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A Limitations and Future Research

While UFC demonstrates strong few-shot performance in spatially-conditioned image generation with
T2I diffusion models, several limitations remain for future work. First, our method is not designed for
broader conditional generation tasks such as image manipulation (e.g., style transfer, editing), inverse
problems (e.g., colorization, deblurring, inpainting), or spatially misaligned tasks like subject-driven
generation, which often require preserving the appearance of the condition image. Extending the
framework to handle such tasks is a promising direction for future research. Second, we have not
explored the composition of conditions—i.e., using multiple conditions jointly to guide generation.
Lastly, our approach relies on fine-tuning with a small set of annotated examples for each new task,
unlike Large Language Models (LLMs), which have in-context learning capabilities, enabling them
to adapt to new tasks from a few examples without fine-tuning. Developing similar capabilities for
conditional image generation remains an open and promising challenge.

B Implementation Details

B.1 Settings

* Checkpoint: We use the Stable Diffusion v1.5 checkpoint available from the HuggingFace [7].

 Hyperparameters: We train using the AdamW optimizer [27] with a learning rate of 1 x 10~°
and a weight decay of 0.01. For each training batch, we randomly select two tasks per batch, each
accompanied by a support set of three example pairs sampled for its query condition.

 Spatial condition representation: Following ControlNet [48]], we represent all conditioning inputs
as RGB images with a resolution of 512x512.

* Support image-label pairs used for evaluation: In Section|G, we present the five support image-
label pairs used for experiments on six tasks. Specifically, Figure [I3 presents the pairs used for
Canny, Depth, HED, and Normal, while Figure presents those used for Pose and DensePose.

B.2 Dataset

* Training data: We randomly sample a subset of data from the LAION dataset [38]]. To identify
images containing humans, we use the YOLO11x model [[17]]. Based on this filtering, we construct
a balanced dataset consisting of 150K images with humans and 150K images without humans.

 Evaluation data: For the Canny, HED, Depth, and Normal tasks, we evaluate our model on 5,000
images from the COCO2017 validation set [25]]. For the Pose task, evaluation is limited to images
where humans are successfully detected by the Openpose model [[6]. Similarly, for the Densepose
task, we only evaluate our model with images where the Densepose model [11]] detects a human
subject.

B.3 Matching Module Implementation

We implement our matching module using the multi-head attention mechanism [42]. To incorporate
denoising timestep ¢, we adopt adaptive normalization [31], modulating the output of the matching
module using the denoising timestep. Specifically, we use the embedding of the query condition
g-(y4), the support conditions {g,(y2)} , and the support images { f(z*)} Y, as the query, key,
and value inputs, respectively. Let Q € RM*4, K,V € R(W-M)xd and the timestep embedding be
denoted as tem, € R?, our matching mechanism operates as below:

@ = LayerNorm(@®), K = LayerNorm(K), (6)
(o, B,7) = Linear(temp), V = LayerNorm(V) - (1+«a)+f @)
O = Concat’L, (Attention(QWiQ, KWK, VWiV)) wo 8)

where H is the number of attention heads, WL-Q, WiK , WiV € RéXdew gnd WO e RH dheasxd

The final output is calculated with residual connection as below:

O =0+7-act(0) ©)
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709 where act denotes a non-linear activation function.

710 We apply the matching module at each layer of the 12 down-sampling blocks and the mid-block in
711 the UNet backbone of the diffusion model. Each attention module uses 8 heads.

72 C  More Results on Analysis

7

s Attention map visualization We present an example of attention maps in Figure|5| For each task,
714 the selected query patch (highlighted by a white box in the Query column) can attend to relevant
715 support patches, rather than unrelated regions such as background areas. For instance, in the Canny
716 and HED tasks (first two rows), the query patches focus on support regions that preserve similar edge
717 structures. On the other hand, for the Pose and Densepose tasks (last two rows), the query patches
718  attend to regions related to human body parts.

Query Support

Figure 5: Attention Maps of UFC (30-shot) from the 7th layer and a selected head for each task.
Support normal maps are converted to grayscale to enhance the visibility of attention regions. Query
patches attend primarily to the most relevant support patches.
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Qualitative results with two variants Figure|6 presents a qualitative comparison of our method
with its two variants: (1) UFC w\o Matching and (2) UFC w\o finetuning. Both variants exhibit
degraded image generation in terms of controllability, as they often only partially adhere to the spatial
conditions. For instance, in the 2nd row with HED condition, the generated images from UFC w\o
Matching and UFC w\o Fine-tuning capture the cat’s head structure but fail to adhere to the condition
for the cat’s legs and body. In contrast, our full method, which include both matching and fine-tuning,
consistently follows all given conditions.

Condition w/o finetuning

Canny

An old man that
is leaning against
a pole right by
the corner.

HED

A tabby cat lying
in a window sill
looking up at the
photographer.

Depth

A bird sitting on
the window sill of
a boat floating
on a lake.

Normal

A fire hydrant on
a street has two
rusty posts beside
it.

Pose

A men skiing on
the slow slopes

Dense Pose

A snowboarder
sailing down a
snowy hillside on
a mountain.

Figure 6: Qualitative comparison results of our method and its two variants: (1) UFC w\o matching
and (2) UFC w\o fine-tuning.

Results on FID with different number of shots Figure [7 shows the FID results obtained by
fine-tuning our method (UFC) using different numbers of support data (i.e., shots). The results show
that our method maintains FID scores across various shots. Specifically, for Normal, Depth, Canny,
and HED tasks, our method preserves image quality with FID changes remaining within 1. For Pose,
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the FID difference is within 4.5, and for DensePose, it is within 1.7. Both changes are relatively small
given the FID scores of each tasks, and using more support data often slightly improves FID.

Combined with the controllability results measured using different number of shots (Figure 4), the
results confirm that our method improves controllability as the number of support data increases,
while maintaining image quality.

FID FID FID FID FID FID
i Normal i Depth i Canny i HED Pose Densepose
20F T ST 20 === - 20~~~ ——— 201 | 40 A0tzzc -
10 10 10 10 20 20
21.60 20.62 21.04 21.42 19.24 18.93 20.58 20.07 47.91 43.57 37.79 37.72
30 90 150 30 90 150 30 90 150 30 90 150 30 90 150 30 90 150
Shots Shots Shots Shots Shots Shots
UFC (Ours) ---- ControlNet Uni-ControlNet

Figure 7: FID score over varying support set sizes (shots).
D Results with DiT

D.1 Implementation Details

Model We extend our framework to the DiT architecture [30], using Stable Diffusion v3 [§] as a test
case, initialized from the v3.5-medium checkpoint [1] on Hugging Face. Due to our computational
resource constrains, it is impractical to full fine-tune the label encoder with DiT backbone. To address
this, we freeze and share the weights of the diffusion model, label encoder, and image encoder,
training only the matching module and the bias parameters for the label encoder. Despite this minimal
setting, we demonstrate a proof of concept for DiT-based architectures, which are behind the recent
advanced T2I models [} 21]].

Control feature injection Unlike the U-Net backbone, the DiT architecture does not have skip
connections. Therefore, we inject the output of the matching module directly into the hidden
representations at each layer of the DiT backbone. Specifically, we apply the matching module to
12 of the 24 transformer layers—namely, the even-numbered layers (0, 2, 4, ...), balancing memory
efficiency and performance.

Hyper-parameters We follow the same optimizer settings, training dataset, and evaluation protocol
described in Section5.1. For inference, we use the flow-matching Euler scheduler introduced in
Stable Diffusion 3[8]], with a classifier-free guidance (CFG) scale of 5.0, 28 generation steps, and a
fixed random seed of 42.

D.2 Experimental Results

Table 4: Quantitative evaluation of UFC with different backbones in 30-shot setting.

Canny HED Depth
SSIMt FID SSIM{ FID MSE| FID MAE| FID AP°°4 FID mloU} FID

Ours (UNet) 0.3239 19.24 0.5121 20.58 94.38 21.04 15.09 21.60 0.229 47.91 0.434 37.79
Ours (DIT) 0.3757 2091 0.5703 20.77 92.62 23.28 15.43 23.55 0.107 52.57 0.454 38.36

Normal Pose Densepose

Backbone

We report quantitative results using the DiT backbone in Table . While the DiT-based model
outperforms the U-Net backbone on 5 out of 6 tasks in terms of controllability (excluding Pose), its
image quality is not as good. A similar trend is observed in OmniControl [40], where DiT shows
lower visual quality for spatial control tasks. For the Pose task, DiT performs worse than its U-Net
counterpart, which we attribute to the spatial sparsity of pose conditions and the limitations of our
minimal implementation—particularly the lack of fine-tuning for the label encoder. Further analysis,
such as examining attention maps for the Pose task, is needed to better understand this limitation. We
leave this investigation for future work. Qualitative examples using the DiT backbone are shown in

Figure[8]
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‘A metal clock tower on a sidewalk in front of a building’ ‘A group of sheep in a grassy area with trees in the background’

Pose

Dense
Pose

‘Five ladies standing in the street with umbrellas’ ‘A skateboarder is on top of a cement bowl’

Figure 8: Generated images from UFC with DiT backbone in 30-shot setting.
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E Comparison with Training-free Baselines

We propose a few-shot framework for adapting to new spatial conditions in T2I diffusion models. A
natural question arises: why use a few-shot approach when training-free methods exist [2} |47, 128]?
To illustrate the advantages of our method, we compare it with FreeControl [28], a state-of-the-art
training-free approach capable of handling diverse spatial conditions without relying on additional
pretrained networks. FreeControl controls image structure by constructing a PCA basis from object
features, projecting both the condition and noisy image feature maps onto this basis, and minimizing
an energy function that encourages alignment between the two projections during generation.

Evaluation protocol We follow FreeControl’s original evaluation protocol and assess controllability
on 30 images from the ImageNet-R-TI2I dataset [41], which includes 10 object categories with three
captions each. FreeControl has limited flexibility in generating diverse object categories, as it requires
constructing a separate PCA basis for each. This makes large-scale evaluation on 5,000 images from
the COCO2017 validation set [25]] impractical, since each prompt must be individually inspected to
identify objects and build corresponding PCA bases.

As the evaluation dataset of FreeControl excludes human subjects, we compare UFC (30-shot) against
FreeControl on four tasks: Canny, HED, Depth, and Normal. Due to the limited number of images,
we do not report FID [12] or Inception Score [37]], as they would not provide reliable estimates of
image quality.

Result comparison Table|5 shows that UFC (30-shor) significantly outperforms FreeControl in
controllability across all four tasks. Moreover, on a single NVIDIA RTX 3090 GPU, FreeControl
takes approximately 100 times longer per image to generate compared to UFC when generating 30
images for evaluation. This overhead stems from the need to construct a PCA basis for each new
object category and perform 200 denoising steps for latent optimization. In contrast, UFC, after
fine-tuning, handles diverse object categories flexibly with only 50 denoising steps.

Table 5: Controllability scores and average generation time of FreeControl [28]] and UFC (Ours,
30-shot) on generating 30 images from ImageNet-R-TI2I [41]].

Method Canny HED Depth Normal Time
SSIM (1) SSIM (1) MSE({) MAE({) | (Second)

FreeControl [28]] 0.3139 0.3821 97.36 19.68 251.3

UFC (Ours) 0.4074 0.5718 93.09 17.75 2.5

Figure [0 presents qualitative comparisons. UFC accurately follows the spatial condition, while
FreeControl fails on fine details—especially under the Normal condition, where multiple objects
present in the condition.

F More Results

Results with more spatial conditions To further validate the generalizability of our method across
diverse spatial conditions, we present additional qualitative results using single-view images derived
from 3D meshes, wireframes, and point clouds. These spatial conditions are challenging to obtain
from existing images, making it difficult to collect large-scale training data. We use a 3D isolated
object datase (with no background) to generate spatial condition to image pairs.

Figure[I0shows results of our method, demonstrating generated images that align closely with the
spatial conditions provided by 3D meshes, wireframes, and point clouds. These results confirm
UFC’s effectiveness when encountered to novel spatial conditions.

More qualitative results We present more qualitative results of UFC in Figure|11 and Figure[12.
All the results are generated with the support size of 30.

"https://huggingface.co/datasets/dylanebert/iso3d
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Condition

FreeControl

UFC (Ours)

Figure 9: Qualitative comparison between UFC (30-shot) and FreeControl on four control tasks

Mesh

A robot

Wireframe

An arm chair

Point
cloud

feeling A portrait of a statue of a pharaoh wearing
steampunk glasses.

Figure 10: Generated images from UFC with spatial conditions of 3D meshes, wireframes, and point
clouds in 30-shot setting.
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Canny

‘A sheep standing in grass next to a rock wall’

‘The person holds both hands in the air while snowboarding’ ‘There are books on all three shelves of this bookshelf’
Lﬁ
T W

‘A home kitchen with white cabinets and silver appliances’ ‘A baseball player talking to a small child on the field'

Depth

‘Several sailboats sit in the water in front of some trees.’

i
F

‘Hey man that is opening up a bottle of wine’

Pose

Dense
Pose

‘A man looking at camera preparing food in kitchen’ ‘A man walks up to where surfboards are propped up against a
wall and wetsuits are hanging on a rack’

Figure 11: More qualitative results of UFC in 30-shot setting.
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Canny

‘A man flying a colorful kite over a sandy beach’

HED

‘A couple of zebras are grazing in a field’

- "

‘A bird sitting on the window sill of a boat floating on a lake’ ‘4 horse standing next to a fence being seen through a lens’

Normal

Pose

Dense
Pose

‘A person in a kitchen with a stove some pots and pans’ ‘Two guys in a large room with a blackboard’

Figure 12: More qualitative results of UFC in 30-shot setting.
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st G Support Image-Condition Pairs

CISS SYSTEM

a an OS5
400ml Sublimation Ink PREINSTALLED
5.8 22 FREE 100Sheets Sub Paper

Canny

Depth

Normal

Figure 13: Five support image-label pairs used for evaluating Canny/Depth/HED/Normal tasks.

Figure 14: Five support image-label pairs used for evaluating Pose/DensePose tasks.
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