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Figure 1: Customized Image Generation. (a) Generating customized images with given subjects in new
contexts. (b) Generating customized images with co-existing basic action or interaction in given images. (c)
Generating customized images for complex events with various target entities. Different colors and numbers
show the associations between reference entities and their corresponding target prompts.

ABSTRACT

Customized Image Generation, generating customized images with user-specified
concepts, has raised significant attention due to its creativity and novelty. With im-
pressive progress achieved in subject customization, some pioneer works further
explored the customization of action and interaction beyond entity (i.e., human,
animal, and object) appearance. However, these approaches only focus on basic
actions and interactions between two entities, and their effects are limited by insuf-
ficient “exactly same” reference images. To extend customized image generation
to more complex scenes for general real-world applications, we propose a new
task: event-customized image generation. Given a single reference image, we
define the “event” as all specific actions, poses, relations, or interactions between
different entities in the scene. This task aims at accurately capturing the complex
event and generating customized images with various target entities. To solve this
task, we proposed a novel training-free event customization method: FreeEvent.
Specifically, FreeEvent introduces two extra paths alongside the general diffusion
denoising process: 1) Entity switching path: it applies cross-attention guidance
and regulation for target entity generation. 2) Event transferring path: it injects
the spatial feature and self-attention maps from the reference image to the target
image for event generation. To further facilitate this new task, we collected two
evaluation benchmarks: SWiG-Event and Real-Event. Extensive experiments and
ablations have demonstrated the effectiveness of FreeEvent.
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1 INTRODUCTION

Recently, Iarge-scale pre-trained diffusion models ( ; ;
, ) have demonstrated remarkable
success in generatlng diverse and photoreallstlc images from text prompts. Leveraging these unpar-
alleled creative capabllltles a novel application — customized image generation (

, ) — has gained i mcreasmg attention for generatmg user- speC| ed
concepts Slgnl cant progress has already been made in subject-customized image generation (

). As shown in Figure 1(a) given a set of user-provided subject im-
ages exrstlng methods can accurately capture the unique appearance features of eacl. gubject (
corgi ) with a special identi er token, enabling creative rendering in new and diverse scenarios.
Moreover, they can seamlessly integrate multiple subjects into cohesive compositions, preserving
their distinctive characteristics while adapting them to novel contexts.

Beyond the appearance of different entities.( humans, animals, and objects) in the images, pi-
oneering approaches have been developed to customize the user-speci ed actions (

), interactive relations ( , ) and poses ( , ) between the entities. As
shown in Figure 1(b), these methods attempt to capture the single-entity aetighdndstand )
or interactions €.9., back to back ) between two entities that co-exist in the given reference
images and transfer them to the synthesis of action- or interaction-speci ¢ images with new entities.

However, for real-world scenes that typically involve multiple entities with more complex inter-
actions é.g., Figure 1(c), row threethree humans are discussing in front of a

computer with different poses ), these works ( , )
still face notable limitations1) Simpli ed Customization. Current act|0n customlzatlon (

, ) focuses soIer on the basic actions of a single person. Similarly, interaction customiza-
tions ( , ) are limited to basic interactive relations or poses between
just two entities. There |s a lack of exploration into more complex and diverse actions or interactions
that involve multiple humans, animals, and objects. Additionally, while these methods typically per-
form well when generating images with the same type of endity,(all monkeys or all cats), they
struggle when faced with more diverse and complex entities and their combinations. These narrow
focuses and limitation on entity generation have strictly limited their abilities to customize more
complex and diverse scenes with creative cont@)ttnsuf C|ent Data. To capture speci ¢ actions
or interactions, existing methods ( , ) tend to represent them
by learning corresponding identi er tokens, WhICh can be further used for generating new images.
However, for each action, or interaction, these training-based processes typically require a set of
reference image«@., 10 images) paired with corresponding textual descriptions across different
entities. Unfortunately, each action or interaction is highly unique and distin¢tevegathering
images that depict the exact same action or interaction is challenging. As shown in Figure 1(b),
there are still signi cant differences in the same actieig.( handstand ) between different refer-
ence images, which thus compromises the accuracy of learned tokens, leading to inconsistencies in
action between generated images. This insuf cient data issue for identical action or interaction has
severely limited the practicality and generalizability of these methods.

To address these limitations and extend customized image generation to more complex scenes, we
propose a new and meaningful taskent-customized image generatianGiven a single reference

image, we de ne the “event” as all actions and poses of each single entity, and their relations and
interactions between different entittesAs shown in Figure 1(c), event customization aims to ac-
curately capture the complex and diverse event from the reference image to generate target images
with various combinations of target entities. Since it only needs one single reference image, the
event customization also eliminates the need for collecting “exactly same” reference images.

To solve this challenging task, we proposed a ndéraghing-freeevent customization method, de-
noted ag-reeEvent Based on the two main components of the reference imaggegentity and

event, FreeEvent decomposes the event customization into two parts: 1) Switching the entities in
the reference image to target entities. 2) Transferring the event from the reference image to the
target image. Following this idea, alongside the general denoising process of diffusion generation,
we designed two extra paths: entity switching path and event transferring path. Speci cally, en-
tity switching path guides the localized layout of each target entity for entity generation. Event

LIn this paper, we primarily measure the event complexity using the total number of entities.
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transferring path further extracts the event information from the reference image and then injects
it into the denoising process to generate the speci ¢ event. Through this direct guidance and in-
jection, FreeEvent offers a signi cant advantage over existing methods by eliminating the need for
time-consuming training. Furthermore, as shown in Figure 1(c), FreeEvent can also serve as a plug-
and-play framework to combine with subject customization methods, generating creative images
with both user-speci ed events and subjects.

Moreover, as a pioneering effort in this direction, we also collected two evaluation benchmarks from
the existing dataset.é., SWiG ( , ) and HICO-DET ( , )) and the in-
ternet for event-customized image generation, dut®atiiG-Event andReal-Event, respectively.

Both benchmarks include reference images featuring diverse events and entities, along with manu-
ally crafted target prompts. Extensive experiments demonstrate that our approach achieves state-of-
the-art performance, enabling more complex and creative customization with enhanced practicality
and generalizability.

In summary, we make several contributions in this paper: 1) We propose the novel event-customized
image generation task, which extends customized image generation to more complex scenes in real-
world applications. 2) We propose FreeEvent, the rst training-free method for event customization,
which can be further combined with subject customization methods for more creative and gen-
eralizable customizations. 3) We collect two evaluation benchmarks for event-customized image
generation, and our FreeEvent achieves outstanding performance compared with existing methods.

2 RELATED WORK

Text-to-Image Diffusion Generation. Diffusion models ( , ; :

, ) have emerged as a leading approach for |mage synthesis. The text to image
diffusion models ( , ) further inject user-
provided text descrlptrons |nt0 the d|foS|on process via pre -trained text encoders. After trained on
large-scale text-image pairs, they have shown great success in text-to-image generation. Different
from these models that operate the diffusion process on pixel space, the latent diffusion models
(LDMs) ( , ) propose to perform it on latent space with enhanced computatlonal
ef ciency. Besides, existing works (

, ) have discovered the spatial feature and attention maps in LDMs contain Iocalrzed
semantic information of the image and the layout correspondence between textual conditions. As
a result, these features and attention maps have been utilized to control the layout, structure, and
appearance in text-to-image generatron This can be achieved either through a plug-and-play feature

injection ( , ; , , ) or by computing speci c diffusion
guidance ( ; , ) for generation. In this paper, we utilize the pre-
trained LDM Stable Drffusron ( , ) as our base model.

Subject Customization. This task aims to generate customized images of user-speci ed subjects.
Current mainstream subject customization works mainly focus on 1) Single subject customization,

including learning speci ¢ identi er tokens ( , ), netuning the text-to-image diffu-
sion model ( ; ), introducing layer-wise learnable embeddlngs ( ,

) and training Iarge -scale multimodal encoders ( , ; , ). 2) Multi-
subject composition, including cross-attention modi cation ( , ), constrained model
ne-tuning ( , ), layout guidance ( , ), and gradient fusion of each
subject ( , ). In conclusion, these works are all tailored to capture the appearance of the

entities in the image, without considering the customization of actions or poses.

Action and Interaction Customization. They aim to generate customized images with co-existing
actions or interactions in user-provided reference images. ReVersion ( , ) rst
proposes to customize speci ¢ interactive relations by optimizing the learnable relation tokens.
ADI ( , ) makes progress in customizing speci ¢ actions for a single subject. And

a following work ( , ) further extends it to learning interactive poses between two in-
dividuals. However, all these works only focus on simpli ed customization of some basic actions
and interactions, and their effect is strictly limited by the insuf cient data of reference images. In
contrast, our proposed event customization only requires one reference image, and our training-free
framework FreeEvent can achieve effective customization of complex events with various creative
target entities. While the ImgAny ( , ) also proposed a training-free framework for
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image generation through two branches, it focuses on the modeling of multi-modal inputs as condi-
tions, which is beyond the scope of this paper.

3 METHODS

3.1 PRELIMINARY

Latent Diffusion Model. Generally, the LDMs include a pretrained autoencoder and a denoising
network. Given an image, the encodeE maps the image into the latent codg= E(>9, where
B1e forward process is applied to sample Guassian noi$¢ (0;1) to it to obtainzy = = (zp +

1  fromtimesteg [1; T]with a prede ned noise schedule While the backward process
iteratively removes the added noise®ro obtainzy, and decodes it back to image with the decoder
x = D(zp). Speci cally, the diffusion model is trained by predicting the added noisenditioned
on time step and possible conditions like text promipt The training objective is formulated as

Liom = Bze popi v i K (z:tP)KS @
where is the denoising network.

Diffusion Guidance. The diffusion guidance modi es the sampling process ( , ) with
additional score functions to guide it with more speci c controls like object layout ( , ;
, ) and attributes ( , ; , ). We express it as
N= o (zstP) s gzt P); (2)

whereg is the energy function anglis a parameter that controls the guidance strength.

3.2 TASK DEFINITION: EVENT-CUSTOMIZED IMAGE GENERATION

In this section, we rst formally de ne the event-customized image generation task. Given a ref-

mask of its corresponding entif§;. The event-customized image generation task aims to capture
the reference event, and further generate a target irm@gender the same event but with diverse

the description of the target enti@;, and each target entitg; should keep the same action or pose

with its corresponding reference entRy. As the example shown in Figure 2, given the reference
image with four reference entities.g., three people and one object), the event-customization aims

to capture the complex reference event and generate the target image with a novel combination of
different target entities(g., skeleton, statue, monkey, book).

3.3 APPROACH

Overview. We now introduce the proposed training-free event customization framework FreeEvent.
Speci cally, we decompose the event-customized image generation into two parts, 1) generating
target entitiesi(e., switching each reference entity to target entity), and 2) generating the same
reference event.g., transferring the event from the reference image to the targetimage). Following
this idea, we design two extra paths for the diffusion denoising process of event customization,
denoted as the entity switching path and the event transferring path, respectively. Generally, as
shown in Figure 2, the generation bf starts by randomly initializing the latea® N (0;1),

and iteratively denoise it ta§ . During this denoising process, the entity switching path guides the
generation of each target entity through cross-attention guidance and regulation based on the target
promptP and reference entity masks. The event transferring path extracts the spatial features and
self-attention maps from the reference imdde and then injects them to the denoising process.
The nal z§ is then transformed back to the target ima§eby the decoder.

U-Net Architecture The Stable Diffusion ( , ) utilizes the U-Net architec-
ture ( , ) for, which contains an encoder and a decoder, where each consists

of several basic encoder/decoder blocks, and each encoder/decoder block further contains several
encoder/decoder layers. Speci cally, as shown in Figure 3(a), each U-Net encoder/decoder layer
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Figure 2: The overview of pipeline. Given the reference image, the event customization is overall

a general diffusion denoising process with two extra paths. 1) The entity switching path guides
the generation of each target entity through cross-attention guidance and regulation 2) The event
transferring path injects the spatial features and self-attention maps from the reference image to the
denoising process. The naf is then transformed back to target imddeby the decoder.

consists of a residual module, a self-attention module, and a cross-attention module. Fdx, block
layerl, and timestep, the residual module produces the spatial feature of the imafjeTde self-

T
attention module produces the self-attention mafas= Softmax( 9@%—5), whereQs andK ¢ are

guery and key features projected from the visual features. For text-to-image generation, the cross-
attention module further produces the cross-attention map between the text pramgthe image

asCA = Softmax( %KTI), whereQ. is the query features projected from the visual features, and
¢ is the key features projected from the textual embeddirfg. of

Entity Switching Path. This path aims on generating target enti&s= fGy;:::; Gy gin | © by
switching each refenrece enti® to G; based on the target promptand reference entity masks.

And the key is to ensure each target enByis generated at the same location as their corresponding
reference entityR; and avord the appearance leakage between different entities. Inspired by prior
works ( , ) that utilize the cross-attention maps to control the
layout of text-to- |mage generatron we apply the cross-attention guidance and regulation to achieve
the entity switching.

As shown in Figure 2(a), at the timestepf the denoising process, we rst obtain the latent for
entity switching agf* = z€, we then inputz{* together with the target promptinto the U-Net,
and calculate the cross-attention map<a#s”. As shown in Figure 3(b), we then introduce an
energy function to bias the cross-attention of each takeas:

CAM m;

CAY:m)=(1
g(CA; )= ( CAF

)? 3)
WhereCAiA is the cross-attention map of token. Optimizing this function encourages the cross-
attention maps of each target entidy to obtain higher values inside the corresponding area speci ed
by m;, and further guide the localized layout of each target entity. We calculate the gradient of this
guidance via backpropagation to update the lazfnt

X
zZ=2 ? 5,  g(CAMm) 4)
i2N
. . p— - .
where isthe guidance scaleand= (1 += t. Additionally, to avoid the appearance leakage
between each target entity, we further regulate the cross-attention map of each token within its
corresponding area. Speci cally, for cross-attention m@ps® calculated at timestepduring the
denoising process, we have:
CA®=m; CAS (5)
whereCAZ® is the cross-attention map of tokwa.
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Figure 3:(a) The architecture of the U-Net layetb) The process of cross-attention guidance and
regulation.(c) The process of spatial feature and self-attention injection.

Event Transferring Path. This path aims to extract the speci c reference event from the reference
imagel R, including the action, pose, relation, or interactions between each reference entity, and
transferring them to the target imab€. Meanwhile, from the perspective of image spatial infor-
mation, the event is essentially the structural, semantic layout, and shape details of the image. Thus,
based on the observation that the spatial features and self-attention maps can be utilized to control
the image layout and structure ( , ), we perform
spatial feature and self-attention map injection to achleve the event transfernng

Speci cally, as shown in Figure 2(b) we rst get the latent code of the reference irpgige
E(1R), and at each time stepduring the denoising process, we obtafhvia the diffusion forward
process. We then inpaf® into the U-Net to extract the spatial features and self-attention maps of
the reference image 48 andSAR. Parallelly, for the denoising process, we ingfft together

with the target prompP into the U-Net, and calculate the spatial features and self-attention maps
for the generated image a&* andSA €. Then, as shown in Figure 3(c), we perform the injection
by directly replacing corresponding spatial features and self-attention maps:

f¢ fR and SA® SAR: (6)

Highlights. By applying cross-attention guidance and regulation on each text token, our attention-
guided entity switching can also be used to generate target entities of user-speci ed sulgjects,
represented by speci ¢ identi er tokens. Thus, our framework can be easily combined with subject
customization methods to generate creative images with both customized events and subjects.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Evaluation Benchmarks. In order to provide suf cient and suitable conditions for both quantitative
and qualitative comparisons on this new task, we collect two new benchina)kSor quantitative
evaluation, we preser8WiG-Eventa benchmark derived from SWIiG ( , ) dataset,
which comprises 5,000 samples with various events and entigig50 kinds of different actions,
poses, and interactions, where each kind of event has 100 reference images, and each reference
image contains 1 to 4 entities with labeled bounding boxes and nouns. 2) For qualitative evaluation,
we presenReal-Eventwhich comprises 30 high-quality reference images from HICO-DET (

, ) and the internet with a wide range of events and enttigs gnimal, human object,
and their combinations). We further employ Grounded-SAM ( , ; , )
to extract the mask of each entity.

Baselines.To evaluate the effectiveness of our method, we compared it with several kinds of state-
of-the-art baselines. For conditioned text-to-image generation baselines, we compared with the
training-based method ControlNet ( , ) and the training-free method BoxDiff (

2Due to the limited space, more details are left in the Appendix.
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Model Image Retrieval Verb Detection CLIP Score FID#
R@1 | R@5 | R@10 | T-1" | T-5" | T-10" | CLIP-I" | CLIP-T"
ControlNet| 10.64 | 26.12 | 36.82 | 10.66| 23.98 | 31.28 | 0.6009 | 0.2198 | 70.45
BoxDiff 8.60 | 22.48 | 32.08 | 558 | 14.52| 19.42 | 0.5838 | 0.2153 | 68.49
FreeEvent | 41.12 | 63.02 | 72.74 | 34.10| 62.04| 71.82| 0.7044 | 0.2238 | 29.05

Table 1: Performance of our model and state-of-art conditional text-to-image generation models on
SWiG-Event. For image retrieval, the R@k represents that among the top-k images with the highest
similarity to the target image, its corresponding reference image is included. For verb detection, the
T-K represents the top-k detection accuracy.

, ). For localized editing baselines, we compared with training-free methods PnP (
, ) and MAG-Edit ( , ). For customization baselines, we compared
with training-based methods Dreambooth ( , ) and ReVersion ( , ).

Implementation Details. We use Stable Diffusion v2-1-base as the base model for all methods, and
images are generated with a resolution of 512x512 on a NVIDIA A100 GPU

4.2 QUANTITATIVE COMPARISONS

In this subsection, we compare our method with conditional text-to-image generation baselines Con-
trolNet ( , ) and BoxDiff ( , ) on the SWiG-Event benchmark.

Setting. Each reference image in SWiG-Event contains reference entities together with labeled

event class, bounding boxes, nouns, and their corresponding masks. Speci cally, we construct the
target prompt as a list of reference entity noduires, we ask all the methods teproducethe event

of the reference image with the same reference event and same reference entities. Additionally,
ControlNet takes the semantic map merged from the masks as the layout condition, and BoxDiff

takes the bounding boxes with labeled entity nouns as the layout coridition

Evaluation. We apply multiple metrics to evaluate the customization quality of 5,000 target images.

1) Image retrieval performance. We retrieved each target image for its corresponding reference im-
age based on the CLIP score across all the 100 reference images that have the same reference event
class. Speci cally, we extracted the image feature of each image through a pre-trained CLIP (

, ) visual encoder and calculated the cosine similarities for image retrieval. 2) Verb
detection performance. We utilized the verb detection model GSRTR ( , ) which was
trained on the SWIG dataset to detect the verb class of each generated image, and then calculated
the detection accuracy based on the annotations of the reference imageshether the gener-
ated images and their reference images have the same verb class). 3) Standard image generation
metrics. For a more comprehensive comparison, we used the FID ( , ) score, the
CLIP-I ( , ) score, and the CLIP-T ( , ) score. We use the CLIP-|
score to evaluate the image alignment of generated images with their reference images. And use the
CLIP-T score to evaluate the text alignment of the generated images with text prompts.

Results. As shown in Table 1, we can observe: 1) FreeEvent has better retrieval performance than
both ControlNet and BoxDiff. This demonstrates that the target images generated by FreeEvent bet-
ter preserve the overall characteristics of the reference event and entity. 2) FreeEvent also achieves
the best verb detection performance, which indicates our method can better preserve the interaction
semantics of the generated images. 3) FreeEvent further achieves superior performance over base-
lines across all standard image generation metrics, indicating our method can generate images with
better qualities and alignment with both the reference images and texts. These results all demonstrate
the effectiveness of FreeEvent for event customization.

4.3 QUALITATIVE COMPARISONS

We compare FreeEvent with a wide range of state-of-the-art baselines on the Real-Event bench-

mark, including conditioned text-to-image generation metBodtrolNet ( , ) and
BoxDiff ( , ), localized image editing methedP ( , ) andAG-
Edit ( , ), image customization meth@isambooth ( , ) an&eVer-
sion ( , .
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Figure 4:Comparision of Event Customization. Different colors and numbers show the associa-
tions between reference entities and their corresponding target prompts.

Setting. For each reference image in Real-Event, we manually constructed target prompts with
various combinations of different target entities. Speci cally, ControlNet takes the semantic map and
BoxDiff takes the labeled bounding boxes as the layout conditions. MAG-Edit takes the reference
entity masks for localized editing. Dreambooth and ReVersion learn event-speci c identi er tokens
for text-to-image generation.

Results. As shown in Figure 4, we can observe: 1) Conditional text-to-image generation models
ControlNet and BoxDiff can only maintain the rough layout of each entity and struggle to capture
the detailed action, pose, or interaction between different entities. And they both failed to match the
generated entity with the desired target prompt. 2) For localized image editing methods PnP and
MAG-Edit, while they can capture the reference event, they both struggle to accurately generate the
target entities, and suffer from severe appearance leakage between each targetgntitarige
andstrawberry  in row four, tiger andlion in row six), and sometimes even failed to edit

and output the original content. 3) The subject-customization model Dreambooth and the relation-
customization model ReVersion both failed to generate satisfying results. As discussed before,
these training-based methods require multiple reference images and are unable to learn the speci c
event when facing only one reference image. 4) Obviously, our FreeEvent successfully achieves
the customization of various complex events with novel combinations of target entities. Meanwhile,
the ControlNet and the localized image editing models tend to generate the target entities strictly
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