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Figure 1. The comprehensive comparison of multi-concept generation methods. DreamCatcher overcomes the limitations (written in red)
by updating partial representation using concept masking, avoiding both fusion and inference overhead. These examples are generated by
the prompt “<concepts> in the simple background”. The corresponding reference images for each concept are provided in the Appendix.

Abstract

Recent advances in customizing Text-to-Image models al-
low users to generate personalized images with just a few
samples. As demand for multi-concept generation grows,
methods using weight fusion and test-time optimization
have emerged, integrating multiple concepts within a sin-
gle image. However, these approaches inject concept knowl-
edge into the parametric space, leading to high overhead in
multi-concept generation. We introduce DreamCatcher, an
efficient framework based on representation finetuning. Our
key innovation embeds conceptual information into the fea-
ture space, achieving up to 5× faster multi-concept genera-
tion while reducing learnable storage per concept by 88%,
all without quality loss. Besides, our method is highly ver-
satile, enabling personalized inpainting without additional
training.

1. Introduction

Text-to-Image (T2I) generative models [25, 31, 32, 35] have
shown remarkable capability in generating high-quality im-
ages that accurately capture the contextual details of a given

Method Memory Fast Fast
Efficient Fusion Multi-Generation

Mix-of-Show [5] ▲ ✗ ✓
Orthogonal Adaptation [28] ✗ ✓ ✓
LoraComposer [45] ▲ ✓ ✗
DreamCatcher (Ours) ✓ ✓ ✓

Table 1. Comparison of representative modular customization.
The three symbols mean ✓(Good), ✗(Bad), ▲(Intermediate).

text prompt. A particularly compelling application is con-
cept customization, where a model trained on a specific con-
cept with just a few examples can generate contextually rel-
evant images while preserving the integrity of the learned
concept. This enables users to create and modify images
based on their own photographs, fostering personalized ex-
pression and enhancing commercial appeal.

To customize T2I models, many methods have focused
on integrating conceptual information within the paramet-
ric space by finetuning either the model’s weights [14,
33] or text embeddings [4, 39]. For efficiency, Parameter-
Efficient Fine-Tuning (PEFT) techniques, particularly Low-
Rank Adaptation (LoRA) [10], have gained prominence,
enabling the learning of new concepts with only a modest
parameter increase (5–10 MB). This approach has emerged
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Figure 2. Pipeline Overview. (1) Our method independently tunes each concept using the efficient ReFT module. (2) By combining these
concept modules, we generate multi-concept images that seamlessly incorporate all desired concepts. Unlike fusion-based methods using
LoRA, our approach eliminates the need for fusion, thereby avoiding the associated computational overhead and performance degradation.

as the dominant paradigm in concept customization.
The growing popularity of custom concept generation

has naturally expanded to include generating multiple con-
cepts within a single image, leading to the development of
multi-concept generation. However, multi-concept genera-
tion poses a greater challenge due to the difficulty of pre-
serving the unique characteristics of each concept. Recent
studies have proposed various approaches, such as fusion-
based methods that combine multiple LoRA weights into
a single weight (e.g., Mix-of-Show [5], Orthogonal Adap-
tation [28]), updating concepts through separate forward
passes for each concept during inference, and test-time op-
timization techniques [13, 15, 45] that adjust the latent rep-
resentation based on gradients during the sampling pro-
cess. While these methods have enabled high-quality image
generation in multi-concept scenarios, their expensive costs
limit their practicality outside high-performance servers, as
summarized in Figure 1, making it hard to be profitable.

We argue that these cost overheads stem from a fun-
damental limitation of current methods that encode con-
cept characteristics within parametric space. Since these
parameter update are available only during the expensive
training phase, generating multiple concepts in a single
image after training requires either the stage of merging
weights or the complex running multiple forward-backward
operations for new concept combinations, both of which de-
mand significant computational resources [13].

In this work, we introduce DreamCatcher, a new
paradigm for T2I customization. To enable efficient multi-
concept generation without compromising quality, we pro-
pose Concept-Aware Intervention (CAI) directly modifying
the feature space for each concept. By training interven-
tion adapters tailored to specific concepts, we can inject
concept-specific information into intermediate features dur-
ing generation. As illustrated in Figure 2, our feature space
modification enables multi-concept generation without re-
quiring any fusion process. This approach ensures high-
quality images with clearly separated concept characteris-
tics, allowing multiple concepts to coexist within a single

image through disjoint feature manipulation. Additionally,
our softmax scheduling adaptively adjusts attention scores
during intervention to suppress unwanted artifacts.
In summary, our contributions are as follows:
• To the best of our knowledge, we are the first to demon-

strate the efficiency of feature-space methods for T2I cus-
tomization.

• For single-concept, DreamCatcher achieves comparable
performance using up to 88% less memory than baselines.

• For multi-concept, it enables image generation up to 5×
faster without additional optimization.

• It supports personalized inpainting without extra training.

2. Related Work
2.1. Concept Customization
Concept customization leverages the representational power
of pretrained T2I models, such as Stable Diffusion [32] and
SDXL [29], to generate images with diverse contexts for
user-desired objects. In Dreambooth [33], customization is
performed by finetuning the entire weights of the diffu-
sion model using only a small number of concept images.
Custom Diffusion [14], on the other hand, performs cus-
tomization by training only a part of the model, specifically
the cross-attention layers. However, since these methods re-
quire updating the entire or large portion of weights, the
cost of finetuning and storage per concept is quite signifi-
cant (e.g., over 3GB for Dreambooth and 74MB for Custom
Diffusion in the case of Stable Diffusion v1.4). Recently,
methods utilizing PEFT have become widely adopted, al-
lowing for concept customization with much lower memory
requirements [30]. Text Inversion (TI) [4, 23] performs cus-
tomization by learning new text embeddings for the text en-
coder that represents the novel concept. P+ [39] extends TI
by learning distinct text embeddings for each layer, thereby
enhancing the model’s expressive ability for customization.
Additionally, other research directions [11, 12, 19, 34, 36,
41, 46, 49] focus on reducing the additional finetuning cost
for new concepts by employing an image encoder that takes
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a target image as input and learns supplementary attention
layers alongside text prompts.

2.2. Multi-Concept Generation
Beyond single-concept customization, recent studies have
focused on generating images by combining multiple con-
cepts into a single image. In Custom Diffusion [14], mul-
tiple concepts were learned jointly, allowing for simultane-
ous training of several concepts. Recently, due to privacy is-
sues restricting access to training data, modular customiza-
tion methods have been explored, enabling the combina-
tion of individually learned concepts without centralized
access to training data. Text Inversion [4, 23] and P+ [39]
allow modular customization by combining independently
learned text embeddings. Custom Diffusion achieved con-
cept combination through the constrained customization
problem. In FedAvg [22], modular customization is made
possible through weight fusion, which combines separately
trained LoRA [10] models into a unified set of weights.
However, the fusion process in FedAvg results in an iden-
tity loss of the learned concepts. To mitigate the loss in-
curred during weight fusion, Mix-of-Show [5] employs gra-
dient fusion to find weights that better preserve the iden-
tity of each concept, thereby reducing concept identity loss.
Orthogonal Adaptation [28, 50] proposes adding orthogo-
nal constraints to the LoRA weights, reducing conflicts be-
tween concepts after weight fusion. Another approach is
test-time optimization [8, 13, 15, 45], which aims to ensure
there is no interference between concepts during inference
time.

All aforementioned approaches rely on parametric up-
date for each concept, thereby fusing concepts in a single
image is inevitably expensive. In this work, we address this
inefficiency by proposing a novel idea of feature-level inter-
vention per concept, which enables the rapid generation of
high-quality images with low memory usage.

2.3. Parameter Efficient Finetuning (PEFT)
PEFT [9, 17, 18, 20, 48] was proposed to reduce the finetun-
ing cost of Large Language Models (LLMs) and a notable
example is LoRA [10], which reduces finetuning costs by
adding a low-rank decomposed weight alongside with the
original weight and updating only the added path. Because
it significantly reduces the number of learnable parame-
ters while LoRA-based finetuning still provides substantial
quality improvements, the LoRA-based approach has been
widely adopted in diffusion models [5, 21, 37].

On contrary, as an alternative PEFT approach, repre-
sentation finetuning methods have been proposed in the
LLM domain, which focus on finetuning representations di-
rectly. BitFit [48] and ReD [42], for instance, conduct fine-
tuning by learning the scale or bias of hidden representa-
tions. LoFiT [47] performs finetuning by searching for the

most effective attention heads and learning biases specific
to those heads. Recently, ReFT [43] introduces a new PEFT
framework that transforms activations in a low-rank sub-
space instead of weights, achieving superior memory effi-
ciency and finetuning quality. In this work, we highlight,
for the first time, the usefulness of this representation fine-
tuning for model customization.

3. Method

Our DreamCatcher presents a novel framework capable of
handling both single-concept and multi-concept image gen-
eration. We first introduce the core idea by demonstrating
how feature-level intervention enables efficient implemen-
tation for single-concept image generation. Then, we ex-
tend this approach to multi-concept generation by explain-
ing how individually trained intervention adapters can be
modularly combined (Figure 2), allowing for flexible and
scalable concept composition. In the following sections, we
provide an in-depth explanation of each pipeline.

3.1. Single Concept Tuning

In diffusion models, various efforts have been made to mod-
ify representations to adjust visual characteristics. Notably,
ControlNet [24] demonstrated the effectiveness of represen-
tation manipulation in image generation by adding a feature
conditioned on an input image to the feature map, thereby
controlling specific regions of the generated image. Simi-
larly, in image editing, approaches have been developed to
alter the properties of generated images by adjusting repre-
sentations [3, 6, 16, 27, 38].

Building on these insights, we introduce the single con-
cept tuning process of DreamCatcher, as illustrated in Fig-
ure 2. In DreamCatcher, the customization of the pretrained
model follows the methods of Mix-of-Show [5], where each
object is assigned a unique token, and its embedding is iter-
atively updated. In this work, we replace the LoRA-based
module with a feature intervention module strategically
interleaved after cross-attention layers to inject concept-
specific information explicitly. To the best of our knowl-
edge, this direction remains unexplored and offers distinct
advantages over existing methods. To clarify our contribu-
tion, we first introduce the foundational PEFT techniques
for feature intervention and explain how we leverage them.

3.1.1. Preliminary: ReFT
ReFT [43] is a representation finetuning technique that
has recently gained attention for Large Language Models
(LLMs). It operates by projecting the model’s hidden rep-
resentation h ∈ Rd×c into a subspace using a low-rank pro-
jection, performing intervention within this subspace, and
then restoring the representation to its original space. ReFT
introduces two primary implementations for finetuning. The
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Figure 3. Method Overview. This is an example using three concepts, with the index of each concept indicated by subscripts. (1) Our mod-
ified ReFT module intervenes the representations of each concept region. (2) Prompt-aware Intervention. (3) Region-aware Intervention.

first one is Low-rank Linear Subspace ReFT (LoReFT):

ΦLoReFT (h) = RT (Wh+ b−Rh), (1)

which consists of an orthogonal matrix R ∈ Rr×d and a lin-
ear layer W ∈ Rr×d, b ∈ Rr. It projects the representation
into a linear subspace via the orthogonal matrix R, performs
intervention in this subspace, and then restores it to the orig-
inal space using R. The second approach is DiReFT:

ΦDiReFT (h) = W⊤
2 (W1h+ b). (2)

DiReFT consists of low-rank projection matrices, W1 and
W2 ∈ Rr×d, along with a bias term b ∈ Rr. Unlike
LoReFT, there are no constraints such as orthogonality on
W1 and W2; they are fully learnable. It can be interpreted
as a LoRA version for representation finetuning.

ĥ = h+Φ(h) (3)

In both implementations, the subspace transformation em-
beds essential task-related information and we can manipu-
late this space via intervention.

3.1.2. Scaled ReFT for Concept Customization
ReFT was initially proposed for the LLM domain, but we
leverage its capability in models for the diffusion process,
where it has not been applied before. Through empirical ex-
ploration, we find that this approach also works well for our
application. However, we also discovered that a simple ex-
tension further enhances the benefits of training.

Scaled ReFT We propose the modified ReFT method op-
timized specifically for image processing. For both LoReFT
and DiReFT, we discovered that adding a channel-wise
scaling α ∈ Rd after mapping back to the original space
significantly enhances quality, expressed as:

ĥ = h+ αI · Φ(h). (4)

Our intuition is that intervention in the subspace alone is in-
sufficient to modulate high-rank information. Therefore, by
adding learnable parameters for each channel, we can now
amplify the channel-wise instance-specific representation,
enabling better projection of each concept’s characteristics.
While these additional parameters take only a small propor-
tion compared to the original learnable ReFT parameters,
they play an important role during finetuning (Section 4.7),
which led us to adopt this as our fundamental module.

Cross-Attention Intervention Next, we aimed to deter-
mine the optimal placement of the designed ReFT module
to achieve the best quality-to-cost ratio. In LoRA-based ap-
proaches [5, 28], the LoRA adapter is applied to all lin-
ear layers in the attention block, where interventions di-
rectly take effect, requiring four LoRA modules per atten-
tion block. While adding the proposed module to all layers
yields the highest image quality, it may not be the most opti-
mal design choice, and the unique properties of ReFT might
necessitate a different approach. To gain further insights, we
analyzed the Singular Value Decomposition (SVD) of atten-
tion blocks at various points within the U-Net structure.

From the observations in Figure 4, we draw two main
conclusions. First, the activations within attention blocks
exhibit a notably low rank, suggesting that hidden represen-
tations may be projected into a low-dimensional subspace,
making low-rank methods like ReFT highly suitable. Sec-
ond, the rank of Cross-Attention is significantly lower than
that of Self-Attention across all points, indicating that ReFT
tuning with low-rank values could be particularly effective
for Cross-Attention layers. Our empirical study also shows
that applying ReFT solely to the output features of Cross-
Attention is sufficient to achieve high-quality customiza-
tion. This is intuitive as the concept semantics are embed-
ded in the specific tokens in the text encoder, thereby the
instance-wise intervention needs to be applied via cross-
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Figure 4. SVD Analysis for the Attention outputs. SVD top ranks
(X-axis) and singular values (Y-axis), with the red line marking
15% of the maximum value. This indicates that cross-attention
outputs can be represented with much lower rank.

attention operation. Adding ReFT to this part guarantees
high-quality output with minimal cost, so we use this ap-
proach as our base implementation.

By integrating scaled ReFT into the cross-attention lay-
ers and updating the modified model using a few samples
for the target concept, along with layer-wise text embed-
ding [39], our model learns to generate images that incor-
porate the specific concept. This overall process is referred
to as single-concept tuning. Note that in our study, we train
adapters for each concept independently to mitigate privacy
concerns.

3.2. Multi-Concept Generation
3.2.1. Concept-aware Intervention
Following the pipeline in Section 3.1, we fine-tune the
scaled ReFT adapter for each concept. For multi-concept
generation, we employ a plug-and-play approach called
Concept-aware Intervention, utilizing each fine-tuned
adapter. Additionally, we introduce a mechanism to prevent
concept blending during generation, addressing both the
Text Encoder and U-Net. Notably, this approach removes
the need for a separate fusion step, making multi-concept
generation in DreamCatcher training-free and enabling di-
rect inference with the following proposed mechanisms.

Prompt-aware Intervention In this section, we describe
how the text encoder separates per-concept prompt em-
beddings in multi-concept generation. In [5], region-aware
cross-attention is employed to distinguish the influence of
each concept across different regions, as defined by the re-
gion mask M . Building upon this idea, we also leverage
an instance-specific mask to constrain the influence of per-
concept feature intervention. In our model, the embeddings
of the global prompt Pg and each concept prompt Pc are
obtained through the text encoder. When extracting prompt
embeddings from the text encoder, independent ReFT mod-

Figure 5. The concept of Softmax Scheduling and the qualitative
example of using it. The changes in attention score as time steps
increase for (a) normal sampling and (b) the concept region. (c)
Qualitative results on the impact of Softmax Scheduling.

ules are applied to the cross-attention layers for each con-
cept, ensuring that interventions are specific to each prompt
based on the region mask:

pci = TextEncoder(Pci) (5)

h(l)[Mci ] = Mci ⊗ softmax(
Q(z(l))K⊤(pci)√

d
) · V (pci),

(6)
where i and l denote the concept and layer index, respec-
tively. We refer this tailored intervention as Prompt-aware
Intervention (PAI) (Figure 2 (2)). Through this method, we
can obtain distinct prompt embeddings for each concept:

p̂(l)ci = p(l)ci +Φ(l)
ci (p

(l)
ci ). (7)

Region-aware Intervention In addition, we propose
Region-aware Intervention (RAI), which updates represen-
tations only within the masked regions on diffusion path:

ĥ(l) = h(l) +ΣN
i=1(Mci ⊗ Φ(l)

ci (h
(l))). (8)

In the RAI, the N ReFT modules trained for each concept
exist independently, and interventions are performed only
to the specific regions according to each concept mask, as
shown in Figure 3 (3). Note that the per-concept embedding
is obtained through PAI, and it only affects the correspond-
ing masked region on the target image. This prevents con-
cept mixing without the need for a specific fusion process.

3.3. Softmax Scheduling
Region-aware cross-attention enables complex composi-
tions by directing attention to specific regions, thereby min-
imizing interference between concepts. However, as shown
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Figure 6. Single-Concept Generation results.

in Figure 5 (c), it has the drawback of potentially introduc-
ing artifacts due to excessive attention on small masked re-
gions from the initial sampling timesteps. To accurately in-
vestigate this issue, we measured the attention scores in the
regions where concepts are generated during the actual in-
ference process. In Figure 5 (a), the attention score typically
starts at a low value in the early stages of sampling, where
noise is abundant, and gradually increases as sampling pro-
gresses. However, as seen in Figure 5 (b), region-aware
cross-attention exhibits excessively high attention scores
from the start of sampling, which is not matched to the
real trend. To address this, we propose a Softmax Schedul-
ing technique which modulates attention scores based on
timestep t to reduce the “attention exploding” effect on lo-
calized regions caused by Softmax in the early stages.

AttentionScore = λ(t) · softmax(
QK⊤
√
dk

) (9)

λ(t) = β + (1− β)× (t/1000) (10)

Depending on the scheduling factor β, Softmax Schedul-
ing assigns relatively low attention scores during the initial
sampling phase of the diffusion model. As noise diminishes
and finer details emerge, the attention score gradually in-
creases in the relevant regions. As shown in Figure 5 (c),
this approach effectively reduces artifacts.

4. Experiments
To validate the effectiveness of the proposed method, we
compared the performance of Single / Multi-Concept gen-
eration with various methods.

4.1. Experiment Setting
The baseline methods using parametric approaches apply
LoRA [10] to all linear layers, with Mix-of-Show [5] using

a rank of 4 and Orthogonal Adaptation [28] using a rank of
20. DreamCatcher applies scaled ReFT to the attention out-
put of the text encoder and the cross-attention output of the
U-Net, using ranks of 4 and 8, respectively. The scheduling
factor β is set to 0.6.

Dataset We use the dataset from Mix-of-Show [5] for sin-
gle concept tuning, which includes 6 objects, 6 real charac-
ters, and 5 anime characters, each comprising 5 to 15 im-
ages per concept. For multi-concept generation, we utilize
sketches and pose conditions containing combinations of 2
to maximum 5 concepts from each category.

Metrics For evaluation, we mainly use two metrics from
CLIP scores [7], which are widely used for concept cus-
tomization. CLIP score measures similarity within the CLIP
embedding space. CLIP-I indicates how well the gener-
ated image aligns with the concept identity of the reference
image, while CLIP-T measures the alignment between the
generated image and the text prompt. Usually, CLIP-T and
CLIP-I have a trade-off relationship, but CLIP-I is crucial
for estimating visual semantics. In multi-concept genera-
tion, we followed [45] to measure CLIP score: We crop
each individual concept from the generated image, gener-
ating over 1000 images to evaluate performance.

4.2. Single Concept Tuning Results
Table 2 presents the results for single concept tuning. Our
method demonstrates superior parameter efficiency com-
pared to existing approaches, achieving outstanding results
across all three evaluation categories. Unlike other fusion-
based methods, which require time overhead for fusion and
often suffer from performance degradation of post-fusion
for each concept, our approach is unaffected by these is-
sues, ensuring consistent performance. Our method with
scaled ReFT modules based on DiReFT achieves a higher
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Concepts

Figure 7. Multi-Concept Generation results.

Methods
Real-Objects

Single→Fused
Real-Characters
Single→Fused

Anime-Characters
Single→Fused

Storage
(MB)

Fusion
Time

CLIP-T

P+ [39] 0.776→0.776 (-) 0.684→0.684 (-) 0.710→0.710 (-) 0.05 <1s
Custom Diffusion [14] 0.742→0.744 (+0.02) 0.661→0.659 (-0.02) 0.785→0.747 (-0.038) 74.0 ∼2s
LoRA [33] 0.748→0.795 (+0.047) 0.681→0.725 (+0.044) 0.756→0.760 (+0.04) 4.3 <1s
Mix-of-Show [5] 0.728→0.749 (+0.021) 0.638→0.667 (+0.029) 0.701→0.712 (+0.011) 4.4 ∼15m
Orthogonal Adaptation [28] 0.733→0.735 (+0.02) 0.654→0.681 (+0.027) 0.707→0.709 (+0.002) 11.2 <1s

Ours (LoReFT) 0.730→0.730 (-) 0.640→0.640 (-) 0.705→0.705 (-) 1.3 <1s
Ours (DiReFT) 0.715→0.715 (-) 0.632→0.632 (-) 0.694→0.694 (-) 1.3 <1s

CLIP-I

P+ [39] 0.777→0.777 (-) 0.685→0.685 (-) 0.748→0.748 (-) 0.05 <1s
Custom Diffusion [14] 0.839→0.822 (-0.017) 0.718→0.686 (-0.032) 0.790→0.750 (-0.040) 74.0 ∼2s
LoRA [33] 0.845→0.782 (-0.063) 0.735→0.617 (-0.118) 0.794→0.756 (-0.038) 4.3 <1s
Mix-of-Show [5] 0.861→0.847 (-0.014) 0.789→0.747 (-0.042) 0.823→0.807 (-0.016) 4.4 ∼15m
Orthogonal Adaptation [28] 0.852→0.848 (-0.004) 0.771→0.752 (-0.021) 0.821→0.806 (-0.015) 11.2 <1s

Ours (LoReFT) 0.865→0.865 (-) 0.792→0.792 (-) 0.829→0.829 (-) 1.3 <1s
Ours (DiReFT) 0.868→0.868 (-) 0.791→0.791 (-) 0.835→0.835 (-) 1.3 <1s

Table 2. Single-Concept Generation results. The arrows indicate the performance change before and after fusion in fusion-based methods.
While our control group methods (except for P+) experience a performance gap between the single tuned model and the fused model, our
method maintains the performance since ours is not based on fusion.

Methods
CLIP-I ↑ CLIP-T ↑

Latency Fusion
TimeObjects Real Anime Objects Real Anime

P+ [39] 0.789 0.727 0.687 0.679 0.575 0.564 5s <1s
Custom Diffusion [14] 0.814 0.719 0.735 0.679 0.578 0.573 5s ∼2s
LoRA [33] 0.808 0.663 0.751 0.681 0.572 0.581 5s <1s
Mix-of-Show [5] 0.810 0.747 0.771 0.672 0.577 0.573 5s ∼15m
Orthogonal Adaptation [28] 0.814 0.746 0.769 0.695 0.579 0.571 5s <1s
LoraComposer [45] 0.843 0.775 0.791 0.671 0.571 0.597 25s <1s

Ours (LoReFT) 0.836 0.755 0.784 0.669 0.579 0.585 5.4s <1s
Ours (DiReFT) 0.837 0.764 0.795 0.667 0.576 0.581 5.4s <1s

Table 3. Multi-Concept Generation results. Latency and fusion time results were measured by handling six concepts together.
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CLIP-I score compared to LoReFT, while LoReFT yields a
lower CLIP-T score. This suggests that the orthogonal con-
straint in LoReFT provides a regularization effect, leading
to a well-balanced performance. Furthermore, as shown in
Figure 6, ReFT effectively captures concept identity and de-
tail across all three categories, even with fewer parameters.

4.3. Multi-Concept Generation Results
Table 3 presents the results for multi-concept generation.
Our method consistently outperforms other fusion-based
approaches. This is primarily due to the fact that fusion-
based techniques tend to weaken concept identity during
the fusion, whereas our fusion-free approach preserves con-
cept integrity, thereby producing higher-quality images. Al-
though LoraComposer [45], a concurrent work, achieves
slightly higher scores due to gradient updates in the latent
space, it requires gradient computation during inference,
resulting in higher memory usage and 5× longer genera-
tion times, making it unsuitable for mobile deployment. Al-
though our method incurs a slight increase in latency due to
the intervention process, this increase is negligible, allow-
ing for an efficient yet powerful multi-concept generation
compared to other approaches. As illustrated in Figure 7,
our method demonstrates superior multi-concept generation
capabilities across both real and animated characters.

4.4. Evaluation on Additional Metrics
In addition to CLIP score, we provided the additional eval-
uation results incorporated four metrics—DINO v2 [26],
FaceID [46], CLIP-IQA [40], and KID [1]—to more thor-
oughly measure both identity fidelity and image quality. Ta-
ble 4 presents the results of our multi-concept generation
experiments for real-world characters. Our method outper-
forms the baseline across all four metrics, demonstrating su-
perior identity preservation as well as higher visual quality.

Method DINO v2 ↑ FaceID ↑ CLIP-IQA ↑ KID ↓

Mix-of-Show 0.4286 0.3702 0.8259 0.0702
Orthogonal Adaptation 0.4042 0.3512 0.8274 0.0756
Ours 0.4341 0.4473 0.8364 0.0656

Table 4. Evaluation Results on Four Metrics.

4.5. User Study
To complement quantitative results, we conducted a user
study with 20 test examples. For each example, 26 partici-
pants compared outputs from different methods and consis-
tently preferred DreamCatcher, demonstrating its clear ad-
vantage over all baselines.

Method Mix-of-Show Orthogonal Adaptation Ours

Win rate 26.5% 28.8% 44.7%

Table 5. Human Evaluation Results.

CLIP-I ↑ CLIP-T ↑

Encoder 0.746 0.653

Decoder 0.773 0.646

Mid Blocks 0.775 0.645

Ours (All) 0.792 0.640

Methods CLIP-I ↑ CLIP-T ↑

BitFit [48] 0.654 0.703

ReD [42] 0.707 0.736

LoReFT [43] 0.778 0.643

DiReFT [43] 0.789 0.638

Ours (LoReFT) 0.792 0.637

Ours (DiReFT) 0.791 0.634

Table 6. (Left) Comparison according to intervention position.
(Right) Comparison with other intervention methods. Both experi-
ments are conducted on real characters category in single-concept.

4.6. Personalized Image Inpainting
Another application of DreamCatcher is personalized image
inpainting without additional training, enabled by region-
aware intervention for partial representation updates. Per-
sonalized image inpainting [2, 44] generates customized
content within a masked region. Implementation details and
results are provided in the Appendix.

4.7. Ablation Study
In this section, we conduct two ablation studies. First, in
Table 6 (Left), we examine the effect of intervention place-
ment by comparing encoder, decoder, and mid blocks (the
five blocks surrounding the mid block). Applying interven-
tions only to the encoder proved difficult to train, while in-
terventions in the decoder and mid blocks improved con-
cept learning. Incorporating interventions across all blocks
achieved the best performance, suggesting that each block
contributes differently to concept learning.

The second ablation study, illustrated in Table 6 (Right),
compares alternative representation finetuning methods.
BitFit [48] and ReD [42], which apply scale and bias ad-
justments to representations, show limited effectiveness for
concept customization, particularly under few-shot settings.
Conversely, ReFT generates superior image quality. Fur-
thermore, our scaled ReFT method, which incorporates an
additional channel scaling factor, significantly outperforms
the others, achieving markedly higher scores.

5. Conclusion
In this work, we introduced DreamCatcher, a novel and effi-
cient approach for multi-concept customization in T2I gen-
erative models. This innovative customization framework,
based on feature intervention, achieves superior image qual-
ity while maintaining efficiency. Moreover, our concept-
aware intervention ensures precise control over multiple
concepts, preventing unwanted blending and accelerating
generation. We extend this framework to personalized im-
age inpainting without additional training, demonstrating
its adaptability. DreamCatcher has a distinct advantage for
a wide range of real-world applications where lightweight
and high-quality multi-concept generation is essential.
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