRA
achieves this by setting » = 1 and our method enforces only
one active atom in D. The key difference lies in how the
coefficients are updated—LoRA adapts them in a low-rank
manner, whereas our method updates them sparsely. As
shown in Figure 4, by fine-tuning the model on a single con-
cept, both LoRA and our method successfully reconstruct
the concept using the same prompt. LoRA fails to produce
meaningful images with a slightly modified prompt, while
our method remains robust, consistently generating a con-
cept that aligns with the updated text prompt. We attribute
the effectiveness of our approach to the sparse coefficients
produced by o\ (AXW,). With a different text prompt, the
values in S either remain zero or take on a significant value
when receiving the proper input, ensuring that the generated
result remains coherent. In contrast, LORA produces noisy
coefficients, leading to completely disrupted outputs.
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Figure 3. The pre-trained model can generate the target concept when integrated with the learned dictionary, even with about 40 atoms.
With just four atoms, the core structure of the concept can still be generated. Adjusting the number of selected atoms influences the
generated results, offering a controllable approach to image editing. Additional discussions of these figures are in Section 4.1.

Figure 4. The role of sparsity: Our method utilizes the same num-
ber of atoms as LoRA, yet LoRA struggles to adapt to the target
prompt effectively. Sparse coding ensures that atoms are either ac-
tivated or inactive, providing a structured and interpretable adapta-
tion process. In contrast, LORA produces noisy coefficients, lead-
ing to completely disrupted outputs.

4. Experiments

In this section, we evaluate the effectiveness of our method
in image generation tasks. We demonstrate that feature dic-
tionary atoms effectively represent the target concept after
fine-tuning the pre-trained model. Compared to baselines,
our approach enables selective atom adjustment, improv-
ing image editing by refining results and enhancing text-to-
image concept customization while preserving pre-trained
model capabilities.

4.1. Representing Concepts Using Atoms

Experimental settings. In this experiment, we utilize
PixArt-X [7], a Diffusion Transformer (DiT) [40] model
consisting of 28 transformer blocks. We fine-tune the model
on a single image for 60 epochs using our method and re-
construct the corresponding concept using the same prompt
used during fine-tuning. The selected images are drawn
from DreamBooth [47], Custom Diffusion [23]. We con-
trol the number of active atoms and visualize the variation
of the generated results with different atoms.

The concept is represented by a set of atoms. As shown
in Figure 3, after fine-tuning our method on the target con-
cept, its representation can be effectively captured using a
small set of atoms, such as 40 atoms. Among these, just
4 atoms are sufficient to construct the core structure of the
concept, including key attributes like pose and color. We
provide details descriptions of these images in Appendix C.

4.2. Image Editing

Building on our previous observation that adjusting the
number of atoms influences the generated results, we ex-
plore leveraging this property for image editing. Image edit-
ing tasks aim to modify an image using a generative model
while retaining as many details as possible from the orig-
inal [63]. However, certain editing tasks pose challenges
in maintaining most of the original details while achiev-
ing effective modifications. For example, altering the style
can significantly change the overall appearance of the im-
age. We argue that successful image editing should preserve
the main components of the image while applying modifi-
cations selectively. Since our method represents the core
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Figure 5. Results on image editing. Our method shows improved
results by better following editing prompts while preserving the
key components of the source images.

components of a concept using only a few atoms, it is well-
suited for image editing tasks, ensuring that key structural
elements remain intact while allowing for controlled trans-
formations.

Experimental settings. In our experiment, we select data
from previous work [63] and evaluate different editing
tasks, including background modification, scene alteration,
and pose adaptation. Previous works [15, 63] fine-tune
models to learn a concept and modify its appearance by ad-
justing the prompt. However, these approaches have not yet
been applied to DiT. Following their setup, we compare our
method with fine-tuning approaches, such as LoRA [17],
using them as baselines for evaluation. We adopt the DiT
architecture and fine-tune both LoRA and our method on a
single image for 60 epochs to achieve full reconstruction.
After fine-tuning, we modify the image using a different
prompt for editing.

Image editing results. The results are shown in Figure 5.
Our method applies edits based on the test prompt while
maintaining the core structure of the source images. In ad-
dtion, we control the number of active atoms by adjusting
the coefficient density p, where 1 — p represents the sparsity
level. In Figure 6, as sparsity increases, only the most es-
sential atoms remain, preserving the core concept while al-

Figure 6. Adjusting the density, i.e., the number of activated
atoms, can change the influence on the edited image.

lowing the pre-trained model greater flexibility to integrate
editing effects based on the modified text prompt.

4.3. Concept Customization

In the previous section, we demonstrated that our method
can efficiently represent the target concept using only a
small number of atoms. In this section, we further show
that even with just a few atoms, our method achieves good
performance in concept customization.

Experimental settings. We evaluated our approach on
the DreamBooth [47] dataset, which consists of 30 subjects
across 15 distinct classes. Among these, 9 are live subjects,
while the remaining 21 are objects. Each subject has be-
tween 4 to 6 images, captured under varying conditions, in
diverse environments, and from multiple angles. All 30 sub-
jects were trained for 15 epochs and validated on 25 differ-
ent prompts. For our experiments, we adopted the Pixart-
Y., a Diffusion Transformer (DiT) [7], as the base architec-
ture and fine-tuned it using our proposed method. To verify
the effectiveness of our approach, we compared its perfor-
mance against several PEFT baselines for personalized text-
to-image generation, including LoRA [17], DoRA [26], and
OFT [43]. We use the AdamW optimizer with a learning
rate of 1 x 10~* to fine-tune the Pixart-X [7] for 15 steps.
For the baseline methods, LoRA and DoRA are assigned a
rank of » = 16, while OFT is set to r = 4. We generated
five images for each prompt at a resolution of 1024 x 1024.

Evaluation metrics. We measure concept alignment by
computing the mean cosine similarity between the gener-
ated image’s CLIP embeddings [44] and those of the origi-
nal concept images. We quantify image diversity using the
Vendi score [13] with DINOv2 embeddings [38]. For text
alignment, we calculate the average cosine similarity in the
CLIP feature space [44]. ImageReward [59] is a general-
purpose text-to-image human preference reward model that
evaluates and ranks Al-generated images by scoring them
based on human preferences.

Customization results. As shown in Table 1, compared
with baseline methods, our approach not only represents



Table 1. Comparison with baseline methods on concept cus-
tomization.

‘Alignment Diversity  Fidelity ImageReward

LoRA [17] 0.218 4.707 0.711 0.220
DoRA [26] 0.213 4.540 0.712 0.142
OFT [43] 0.190 3.926 0.663 0.137
Ours (p = 0.02) 0.235 5.205 0.702 0.182
Ours (p = 0.04) 0.231 5.172 0.713 0.431

the concept with a minimal set of learned atoms but also
generalizes robustly to diverse scenarios. In particular, our
method achieves higher text-to-image alignment and di-
versity scores than most other PEFT baselines, while still
preserving a relatively high fidelity score. This indicates
that our approach effectively captures essential features of
each concept without sacrificing the quality of customiza-
tion text-to-image generation.

Number of parameters in different methods. We com-
pare the trainable parameters of our method and the base-
lines. The pre-trained PixArt model has around 616M
parameters in total. Among the fine-tuning methods,
both LoRA and DoRA have around 4M trainable param-
eters. OFT uses around 37M trainable parameters, and our
method trains around 17M parameters.

4.4. Abalation Study

The impact of sparsity in the coefficients. We ana-
lyze the impact of varying sparsity levels in the coeffi-
cients through a concept customization experiment, eval-
uating text alignment, image diversity, and image fidelity.
As shown in Figure 7, higher sparsity (low density) en-
hances text alignment and image diversity but results in
slightly lower image fidelity. In contrast, lower sparsity
(high density) improves fidelity, indicating that using more
atoms allows for a more precise representation of the con-
cept from the source image. In our experiment, we adopt
both p = 0.02 and p = 0.04 for either better diversity or
better fidelity.

The impact of member numbers M. We also examine
the impact of the number of members, i.e., the dictionary
size, on the generated results while maintaining the same
level of sparsity. As shown in Table 2, increasing the num-
ber of members improves image fidelity, whereas a smaller
dictionary size reduces fidelity but enhances text align-
ment and image diversity. In our experiment, we choose
M = 256 to provide balanced fidelity and diversity.

Sparsity coefficients provide more stable adaptation.
In this experiment, we compare our method with LoRA
on the image editing task. As we discussed in Section 3.5,

Figure 7. The influence of different density on the image diver-
sity, fidelity and text-to-image alignment.

Table 2. The influence of different member numbers M. As the
number of members increases, alignment and diversity scores de-
crease, while the fidelity score improves.

p=0.01 ‘ Alignment Diversity  Fidelity

M= 16 0.248 5867 0547
M =256 0.249 4341 0.650
M=1024 | 0241 3733 0.672
M=2048 | 0.238 3525 0.692

LoRA adapts the coefficients in a low-rank manner, whereas
our method updates them sparsely. Both LoRA and our
method produce the updated feature AO with rank 1, where
LoRA achieves this by setting » = 1 and our method en-
forces only one active atom in D. As shown in Figure 4,
by fine-tuning the model on a single concept, both LoRA
and our method successfully reconstruct the concept us-
ing the same prompt. However, when applying the fine-
tuned weights to generate images with a slightly modified
prompt, LoORA becomes unstable, failing to produce mean-
ingful images. In contrast, our method remains robust, con-
sistently generating a concept that aligns with the updated
text prompt.

5. Conclusion

In this paper, we introduce to frame model fine-tuning as a
sparse coding problem, where the adapted feature represen-
tation is constructed using a dictionary of feature atoms. We
propose a fine-tuning framework that leverages a combina-
tion of feature dictionary atoms, demonstrating that tuning
them enhances control over the adaptation process. We val-
idate the effectiveness of our approach across various gen-
erative tasks. By representing concepts with only a few es-
sential atoms, our method proves to be highly adaptable and
can be effectively applied to image editing, style mixing,
and concept personalization. Our study provides a new per-
spective on the mechanics of fine-tuning, paving the way for
more controllable adaptation strategies in large-scale pre-
trained models.
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