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Abstract

Personalized text-to-image generation methods can generate
customized images based on the reference images, which
have garnered wide research interest. Recent methods pro-
pose a finetuning-free approach with a decoupled cross-
attention mechanism to generate personalized images requir-
ing no test-time finetuning. However, when multiple ref-
erence images are provided, the current decoupled cross-
attention mechanism encounters the object confusion prob-
lem and fails to map each reference image to its correspond-
ing object, thereby seriously limiting its scope of applica-
tion. To address the object confusion problem, in this work
we investigate the relevance of different positions of the la-
tent image features to the target object in diffusion model,
and accordingly propose a weighted-merge method to merge
multiple reference image features into the corresponding ob-
jects. Next, we integrate this weighted-merge method into ex-
isting pre-trained models and continue to train the model on a
multi-object dataset constructed from the open-sourced SA-
1B dataset. To mitigate object confusion and reduce training
costs, we propose an object quality score to estimate the im-
age quality for the selection of high-quality training samples.
Furthermore, our weighted-merge training framework can be
employed on single-object generation when a single object
has multiple reference images. The experiments verify that
our method achieves superior performance to the state-of-the-
arts on the Concept101 dataset and DreamBooth dataset of
multi-object personalized image generation, and remarkably
improves the performance on single-object personalized im-
age generation.

Code — https://github.com/hqhQAQ/MIP-Adapter

Introduction
Personalized text-to-image generation methods generate im-
ages conditioned on the reference images that specify the
details of the generated contents, sparking considerable re-
search interest due to its diverse applications. The method-
ology in this domain is gradually shifting from a finetuning-
based approach (e.g., DreamBooth (Ruiz et al. 2023),
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Figure 1: Left image demonstrates the object confusion
problem in decoupled cross-attention mechanism, and right
image presents the correct generation using our method.

Custom Diffusion (Kumari et al. 2023)) to a finetuning-
free technique (e.g., IP-Adapter (Ye et al. 2023), Subject-
Diffusion (Ma et al. 2024)), as finetuning-free methods elim-
inate the need for finetuning during test time and signifi-
cantly reduce the usage cost.

Early finetuning-free methods, such as InstantBooth (Shi
et al. 2024) and FastComposer (Xiao et al. 2023), simply in-
tegrate the features of the reference image into the text em-
beddings and feed them into the text encoder, without fully
exploiting the information from the reference image. Recent
finetuning-free methods, such as IP-Adapter (Ye et al. 2023),
more comprehensively utilize the features of the reference
image by training additional cross-attention layers to inte-
grate reference image features into the intermediate layers of
the diffusion model, and achieve comparable performance
to the finetuning-based methods. However, the current de-
coupled cross-attention only considers one reference image
for each generation. When multiple reference images are
provided, the decoupled cross-attention suffers from the ob-
ject confusion problem if applied straightforwardly, wherein
object features in the reference images are assigned to the
wrong objects in the generated images, as illustrated in Fig-
ure 1. Some previous image generation methods (Yang et al.
2024) attempt to mitigate the object confusion issue by in-
corporating the object features into the corresponding re-
gions of latent image features in the diffusion model. Nev-
ertheless, as the object information is distributed over the
entire image feature space rather than confined to the corre-
sponding local region owing to large receptive fields in deep
networks (Luo et al. 2016; Araujo, Norris, and Sim 2019),
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the generated images can be limited in faithfulness to the
reference images (i.e., the appearance differs between the
generated and the reference images), as shown in Figure 2.

In this work, rather than splitting latent features into dif-
ferent regions, we propose a weighted-merge method to
merge the reference image features into the whole latent im-
age features with different weights on different positions.
Specifically, this work estimates these weights as the rele-
vance of different positions in latent image features to the
target object, by ingeniously utilizing the cross-attention
weights between the text features of the target object and the
latent image features within the stable diffusion model. Be-
sides, we design an experiment that adds different noise to
the latent image features based on the predicted object rel-
evance, verifying the effectiveness of this object relevance
estimation method. We employ this method on the pre-
trained finetuning-free personalized generation models (e.g.,
IP-Adapter), enabling multi-object generation by simultane-
ously merging multiple conditions (reference images & text
prompts) into the model. Experiment results indicate that our
method can alleviate object confusion and significantly im-
prove the performance of multi-object personalized image
generation for these models without any training.

Although weighted-merge effectively alleviates object
confusion, adding multiple reference images at once will in-
terfere with the latent image features, causing them to devi-
ate from their distribution in the original model and result-
ing in lower generation quality. To address this issue, this
work trains the pre-trained finetuning-free model with the
weighted-merge method on a multi-object dataset. Specifi-
cally, this dataset is constructed from the open-sourced SA-
1B dataset (Kirillov et al. 2023) consisting of about 11 mil-
lion images with multiple objects. Besides, this work pro-
poses an object quality score to estimate the object quality
of the image, according to the the degree of confusion be-
tween multiple objects, as well as the matching degree be-
tween object texts and images. Based on the object quality
score, we can select high-quality images that alleviate the
object confusion problem for higher performance while de-
creasing training costs.

Moreover, this weighted-merge training framework can
be applied to single-object generation, because a single ob-
ject has multiple reference images in reality. Compared to
previous approaches that only use a single reference im-
age or simply average the features of multiple images, our
weighted-merge method can extract diverse useful informa-
tion from different reference images and adaptively merge
them to achieve superior results.

We perform comprehensive experiments to validate the
performance of our proposed framework. Experiment re-
sults demonstrate that with only 100,000 high-quality im-
ages (0.13% of the dataset from Subject Diffusion) selected
from SA-1B, our model achieves state-of-the-art perfor-
mance on the Concept101 dataset and DreamBooth dataset
of multi-object personalized image generation. Besides, our
weighted-merge training framework significantly improves
the performance of pre-trained model on the DreamBooth
dataset of single-object personalized image generation.

To sum up, the main contributions of this work can be
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Masked Features
Original Features

Reference Image

Figure 2: The reference image (IP) features, with the back-
ground masked, reduces generation quality in IP-Adapter.

summarized as follows:

• We extend the decoupled cross-attention mechanism of
finetuning-free personalized image generation methods
to merge multiple conditions, with a proposed weighted-
merge method to tackle the object confusion problem.

• We construct a small but high-quality dataset from the
open-sourced SA-1B dataset for model training, with a
proposed object quality score for image selection.

• Experiment results demonstrate that our weighted-merge
training framework outshines in merging multiple con-
ditions, and our model achieves state-of-the-art perfor-
mance on both the Concept101 dataset and DreamBooth
dataset of multi-object personalized image generation.

Related Work
Finetuning-based personalized image generation. Early
personalized image generation methods require finetuning
the original diffusion model on the reference images. Specif-
ically, DreamBooth finetunes the entire UNet network of
diffusion model, Textual Inversion (Gal et al. 2023) fine-
tunes only the special embedding vector of the target object,
and Custom Diffusion finetunes only the K and V layers of
the cross-attention in the UNet network. Cones (Liu et al.
2023b) detects the concept neurons in the K and V layers and
updates them during training. Mix-of-Show (Gu et al. 2023)
trains a separate LoRA model for each object and merges
them with gradient fusion.

Finetuning-free personalized image generation. These
methods train the model to directly incorporate the refer-
ence image features on a large dataset, without the need
for additional finetuning during test time. Early finetuning-
free methods (e.g., InstantBooth, FastComposer, and Tam-
ing Encoder (Jia et al. 2023)) simply integrate the image
features into the text embeddings, without fully utilizing
the reference image information. Recent methods (e.g., IP-
Adapter, ELITE (Wei et al. 2023), PatchDPO (Huang et al.
2024a), and SSR-Encoder (Zhang et al. 2024)) make more
extensive utilization of reference image information by in-
tegrating the image features into the middle layers of the
diffusion model, using a decoupled cross-attention mecha-
nism. These methods excel at merging a single reference im-
age and achieve impressive performance. However, decou-
pled cross-attention encounters the object confusion prob-
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Figure 3: (A) demonstrates the calculation of Sobject relevance, which is used for selecting training data. The overall framework
in (B) consists of a UNet model for noise prediction conditioned on the text prompt and multiple reference images. (C) presents

the proposed weighted-merge method in each cross-attention layer of UNet from (B). Ãi
img =

Ai
img

Āi
img

, and f̃(Ztext) =
f(Ztext)

f̄(Ztext)
.

lem when merging multiple reference images, a problem this
study aims to address.

Method
In this section, we first give the preliminaries in section 1,
then propose the object relevance estimation method in sec-
tion 2. Next, section 3 and section 4 propose the weighted-
merge method and directly apply it to the current pre-trained
model. Finally, section 5 proposes the training framework
for further performance improvement.

1. Preliminaries
Diffusion model. Current personalized image generation
methods adopt diffusion model (Ho, Jain, and Abbeel 2020;
Rombach et al. 2022; Liu et al. 2024) as the base model.
Diffusion model consists of two processes: a diffusion pro-
cess which gradually adds noise into the original image with
a Markov chain in T steps, and a denoising process which
predicts the noise to generate the image using a deep neural
network. Specifically, personalized image generation meth-
ods generate images simultaneously conditioned on the text
prompt and the reference images. Typically, ϵθ denotes the
deep neural network for noise prediction, and the training
loss of personalized diffusion model is defined as below:

L = Ex0,ϵ∈N (0,I),ctext,cimg
∥ϵ− ϵθ(xt, ctext, cimg, t)∥2,

where x0 denotes the original real image, t ∈ [0, T ] de-
notes the time step in the diffusion process, xt = αtx0 +
σtϵ, and αt, σt are predefined weights for step t in the dif-
fusion process. ctext denotes the text features, and cimg de-
notes the reference image features. After training, the model

can generate images by progressively denoising Gaussian
noise in multiple steps.

Decoupled cross-attention mechanism. Recent finetuning-
free personalized image generation methods adopt decou-
pled cross-attention to merge the text features and reference
image features into the middle layers of model ϵθ. Specifi-
cally, the latent image features Z ∈ R(H·W )×D in a middle
layer are fed into a cross-attention module to interact with
the text features ctext ∈ RStext×Dtext :

Ztext=Attn(Q,Ktext,Vtext)=Softmax(
QK⊤

text√
d

)Vtext.

Here, Q = ZWQ, Ktext = ctextW
K
text, Vtext =

ctextW
V
text are the query, key, and value matrices of the at-

tention operation, respectively, and WQ ∈ RD×D, WK
text ∈

RDtext×D, WV
text ∈ RDtext×D are the learnable weight ma-

trices for feature projection. Besides, Z is also fed into an-
other cross-attention module to interact with the reference
image features cimg ∈ RSimg×Dimg :

Zimg=Attn(Q,Kimg,Vimg)=Softmax(
QK⊤

img√
d

)Vimg.

Likewise, Kimg = cimgW
K
img, Vimg = cimgW

V
img, and

WK
img ∈ RDimg×D, WV

img ∈ RDimg×D are the learnable
weight matrices for projecting the reference image features.
Next, the final output of the decoupled cross-attention Znew

is the addition of Ztext and Zimg:

Znew = Ztext + Zimg.

3709



2. Object Relevance Estimation
Decoupled cross-attention mechanism excels at merging a
single reference image into the model ϵθ than previous
methods that only add the reference image features into the
text embeddings. However, decoupled cross-attention sim-
ply merges the text-conditioned latent image features Ztext

and image-conditioned latent image features Zimg with an
addition operation, without constraining the reference im-
age to the corresponding object in the text prompt. This re-
sults in an object confusion problem when merging multi-
ple reference images, which incorrectly adds the reference
image information to its unrelated objects, as shown in Fig-
ure 1. Therefore, given M reference images corresponding
to M objects in the text prompt, this work strives to merge
M image-conditioned latent image features {Zi

img}Mi=1 into
the text-conditioned latent image features Ztext by resolving
the object confusion problem.

To this end, this work first investigates the information
distribution of an object (as referenced in the text prompt) on
Ztext. Some methods (e.g., RPG (Yang et al. 2024)) assume
that the position of the object in Ztext is the same as that in
the generated image, however, this assumption is not accu-
rate. Actually, the deep neurons in the deep neural networks
have large effective receptive fields (Luo et al. 2016; Araujo,
Norris, and Sim 2019; Huang et al. 2023, 2024b), meaning
that a wide range of latent image features can affect the tar-
get object in the generated image, rather than being limited
to only the local latent image features with the same position
as the target object. As shown in Figure 2, Zimg, with the
background masked, will decrease the generation quality of
the foreground cat in the generated image. Therefore, sim-
ply adding the reference image information into some local
regions of Ztext will lead to information loss and degrade
the performance.

To tackle this problem, we estimate the relevance of all
positions in Ztext to the target object, and merge Zi

img
into each position of Ztext with different weights accord-
ing to the estimated relevance. For estimating the object
relevance, this work ingeniously utilizes the original cross-
attention modules within model ϵθ and calculates the atten-
tion map between the text features of the object and the
original latent image features Z (note that Ztext is calcu-
lated from Z). Specifically, we first extract the text features
citext ∈ RStext×Dtext of the i-th object (corresponding to the
i-th reference image) by feeding the object text into the text
encoder. Next, the object relevance Ai

img ∈ R(H·W ) of the
i-th object to Ztext ∈ R(H·W )×D is calculated by averaging
the original cross-attention matrix:

Ai
img =

1

Stext

Stext∑
j=1

Softmax(
Ki

textQ
⊤

√
d

)[j],

where Q = ZWQ, Ki
text = citextW

K
text (note that

WK
text is shared with the original text features ctext), and

Softmax(
Ki

textQ
⊤

√
d

)[j] ∈ R(H·W ) is the j-th element of

Softmax(
Ki

textQ
⊤

√
d

) ∈ RStext×(H·W ).

Merging Method Sobject relevance CLIP-T CLIP-I DINO

Uniform-Merge 1.33 0.6343 0.6409 0.3481
Weighted-Merge 1.66 0.6427 0.6503 0.3624

Table 1: The performance of different merging methods for
the pre-trained IP-Adapter (training-free) on Concept101.

3. Training-Free Personalized Image Generation
Based on the above object relevance estimation method, we
propose a weighted-merge method to extend current pre-
trained models (e.g., IP-Adapter) to multi-object personal-
ized image generation, in a training-free manner. Specifi-
cally, this method first generates the text-conditioned latent
image features Ztext and M image-conditioned latent im-
age features {Zi

img ∈ R(H·W )×D}Mi=1 using the original
model, then merges them using the estimated object rele-
vance {Ai

img ∈ R(H·W )}Mi=1 as weights:

Znew = Ztext +
M∑
i=1

Ai
img

Āi
img

⊙ Zi
img,

where ⊙ is element-wise multiplication with Ai
img[p, q] ∈

R and Zi
img[p, q] ∈ RD (p ∈ {1, 2, . . . ,H}, q ∈

{1, 2, . . . ,W}) as each element-pair. Here, Āi
img ∈ R is the

average of Ai
img, and the division operation is used for nor-

malization (i.e., the average value of
Ai

img

Āi
img

equals 1). This

method adds each Zi
img more to the positions in Ztext with

higher relevance to the corresponding object, thus incorpo-
rating reference image information more accurately into the
corresponding object and mitigating object confusion. Ta-
ble 1 shows that this weighted-merge method can remark-
ably improve the performance of multi-object personalized
image generation on the pre-trained IP-Adapter.

4. Verification with Object Relevance Score
To verify Ai

img accurately represents the object relevance of
each position in Ztext, we conduct an experiment in the orig-
inal text-to-image diffusion model that evaluates the object
relevance score Sobject relevance by adding noise to Ztext.
Detailedly, we calculate Sobject relevance in three steps: (1)
Generate the bounding box bboxx of the target object in the
generated image x using the Grounding DINO (Liu et al.
2023a) detection model. (2) Let xnoise denote the gener-
ated image with noise added on Ztext, xno noise denote the
generated image without adding noise, then calculate ∆bbox

x
as the averaged difference between the pixels of bboxx in
xnoise and xno noise. ∆non bbox

x is calculated likewise for
the region outside the bounding box bboxx. (3) Finally,
Sobject relevance is calculated as the ratio between the ∆bbox

x

and ∆non bbox
x averagely over all generated images X (∥ · ∥

denotes cardinality of a set):

Sobject relevance =
1

∥X∥
∑
x∈X

∆bbox
x

∆non bbox
x

.
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Therefore, higher Sobject relevance indicates that the added
noise has a higher impact on the target object compared
to other regions. We conduct this experiment on the total
1212 text prompts from Concept101 dataset (Kumari et al.
2023), and the seed for generating each pair of xnoise ∈
R(H·W )×D and xno noise is set to the same. Two strate-
gies for adding noise are compared: uniform-merge and
weighted-merge. Uniform-merge directly adds the noise
ϵobject equally into all positions of Ztext, while weighted-
merge adds the noise with different weights on different
positions: ϵobject ⊙ (Ai

img/Ā
i
img). Note that the norm of

the sampled noise is equal for these two strategies for fair
comparison. As shown in Table 1, Sobject relevance > 1 for
uniform-merge, indicating that the background of Ztext also
has a great influence on the object. Besides, weighted-merge
achieves significantly higher Sobject relevance than uniform-
merge, implying that weighted-merge can effectively esti-
mate the object relevance on Ztext.

5. Training-Based Personalized Image Generation
However, this training-free weighted-merge method still
lags behind other multi-object personalized image genera-
tion methods, because: (1) The pre-trained model are trained
with only one reference image as input, and directly adding
multiple Zi

img will easily disrupt Znew from its original fea-
ture distribution and decrease the quality of the generated
images. (2) Different Zi

img may still conflict at the same po-
sition in Ztext when the corresponding values of Ai

img are
both high. To tackle these problems, we propose to continue
to train the model with the weighted-merge method on a

multi-object dataset, which is to align Ztext +
M∑
i=1

Ai
img

Āi
img

⊙

Zi
img with the original feature distribution for higher image

quality and alleviate the conflict of different Zi
img.

To this end, we first construct the multi-object dataset
from the open-sourced SA-1B dataset, following the data-
construction paradigm of Subject-Diffusion. This data-
construction paradigm adopts the pre-trained BLIP2 (Li
et al. 2023), Grounding DINO (Liu et al. 2023a), and
SAM (Kirillov et al. 2023) to generate the text prompts,
bounding boxes, and segmentation maps of each image. Fur-
thermore, we propose an object quality score Sobject quality

to estimate the object quality of each image and accord-
ingly select the images with high Sobject quality. Detailedly,
Sobject quality is calculated based on two factors: (1) the
quality of each individual object; (2) the quality of each
pair of objects. The first factor is to ensure that the image of
each object (cropped from the original image) is consistent
with the object text. The second factor is to select the object
pairs with lower similarities, which facilitates the model to
resolve the conflict between multiple reference images and
mitigate the object confusion problem, instead of continuing
wrongly adding the information of another similar object
into the current object. We utilize the CLIP model g to assess
these two factors because of its excellent cross-modal abil-
ity. Let Ox denote the objects in image x, gtext(o) ∈ RDclip

and gimg(o) ∈ RDclip denote the text and image features of
object o, then Sobject quality of image x is calculated as be-

low (cos(·, ·) denotes cosine similarity):
Sobject quality = Ssingle object + Sobject pair.

Ssingle object =
1
N1

∑
o∈Ox

cos(gtext(o), gimg(o)).

Sobject pair = − 1
N2

∑
o′,o′′∈Ox;o′̸=o′′

cos(gimg(o
′), gimg(o

′′)).

Here, N1 = ∥Ox∥ and N2 = ∥Ox∥(∥Ox∥ − 1) are
the normalization terms. Detailedly, for multi-object per-
sonalized image generation, we first filter 215,789 images
with multiple annotated objects using the data construction
paradigm of Subject-Diffusion, then utilize 100,000 images
with the highest Sobject quality for training.

Model architecture. Figure 3 demonstrates the whole
pipeline of our method. We follow previous methods to
freeze the original text-to-image diffusion model and only
train the parameters (WK

img and WV
img) for generating each

Zi
img in each layer. Note that WK

img and WV
img are shared

for generating each Zi
img to save training cost. Besides,

we propose another weighted-merge method to predict the
relevance of each position in Ztext to object-unrelated
texts, which is to resolve the conflict between Ztext and
{Zi

img}Mi=1. However, it is difficult to directly extract the
text features of these object-unrelated texts and calculate the
corresponding cross-attention matrix like Ai

img. To address
this problem, this work proposes to predict the weight for
the text features with a trainable prediction layer. Specifi-
cally, let f(Ztext) ∈ R(H·W ) denote the predicted weight
for Ztext (f is the trainable linear layer followed with a Sig-
moid activation function), then Znew is calculated as below:

Znew =
f(Ztext)

f̄(Ztext)
⊙ Ztext +

M∑
i=1

Ai
img

Āi
img

⊙ Zi
img.

Single-object personalized generation. Our weighted-
merge training framework can be extended to other scenar-
ios of simultaneous merging multiple conditions, such as
single-object personalized image generation with multiple
reference images. In real applications, a single object may
have multiple reference images (e.g., each object has 4 to
6 reference images in the DreamBooth dataset). However,
previous decoupled cross-attention approaches can only use
a single reference image or simply average the features of
multiple images, without fully utilizing the information from
different reference images. To tackle this problem, we con-
tinue to train the models using our weighted-merge train-
ing framework, enabling the model to extract diverse useful
information from different reference images and adaptively
merge them to achieve superior results.

Experiments
Implementation details. Our main experiments are
conducted on the pre-trained IP-Adapter with sdxl
model (Podell et al. 2023) and sdxl plus (Jaegle et al. 2021)
model as the text-to-image diffusion model and OpenCLIP
ViT-bigG/14 as the image encoder. The parameters of sdxl &

3711



Method Type CLIP-T CLIP-I DINO

DreamBooth • FT 0.7383 0.6636 0.3849
Custom Diffusion (Opt) • FT 0.7599 0.6595 0.3684
Custom Diffusion (Joint) • FT 0.7534 0.6704 0.3799

Mix-of-Show § FT 0.7280 0.6700 0.3940
MC2 § FT 0.7670 0.6860 0.4060

FastComposer ⋆ no-FT 0.7456 0.6552 0.3574
λ-ECLIPSE ⋆ no-FT 0.7275 0.6902 0.3902

ELITE ⋆ no-FT 0.6814 0.6460 0.3347
IP-Adapter ⋆ no-FT 0.6343 0.6409 0.3481

SSR-Encoder ⋆ no-FT 0.7363 0.6895 0.3970

Ours (sdxl) no-FT 0.7750 0.6943 0.4127
Ours (sdxl plus) no-FT 0.7765 0.6950 0.4397

Table 2: Performance comparison for multi-object per-
sonalized generation on Concept101. Here, “FT” denotes
finetuning-based method, “no-FT” denotes finetuning-free
method, and bold font denotes the best result. Each CLIP-
T score is multiplied by 2.5 following Custom Diffusion.

Method Type CLIP-T CLIP-I DINO

DreamBooth † FT 0.308 0.695 0.430
Custom Diffusion † FT 0.300 0.698 0.464
Subject Diffusion † no-FT 0.310 0.696 0.506

Ours (sdxl) no-FT 0.311 0.726 0.482

Table 3: Performance comparison for multi-object personal-
ized generation on DreamBooth.

sdxl plus model and image encoder are frozen, and only the
parameters for projecting image features and predicting text
weights are trainable. During training, we adopt AdamW op-
timizer with a learning rate of 1e-4, and train the model on
8 PPUs for 30,000 steps with a batch size of 4 per PPU.
To enable classifier-free guidance, we use a probability of
0.05 to drop text and image individually, and a probability
of 0.05 to drop text and image simultaneously. We also con-
duct experiments on other pre-trained models based on de-
coupled cross-attention to verify the generalization ability of
our method, in S2.2 of the appendix.

Test benchmark. For multi-object personalized image gen-
eration, we follow the Concept101 (Kumari et al. 2023)
benchmark that has evaluated many methods. Besides, we
also evaluate our method on the DreamBooth benchmark for
comparison with Subject-Diffusion.

Evaluation metrics. We follow previous methods to adopt
three metrics (CLIP-T, CLIP-I, and DINO) for evaluation.
Specifically, CLIP-T evaluates the similarity between the
generated images and given text prompts; CLIP-I and DINO
evaluate the similarity between the generated images and the
reference images. 5 images are generated for each prompt to
ensure the evaluation stability.

Baseline methods. We compare our method with both
finetuning-based methods (e.g., Textual Inversion (Gal et al.
2023), DreamBooth (Ruiz et al. 2023), Custom Diffu-
sion (Kumari et al. 2023)) and finetuning-free methods (e.g.,

Method CLIP-T CLIP-I DINO

Uniformly Add 0.7702 0.6816 0.3937
Locally Add 0.7732 0.6851 0.3958

+ Image Weight 0.7734 0.6940 0.4079
+ Text Weight 0.7726 0.6924 0.4032

+ Image & Text Weights 0.7750 0.6943 0.4127

Table 4: Ablation experiments of weighted-merge methods
for multi-object personalized generation on Concept101.

Method CLIP-T CLIP-I DINO

100,000 images (lowest Sobject pair) 0.7708 0.6880 0.3963
100,000 images (highest Sobject pair) 0.7733 0.6923 0.4056

100,000 images (highest Sobject quality) 0.7750 0.6943 0.4127

Table 5: Ablation experiments of image selection strategies
for multi-object personalized generation on Concept101.

SSR-Encoder (Zhang et al. 2024), Subject-Diffusion).

Multi-Object Personalized Generation
We conduct both quantitative and qualitative comparisons
between our method and baseline methods.

Quantitative comparisons. Table 2 demonstrates the quan-
titative results of different methods on Concept101. Note
that the results of methods marked with • are from the
GitHub page of Custom Diffusion (Kumari et al. 2023), the
results of methods marked with § are from the paper of
MC2 (Jiang et al. 2024), and the results of methods marked
with ⋆ are re-implemented faithfully following their released
code and weights (their original evaluation datasets have not
been made public).

As shown in Table 2, recent methods enhance the utiliza-
tion of image information with decoupled cross-attention to
integrate image features into the middle layers of the model,
but they have yet to achieve satisfactory results due to the
object confusion problem. Differently, our method general-
izes decoupled cross-attention to merging multiple reference
images by resolving object confusion, which achieves sig-
nificantly superior performance to existing methods.

Table 3 demonstrates the quantitative results of different
methods on the DreamBooth dataset. The results of methods
marked with † are from the paper of Subject-Diffusion. In
this benchmark, our method outperforms Subject-Diffusion
in 2 of 3 evaluation metrics, and surpasses it in the CLIP-I
score by a large margin (0.726 vs. 0.696).

Qualitative comparisons. Figure 4 demonstrates the quali-
tative results of different methods on Concept101. The re-
sults of the original IP-Adapter indicate that it generates
images with low image quality, due to the object con-
fusion problem and the distortion of feature distribution
when merging multiple images once. Next, after employ-
ing the weighted-merge training framework on the original
IP-Adapter, our method can generate images with high im-
age quality and mitigate object confusion, realizing the best
qualitative results.

Besides, we provide more visualization results of our
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Figure 4: Qualitative comparisons of different methods on multi-object personalized image generation.

Without weighted-merge:
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Reference 
Images

Figure 5: Qualitative ablation experiment.

method in S3 of the appendix (e.g., simultaneously merging
more than two objects).

Single-Object Personalized Generation
For single-object personalized image generation, we utilize
the proposed Ssingle object (Sobject pair is eliminated in the
single-object scenario) to select 100,000 high-quality im-
ages for training. As shown in S2.1 of the appendix, our
weighted-merge framework can improve all three scores
of the original IP-Adapter and ELITE on the DreamBooth
dataset. Besides, Figure 1 of the appendix shows the qualita-
tive comparisons between our model and the original model,
implying that our model can capture important image infor-
mation from different images, instead of ignoring the unique
details of some images by the original model.

Ablation Experiments
We conduct the ablation experiments mainly on the IP-
Adapter based on sdxl model.

Weighted-merge training framework. We conduct abla-
tion experiments on two proposed weight estimation meth-
ods (text weight f(Ztext) & image weight {Ai

img}Mi=1) of the
weighted-merge training framework. Table 4 demonstrates
that locally adding reference image features does not show
obvious improvement compared to uniform adding. Besides,
Table 4 indicates that these two weight estimation meth-
ods effectively enhance the performance of multi-object per-
sonalized generation. Moreover, the qualitative ablation ex-

Before training After training

Cat's attention Dog's attention Cat's attention Dog's attention

Figure 6: The attention maps of reference image features on
the latent image features Z before/after training.

periment in Figure 5 also verifies the effectiveness of our
weighted-merge method with the visualization results.

Image selection. Table 5 shows the performance of multi-
object personalized generation with different image selec-
tion strategies, implying that the images selected by our pro-
posed Sobject quality lead to superior results.

Change of attention maps. We calculate the attention maps
between reference image features of two objects (cat & dog
from Figure 5) and the latent image features Z in the mid-
dle cross-attention layer. As shown in Figure 6, the attention
maps of the two objects become more distinct after training,
thereby alleviating the object confusion problem.

Furthermore, we provide ablation experiments (e.g., the
number of training images) in S2.3 of the appendix.

Conclusion
In this work, we generalize the finetuning-free methods with
decoupled cross-attention for merging multiple reference
images, by mitigating the object confusion problem. To this
end, we propose a weighted-merge method to integrate refer-
ence image features with their corresponding objects. Next,
we continue to train the pre-trained models on a multi-object
dataset constructed with a proposed object quality score. Be-
sides, our training framework can be applied to single-object
generation when a single object has multiple reference im-
ages. Experiments demonstrate that our method achieves
significantly superior performance to existing methods. We
hope our method and dataset can contribute to the commu-
nity of personalized image generation.
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