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Abstract

Diffusion models have enabled the generation of high-
quality images with a strong focus on realism and textual
fidelity. Yet, large-scale text-to-image models, such as Sta-
ble Diffusion, struggle to generate images where foreground
objects are placed over a chroma key background, limit-
ing their ability to separate foreground and background el-
ements without fine-tuning. To address this limitation, we
present a novel Training-Free Chroma Key Content Gen-
eration Diffusion Model (TKG-DM), which optimizes the
initial random noise to produce images with foreground
objects on a specifiable color background. Our proposed
method is the first to explore the manipulation of the color
aspects in initial noise for controlled background genera-
tion, enabling precise separation of foreground and back-
ground without fine-tuning. Extensive experiments demon-
strate that our training-free method outperforms existing
methods in both qualitative and quantitative evaluations,
matching or surpassing fine-tuned models. Finally, we suc-
cessfully extend it to other tasks (e.g., consistency models
and text-to-video), highlighting its transformative potential
across various generative applications where independent
control of foreground and background is crucial.

1. Introduction

Diffusion models have disrupted the landscape of image
generation by producing high-quality images with high re-
alism and textual fidelity [8, 11, 31, 38, 44]. Research has
expanded into text-to-image generation conditioned on in-
puts like edges [49, 56], layouts [54, 57], and Virtual Try-
ON (VTON) [10, 52]. However, real-world applications
such as advertising, design, and game development often
require precise control over foreground and background el-
ements. The ability to generate images with transparent or
chroma key backgrounds is essential for seamlessly inte-
grating foreground objects into various scenes [55]. Tra-
ditional models like Stable Diffusion [37] and DeepFloyd
[38] struggle to generate images where foreground and
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Figure 1. TKG-DM provides a training-free generation of fore-
ground objects on a chroma key background, enabling indepen-
dent control of foreground and background elements. Addition-
ally, our method extends to conditional text-to-image and video
generation tasks, making it suitable for creating foreground assets
for various applications.

background elements are separated without fine-tuning [5].
Specifically, these models cannot produce foreground ob-
jects over specifiable backgrounds or generate independent
foreground and background layers, limiting their applica-
bility in workflows requiring such precise control.

Recent works like MAGICK [5] and LayerDiffuse [55]
have significantly addressed this limitation. MAGICK in-
troduces a prompt engineering-based approach for chroma
key image generation. However, due to limited chroma key
accuracy, it relies on post-processing and manual efforts
to improve quality, including the release of foreground al-
pha image datasets. LayerDiffuse proposes a fine-tuning
method for layer-wise generation using a dataset with 1
million images. Unfortunately, this dataset is not publicly
available due to licensing restrictions, necessitating further
resource-intensive dataset curation and fine-tuning.

To overcome these challenges, we present the Training-
Free Chroma Key Content Generation Diffusion Model
(TKG-DM), which optimizes the initial noise in the dif-
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fusion process to produce images with foreground objects
on specifiable color backgrounds without fine-tuning. Our
method is the first to explore manipulating the color aspects
of initial noise for controlled background generation, en-
abling precise separation of foreground and background el-
ements. TKG-DM offers high flexibility and provides pre-
cise control over the background color, layout, size, and
number of foreground objects. Our approach expands pos-
sibilities in generative content by maintaining the indepen-
dence of the foreground and chroma key background. It
seamlessly extends to applications like conditional text-to-
image generation, consistency models, and text-to-video
generation.

Our extensive experiments demonstrate that TKG-DM
improves FID and mask-FID scores by 33.7% and 35.9%,
respectively. Thus, our training-free model rivals fine-tuned
models, offering an efficient and versatile solution for var-
ious visual content creation tasks that require precise fore-
ground and background control. Our contributions are sum-
marized as follows:

* We introduce TKG-DM, a training-free diffusion model
that eliminates the need for fine-tuning and datasets for
controllable foreground and background generation.

* TKG-DM provides precise control over background
color, as well as the size, position and number of
foreground elements, enabling flexible monochromatic
chroma key generation.

e Our method is highly versatile, seamlessly extending to
conditional text-to-image generation, consistency mod-
els, and text-to-video applications, thus enabling the cre-
ation of diverse chroma key content.

* TKG-DM outperforms existing models, delivering results
that match or surpass fine-tuned alternatives while main-
taining lower computational costs.

2. Related Works
2.1. Diffusion Models

Diffusion models [19, 33] generate realistic, high-quality
images by iteratively refining Gaussian noise to approx-
imate a target distribution [11, 45]. Building upon this,
Latent Diffusion Models (LDMs) [37] improve efficiency
by exploiting the low-dimensional latent spaces while pre-
serving image quality. In particular, text-to-image models
[32, 36-38] align text and image features through cross-
attention to achieve diverse, high-quality outputs, with
classifier-free guidance [18] and attention control [6, 8] fur-
ther enhancing text fidelity. Beyond image generation, dif-
fusion models find use in inpainting [24, 53], image edit-
ing [4, 15], and layout generation [7, 21]. Their versatility
extends across multiple modalities, including audio genera-
tion [20, 22], text-to-video [14, 50], and 3D object genera-
tion [35, 48].

2.2. Initial Noise

Diffusion models typically start with Gaussian noise and it-
eratively refine it to generate high-quality images that align
closely with a given target distribution. In general, the
choice and optimization of this initial noise are crucial,
as they significantly impact image quality and alignment
[40, 41, 51]. More specifically, noise optimization meth-
ods, such as human preference models or attention-based
scores, can enhance fidelity and text alignment without ad-
ditional training [12, 13]. Moreover, optimal noise seeds
and targeted noise regions significantly impact image qual-
ity and object placement [1, 51]. In contrast, noise manip-
ulation enables precise layout control, supporting layout-
aware image generation and editing [25, 26, 43]. Build-
ing on these insights, our work introduces a novel method
for shifting initial noise to control chromatic information.
As a result, our method enables accurate chroma key back-
grounds while preserving high-quality foreground content.

2.3. Foreground and Background Separation in Im-
age Generation

Foreground-background separation is crucial in advertising,
design, and game development, allowing creators to ma-
nipulate individual image elements independently for tasks
such as background replacement, foreground adjustments,
and complex compositions [3, 9, 28, 29].

In response to this challenge, MAGICK [5] employs a
prompt engineering-based model to solve this task. How-
ever, as noted in this work: “Unfortunately, all the pub-
licly available methods we tested were incapable of con-
sistently creating keyable images.” To overcome this lim-
itation, MAGICK combines multiple models and applies
manual effort to release a foreground alpha image dataset.
Similarly, LayerDiffuse [55] introduces a fine-tuning ap-
proach using a 1 million image dataset, which cannot be
publicly shared due to licensing restrictions. Although
these methods improve foreground-background separation,
they require substantial data collection and computational
resources, making them less efficient for real-time appli-
cations. In contrast, our training-free approach provides
precise control over foreground and background elements
without the need for extensive datasets and fine-tuning.

3. Methodology

As shown in Fig. 2, TKG-DM extends Stable Diffusion [37]
by manipulating the initial Gaussian noise zp € RXwx4
through channel mean shift F.. This transformation pro-
duces the init color noise z}, = F,(zr), which guides the
vanilla Stable Diffusion to generate a uniform color image
x( without any text prompt. To generate an image where the
foreground aligns with the input text prompt p and the back-
ground has a specified color (e.g., green for chroma keying),
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Figure 2. Starting with random noise zr ~ N (0, I), init color noise z7 is generated by applying channel mean shift F.. This produces a
single-colored image x; without a prompt. By combining normal noise with init color noise via a Gaussian mask, TKG-DM generates a
chroma key image xgey with the specified foreground (e.g., “the cat runs in the park”) over a uniform background, effectively separating

the foreground from the monochromatic background.

we combine the initial noise z7 and the init color noise z7}.

using a Gaussian mask. This combined noise z’}ey is input
into the vanilla Stable Diffusion, generating the chroma key

image x(°Y.

3.1. Channel Mean Shift

Inspired by the relationship between Stable Diffusion’s la-
tent space and generated image color [47], we introduce
a novel initial noise optimization technique, channel mean
shift. It adjusts the mean of each channel in 2z while keep-
ing its standard deviation constant, enabling control over
the generated image’s color. To determine the optimal shift
A, for each channel ¢ € {1,2, 3,4} to achieve a target pos-
itive ratio in that channel. The values of channel c in the
noise tensor are denoted as zgf ). The initial positive ratio
for channel c is defined as:

> 12 (6, 5) > 0)
TotalPixels,.

InitialRatio, =

; (D

where 1(-) is the indicator function, and TotalPixels,. is

the total number of elements in Z(TC ).

TargetShift,, the target positive ratio is:

Given a target shift

TargetRatio, = InitialRatio. + TargetShift,. 2)

To achieve TargetRatio,,, we iteratively adjust the mean shift

A, for each channel zgf ) We initialize the shift with Alnit —
0 and incrementally adjust A until the positive ratio meets
or exceeds TargetRatio,. Once the target ratio is reached,
we record the final shift as Afi" = A_. The noise tensor
obtained through this method is called init color noise z7. =
FC(ZT) =2z7r + Alznal_

3.2. Init Noise Selection

To generate the foreground object on the chroma key back-
ground, we apply an init noise selection strategy that selec-
tively combines the initial noise z7 and the init color noise

z%. using a 2D Gaussian mask A(z, 7). This mask creates
a gradual transition by preserving the original noise in the
foreground region and applying the color-shifted noise to
the background region. Formally, the masked initial noise
is computed as:

25V (i, §) = A(i, j) 27 (i, )+ (1-A(i, 1)) 27" (i, 5), (3)

=) G—ny)?
202

where A(i,j) = e controls the blend be-
tween the original noise and init color noise and p; and p;
specify the center and o the spread.

Adjusting the Gaussian parameters p;, pt;, and o con-
trols the position and size of the foreground: shifting u;
and f; adjusts its position while increasing o enlarges the
foreground element. Interestingly, TKG-DM also generates
multiple foreground elements by applying multiple Gaus-
sian masks, each independently configured to produce var-
ied positions and sizes for flexible compositions.

4. Mechanism of TKG-DM

In this section, we explain how TKG-DM specifies the
background color and generates the foreground and back-
ground separately to generate chroma key content.

4.1. Color Specify via Channel Mean Shift

Inspired by previous research [47], we control the chroma
key background color by applying channel mean shift to
specific channels of the initial noise zp € R"*™“>4, Specif-

ically, we adjust the mean of each channel z(TC), where
¢ € {1,2,3,4}, to influence the color composition of the
generated images. In this experiment, we set TargetShift, =
+7%, adjusting the positive ratio of each channel by adding
or subtracting 7% relative to InitialRatio,..

As shown in Fig. 3a, positive shifts in z(T2 ) and z(T3 ) in-
tensify cyan and yellow tones, respectively, while negative
shifts emphasize red and blue-purple hues. Shifts in z(T1 )

(4)

and z;,” primarily affect luminance and shades of white and
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(a) Influence of Individual Noise Channel

(b) Additive and Subtractive Color Effects

Figure 3. Fig. 3a illustrates the relationship between positive/negative channel mean shift with initial noise and color variations in the
generated images. Different channel shifts across noise channels result in changes in the hue of the generated image. Fig. 3b shows how
simultaneous shifts across multiple channels facilitate additive and subtractive color mixing, providing intuitive and flexible color control.

black, respectively. These effects are confirmed by compar-
ing generated images conditioned on specific text prompts.

When we apply simultaneous shifts to multiple channels,
we observe intuitive color mixing that aligns with additive
and subtractive color theories. For example, positive shifts
in both zg,? ) and zgi3 ) enhance green tones, while combin-
ing red and yellow shifts with reduced luminance yields or-
ange hues (see Fig. 3b). This channel-based manipulation
enables flexible and natural color control in the image gen-
eration process.

4.2. Content Separation via Attention Mechanism

As illustrated in Fig. 4, self-attention and cross-attention
mechanisms play distinct roles in generating the foreground
and background elements, which is crucial for achieving ef-
fective foreground-background separation in TKG-DM.

For the foreground, self-attention ensures internal con-
sistency and coherence within the object, while cross-
attention aligns the generated content with the text prompt.
Due to the inherent bias in the training dataset [42], where
foreground objects are more prominently described in cap-
tions, cross-attention forms a strong link between the fore-
ground and the text prompt.

For the background, the init color noise introduced by
channel mean shift dominates the generation process. The
self-attention mechanism synergizes with this modified ini-
tial noise to guide the background toward the specified
chroma key color. Since background elements are often
less detailed or vaguely described in dataset captions, the
cross-attention has a weaker influence on the background,
allowing the init color noise to take precedence.

By exploiting this bias and manipulating the initial noise,

Normal Noise Init Color Noise

Self-Attention map

Cross-Attention map
"Zebra” +"on"+ "road" ! "Zebra" +"on"+ "road"

Foreground Background Foreground Background

Figure 4. Visualization of self- and cross-attention maps. The
self-attention maps, segmented using a foreground segmentation
model [58], show the regions attended to during generation. The
cross-attention maps illustrate how the model attends to relevant
regions based on the foreground and background prompts. This
analysis shows how self-attention and cross-attention interact to
influence foreground and background content generation.

TKG-DM effectively decouples the background from the
text prompt. This results in a uniform chroma key back-
ground and enables the isolated generation of foreground
content without interference from undesired background
details.
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Figure 5. Qualitative comparison in SD1.5. Existing methods fail to produce an accurate chroma key background. In contrast, ours
produces a highly accurate chroma key background while generating high-quality foregrounds without Green Background Prompt (GBP).

5. Experiments

5.1. Experimental Setup

We adopt SD1.5 and SDXL in TKG-DM to generate images
at 512 x 512 and 1024 x 1024 resolutions, respectively, with
DDIMScheduler, a guidance scale of 7.5, and 50 denoising
steps. To obtain the init color noise for a green background,
we apply channel mean shift with channels 2 and 3 in the
positive direction for TargetShift, = +7%. Gaussian mask
parameters are set to (o, y;, ;) = (0.5, w/2, h/2).

We compare our method against the naive usage of
SD1.5 [37], SDXL [34], and DeepFloyd [38] using a Green
Background Prompt (GBP) (="isolated on a solid green
background”) following the setup of MAGICK [5], as well
as against fine-tuned models, namely GreenBack LoRA
from CivitAl' and LayerDiffuse [55].

5.2. Dataset and Metrics

We collect 3,000 images from the MAGICK dataset [5], tai-
lored for foreground image generation from text prompts.
The MAGICK dataset is constructed by first generating
monochromatic backgrounds using Deepfloyd [38] with
GBP, followed by quality enhancement using SDEdit [27]
and SDXL’s img2img [34]. Foreground images with alpha
values are curated using pixel-, deep learning-, and human-
based methods. Our experiment utilizes alpha images, alpha
masks, and corresponding text prompts.

We construct ground truth images for evaluation by over-
laying the alpha images onto a lime green background im-
ages (RGB = 50, 205, 50). We use the Fréchet Inception

Ihttps://civitai.com/

Distance (FID) to assess foreground quality [17]. Addition-
ally, we introduce a novel m-FID metric, which compares
the mask extracted from generated chroma key content us-
ing BiRefNet [58] to the ground truth mask, providing a
comprehensive assessment of foreground accuracy. For se-
mantic alignment, we employ CLIP-Sentence (CLIP-S) and
CLIP-Image (CLIP-I) [16]: CLIP-S measures alignment
with the text, while CLIP-I assesses visual similarity to the
ground truth.

5.3. Qualitative Result

Fig. 5 and Fig. 6 show the qualitative results of our model
and existing methods with SD1.5 and SDXL, respectively.
They demonstrate that our model generates high-precision
chroma key images without prompt engineering.

With the Green Background Prompt (GBP), SD1.5 strug-
gles to generate a clean green background, while SDXL,
while slightly better, generates unstable light green tints on
the background and often produces multiple foreground ob-
jects, complicating foreground-background separation. Ad-
ditionally, the GBP’s “green* element unintentionally adds
green tones to the foreground, such as on clothing or in a
cat’s eyes (Fig. 6, first and third columns). DeepFloyd per-
forms the worst foreground quality and text alignment.

In the fine-tuned model, while LoRA (SD1.5) shows mi-
nor improvements, it still struggles with chroma key ac-
curacy. LayerDiffuse produces well-separated foregrounds
but occasionally loses details, like precise numbers or let-
ters, due to dataset limitations in fine-tuning. Mask genera-
tion also occasionally fails, resulting in uncut images.

Moreover, existing models struggle to generate accurate
chroma key images when background information is in-
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Figure 6. Qualitative comparison in SDXL. Existing training-free methods fail to isolate foreground objects from the background. While
LayerDiffuse, a fine-tuned model, successfully generates the transparent foregrounds on the lime green background, it may struggle with
accurate text generation and background handling. In contrast, our model efficiently generates highly accurate chroma key images with
foreground content placed over the background without fine-tuning and needing Green Background Prompt (GBP).

couple of petite chihuahua dogs ~ panorama with wine, cheese, grapes and olives Table 1. Quantitative results. It indicates that our training-free
model outperforms the existing model with Green Background
Prompt (GBP) and rivals the fine-tuned model, LayerDiffuse [55].

SD1.5
FID| mFID| CLIPIf CLIP-ST
SD1.5 (GBP) [37] 85.00 63.54 0.710 0.256
GB LoRA (GBP) 6029  49.03 0.704 0.243
Ours 5632  40.75 0.737 0.261
SDXL
DeepFloyd (GBP) [38] | 31.57 20.31 0.781 0.270
SDXL (GBP) [34] 4532 39.17 0.759 0272
LayerDiffuse [55] 29.34 29.82 0.778 0.276
Ours 41.81 3143 0.763 0.273

Figure 7. Qualitative various color result in SDXL. By adjusting
the channel mean shift, TKG-DM controls the background color Image Quality / Prompt Alignment
while generating a high-quality foreground.

Ours 46.1%

SDXL (GBP)

LayerDiffuse

49.9%

cluded in the text prompt (Fig. 6, last columns). In contrast, ° 2 “Preference (%) % 100
our training-free model consistently produces high-quality
ChI‘OII.Ia key b.ackground.s with only the foreground content, Figure 8. Results from our user study show the preference rates for
ensuring precise separation. foreground objects generated by our model and existing models

based on their image quality and alignment with the text prompt.

Furthermore, as shown in Fig. 7, TKG-DM generates GBP means a model with a Green Background Prompt.

the various color background images through channel mean
shift without prompt engineering. Additional results are
provided in the supplementary material.
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Figure 9. Qualitative comparison in ControlNET. Existing methods typically generate images with issues such as color erosion in the
foreground, uneven backgrounds, or unintended elements from the conditioning input. In contrast, our model generates images with the
foreground isolated from the background, maintaining a consistent chroma key background without the Green Background Prompt (GBP).

5.4. Quantitative Result

As shown in Table |, our method consistently outperforms
other training-free models across all metrics, achieving bet-
ter image realism and mask accuracy, as indicated by lower
FID and m-FID scores. It also aligns well with input text
prompts and has closer visual similarity to the ground truth,
as indicated by higher CLIP-S and CLIP-I scores.

In the SDXL setting, LayerDiffuse achieves the best
FID, while our model remains competitive across all other
metrics. The FID advantage for LayerDiffuse likely results
from its setup, which overlays foregrounds on a lime green
background matching the ground truth.

DeepFloyd’s high FID, m-FID, and CLIP-I scores reflect
its similarity to the ground truth based on DeepFloyd’s out-
puts. However, this alignment gives it an inherent advan-
tage, making it unsuitable as a fair benchmark for image
quality. Its lower CLIP-S score further indicates weaker text
alignment compared to other models.

Overall, these results underscore our model’s ability
to generate high-quality, text-aligned foregrounds without
fine-tuning, offering an efficient chroma key content gener-
ation solution.

5.5. User Study

Besides objective metrics, we conducted a user study to
assess subjective human preferences for prompt adherence
and image quality, comparing our method against SDXL
with Green Background Prompt (GBP) and LayerDiffuse.
We generated 30 image pairs per method, totaling 60 im-
ages. 100 participants ranked images via two alternative

Table 2. Quantitative results comparing our method with existing
methods for ControlNet [56]. GBP means a model with a Green
Background Prompt.

ControlNet [56]

FID) mFD| CLIPIT CLIPS?
SDXL (GBP) [34] | 22.04 18.62 0.819 0.279
Ours 17.09  17.22 0.834 0.284

forced-choice [30, 39] and based on foreground quality and
text alignment. To ensure focus on the foreground, we used
a foreground extraction model [58] and manually refined
areas as needed. As shown in Fig. 8, our training-free ap-
proach improves object realism and text alignment over the
existing model.

6. Applications

We demonstrate the flexibility of TKG-DM in various tasks,
implemented with the SD1.5 and SDXL, as presented in Ta-
ble 2, Fig. 9 and Fig. 10. Further details and additional re-
sults are provided in the supplementary material.

Application to ControlNet. As depicted in Fig. 9 and
Table 2, our method integrates seamlessly with ControlNet
[56], enabling precise generation control using condition-
ing inputs like canny edges. By applying a Gaussian mask
to the init color noise, we preserve normal initial noise in
the foreground regions, resulting in distinct foregrounds on
uniform chroma key backgrounds.

Compared to the standard ControlNet, our method
demonstrates superior qualitative and quantitative perfor-
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Figure 10. Application results of TKG-DM across various
tasks. TKG-DM effectively supports layout-aware text-to-image
generation, consistency models and text-to-video. Each row
demonstrates its versatility in adapting to different domains, from
realistic object and character placements to animation.

mance. Existing methods often face issues like color ero-
sion in the foreground, uneven backgrounds, or unintended
elements from the conditioning input. By isolating the fore-
ground from background influence and maintaining a con-
sistent chroma key background, our approach is highly ef-
fective for compositing tasks without prompt engineering.

Layout-Aware Text-to-Image Generation. As dis-
cussed in Section 3.2, our model enables control over fore-
ground objects’ location and size by adjusting the Gaussian
mask’s center and spread. This control allows users to place
objects precisely within specific areas of the generated im-
age, making it practical for layout-aware tasks. Addition-
ally, using multiple Gaussian masks enables the generation
of multiple foreground objects within a single scene (Fig.
10, top-right). Unlike existing models that lack targeted
control over object placement and size, our approach inte-
grates layout information seamlessly without fine-tuning.

Application to Consistency Models. Consistency Mod-
els [46] are generative models that produce high-quality
outputs in a few steps, unlike traditional diffusion models.
Operating in latent space, Consistency Models demonstrate
the robustness of TKG-DM to generative models that han-
dle images in the latent diffusion-based model, enabling sig-
nificantly faster generation while maintaining high output
quality without modifications.

Application to Text-to-Video. Our TKG-DM extends
seamlessly to text-to-video tasks, ensuring consistent fore-
ground content across frames. We align foreground ob-
jects with the input prompt by applying TKG-DM with

"An off-road vehicle « i
" 'A vast desert with
'An off-road parked on a sand sand dunes under

vehicle parked"  dune as the sun sets "
over the desert" the sunset

"An off-road
vehicle parked"

"An off-road
vehicle parked"

Failure case

Success case Failure case
Success case  Success case
(Too Small)

(Fore+Background) (Background)

Figure 11. Failure Cases. TKG-DM fails to generate a foreground
object when the size is too small or when the text prompt lacks ob-
ject information, resulting in only the background being generated.

AnimateDiff [14] on each frame while maintaining a uni-
form background for chroma key video generation. This
approach, the first to generate foreground video with con-
trolled chroma key backgrounds, facilitates efficient and
flexible video editing workflows involving background re-
moval or replacement.

7. Limitation and Future Work

As shown in Fig. 11, TKG-DM primarily focuses on gen-
erating foreground content (e.g., objects and people), which
limits its ability to generate backgrounds like landscapes.
Additionally, if the size parameter is too small, ignore gen-
erating the foreground object [26, 43].

Future enhancements could expand TKG-DM'’s capabil-
ities to include controlled background generation, allowing
separate and adjustable generation of both foreground and
background content. This would greatly benefit applica-
tions in video and 3D content creation where isolated and
reusable background assets are essential.

8. Conclusion

This work presents the first exploration of initial noise color
manipulation in diffusion models, demonstrating its effec-
tiveness in controlling background chromaticity. Leverag-
ing this insight, we introduce the Training-Free Chroma
Key Content Generation Diffusion Model (TKG-DM),
which generates prompt-based foregrounds on a chroma
key background without fine-tuning. TKG-DM extends
seamlessly to tasks like consistency models and text-to-
video, highlighting its versatility beyond static images. Ex-
perimental results show that our method matches or sur-
passes fine-tuned models in both qualitative and quantitative
evaluations without additional training. This approach not
only advances theoretical understanding but also provides
practical benefits for real-world applications where isolat-
ing foreground content is essential.
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