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Abstract

Image composition aims to seamlessly insert foreground ob-
ject into background. Despite the huge progress in genera-
tive image composition, the existing methods are still strug-
gling with simultaneous detail preservation and foreground
pose/view adjustment. To address this issue, we extend the
existing generative composition model to multi-reference
version, which allows using arbitrary number of foreground
reference images. Furthermore, we propose to calibrate the
global and local features of foreground reference images to
make them compatible with the background information. The
calibrated reference features can supplement the original ref-
erence features with useful global and local information of
proper pose/view. Extensive experiments on MVImgNet and
MureCom demonstrate that the generative model can greatly
benefit from the calibrated reference features.

1 Introduction
Image composition is an important image editing operation,
aiming to seamlessly insert a given foreground object into
a background image. Previous methods (Tsai et al. 2017;
Zhang, Wen, and Shi 2020; Hong, Niu, and Zhang 2022)
attempted to address different issues in image composition
with different sub-tasks (e.g., image blending, image harmo-
nization, and shadow generation). Recently, foundation dif-
fusion models (Rombach et al. 2022; Esser et al. 2024; Labs
2024) have demonstrated powerful image generation abil-
ity, and some works have utilized such ability to re-generate
the foreground in the background image with all the issues
solved simultaneously.

These generative composition methods can be roughly
classified into training-free methods and training-based
methods. The training-free methods (Lu, Liu, and Kong
2023; Wang et al. 2024; Xu et al. 2025) leverages the prior
knowledge in foundation model without the need of train-
ing or finetuning. However, they cannot adjust the pose/view
of foreground and the generated images are of low qual-
ity. In contrast, training-based methods (Chen et al. 2024;
Yang et al. 2023; Lu et al. 2023; Kulal et al. 2023; Zhang
et al. 2023; Winter et al. 2025, 2024; Canet Tarrés et al.
2025; Yuan et al. 2024; Song et al. 2024; Chen et al. 2025)
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Figure 1: Illustration of feature calibration process. Based on
the background and foreground bounding box, we calibrate
the features of foreground reference images to match those
of ground-truth foreground.

are more popular and more powerful. They require large-
scale training set to train the model or a few images con-
taining the target object to finetune the model. The usual
approach (Song et al. 2023; Yang et al. 2023) is extracting
foreground information and injecting into denoising UNet
of stable diffusion (Rombach et al. 2022). Some subsequent
works attempted to better preserve the foreground details
by using different strategies, like high-frequency informa-
tion (Chen et al. 2024) or local enhancement module (Zhang
et al. 2023).

Despite the remarkable progress achieved for generative
composition, based on our experimental observation, there
is no method adept at both detail preservation and pose/view
adjustment of foreground. One reason is that the existing
methods only use one reference image for the foreground
object, which raises the difficulty of generating the details of
dramatically different pose/view. To explore the advantage
of using multiple reference images, we extend the existing
generative composition model (Song et al. 2023) to support
arbitrary number of reference images, by simply concate-
nating their reference features. Based on the multi-reference
generative composition model, we observe that using multi-
ple reference images for the foreground object can greatly
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improve the results, because the model can attend to the
reference image with the pose/view relatively matching the
background, which can greatly alleviate the task difficulty.
Ideally, if the model is provided with abundant reference im-
ages covering all views and poses, the model can attend to
the one perfectly matching the background. However, it is
very costly and even impossible to collect a large number of
reference images covering the full range of poses/views.

Another thought is to hallucinate the reference image
matching the background based on the given reference im-
ages. Instead of hallucinating the compatible reference im-
age, we opt for hallucinating the compatible reference fea-
ture, i.e., the feature of compatible reference image, which
is more efficient by omitting the transformation process be-
tween feature space and image space. Specifically, we de-
sign a feature calibration module. This module takes in one
reference feature and produces its calibrated reference fea-
ture, which is calibrated towards the compatible reference
feature based on the background information. We refer to
the calibrated reference features as augmented reference
features, which are appended to the original reference fea-
tures and jointly sent to denoising UNet. Among the origi-
nal reference features, for those relatively compatible with
the background, their calibrated versions are expected to be
more compatible with the background and the model is ex-
pected to attend to these calibrated reference features.

When calibrating the reference features, we consider both
global reference features and local reference features, by us-
ing global calibration module and local calibration module
respectively. The global calibration module relies on back-
ground information and current denoised foreground to cal-
ibrate the global reference feature, which should be close
to the global feature of ground-truth foreground. Similarly,
the local calibration module calibrates the local reference
feature, which should be close to the corresponding local
feature of ground-truth foreground. We name our image
composition method with calibrated reference features as
CareCom.

We conduct experiments on MVImgNet (Yu et al. 2023)
and MureCom (Lu et al. 2023) datasets. They contain mul-
tiple reference images for each foreground object, which
is suitable for our task. The results demonstrate that our
CareCom excels in detail preservation and pose/view adjust-
ment of foreground at the same time. Our contributions can
be summarized as follows: 1) We propose the first multi-
reference generative composition model supporting an ar-
bitrary number of foreground reference images. 2) We pro-
pose to calibrate the foreground reference features to match
the background. Technically, we design a global (resp., lo-
cal) calibration module to calibrate the global (resp., local)
reference features. 3) Comprehensive experiments on two
datasets show that our method outperforms other baselines
in terms of faithfulness and realism.

2 Related Work
2.1 Image Composition
The goal of image composition is inserting the foreground
from one image into another background image. To ad-

dress the inconsistency issues between foreground and
background, previous methods work on different sub-tasks
to solve different issues. In particular, image harmoniza-
tion (Guerreiro, Nakazawa, and Stenger 2023; Tsai et al.
2017; Jiang et al. 2021; Ke et al. 2022; Xue et al. 2022; Tao
et al. 2024) focuses on adjusting foreground illumination to
be harmonious with the background. Some other methods
(Hong, Niu, and Zhang 2022; Liu et al. 2024; Sheng et al.
2022) consider the effect of foreground on the background,
like shadow and reflection. Object placement (Zhou et al.
2022; Zhu et al. 2023; Qin et al. 2025) targets at seeking
for reasonable location, scale, and perspective for the fore-
ground object.

In recent years, generative composition has emerged for
object insertion with one unified model, thanks to the un-
precedented potential of foundation generative model like
stable diffusion (Rombach et al. 2022) and Diffusion trans-
former (Esser et al. 2024; Labs 2024). These methods can be
categorized into training-based (Yang et al. 2023; Lu et al.
2023; Kulal et al. 2023; Winter et al. 2024; Song et al. 2024;
Chen et al. 2024; Canet Tarrés et al. 2025; Tarrés et al. 2025;
Huang et al. 2025; Yu et al. 2025) and training-free ap-
proaches (Lu, Liu, and Kong 2023; Wang et al. 2024; Pham,
Chen, and Chen 2024; Li et al. 2024; Xu et al. 2025). Our
method belongs to the training-based group, which has much
stronger ability in adjusting the pose and view of foreground
object. Among the existing training-based methods, some
methods attempt to promote the foreground details (Chen
et al. 2024; Zhang et al. 2023; Song et al. 2023) or im-
pose additional controls (Zhang et al. 2023). Some meth-
ods (Winter et al. 2024; Canet Tarrés et al. 2025) place em-
phasis on shadow and reflection generation. Some more re-
cent works (Song et al. 2025; Wang et al. 2025) explore in-
context learning or multi-condition control based on DiT ar-
chitecture. However, the above methods only support one
reference image, which limits the performance upper bound
when multiple reference images are available.

2.2 Subject-driven Image Generation and Editing

Subject-driven image generation refers to a variety of tasks
of generating or editing images in terms of specific object.

With the emergence of diffusion models, many
works (Kumari et al. 2023; Ruiz et al. 2024, 2023; Gal et al.
2023a) have explored text-based image customization. They
propose to learn new concepts by associating specific object
with special text token. However, these methods are only
applicable to text-generated background instead of a given
background image. Some other works (Wei et al. 2023;
Gal et al. 2023b; Tao et al. 2025) suggest using specific
encoders to extract visual information and integrating it
into customized images. However, they cannot control the
placement of the foreground. Some approaches (Gu et al.
2023; Mokady et al. 2023; Choi et al. 2023; Yang et al.
2024; Li et al. 2025; Zhang et al. 2025) use text or image as
guidance for image editing. Despite the diversity of subject-
driven tasks, our method primarily focuses on generative
composition, re-generating compatible foreground object at
the designated location in the background image.
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3 Our Method
In Section 3.1, we will introduce our multi-reference genera-
tive composition framework. In Section 3.2 and 3.3, we will
elaborate on our global and local reference feature calibra-
tion modules respectively. In Section 3.4, we will introduce
the training strategy.

3.1 Multi-reference Composition Framework
In this work, we propose a multi-reference generative com-
position framework, aiming to insert the foreground object at
the specified location in the background image based on sev-
eral reference images of the foreground object. The inserted
foreground is expected to maintain the detail information
and match the background w.r.t. illumination, pose/view, and
so on. Formally, given a complete background image with a
bounding box b to place the foreground object and a set of
foreground reference images set {If

1 , I
f
2 , ..., I

f
K}, the gen-

erated image should resemble the ground-truth image Î .
Our model is built upon ObjectStitch (Song et al. 2023)

considering its compelling ability to adjust foreground
pose/view and generate realistic images. We get the fore-
ground mask Mf based on the bounding box b and get the
masked background Ib by erasing the content within b. Fol-
lowing (Song et al. 2023), we first project Ib and Î into la-
tent space with VAE encoder, yielding zb and z respectively.
Then, we concatenate zb, noisy zt, and Mf as the input of
denoising UNet. For the k-th foreground reference image,
we extract its global reference features fg

k and local refer-
ence features {f l

k,i|Ni=1} using Ef which includes the pre-
trained CLIP encoder (Radford et al. 2021) and an adapter.
Global features are the CLS token output with dimension
1 × 1024 from CLIP encoder, while local features are the
remaining output tokens with dimension 256 × 1024 from
the last layer.

To obtain the reference features compatible with the back-
ground, we design a global calibration module Cg to pro-
duce the calibrated global reference features f̃g

k . Similarly,
we also design a local calibration module Cl to produce the
calibrated local reference features {f̃ l

k,i|Ni=1}. We denote the
set of global (resp., local) reference features from all refer-
ence images as Fg (resp., F l). Besides, we refer to the cal-
ibrated reference features as augmented reference features,
and denote the set of global (resp., local) augmented refer-
ence features from all reference images as F̃g (resp., F̃ l).

The original reference features {Fg,F l} are injected into
both encoder and decoder of denoising UNet as in (Song
et al. 2023). The augmented reference features {F̃g, F̃ l}
are only injected into the decoder, because the generation
of augmented reference features relies on the encoder fea-
tures of denoising UNet and injecting augmented reference
features into the encoder would cause dependency loop.

In the training stage, given a set of training images con-
taining the specific foreground object {Io

1 , I
o
2 , ..., I

o
K}, the

foreground images are cropped from training images, fol-
lowed by geometry and color perturbation. The perturbed
foreground images form the set of foreground reference im-
ages {If

1 , I
f
2 , ..., I

f
K}. Then, we take one training image Io

k

as the ground-truth image Î and prepare the corresponding
masked background Ib, foreground mask Mf .

The latent z of Î is added with t-step noise, leading to zt.
The denoising UNet with parameters θ is trained using the
following objective to predict the added noise:

Lsd = Eϵ∼N (0,1),t∥ϵ− ϵθ
(
zb, zt,M

f , {Fg,F l}, t
)
∥22,

(1)
where ϵ is the added Gaussian noise and t is the time step
ranging from 0 to T .

In the testing stage, given a background image with
bounding box, we can obtain zb, zT ,M

f . We can obtain
Fg,F l from foreground reference images. Then, we pass
through the denoising process to get the denoised latent z0,
which is mapped back to image space with VAE decoder.

3.2 Global Reference Feature Calibration
For each global reference feature fg

k (the global feature
of foreground reference image If

k ), we use global refer-
ence feature calibration (GRFC) module to calibrate fg

k to
match the ground-truth global feature f̂g (the global feature
of ground-truth foreground). Specifically, we crop the fore-
ground Îf from ground-truth image Î and use foreground
encoder to extract its global feature f̂g .

In the GRFC module, we employ the encoder features in
denoising UNet to facilitate the calibration process. Since
denoising UNet takes the masked background and denoised
latent as input, its encoder features should contain the rich
information of background and denoised foreground. The
background information is helpful to make the calibrated
global reference feature compatible with the background.
The current denoised foreground may also provide useful
hints for the calibration.

Formally, we use each fg
k as query, while the encoder fea-

tures F en in denoising UNet are used as keys and values.
We pass them through a cross-attention layer to produce the
calibrated global reference features f̃g

k , which can be formu-
lated as

f̃g
k = Softmax

(
fg
k (F

enW gk)T√
d

)
(F enW gv) + fg

k , (2)

where W gk,W gv are projection matrices and d is the di-
mension of query feature.

The calibrated global reference feature f̃g
k is forced to

match the ground-truth global feature f̂g using the follow-
ing loss:

Lgc =
K∑

k=1

||f̃g
k − f̂g||2. (3)

The calibrated global reference features f̃g
k form the aug-

mented global reference feature set F̃g , which is injected to
the decoder of denoising UNet via cross-attention.

3.3 Local Reference Feature Calibration
Previous methods (Chen et al. 2024; Zhang et al. 2023) have
demonstrated that local features of foreground object play
an important role in keeping the object details, so we also
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Figure 2: (a) Given multiple foreground reference images, we extract their global/local features Fg/F l, which are passed
through the calibration module Cg/Cl. The calibrated features F̃g/F̃ l are injected into the decoder of denoising UNet. (b) Illus-
tration of seeking for the spatial correspondence of local patches between foreground reference If

k and ground-truth foreground
Îf . (c) The structure of calibration module Cg/Cl.

utilize the local features of foreground reference images. For
each local reference feature f l

k,i (the i-th local feature of
foreground reference image If

k ), we adopt local reference
feature calibration (LRFC) module to calibrate f l

k,i to match
its corresponding ground-truth local feature.

Different from global reference feature calibration, how to
obtain the ground-truth local feature is not straightforward.
Considering that the local feature represents the information
of the corresponding local patch, we seek for the spatial cor-
respondence between the patches in foreground reference
image and the patches in ground-truth foreground image.
Given the ground-truth foreground image Îf , we extract its
local features {f̂ l

k,i|Ni=1}. Given the local reference features
{f l

k,i|Ni=1} of the k-th reference image, for each local refer-
ence feature f l

k,i, we find its nearest feature in {f̂ l
k,i|Ni=1} as

its ground-truth local feature. Specifically, we calculate the
similarity between {f̂ l

k,i|Ni=1} and {f l
k,i|Ni=1}. Based on the

N ×N similarity matrix, we can associate the i-th patch in
the foreground reference image with the most similar δ(i)-th
patch in the ground-truth foreground image.

We employ a calibration module Cl to produce the cali-
brated local reference feature f̃ l

k,i, which should be close to
f̂ l
k,δ(i). To facilitate the calibration process, similar to Sec-

tion 3.2, we use the encoder features F en in the denoising
UNet to provide auxiliary information, because the infor-
mation of background and denoised foreground could help
determine how the local patch should be warped or trans-
formed. Formally, we use each local reference feature f l

k,i as
query, and the encoder features F en in the denoising UNet
as keys and values. We pass them through a cross-attention
layer to produce the calibrated local reference feature f̃ l

k,i,

which can be formulated as

f̃ l
k,i = Softmax

(
f l
k,i(F

enW lk)T
√
d

)
(F enW lv) + f l

k,i,

(4)
where W lk,W lv are projection matrices and d is the di-
mension of query feature.

The calibrated local reference features are supervised by

Llc =
K∑

k=1

N∑
i=1

||f̃ l
k,i − f̂ l

k,δ(i)||
2. (5)

The calibrated local reference features f̃ l
k,i form the aug-

mented local reference feature set F̃ l, which is injected to
the decoder of denoising UNet via cross-attention.

3.4 Training Strategy
Our model requires pretraining and few-shot finetuning. 1)
We first pretrain our designed GRFC and LRFC using a
large-scale training set (e.g., MVImageNet (Yu et al. 2023))
which provides multiple images for each object. The other
modules including denoising UNet and VAE are borrowed
from the pretrained ObjectStitch (Song et al. 2023) model.
2) After pretraining, given a few training images containing
a specific foreground object, we finetune the whole model
based on these training images. Given test background im-
ages with bounding boxes, we can apply the finetuned model
to insert the specific foreground object into background.

4 Experiments
4.1 Datasets
Since multiple reference images are needed, we conduct ex-
periments on two datasets which have multiple reference im-
ages for each foreground object.
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MureCom (Lu et al. 2023) contains 32 foreground cate-
gories. Each foreground category has 3 objects and 20 back-
ground images. Each object has 5 images with different
poses and viewpoints. Each background image has a bound-
ing box to specify where the foreground should be inserted.
For each object, we use its 5 images for few-shot finetun-
ing and 20 background images belonging to its category for
evaluation.
MVImgNet (Yu et al. 2023) contains 222,929 objects from
238 foreground categories. Each object has a set of images
captured from different camera viewpoints. We select one
object from each category to form the test objects. The im-
ages of the remaining objects are used to pre-train GRFC
and LRFC as described in Section 3.4. Each test object is
associated with 5 images, in which 4 images are used for
few-shot finetuning and the last image is used for evalua-
tion.

4.2 Evaluation Metrics
We use DINO Score (Caron et al. 2021) to assess the fidelity
of generated foreground. Since MVImgNet has ground-
truth foreground while MureCom does not, DINO score
is calculated based on generated foreground and ground-
truth foreground (resp., its nearest foreground reference) on
MVImgNet (resp., MureCom). For the background, we use
SSIM (Wang et al. 2004) to evaluate background preser-
vation. We choose FOSScore (Zhang, Sui, and Niu 2023)
to evaluate the pose/view compatibility between foreground
and background. Quality Score (QS) (Wang et al. 2004) is
used to evaluate the overall quality of generated images.

4.3 Implementation Details
Our training process consists of two stages: pretraining and
fine-tuning. In the first stage, the model is pretrained on
MVImgNet dataset. The number of training epochs is set
to 50, with a batch size 64. This stage is conducted on 16
V100 GPUs. In the second stage, the model is finetuned us-
ing up to five images containing specific foreground objects.
Fine-tuning stage is conducted on 1 A6000 GPU that takes
about ten minutes for 150 epochs.

4.4 Baselines
We compare our CareCom with recent and open-
sourced generative composition methods including Object-
Stitch (Song et al. 2023), Anydoor (Chen et al. 2024), Con-
trolCom (Zhang et al. 2023), Unicombine (Wang et al. 2025)
and Insert Anything (Song et al. 2025). Among the base-
lines, (Song et al. 2023; Zhang et al. 2023) support multi-
ple reference images. For these methods, the extension to
support multiple reference images is similar to our method:
the features of multiple reference images are concatenated
along the sequence dimension and fed into the denoising
UNet. (Chen et al. 2024; Song et al. 2025; Wang et al. 2025)
only supports single reference image. For fair comparison,
we perform few-shot finetuning for all baselines.

During inference, for the baselines supporting multiple
reference images, we use all reference images. For the base-
lines only supporting single reference image, we feed the

Method Metrics

DINOfg↑ SSIMbg↑ FOSScore↑ QS↑
ControlCom (2023) 64.92 0.858 0.856 42.27
Anydoor (2024) 68.65 0.857 0.815 43.40
ObjectStitch (2023) 65.04 0.854 0.867 44.39
Insert Anything (2025) 68.78 0.854 0.822 45.40
UniCombine (2025) 65.72 0.856 0.819 44.87

CareCom 68.60 0.859 0.883 47.07

Table 1: Quantitative comparison on MureCom dataset. The
best results are highlighted in boldface.

Method Metrics

DINOfg↑ SSIMbg↑ FOSScore↑ QS↑
ControlCom (2023) 63.93 0.857 0.824 37.72
Anydoor (2024) 69.56 0.853 0.791 40.85
ObjectStitch (2023) 66.21 0.857 0.841 42.73
Insert Anything (2025) 69.88 0.857 0.804 41.22
UniCombine (2025) 64.22 0.853 0.812 41.86

CareCom 69.49 0.858 0.874 45.79

Table 2: Quantitative comparison on MVImgNet dataset.
The best results are highlighted in boldface.

reference images one by one and get multiple results, from
which the best result is selected.

4.5 Quantitative Comparison
We evaluate different approaches on MureCom and
MVImgNet datasets. The results are reported in Table 1
and Table 2 respectively. The quantitative metrics details
have been introduced in Section 4.2.

Anydoor and Insert Anything achieve high DINO scores
on both datasets, which shows their ability to preserve fore-
ground details. However, they exhibit obvious copy-and-
paste effect and lack the ability to adjust pose/view ac-
cording to background, indicated by lower FOSScore. In
contrast, although our method performs slightly worse than
them on DINO score, it outperforms all the methods for all
other metrics.

4.6 Visual Comparison
In Fig. 3, we provide visual comparison results of different
methods on MureCom dataset. The baselines (Zhang et al.
2023; Song et al. 2023) and our method use five reference
images. Since AnyDoor, Insert Anything and UniCombine
only support single reference image, we use each of the five
reference images separately as input and select the visually
best result.

It can be observed that the images generated by (Chen
et al. 2024; Song et al. 2025) exhibit noticeable copy-paste
artifacts from the reference images, resulting in incompati-
ble lighting and perspective between foreground and back-
ground. ControlCom (Zhang et al. 2023) performs well in
composite images with simple foreground objects but tends
to produce some artifacts when the foreground objects are
complex. ObjectStitch (Song et al. 2023) retains most of
the foreground information, but still misses or alters some
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Figure 3: Visual comparison of different methods on MureCom dataset. From left to right, we show background, 5 reference
images, the results of Anydoor (Chen et al. 2024), ControlCom (Zhang et al. 2023), ObjectStitch (Song et al. 2023), Insert
Anything (Song et al. 2025), UniCombine (Wang et al. 2025) and our CareCom.

details (e.g., the pattern on the guitar in row 1, unrealistic
horse legs in row 2). UniCombine (Wang et al. 2025) fails
to preserve the detailed information of the foreground ob-
jects effectively. In contrast, our method is adept at preserv-
ing the foreground details and simultaneously adjusting the
foreground pose/view to fit the background.

4.7 Ablation Study
In this section, we study the impact of global and local fea-
ture calibration. We progressively add the proposed modules
and report the results on MureCom dataset in Table 3.

The first row shows the results of original ObjectStitch
without reference feature calibration. In the second (resp.,
third) row, we add global (resp., local) reference feature cal-
ibration. It can be seen that all four metrics are improved, in-
dicating the enhancement of detail preservation and overall
quality. In the fourth row, we only inject calibrated features
into the decoder of denoising UNet. By comparing the first
row and the fourth row, we can see that only using calibrated
feature can achieve satisfactory performance, which justifies
the effectiveness of calibrated features. In the last row, we re-
port the results of our full method. Our full method achieves
the best results for all metrics.

We also provide the visualization results of ablation study

GRFC LRFC UCF CF DINOfg↑ SSIMbg ↑ FOSScore↑ QS↑
✓ 65.04 0.854 0.867 44.39

✓ ✓ ✓ 65.21 0.856 0.871 45.72
✓ ✓ ✓ 66.64 0.857 0.873 46.95

✓ ✓ ✓ 66.73 0.856 0.874 46.87
✓ ✓ ✓ ✓ 68.60 0.859 0.883 47.07

Table 3: Ablation study of the impact of global reference
feature calibration module (GRFC), local reference feature
calibration module (LRFC), and whether to use calibrated
features (CF) and uncalibrated features (UCF).

in Fig. 4. Without the LRFC module, the ability to preserve
foreground details is degraded. Without the GRFC module,
the ability to adjust the foreground pose/view is impaired.
Without using the uncalibrated features, some artifacts can
be observed on the foreground object, probably because that
the calibration process causes the detail information loss and
the original reference features can effectively supplement
more details.

4.8 Effectiveness of Feature Calibration
To validate the effectiveness of feature calibration, that is,
the calibrated reference features are closer to ground-truth
features, we calculate the L2 distance between reference fea-
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Figure 4: Ablation study of our GRFC/LRFC modules and uncalibrated features (UCF). From left to right, we show background
image, five reference images, the results of ObjectStitch, three ablated versions of our method, and our full method. The red
boxes indicate the changed details.

Figure 5: The distance between uncalibrated/calibrated ref-
erence features and ground-truth reference features along
with the denoising step.

tures before/after calibration and ground-truth features on
MVImgNet test set, because MVImgNet test set has ground-
truth features. For each test example, we first extract the
global reference features {fg

k |k} and local reference fea-
tures {f l

k,i|k,i}, followed by calculating their distances to
ground-truth global/local features. The averaged distances
are plotted in red in Fig. 5, which serves as the baseline.
When going through the denoising process, we record the
calibrated global reference features {f̃g

k |k} and local refer-
ence features {f̃ l

k,i|k,i} at each timestep, followed by calcu-
lating their distances to ground-truth global/local reference
features. The averaged distance values are plotted in green
in Fig. 5. When compared with uncalibrated reference fea-
tures, calibrated reference features are progressively getting
closer to ground-truth reference features as the denoising
procedure advances, demonstrating the effectiveness of fea-
ture calibration.

To further investigate the role of different features in the

Figure 6: Visualization of cross-attention map in different
decoder blocks. Brighter colors indicate larger values.

calibration process, we visualize the cross-attention maps
between decoder features and reference features in differ-
ent decoder blocks in Fig. 6. The model assigns higher at-
tention to the calibrated features (CF), with the calibrated
global features receiving the highest attention, which shows
that calibrated features can provide crucial guidance for
foreground generation. Uncalibrated features (UCF) are as-
signed relatively low weights, while they still contribute to
the generation process to some extent.

5 Conclusion

In this paper, we have proposed a multi-reference generative
composition framework, which can utilize arbitrary number
of foreground reference images. Under our framework, we
have further proposed to calibrate the foreground reference
features to be compatible with the background. Compre-
hensive experiments have verified the effectiveness of our
framework equipped with calibrated reference features.
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