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Abstract

Adapting generative models to specific domains presents
an effective solution for satisfying specialized requirements.
However, adapting to some complex domains remains chal-
lenging, especially when these domains require substantial
paired data to capture the targeted distributions. Since un-
paired data from a single modality, such as vision or lan-
guage, is more readily available, we utilize the bidirec-
tional mappings between vision and language learned by
the unified generative model to enable training on unpaired
data for domain adaptation. Specifically, we propose Do-
raCycle, which integrates two multimodal cycles: text-to-
image-to-text and image-to-text-to-image. The model is op-
timized through cross-entropy loss computed at the cycle
endpoints, where both endpoints share the same modal-
ity. This facilitates self-evolution of the model without re-
liance on annotated text-image pairs. Experimental results
demonstrate that for tasks independent of paired knowl-
edge, such as stylization, DoraCycle can effectively adapt
the unified model using only unpaired data. For tasks in-
volving new paired knowledge, such as specific identities,
a combination of a small set of paired image-text exam-
ples and larger-scale unpaired data is sufficient for effec-
tive domain-oriented adaptation. The code will be released
at https://github.com/showlab/DoraCycle.

1. Introduction

The adaptation of pre-trained generative models to specific
domains is an important aspect of advancing personalized
content creation, from stylized media outputs to customized
identity generation [47, 62]. However, effectively adapt-
ing generative models to complex domains remains chal-
lenging, particularly when these domains require extensive
amounts of paired data to accurately capture the desired dis-
tributions. For instance, learning the visual styles and char-
acter identities across a unique movie, which involves un-
derstanding multiple characters, their relationships, and di-
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(a) Training on paired data (b) Training in Multimodal Cycles
Figure 1. Training paradigms for unified generative models. (a)
Traditional training involves using paired image-text data and opti-
mizing the unified model with paired losses for both image-to-text
(I2T) and text-to-image (T2I) generation tasks. (b) In contrast,
the proposed multimodal cycle training framework leverages un-
paired images and texts. By using cycle-consistency losses, the
unified model learns to maintain consistency between input and
output across modalities, enabling adaptation without the need for
extensive paired datasets.

verse settings, is a highly complex task that demands vast
amounts of paired frames and captions data. Collecting
such paired data, especially for multimodal tasks involving
vision and language, is often laborious and impractical, lim-
iting the potential to adapt generative models at scale.

High-quality image-text paired data is relatively rare and
scarce, but unpaired images and texts are readily available
in our daily lives, such as video websites, image platforms,
and content from novel websites. Therefore, we aim to ex-
plore whether it is possible to adapt generative models to
target domains based on unpaired data. To achieve this
goal, it is crucial for the model to have an internal capabil-
ity to align the two modalities to some extent. Fortunately,
recent advancements in unified generative models have en-
couraged us to pursue this direction.

Recent advanced unified generative models [14, 18, 58,
67, 77] have shown great potential in unifying multimodal



understanding and generation within a single model. These
unified models are capable of processing and generating
content across different modalities, i.e. vision and language,
within a shared framework. By leveraging the bidirectional
mappings between vision and language, which are learned
by the unified generative model in its pre-training stage, we
can map each data from one modality to another and then
back to the original modality, as shown in Fig. 1. Through
these two mappings, data can be maintained within the same
modality, thereby imposing constraints on the deviation in-
troduced in the process. This only requires computing the
cross-entropy loss between the data in the same modality,
without any paired data supervision.

To this end, we introduce DoraCycle, a framework for
adapting unified multimodal generative models to target
domains, through cycle-consistent learning with unpaired
data. Unlike previous adaptation methods that heavily rely
on paired text-image data, the proposed framework lever-
ages the shared latent space of unified models to learn con-
sistent transformations between modalities without requir-
ing paired training examples. Specifically, we design two
cycles, i.e. text-to-image-to-text (T cycle) and image-to-
text-to-image (I cycle). As shown by Fig. 1 (b), leverag-
ing the pre-trained vision-language alignment of the unified
model, each multimodal cycle involves two cross-modality
mappings while optimizing in the same modality. This en-
ables calculating loss on unpaired data while implicitly re-
fining cross-modal alignment through the intermediate step.

In practice, since there is no labeled ground-truth, map-
ping data to another modality requires multi-step inference,
such as predicting the next token multiple times for text gen-
eration. Allowing all forward steps to participate in gradient
backpropagation can lead to a catastrophic gradient explo-
sion. Therefore, we stop gradients during multi-step infer-
ence and use the generated data as pseudo labels for the
model to forward once again, allowing gradients to prop-
agate. Moreover, we found that since a complete cycle
requires the model to forward twice, it can lead to train-
ing instability, with the quality of pseudo data generated in
the middle being compromised. To enhance the stability of
pseudo data generation, we maintain a slowly updated EMA
(Exponential Moving Average) [57] model, which is used
for inference to generate pseudo data. Additionally, we em-
ploy gradient clipping techniques to avoid conflicts in the
optimization directions of the two cycles, further increasing
training stability.

The experiments indicate that for tasks independent of
paired knowledge, such as stylization and domain-specific
adaptation, DoraCycle can adapt the unified model with
only unpaired data, which is both more practical and scal-
able. For tasks that require new paired knowledge, such
as identity-specific adaptation, DoraCycle effectively uti-
lizes small amounts of paired data along with larger-scale
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unpaired data, making it a flexible solution for generative
adaptation challenges. We conduct extensive experiments
that compare DoraCycle to existing methods, showing that
our approach achieves comparable or superior results while
significantly reducing the need for paired data. This ability
to harness large-scale unpaired data, combined with strate-
gic usage of small paired datasets, makes DoraCycle a feasi-
ble solution for personalized multimodal content generation
across a wide range of applications.

2. Related Works

2.1. Multimodal Generation and Understanding

Generating visual contents from text and describing them
through natural language have been extensively studied as
core multimodal tasks. Advanced generative models [3, 5,
6, 8, 12, 13, 16, 19, 36, 37, 42, 44, 45, 49, 74-76], such
as DALL-E [41, 43], Stable Diffusion [46], demonstrate
remarkable generation capabilities, producing high-quality
and diverse contents from textual prompts. Meanwhile, im-
age captioning models [24, 26, 27, 60, 61, 63], such as
mPLUG [31], and BLIP [33], push the boundaries of vi-
sual understanding, generating accurate and context-aware
descriptions. Additionally, recent advancements in multi-
modal large language models [32], such as LLaVA [35],
MiniGPT-4 [78], and InstructBLIP [11], have significantly
improved the ability to understand and reason about visual
content.

Besides the powerful foundational generative models,
adapting or customizing them attracts increasing interest,
which enables more personalized and specific outputs based
on user preferences [7, 9, 17, 20, 29, 30, 38, 68]. Ap-
proaches like DreamBooth [47] enable user-specific cus-
tomization by fine-tuning generative models with personal
data, allowing the generation of content tailored to individ-
ual needs or preferences.

2.2. Unified Multimodal Generative Models

Unified multimodal generative models aim to bridge the
gap between understanding and generation tasks, and inte-
grate vision and language into a single framework, enabling
the model to learn shared representations across modali-
ties [1, 2, 14, 18, 53, 56, 64, 65, 67, 69-71, 77]. SEED-
X [18] utilizes a unified architecture where visual features
extracted from the CLIP ViT encoder [40] are combined
with text tokens and fed into a large language model to en-
able both next-word prediction and image regression tasks.
DreamLLM [14] extends the generative capability of large
language models by combining multimodal inputs directly
into LLMs. Chameleon [58] employs a discrete tokeniza-
tion approach for both visual and textual inputs, converting
all modalities into a unified token space that is processed
by a transformer-based architecture. Transfusion [77] in-



troduces an advanced integration mechanism that focuses
on directly fusing visual encoding with language tokens,
allowing the model to effectively translate visual informa-
tion into textual formats while maintaining the semantic
integrity of both modalities. Show-o [67] combines au-
toregressive modeling with a discrete diffusion process,
enabling the generation of high-quality outputs that are
aligned across modalities. Our work leverages the advance-
ments made by these foundational models and explores how
to adapt the foundational model to specific domains.

2.3. Cycle Consistency

Cycle consistency has been utilized in computer vision and
natural language processing as a means to enhance model
robustness and consistency [10, 15, 21, 23, 51, 51, 52, 73].
CycleGAN [79] introduced cycle consistency loss to align
unpaired image domains, ensuring that mappings between
domains (e.g., A — B — A) remain consistent. In the field
of natural language processing, back-translation employs
similar ideas by translating sentences between languages in
both directions to improve translation quality [50]. How-
ever, the cycle consistency in these works is in a single
modality, i.e. vision or language. Recently, ITIT [34]
was proposed to utilize cycle consistency to train vision-
language generative models. ITIT takes in a mixture of
unpaired data and paired data to pre-train the foundational
generative model. It is constructed with one image-text
encoder and two modality-specific decoders, which oper-
ate on the encoded image-text features to generate either
text or image tokens. In contrast, we utilized a single uni-
fied transformer to parse and predict text and image tokens
together. Besides, we focus on adapting pre-trained foun-
dational models to new domains efficiently rather than re-
training new foundation models.

3. Method

The proposed DoraCycle framework, as shown in Fig. 2, is
built upon the unified generative model designed for multi-
modal tasks involving both vision and language [58, 67, 77].
The unified model uses a single transformer to learn bidi-
rectional mappings between vision and language, providing
a powerful backbone capable of processing and generating
different modalities [67]. For captioning, the model takes in
image tokens and predicts corresponding text tokens, while
for image generation, it takes in text tokens and predicts im-
age tokens. This versatility makes the unified model well-
suited as a base for our proposed framework.

In the following sections, we first introduce the design
of multimodal cycles, and then discuss the stabilization of
optimization, and the balance of two cycles.
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3.1. Multimodal Cycles

To adapt the unified model for domain-oriented adaptations
using unpaired data, we design two multimodal cycles: the
Image-to-Text-to-Image Cycle (I Cycle) and the Text-to-
Image-to-Text Cycle (T Cycle). Each cycle utilizes data
from a single modality, allowing the model to adapt without
relying on paired data.

T Cycle: The T cycle training involves transforming
an input textual sequence into an image representation and
then back into a textual sequence, enforcing consistency
between the generated and original text. Specifically, at
each training iteration, we begin with an input text sequence
T = ;] ,. Conditioned on this, the unified model gener-
ates pseudo-paired image tokens I’, representing the visual
interpretation of the input text. The generated image tokens
are then subjected to a random masking operation, denoted
as I, where a subset of the tokens is masked. The unified
model is then called to reconstruct these masked tokens to
form the complete synthesized image I.

In the second half of the cycle, conditioning on image I,
the model generates the corresponding text sequence. The
objective of the T cycle is to enforce cycle consistency be-
tween the generated text and the original input text 7'. The
T cycle consistency loss is defined as follows:

L

Lrc = —Erepeat | Y logp(ti|T to, - s ti-1)], (1)
=1

where the Dtext is the set of text samples from the target
domain.

I Cycle: The I cycle training begins with an input image,
which is subsequently mapped to a textual representation
and then transformed back to an image, enforcing consis-
tency between the generated image and the original image
tokens. At each training iteration, we start with input image
tokens I. The unified model is used to synthesize pseudo-
paired text tokens 7", representing the textual description
of the image. We then use 7" in conjunction with the input
image token I to predict the reconstructed text tokens T.

In the second half of the cycle, we pass the masked image
tokens Ip; and the text T through the model to regenerate
the masked image tokens. The cycle enforces consistency
between the reconstructed and the original image tokens.
The loss for enforcing I cycle consistency is given by:

£IC = _EIED'i7rLuge [ Z logp(Zk ‘11\47 T):I ’
Vk:mk =1

2

where the Dimage is the set of image samples from the

target domain, which are unpaired with the text samples.
By leveraging these two cycles, our framework forces the

model to refine its generative understanding of both image
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Figure 2. The overview of T cycle (text-to-image-to-text) of the proposed DoraCycle. The I cycle is similar and is omitted in the figure for

brevity.

and text representations, ensuring consistency between the
input and output while effectively leveraging unpaired data
to adapt the unified towards the target domain.

Efficient Training: In the intermediate steps of both cy-
cles, generating the middle representation (i.e., captions or
images) requires multiple forward passes. This is because
the generation process involves either predicting the next
tokens or the masked tokens multiple times. Backpropa-
gating gradients through all these steps is computationally
prohibitive. Thus, we first generate the intermediate re-
sults using the model in inference mode as pseudo-paired
data, which are then used as the ground truth in the teacher-
forcing scheme [54, 55] for the first half of the cycles. In
this way, we reduce the number of forward passes to two,
i.e. one for generating the middle result and one for the fi-
nal output, thus making the overall training process more
memory efficient.

Token Differentiability: Since the intermediate outputs
in each cycle are discrete tokens, which can not directly
propagate gradients, we employ the Gumbel-Softmax [28]
to make these token representations differentiable.

3.2. Stabilizing Optimization

Each cycle involves the same unified model twice in the for-
ward pass, which leads to optimization instabilities. To sta-
bilize the training process, we adopt the Exponential Mov-
ing Average (EMA) training technique [57]. Specifically,
we maintain a shadow version of the model, referred to as
the EMA model, which is updated using an exponentially
decaying average of the parameters of the main model.

Oema < abema + (1 — &)Omain, 3)

where « is a decay factor (set to 0.999) that controls the
update rate, and 0y, represents the parameters of the main
model.
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In each training step, the EMA version of the model
is used to generate the intermediate representation tokens
(e.g., pseudo image or text tokens) which serve as pseudo
ground truth during training. By using these stable targets
from the slower-evolving EMA model, we can mitigate the
risks of optimization instability. The main model is thus
able to learn from more consistent and reliable intermediate
targets, rather than being affected by fluctuations during the
early stages of training.

3.3. Balancing Two Cycles

We observe that the T cycle tends to converge faster than
the I cycle, primarily because textual data is inherently one-
dimensional and simpler to learn compared to images. This
imbalance in optimization leads to a kind of collapse of
the model, where it tends to generate irrelevant but self-
consistent captions for images, ultimately degrading the
image-text alignment capability.

To address this problem, we make the gradients of the
T cycle orthogonal to those of the I cycle, thus preventing
interference. This is achieved by modifying the gradients
using gradient surgery [72]. Let gr and g; represent the
gradients of the T cycle and the I cycle, respectively. We
project gp onto the orthogonal complement of g; to obtain
the modified gradient g’T, which is defined as:

ar - gr
ar - g1

97 =97 — g1, €
where g7 - g denotes the dot product between the gradients
of the T and I cycle.

Additionally, we reweight the losses to further balance
the learning between the I and T cycles. The final loss func-
tion is as,

L=Lic+BLrc, o)
where the 3 is the weight of the T cycle loss.



4. Experiments

4.1. Implementation Details

To the best of our knowledge, Show-o [67] is currently the
only fully open-source unified generative model with com-
plete pre-trained weights and training code, including both
its understanding and generation capabilities. Therefore,
we base DoraCycle on Show-o and conduct experiments ac-
cordingly. The base model is a unified transformer model
that performs understanding and image generation by pre-
dicting discrete textual and visual tokens. We insert train-
able low-rank adaptations (LoRA) [25] modules into the Q
projection and V projection of the attention layers from lay-
ers 7 to 24. The LoRA rank is set to 32. The £ is set to 0.1
to balance the optimization of two cycles.

The training of DoraCycle is performed on 8§ NVIDIA
H100 GPUs with mixed precision enabled for memory effi-
ciency. We set the batch size to 32, with each cycle taking
half of the batch when both cycles are being optimized si-
multaneously. The learning rate is set to 1e~* with a cosine
annealing schedule. The optimizer is AdamW with weight
decay of 1e~2. Additionally, EMA is employed to stabilize
the training process, as described in Section 3.2.

4.2. Domain-Oriented Adaptations

Unpaired Training: For tasks that do not require strongly
related paired knowledge, our DoraCycle can fully learn the
target domain using unpaired data. For example, to learn
the cyberpunk style, we collected 300 cyberpunk-style im-
ages as input for the I cycle, and used the text data from the
base model pre-training dataset [4] for the T cycle, with the
keyword “cyberpunk style” automatically injected into text,
prompting the model about the target style we want.

The experimental results are shown in Fig. 3. Given
the same text prompt to generate cyberpunk-style images,
Fig. 3 (a) shows the images generated by the base model
without additional training. It can be observed that the base
model adds some cyberpunk elements, such as neon lights,
but the overall atmosphere does not align well with the de-
sired style. Fig. 3 (d) shows the images generated by the
adapted model trained with DoraCycle, which aligns well
with the target style. Traditional text-to-image customiza-
tion or adaptation methods, such as DreamBooth [48], rely
on paired data for training. Therefore, we simulate user-
created paired data by annotating the collected images with
captions, and split them into two groups. One group con-
tained only 10 paired examples, which is an acceptable
workload for users, while the other group contained cap-
tions for all 300 images, which would be labor-intensive and
impractical for users. The images generated by the model
that trained on 10 paired examples are shown in Fig. 3 (b).
It struggled to produce good stylized images, likely because
the combination of indoor bookshelves with the cyberpunk
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<Cyberpunk Style> The image presents a scenc of a room with a brick wall and a large bookshelf filled with various books and
clectronics. The bookshelf, which is black, stands against the brick wall and spans almost the entire height of the wall. It is
divided into three shelves, each holding different items. On the top shelf, there are several books neatly arranged. In front of the
bookshelf, there's a black leather couch positioned on one side of the room. A potted plant can be seen as well.

G Image-to-Text

(c) Paired trained (d) Unpaired trained
(300 pairs) (DoraCycle)

(b) Paired trained
(10 pairs)

(a) Base model
(w/o training)

<Cyberpunk Style> The image captures a scene
on a city street. Dominating the foreground are
two mannequins, each adorned in full Batman
and Iron Man costumes. The Mannequin on the
left is dressed in a black Batman costume,
complete with a cape and mask, exuding an air
of mystery and power. On the right, the other
Mannequin is clad in a red Iron Man costume,
featuring a helmet with a faceplate and red
gloves, embodying the iconic superhero's
persona. These mannequins stand on a gray
sidewalk, their vibrant costumes contrasting
against the monotone backdrop. Behind them,
the city continues its usual hustle and bustle.
Cars are parked along the street, their metallic
bodies gleaming under the city lights. Buildings
rise in the background, their windows reflecting
the life of the city.

Iﬁ Tex-to-Image

(e) Image-to-Text-to-Image translation by the adapted unified model.

Image-to-Text b

Figure 3. Domain-oriented adaptation with different training se-
tups. (a) Image generated by the base model without training for
adoption. (b) Image generated by the model trained with 10 paired
image-text samples. (c) Image generated by the model trained with
300 paired image-text samples. (d) Image generated by the model
trained by DoraCycle on only unpaired data. (e) Image-to-Text-
to-Image translation performed by the adapted model trained by
DoraCycle.

style is too novel for the model to generalize well from lim-
ited paired data. The images generated by the model trained
on 300 paired examples are shown in Fig. 3 (c), which have
better outputs. In contrast, the model trained using DoraCy-
cle does not require manual captioning, significantly reduc-
ing the workload for users.

Fig. 3 (e) illustrates the adapted model trained by Do-
raCyle maintains semantic consistency through image-to-
text-to-image translation. The input image is transformed
into a textual description and then reconstructed into an im-
age. The result shows that the adapted model successfully
captures and retains the key visual components in the orig-
inal image throughout the multimodal cycle. Notably, the
identity of the characters and the details of the environment
are all preserved, indicating effective bidirectional under-
standing and generation capabilities in the target domain.
Furthermore, the newly generated image incorporates styles
learned from the target domain, demonstrating the general-
ization of the learned knowledge to images in the wild.

Learning Paired Knowledge: For tasks that require
learning some paired knowledge, such as associating an
identity name with its visual appearance, DoraCycle can
incorporate a small amount of paired data to learn such
associations while leveraging a large amount of unpaired
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Destined One, wears an intricately
detailed golden armor with elaborate
ornaments and engravings. A golden
crown-like adornment sits atop his
head. In the background, distant
mountains and a serene sky can be
seen.

(a)

Destined One stands tall, wielding a
massive golden stick that dominates the
frame. The individual exudes power,
strength, and determination, clad in
ornate armor that gleams with gold. A
hat adds a touch of regality. The
background is dramatic, with shadows
cast by trees hinting at a mysterious
atmosphere. The grass bencath the
figure is lush and green, contrasting
with the ruggedness of the ground.

(€3}

Nobita is sitting under a tree, trying to
finish his math homework. He looks
stressed, with one hand on his chin
and scratching his head with the other.

Doraemon is standing on the shore,
looking out at the sunset. He has a
calm expression, and the sun is setting
over the water, casting a warm glow.
The sky is filled with clouds, and
there are silhouettes of buildings in
the distance.

(s)

Lingxuzi's glowing red eyes and
bared fangs indicate its aggressive
nature. It crouches low to the ground,
its large hand-like paw spread over
ancient stone paving surrounded by
patches of grass.

(b)

Keeper, an elderly, hunched individual
with a bald, heavily wrinkled head
covered in spots. Keeper has a long,
unkempt beard and is dressed in a
simple, tattered blue robe. He grips a
gnarled wooden staff for support as he
walks through a forest fire. His posture
is stooped, and his facial features are
mostly obscured by his thick beard.

(h)

Suneo and Nobita are at a fishing
pond, trying to catch a fish. Nobita, in
his bright yellow fishing hat and a
sharp outfit, confidently casts his line
into the water. Suneo watches
Nobita’s struggle with a smile,
offering some tips to help him out.
The two boys share a laugh as they
wait for a bite.

(n)

T

Doraemon is standing in the grass,
looking surprised as he sees a group
of cats. The cats are gathered around
him, with one of them appearing to be
a cat with a surprised expression. The
background shows a fence and some
bushes.

®

e
s gy,

Domain 1: Black Myth Wukong

Keeper grips a gnarled wooden staff
for support as he walks through a
wooded area. His posture is stooped,
and his facial features are mostly
obscured by his thick beard. The
scene is set in a forest, with a textured
ground of leaves and dirt.

The image depicts a serene, snowy
landscape with a large, ancient-looking
wooden bridge spanning across a
frozen river. The bridge has a
traditional, Asian design, with intricate
carvings and a slatted roof. Bare trees
with frost-covered branches surround
the scene, casting a calm, wintery
atmosphere. Snowflakes gently fall,
enhancing  the tranquil, mystical
ambiance

@

stands confidently in the
snow, gripping his staff with a sly
smile on his boar-like face, beads
hanging around his neck. Beside him
lies the majestic, wounded form of
Kang-Jin Loong, a silver-scaled
dragon with intricate, ethereal horns
and whiskers.

(d)

Lingsuzi is depicted as a large,
menacing fox-like creature with thick,
flowing white fur. lis red eyes glow
intensely, giving an cerie, supernatural
appearance. The creature is in a
crouching stance, with its body slightly
arched and its tails fanned out behind it,
showing both power and readiness to
strike. The dark background adds to the
ominous atmosphere, contrasting with the
brightness of its fur.

0

Domain 2: Doraemon

Doraemon is cooking in the kitchen,
while holding a bowl. He looks
excited, flipping a pancake into the
air. Nobita is standing beside him,
smiling gently, watching Doracmon.

Doraemon is flying through the air,
looking down at the city below.
Nobita is also flying through the air,
looking down at the city.

(w)

Shizuka is sitting by a piano,
composing a new tune. She looks
thoughtful, her fingers delicately
pressing the keys as she tries different
melodies. A notebook rests on the
piano stand, filled with her notes and
musical ideas, and she appears content
in the process.

The image depicts a two-story house
with a large garden in front of it. The
house has a tan exterior and is
surrounded by a variety of plants,
including palm trees and bushes. The
garden is well-maintained. The house
features a balcony on the second floor,
adding to its charm.

0

Tiger Vanguard charges through the
blood-red waters towards Destined
One. The massive stone statue behind
him looms ominously, adding to the
intensity of the scene. Destined One
stands firm, his staff held at the ready,
his gaze unwavering as he prepares
for the oncoming assault. The water
ripples around them, reflecting the
dark hues of the battle setting.

Zhu Bajie stands menacingly in a
murky, mist-covered swamp, his
humanoid body combined with the
head of a fierce, snarling boar. His red,
glowing eyes pierce through the fog,
radiating a dark energy. Dressed in a
tattered green robe, he wears a string of
large beads around his neck, adding a
sense of mysticism. His left hand
clutches a spiked weapon, while
shadows and wisps of smoke swirl
around him, amplifying his sinister

presence.
k)

Shizuka and Nobita are making
flower crowns at the park. Shizuka, in
her soft pink dress, weaves flowers
together. Nobita, in his casual shorts,
tries his best to copy her.

a is standing in the doorway,
holding a plate with a doughnut on it.
He looks excited, and the doughnut is
on a white plate. The door is open,
and the room is visible in the
background.

(W)

Destined One stands tall, his gaze
cast downward, his weathered yellow
robe flowing with subtle wear,
reflecting the trials he has endured.
Beside him, Zhu Bajie looks up with
a playful expression, his boar-like face
filled with curiosity and mischief. The
two figures share a quiet moment,
framed against an open, clear sky
dotted with drifting embers.

A female character with a unique
appearance, having a combination of
human and demonic features. She has
a short, black, straight hairstyle and a
pair of horns protruding from her head.
Her skin is pale, and she has a few
dots on her forehead, giving her a
mystical look. She is wearing a black,
low-cut top adomed with white
flowers, and her right arm is covered in
red fabric. She has a focused and
intense expression on her face, as if
she is concentrating on something
important. )

Doraemon is standing in front of the
white cat with an excited expression.
He is holding a bouquet of flowers, in
front of the cat. The white cat, sitting
on a small cushion, is looking at
Doraemon with a curious or intrigued
expression. The setting appears to be
indoors, with a pink carpet, a
scratching post in the background, and
a framed picture on the wall.

‘White cat and black cat are sitting on
the grass, looking at each other with
affection, with a blue sky in the
background, and a few clouds
scattered across the sky.

(V)

Figure 4. Image-to-text and text-to-image generation by the unified models that adapted for two domains. The special tokens are omitted.
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Nobita Doraemon

Gian
(a) w/o training
= =)

.

<soc> Nobita <coc>  <soc> Doracmon <coc> <soc> Gian <coc>

(c) w/ special tokens

Figure 5. Effect of special tokens on character learning. (a) Base
model without training. (b) Model trained without using special
tokens, showing attribute confusion among characters. (c) Model
trained with special tokens, improving character attribute align-
ment and reducing confusion.

data to comprehensively learn general aspects of the target
domain. Specifically, in each batch, for data with paired
ground truth, we compute the token prediction loss and also
include it in the cycle, use ground truth as the pseudo mid-
dle generations, and compute the cycle loss. For unpaired
data, we compute the unpaired cycle loss.

For example, when adapting the model to Domain 1:
Black Myth Wukong and Domain 2: Doraemon, we anno-
tate 1-3 images per unique identity with captions that spec-
ify the name of the identity. For each domain, we collect
2k images, which are mostly sampled from online videos,
and independently collect text descriptions, which are fur-
ther expanded to 1k by ChatGPT [39]. The final adapted
model trained with DoraCycle demonstrates strong perfor-
mance in both text-to-image generation and image-to-text
generation, as shown in Fig. 4.

In terms of text-to-image results, the model trained
with DoraCycle effectively generated images that aligned
well with the target domains. In domain 1 (Black
Myth Wukong), the generated images accurately depicted
domain-specific visual elements, such as the intricate details
of character appearances and the overall fantasy-like atmo-
sphere. This indicates that the model successfully learned
to generalize the visual features from text prompts to realis-
tic images within the target domain. Similarly, in domain 2
(Doraemon), the generated images preserve the iconic car-
toonish aesthetics and capture key visual details of the char-
acters and settings, demonstrating effective domain adapta-
tion.

For the image-to-text task, the model performs well in
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generating contextually accurate captions. In domain 1, the
generated captions provide rich descriptions of the charac-
ters, their attributes, and the context, effectively mirroring
the visual elements present in the input images. In domain
2, the captions correctly describe the characters, their ac-
tions, and their environments concisely, maintaining con-
sistency with the visual style. The ability of the model to
generate accurate descriptions highlights its robust under-
standing of the visual components of the domain.

Additionally, an interesting phenomenon can be ob-
served in how the model handles the visual elements that
are not annotated with paired data. For instance, in Fig. 4
(w), the dorayaki (a type of sweet bean-filled pancake) was
described by the model as a ’doughnut”. This may be due to
the fact that the anime-style representation of the dorayaki is
novel, and neither the base model nor the unpaired training
provided specific textual-visual pairing knowledge about it.
On the other hand, in the example shown in Fig. 4 (x), we
annotate the white cat as a character with paired textual and
visual data, using a special token for its name: “<soc>
white cat <eoc>". Interestingly, although no paired anno-
tation is provided for the black cat, the model still predicts
the special token for it as ”<soc> black cat <eoc>” dur-
ing the caption generation. This suggests that the model
autonomously categorized the black cat as a character when
learning the target domain, indicating that it may have at-
tempted to generalize learned knowledge from one type of
entity to similar ones.

Enhanced Learning with Special Tokens: As shown
in Fig. 5, we experimentally find that the model often con-
fused multiple novel concepts in the target domain. Fig. 5
(a) shows the image generated by the base model without
training taking in the name of characters. Fig. 5 (b) shows
the characters generated by the trained model. During train-
ing, the names of characters are directly included in the
text without special treatment, leading to attribute confu-
sion between characters. The varying lengths of the to-
kenized character names also make learning difficult. To
solve this problem, we introduce a simple yet efficient so-
lution: adding special tokens around character names. We
introduced start of character (<soc>) and end of character
(<eoc>) tokens to enclose character names, which signifi-
cantly enhance the learning of novel concepts. As shown in
Fig. 5 (c), involving special tokens improves the alignments
between characters and their names.

4.3. Comparisons

In this section, we use the Storyboard20K [66] dataset to
conduct the quantitative comparison experiments. The sto-
ryboards originating from the same data source are grouped
to form a domain, consisting of images and descriptive text.
The data are used under three different settings, i.e. to-
tally unpaired, only paired, and paired plus unpaired data,



Table 1. Comparison of different training methods under various data settings. The best value is highlighted in blue , and the second-best
value is highlighted in green . “P” indicates paired data, and “U” indicates unpaired data.

Human Eval
T cycle Icycle T Data I Data FID-1K | CIDEr 1 T2 Align 12T Alignt
DreamBooth [46] - 10% P 10% P 33.02 32.74 325 1.83
- - 100% P 100% P 24.93 41.55 4.13 3.96
X v X 100% U 28.93 30.54 3.38 1.62
DoraCucl v/ X 100% U X 36.63 35.70 3.26 2.17
oral-ycle v/ v 100% U 100% U 27.44 38.17 3.84 3.42
v/ v 10%P+90%U 10%P+90%U | 2537 40.90 4.12 3.81
ITIT [34] v v 10%P+90%U 10%P+90%U | 27.50 38.62 3.85 3.52

as shown in Table 1.

The compared methods include DreamBooth [48] and
ITIT [34]. We implement DreamBooth as a paired-training
baseline by applying LoRA fine-tuning on the unified
model. The original design of ITIT is different, in which the
image and text decoders are separate models, and its code
has not been released. We adjusted and re-implemented it
to be suitable for our unified model architecture.

We use both automatic and human evaluations to com-
pare the performance of different methods. For automatic
evaluation, we use FID to measure the distribution differ-
ences between the generated images and the target domain
images [22], and CIDEr to compute the error between the
generated text and the ground truth [59]. For human eval-
uation, we create 100 questions for the generated results of
models, each rated by three different human raters. The
raters are asked to evaluate the alignment between the im-
age and text on a scale from 1 to 5, where 1 indicates no
relevance and 5 indicates complete alignment.

The experimental results in Table | demonstrate that
the proposed DoraCycle performs competitively under sev-
eral data settings. Specifically, when using a combination
of paired and unpaired data, DoraCycle outperforms ITIT.
Compared to DreamBooth, which heavily relies on paired
data, DoraCycle outperforms it when using the same scale
of paired data, i.e. 10% paired data, indicting the ben-
efits brought by 90% unpaired data. While Dreambooth
with 100% achieves the best evaluation scores, the scores
of the DoraCycle with 10% paired and 90% unpaired data
are comparable with them.

Table 1 also shows the difference in the performance of
DoraCyle under different cycle settings. It is shown that
without the T cycle and with only the I cycle, the captioning
ability of the adapted model degrades more significantly.
In contrast, if only the T cycle is used and without the I
cycle, the FID score increases substantially, indicating that
the generated image distribution mismatches with the target
distribution.
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4.4. Ablation Studies

2

Table 2. Ablation Studies. EMA
refers to the exponential moving

Table shows that
removing key compo-

nents from DoraCycle average. GS refers to gradient
significantly ~impacts surgery.
performance. Without
EMA, the FID score | FID-1K| CIDErt
increases from 25.37 W;O EI;’IA ;;;Z gg'gg

. . . Ww/0 . .
to 27.19, indicating DoraCycle | 2537 40.90

lower image quality
due to less stable training. Removing Gradient Surgery
(GS) will reduce the CIDEr score and increase the FID,
indicating a worse performance. This demonstrates the
importance of mitigating the interference between the
optimization directions of two cycles. The complete
DoraCycle framework, with both EMA and GS, has
the best performance across all metrics, demonstrating
the importance of these components in achieving better
optimization.

5. Conclusion

We propose the DoraCycle to adapt the unified generative
model to target domains within multimodal cycles. By
leveraging both image-to-text-to-image and text-to-image-
to-text cycles, DoraCycle changes the learning objectives
into the same modality, allowing for effective optimization
using unpaired data. Our experiments show that DoraCycle
can adapt the unified model to target domains using only un-
paired data, or involving a small amount of paired data when
necessary to learn specific concepts. Experimental results
demonstrate that DoraCycle achieves advanced or compa-
rable performance across various settings. Leveraging un-
paired data broadens the application potential of DoraCycle,
making it ideally suited for domain adaptation tasks where
paired data is scarce or challenging to collect.
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