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Abstract

Recent advances in diffusion models have significantly ad-
vanced image generation; however, existing models remain
task-specific, limiting their efficiency and generalizability.
While universal models attempt to address these limitations,
they face critical challenges, including generalizable in-
struction design, appropriate task distributions, and unified
architectural design. In this work, we propose VisualCloze,
a universal image generation framework, to tackle these
challenges. Unlike existing methods that rely on language-
based task descriptions, leading to task ambiguity and weak
generalization, we integrate visual in-context learning, al-
lowing models to identify tasks from demonstrations. Mean-
while, the inherent sparsity of visual task distributions ham-
pers the learning of transferable knowledge across tasks.
To this end, we introduce Graph200K, a graph-structured
dataset that establishes various interrelated tasks, enhanc-
ing task density and knowledge transfer. Furthermore, we
uncover an intrinsic alignment between image infilling and
in-context learning, enabling us to leverage the strong gen-
erative priors of pre-trained infilling models without modi-
fying their architectures. Experiments demonstrate that Vi-
sualCloze achieves strong performance across various in-
domain tasks while generalizing to unseen tasks in few-shot
and zero-shot settings. Our codes and dataset are available
at https://visualcloze.github.io/.

1. Introduction

Recent advancements in image generation, propelled by the
progress of diffusion models [14, 30, 78], have led to a
wide range of applications, including image editing [60],
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Figure 1. Illustration of our universal image generation framework
based on visual in-context learning. Given one query of a specific
task, the generative model learns the task by observing a few in-
context examples presented as demonstrations.

style transfer [55, 71], virtual try-on [10, 11], and person-
alized generation [34, 48], among others. However, these
tasks typically require task-specific models, which limit ef-
ficiency and scalability for real-world applications. In re-
cent years, there has been growing interest in unified gener-
ative models [26, 35, 40], which aim to handle diverse im-
age generation tasks within a single framework. However,
key challenges remain despite significant progress, e.g., in-
struction design, task distribution, and model architecture.

Regarding instructions that guide the model to differen-
tiate distinct tasks and produce expected behavior, existing
methods primarily rely on language instructions [26, 40]
or task-specific tokens [35]. However, the task complex-
ity and inherent gap between vision and language modali-
ties make it hard for the model to understand the task in-
tent based on language description alone. This issue leads
to task confusion [35] and hinders generalization on un-
seen tasks [32, 61]. In contrast, large language models have
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successfully achieved unified multi-task modeling, partially
due to the rise of in-context learning [5], which allows mod-
els to understand tasks using only a few demonstrations. In
the vision modality, prior works [1, 3, 4, 39, 57, 61, 72]
also show the potential of in-context learning, even though
they are still limited to limited task domain (e.g., dense pre-
diction, style transfer, efc.) [58, 77] or simple generation
tasks that involve only one condition and one target im-
age [39, 52]. Inspired by this, not only language instruc-
tions, we also adopt a few in-context task examples as visual
instructions to guide the model toward desired behavior, as
shown in Fig. 1. Then, the model supports various tasks
with mitigated task ambiguity and supports few-shot gener-
alization on unseen tasks, as shown in Fig. 2. The model
also exhibits a certain degree of zero-shot generalization.

From the perspective of task distribution, visual tasks
are inherently sparse compared to those in natural language
processing because task-specific datasets [61, 75] for dif-
ferent tasks have minimal overlap [18, 29, 69]. Such sparse
task learning isolates the knowledge of each task and limits
the model from learning shared features across tasks. More-
over, the weak correlations between tasks hinder knowl-
edge transfer and adaptability of models. However, existing
works in multi-task learning [9, 15, 28, 47] have verified the
benefits of overlapping knowledge across related tasks. To
alleviate the sparsity of visual tasks, we introduce a graph-
structured dataset, Graph200K, where each image is asso-
ciated with annotations spanning five meta-tasks, i.e., con-
ditional generation [70], IP preservation [66], style trans-
fer [71], image editing [60], and restoration [67]. By com-
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Figure 2. Results of our universal image generation framework. The grid image follows the structure of Fig. 1, and the red box indicates
the generated image. After training on a wide range of tasks, our framework exhibits a certain generalization ability on unseen tasks.
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bining different conditions, we train the model with a vari-
ety of tasks that overlap and interact with each other. Given
this highly overlapping task space, our dataset significantly
increases task density, allowing the model to learn shared
and transferable representations more effectively.

For the architecture design, to fully realize the potential
of universal image generation, it is crucial to design struc-
tures that accommodate flexible task formats [26, 32, 61],
especially when using in-context examples, and are also
compatible with state-of-the-art models [30, 78] to leverage
their strong generative priors. In this work, we find that the
state-of-the-art image infilling model [30] has a consistent
objective with our in-context learning based universal gen-
erative models. Specifically, we concatenate all input and
output images as a grid-layout image, where the objective of
atask is to fill the unknown grid, as illustrated in Fig. 1. This
alignment enables us to build our model upon advanced
general-purpose infilling models without additional modi-
fications, thereby achieving powerful universal generation
capabilities with minimal data and training costs.

In this work, we propose a universal image generation
framework, VisualCloze, which fine-tunes FLUX.1-Fill-
dev [30] with interrelated tasks sampled from Graph200K to
learn transferable knowledge and support visual in-context
learning. As the number of in-context examples increases,
we observe enhanced performances and reduced task con-
fusion, enabling the model to support a broad spectrum of
in-domain tasks, including conditional generation, image
restoration, editing, style transfer, IP-preservation, and their
combinations. On unseen tasks, the model also shows a cer-



tain degree of generalization ability, as shown in Fig. 2. In

summary, our main contributions are as follows:

* We propose an in-context learning based universal image
generation framework that supports a wide range of in-
domain tasks and exhibits generalization to unseen ones.

* We design a graph-structured dataset, Graph200K, which
constructs a compact task space, enabling flexible online
task sampling and promoting the models to learn shared
and transferable representations across tasks.

* We find that the state-of-the-art infilling model shares a
consistent objective with unified image generation, en-
abling us to achieve exceptional performance through
minimal tuning without modifying the model structure.

2. Related Work

2.1. Image Generation

Recent advances in text-to-image generation have achieved
remarkable performance, largely driven by the development
of autoregressive models [37, 50, 68] and diffusion mod-
els [2, 12, 14, 17,23, 36, 38, 43, 46]. Among these, rectified
flow transformers [14, 16, 30, 78] have shown great training
efficiency and overall performance. Building on these foun-
dational models, diverse applications have emerged, such
as conditional generation [70], style transfer [55], and per-
sonalized generation [34]. More recently, universal mod-
els that address various tasks [32, 40, 73] have been ex-
plored. For example, unified models like OmniGen [61]
leverage large vision language models to consolidate mul-
tiple tasks into a single framework. Similarly, UniReal [8]
unifies image generation tasks as discontinuous video gen-
eration. However, they still face issues such as over-reliance
on language instructions, isolation and sparsity of visual
tasks, and architecture design that accommodates flexible
task formats. To address these issues, we propose a uni-
versal image generation framework that unifies generation
tasks as image infilling. Through visual in-context learn-
ing and our Graph200K dataset that constructs a denser task
space to learn transferable representations, our method alle-
viates ambiguity to support a diverse set of in-domain tasks
and generalizes to tasks unseen during training.

2.2. Visual In-context Learning

Along with the emergence of large language models, such
as GPT-3 [5], in-context learning [13] has been an effective
approach to allow the language model to understand and
perform complex tasks given a few demonstrations. Early
works [20, 21] in vision modality propose image analo-
gies to automatically create an image filter from exam-
ples. In recent years, leveraging inpainting model [3, 4, 72],
masked image modeling [39, 57, 58], or vision-language
model [1, 76], visual in-context learning is proposed to han-
dle more tasks. However, they mainly focus on dense pre-

diction [49, 51, 77] or visual understanding [54]. Omni-
Gen [61] also leverages in-context learning to generalize
to unseen domains, e.g., segmenting unseen concepts when
the model has learned the segmentation task during train-
ing. However, it mainly focuses on simple tasks of dense
prediction, and the gap between the unseen and training do-
mains is still limited. Some recent works [31, 39, 52, 59]
extend visual in-context learning to image generation, but
they are still limited by simple tasks such as conditional
generation and dense prediction. Moreover, the sparsity of
visual tasks makes it difficult for models to learn transfer-
able and overlapping knowledge across tasks, limiting the
generation ability of in-context learning. In contrast, we in-
troduce a graph-structured dataset that supports interrelated
tasks and thus constructs a more dense task space, promot-
ing the model to learn shared and transferable knowledge
and enhance its adaptability.

3. Dataset

Recent works [25, 61] have made great progress in unified
image generation. However, their ability to generalize to
unseen tasks remains highly limited. We partially attribute
this to the sparsity and isolation of visual tasks, making
it difficult for the model to capture shared features across
tasks and perform well on unseen ones. Moreover, weak
correlations between tasks further hinder knowledge trans-
fer, restricting the adaptability of models. Therefore, in-
creasing task density or strengthening task inter-relations
helps improve the generalization ability of models via a
compact task distribution. In this paper, taking the Sub-
ject200K [53] dataset as a testbed, we extend each data
point in this dataset into a data graph, constructing an ex-
panded dataset dubbed Graph200K. As illustrated in Fig. 3
(a), we can flexibly construct various related tasks by sam-
pling different paths within the data graph.

3.1. Graph-Structured Multi-Task Dataset

In natural language processing, tasks overlap significantly,
facilitating strong cross-task learning ability. In contrast,
visual tasks are inherently distinct, posing challenges for
vision models to achieve similar generalization ability via
instruction tuning. To ease this issue, we introduce a Graph-
Structured Multi-Task Dataset. As illustrated in Fig. 3 (a),
given a text-to-image dataset, each original image O, is
treated as the central node of a graph G,, around which di-
verse task annotations are constructed, including those for
various spatial conditions (C?), various degradations (D?),
various image editing results (E?), reference image (R,,)
for IP-preservation, and style transfer (T,’;) with various ref-
erence styles (Sib). The construction process for each task
pair is detailed in the next section.

As shown in Fig. 3 (a), each task annotation forms a bidi-
rectional edge with the image. Thus, the graph is strongly
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Figure 3. (a) Graph200K consists of IV graph, defined as {G1, . . .

connected, which means that for any two nodes, bidirec-
tional paths exist between them. In other words, a gen-
eration task can be formulated as a path within the graph.
The nodes along these paths (except the end nodes) serve
as condition images, which is analogous to the question
in instruction fine-tuning, while the target image (the end
nodes) plays the role of the answer. Specifically, there are
49 types of nodes in our Graph200K and we sample up to
134 highly overlapping tasks, making the model learn more
compact and shared representations across tasks. Moreover,
it enriches the diversity and flexibility of our instruction
fine-tuning data. For example, the path {R,,, E,,, O,, } from
graph G, corresponds to the image editing with subject ref-
erence, as shown in Fig. 3 (b) bottom.

3.2. Dataset Construction

For convenience, we inherit subject-driven data from the
Subjects200K [53]. Additionally, 32 different degradations
are applied online to the images to acquire restoration data.
We summarize the data construction methods in this section
for the remaining three tasks.

Conditional generation. Each image is paired with 12 dis-
tinct conditions generated by specialized models, including
canny edges [6], HED edges [62], Hough lines [19], seman-
tic segmentation maps [33], depth maps [64], shape nor-
mal maps [63], and human keypoints [7], following Con-
trolNet [70]. This work extends the conditions by incor-
porating SAM?2 [45] masks, foreground segmentation, and
open-world boxes and masks. The foreground segmenta-

, G,y -
notations of various tasks, such as conditional generation (C?¥), restoration (DY), editing (EY), TP preservation (RY), and style transfer (TH).
The superscript ¢ indicates the fine-grained classification of tasks. (b) Through sampling nodes along the graph, Graph200K supports di-
verse and flexible tasks. For a sample with R + 1 rows, the first R rows mean in-context examples defined in Section 4.1.

(b)

., Gn '}, where the n-th graph contains an image (O,) and its an-

tion, derived from the RMBG [74], supports diverse tasks
such as inpainting and foreground extraction. Open-world
bounding boxes are generated through the grounding cap-
tion capability of Qwen2-VL [56], which are processed us-
ing SAM?2 [45] to produce corresponding masks.

Style transfer. We transfer the style of images accord-
ing to reference in both semantic-variant and semantic-
invariant settings. Specifically, the semantic-invariant trans-
fer adopts InstantStyle [55] to preserve the semantic con-
tent, while the semantic-variant transfer relies on FLUX.1-
Redux-dev [30], using the style embeddings and depth as
conditions. For each image, we randomly generate five styl-
ized versions. Mixing the two tasks pushes the model to
better follow the in-context examples to avoid ambiguity.

Image editing. We design two types of editing tasks, in-
cluding background-variant and background-invariant edit-
ing. The background-invariant editing begins with localiz-
ing the subjects. Then, we leverage a large vision-language
model, Qwen2-VL [56], to modify the image caption with
a new object that replaces the original subject. The im-
age, with the subject masked, is subsequently processed
by the FLUX.1-Fill-dev [30] inpainting model to integrate
the alternative object into the masked region. The above
operation is repeated five times to enrich the dataset. For
background-variant editing, the difference lies on the last
step, which utilizes FLUX.1-Redux-dev [30] with depth as
the condition and the modified caption as the text prompt.



4. Method

This paper identifies the core challenges in building a uni-
versal image generation model, including the need for a
clearly defined and generalizable task formulation, the spar-
sity of visual tasks, and the lack of a unified framework
for multi-task learning. In the previous section, we ad-
dressed the issue of task sparsity by constructing the com-
pact Graph200K dataset. Section 4.1 introduces visual in-
context learning as the ideal paradigm for universal task for-
mulation. Afterward, Section 4.2 considers the image in-
filling model as a unified multi-task framework, achieving
strong generalization capabilities with minimal cost.

4.1. Visual In-context Learning

Language instructions are usually used to specify the gen-
eration definition to handle multiple visual generation tasks
with a single generative model. However, due to the gap
between vision and language, the text comprehension abil-
ity of image generation models remains limited. This issue
leads to task confusion [35] in existing universal generative
models and weak generalization to unseen tasks. Inspired
by the success of few-shot learning on large language mod-
els [5], we recognize that visual context may serve as a more
friendly task instruction for visual generative models, given
their superior visual understanding capabilities.

Therefore, in this paper, we re-propose visual in-context
learning to build a universal and generalizable image gener-
ation system. Formally, we define the image input-output of
arbitrary conditional generation task as a query consisting
of L — 1 condition images and a blank target & to be com-
pleted by the model, i.e., X = concat({z1,...,x5-1,9}).
During training, we randomly provide 0 to C' demonstra-
tion contexts (X = concat({z1,...,2r_1,2})) for each
query. This strategy ensures the generalization ability of
models across different numbers of contexts while also pre-
serving its capability to infer solely based on text instruc-
tions. As a result, the model can handle various applica-
tions, i.e., users can efficiently process in-domain simple
tasks using only text instructions or prompt the model with
multiple visual contexts to execute complex and even un-
seen tasks. In our experiments, we show that providing task
demonstrations not only helps alleviate task confusion and
boost model performance across in-domain tasks [35], but
also enhances the generalization ability on unseen tasks.

4.2. Unified Multi-task Framework

Unlike previous visual in-context learning models that pri-
marily focus on scenarios with a single image condition and
a single context [39, 52], in this work, we aim to construct a
unified framework capable of handling varying numbers of
conditions and contexts, allowing for flexible adaptation to
diverse tasks. Assuming all images processed by the model
share the same size W x H, the input-output of our model

naturally forms an interface of size (L x W) x ((C+1)x H)
under our visual in-context learning formulation. Specifi-
cally, suppose we concatenate all inputs and outputs from
a single interaction into a complete grid image (as shown
in Fig. 1). In that case, the model we seek infills the last
grid based on the surrounding context, akin to solving visual
cloze puzzles. Therefore, we build our unified framework,
VisualCloze, based on the general image infilling architec-
ture capable of handling multiple resolutions.

Consistent with common diffusion-based infilling model
designs, our model can be formulated as:

X =f(X|T,M), (1)

where X is the concatenated image, with the last grid left
blank, 7" is the language instruction, M is the mask condi-
tion, and X represents the infilled result. The target image
can be simply cropped from X. The mask M is a binary
matrix with the size of (H x (C' + 1), W x L):

1 ifieHx(C—-1),HxC(C)
andj e (W x (L—-1),W x L), (2
0 otherwise,

where M (i,7) = 1 indicates that the pixel will be masked
and generated by the infilling model. Specifically, we mask
the region in the last row and column.

One key benefit of this design is that it shares a highly
consistent optimization objective with general image in-
filling models without architectural modifications or ex-
plicit input conditions. This allows us to directly fine-
tune advanced image infilling models using the newly con-
structed dataset while maximizing the utilization of the
prior knowledge of foundation models. In contrast, exist-
ing task-specific models often require additional learnable
modules [34, 60] or adapting to extra condition inputs [53],
which may compromise the native capabilities of the model.

Note that the design of language instruction is also nec-
essary for VisualClozebecause it is responsible for defining
the grid image layout and specifying the task content when
example contexts are unavailable. In our unified framework,
the instruction consists of three parts: (1) layout instruction,
which describes the (C' + 1) x W layout of the grid image,
(2) task instruction, which specifies the task type, and (3)
content instruction, which describes the content of the tar-
get image. The details about the instructions are available
in the supplementary material. By restructuring the three
components X, T', and M in Eqn. (1), we achieve a unified
multi-task framework for image generation with the general
image infilling paradigm and support in-context learning.

4.3. Implementation Details

We use FLUX.1-Fill-dev [30] as our foundation model, con-
sidering its outstanding performance among open-source



Controllability

Condition Method Context

Quality Text Consistency

F1+ RMSE | FID[22]] SSIM+ MAN-IQA [65] + MUSIQ [27] 1 CLIP-Score [44] 1

ControlNet [70] 0.13 - 46.06 0.34 0.31 45.45 34.10
OminiControl [53] 0.47 - 29.58 0.61 0.44 61.40 34.40
OneDiffusion [32] 0.39 - 32.76 0.55 0.46 59.99 34.99
Canny OmniGen [61] 0.43 - 51.58 0.47 0.47 62.66 33.66
Oursgey 0 0.39 - 30.36 0.61 0.48 61.13 35.03
Oursgy 0 0.35 - 30.60 0.55 0.49 64.39 34.98
Oursgy 1 0.36 - 31.34 0.55 0.49 64.12 34.96
Oursgn 2 0.36 - 31.15 0.56 0.49 64.08 34.85
ControlNet [70] - 23.70 36.83 0.41 0.44 60.17 34.49
OminiControl [53] - 21.44 36.23 0.52 0.44 60.18 34.08
OneDiffusion [32] - 10.35 39.03 0.49 0.49 60.49 34.71
Depth OmniGen [61] - 15.07 86.08 0.26 0.49 64.90 29.72
Oursgey 0 - 25.06 42.14 0.53 0.46 58.95 34.80
Oursgy 0 - 10.31 33.88 0.54 0.48 64.85 35.10
Oursgy 1 - 9.91 34.44 0.54 0.49 64.32 34.95
Oursgy 2 - 9.68 34.88 0.54 0.48 64.29 34.89
ControlNet [70] - 37.82 53.28 0.49 0.45 61.92 33.80
OminiControl [53] - 19.70 26.17 0.85 0.45 60.70 34.53
OneDiffusion [32] - - - - - - -
OmniGen [61] - - - - - - -
Deblur 5 e 0 - 2503 5676 074 0.38 46.68 33.52
Oursgn 0 - 26.53 40.59 0.74 0.46 59.62 34.56
Oursgy 1 - 25.87 36.93 0.76 0.48 61.58 34.82
Oursg 2 - 25.57 36.28 0.76 0.48 61.77 34.82

Table 1. Quantitative comparison on conditioning generation and image restoration. The methods that train a specialist for each task are
marked as gray color. Except for these methods, the best method is bolded, and the second-best method is underlined.

Method Context DINOv2 CLIP-I CLIP-T
OminiControl [53] 73.17 87.70 33.53
OneDiffusion [32] 73.88 8691 34.85
OmniGen [61] 67.73 83.43 34.53
Oursgey 0 78.05 87.68 35.06
Oursgyy 0 80.41 89.63 35.16
Oursgyy 1 79.33 89.22 35.02
Oursgyy 2 80.32 89.36 35.01

Table 2. Quantitative comparison for subject-driven image genera-
tion. We report clip scores on text alignment and style consistency.
Specialist models for each task are shaded in gray. Among the re-
maining methods, the best one is emphasized in bold, while the
second-best is underlined.

models. We fine-tune the model using LoRA [24] with rank
of 256. The model is tuned for 20,000 iterations with an ac-
cumulated batch size of 64 on 8 x A100 GPUs. We employ
the AdamW optimizer with a learning rate of 1e ~*. Follow-
ing [30], we incorporate the lognorm noise strategy with dy-
namic time shifting. The number of contexts is set between
0 and 2, while the data stream length L varies between 2
and 4 in the Graph200K dataset. To balance computational
efficiency, each grid size is fixed at 384 x 384. Although
the generated resolution is relatively low, it is sufficient to

text? image?
InstantStyle [55] 0.27 0.60
OmniGen [61] 0.27 0.52
Oursgey 0.30 0.53
OuI‘Sﬁu 0.29 0.55

Table 3. Quantitative comparison for style transfer. We report
CLIP scores on text alignment and style consistency. The special-
ist are indicated in gray. Among the others, the top-performing
one is highlighted in bold, and the second-best is underlined.

validate the effectiveness of our proposed method. More-
over, in practical applications, high-resolution outputs can
be obtained through simple post-upscaling techniques [41].

S. Experiments
5.1. Main Results

We compare our method with universal generative models,
including OmniGen [61] and OneDiffusion [32], as well
as specialized models, such as ControlNet [70] and Omini-
Control [53]. Additionally, we fine-tune FLUX.1-dev [30]
using the same settings as FLUX.1-Fill-dev for comparison,
and refer to the tuned models as Oursge, and Oursgj;.

For conditional generation and image restoration, we
evaluate the models based on three criteria, i.e., controllabil-
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segmentation

Figure 4. Illustration of conditional image generation.

Figure 5. Subject-driven image generation. Based on a reference,
we generate multiple images under different environments.

ity, visual quality, and text consistency, following the eval-
uation approach of OminiControl [53]. As shown in Tab. 1,
our framework demonstrates comparable controllability to
existing universal methods while achieving superior visual
quality and text consistency. When compared to special-
ized methods, our model also performs on par with the best
results and even outperforms them on the depth-to-image.
In the style transfer task, we measure text consistency
and style alignment using the CLIP [44] model. As re-
ported in Tab. 3, our method outperforms OmniGen [61] by
2% and 3% in text alignment and style consistency, respec-
tively. Even when compared with InstantStyle-Plus [71], a
specialized model, we achieve a 2% improvement in text
consistency, with only a slight decrease in style alignment.
Furthermore, we evaluate the models on subject-driven
image generation and report semantic alignment using the
DINOv2 [42], CLIP-I [44], and CLIP-T [44] scores. Across
all these metrics, our method consistently delivers improve-
ments, as shown in Tab. 2. For example, compared to the
specialized model, OminiControl [53], we achieve improve-
ments of 7.15%, 1.66%, and 1.48% in these three scores.

Advantages of the infilling model. Our method (Oursg);)
is built on FLUX.1-Fill-dev [30], which shares the same
objective as our unified image generation framework. To
verify its effectiveness, we also fine-tune Fill.1-dev [30]
(Oursgey) using identical settings. Unlike Oursg);, which re-
quires no modifications, Oursge, necessitates model adap-
tations for universal image generation, as shown in the
supplementary material. Despite its simplicity, Oursgy
achieves superior performance across multiple tasks.

As shown in Tab. 1, Oursge, achieves a higher F1 score
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Figure 6. Comparison between Flux.1-dev (Oursge,) and Flux.1-
Fill-dev (Ours ;).

than Oursg); in canny-to-image generation. However, in
other tasks, Oursgy demonstrates a significant advantage.
For instance, in depth-to-image generation, Oursg); reduces
RMSE from 25.06 to 10.31, indicating improved structural
alignment. In the deblurring task, Oursg); achieves supe-
rior quality by lowering RMSE while maintaining a higher
visual quality. In subject-driven image generation, Tab. 2
shows that Oursg; consistently outperforms Oursge,. Ad-
ditionally, in semantic-invariant style transfer, Oursg); deliv-
ers comparable performance to Oursge., as shown in Tab. 3.

Furthermore, Fig. 6 presents a visual comparison, where
Oursgy demonstrates clear advantages over Oursge,. No-
tably, in the depth-to-image generation, images produced by
Oursgey frequently exhibit diagonal streak artifacts, which
significantly degrade visual fidelity. Considering the advan-
tages in performance, visual quality, and architectural effi-
ciency, Oursg)) stands out as the superior model.

5.2. Effectiveness of In-Context Learning

In this section, we analyze the impact of in-context learning
on both seen and unseen tasks.

Quantitative comparison. Tab. | demonstrates the impact
of in-context learning on different image generation tasks.
Under the canny condition, our method without in-context
examples achieves an FID of 30.60, which improves to
31.15 with two in-context examples. When conditioned on
depth, the RMSE decreases from 10.31 to 9.68 as the num-
ber of in-context examples increases, indicating enhanced
structural consistency. Similarly, in the deblurring task,
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Figure 7. Effect of in-context learning on style transfer, best to
zoom in to view. The images in the red box mean style references.
Without in-context learning, semantic-variant style transfer (bot-
tom) does not change the semantics as expected.

RMSE decreases from 26.53 to 25.57, reflecting improved
fidelity to the original content. These results highlight in-
context learning as an effective guidance mechanism, en-
abling the model to better align with the task intent.

In-domain task ambiguity. We observe that the model
occasionally experiences task confusion, failing to accu-
rately interpret the intended objective. In-context learning
effectively alleviates this issue by providing task-specific
demonstrates. As shown in Fig. 7, without in-context exam-
ples, the model struggles to distinguish between semantic-
invariant and semantic-variant style transfers, leading to in-
correct results where the background and semantics remain
unchanged in semantic-variant cases. However, incorporat-
ing just a single in-context example enables the model to
correctly perform semantic-variant style transfer. Similarly,
as shown in Fig. 8, increasing the number of in-context
examples enhances the performance. Additional visualiza-
tions are provided in the supplementary materials.

Generalization to unseen tasks. Beyond mitigating task
confusion, in-context learning also improves the ability of
models to generalize to tasks unseen during training. As
shown in Fig. 9, we evaluate the performance in gener-
ating frontal faces from side-view images, a task not en-
countered during training. Without in-context examples, the
generated faces fail to align with the expected frontal view.
However, as the number of in-context examples increases,
the model progressively refines its outputs, producing more
accurate frontal faces. These results demonstrate that in-
context learning serves as an effective guidance mechanism,
enabling adaptation to novel tasks without retraining.

6. Conclusion

In this work, we propose VisualCloze, a universal image
generation framework that addresses key challenges in ex-

[ In-context examples less — more

(b) Normal map estimation
Figure 8. Effect of in-context learning on dense prediction.

conditions

ground truth

generated faces

[ In-context examples
Figure 9. Effect of in-context learning on the unseen task: gen-
erating frontal face conditioning on side faces. More in-context
examples produce a more accurate frontal face.

isting methods, including generalizable instruction design,
appropriate task distributions, and unified architectural de-
sign. Rather than relying solely on language-based instruc-
tions to convey task intent, we re-propose visual in-context
learning, enabling the model to learn tasks from demon-
strations. This approach improves generalization to unseen
tasks and reduce task ambiguity. To overcome the spar-
sity of visual task distributions, which limits the learning of
transferable knowledge, we construct Graph200K, a graph-
structured dataset that establishes interrelated tasks. In this
compact task space, the model is promoted to learn transfer-
able representations and improve adaptability. Meanwhile,
we identify the consistent optimization objective between
image infilling and universal generation, allowing us to
seamlessly adapt general-purpose infilling models for uni-
versal generation without architectural modifications. Ex-
perimental results show that our approach supports a di-
verse set of in-domain tasks using in-context learning while
demonstrating strong generalization to unseen tasks.
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