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Figure 1: We introduce FreeBlend, a training-free approach that effectively blends two concepts to
generate new objects through feedback interpolation and auxiliary inference. This method consistently
produces visually coherent and harmonious blends, enabling users to create customized images with
diverse combinations of concepts.

Abstract

Have you ever imagined a creature combining the features of a cat and a car? In
this work, we tackle the problem known as concept blending, which represents a
fascinating yet underexplored area in generative models. While recent approaches,
such as embedding mixing and latent modification based on structural sketches,
have been proposed, they often suffer from incompatible semantic information
and discrepancies in shape and appearance. In this work, we introduce FreeBlend,
an effective, training-free framework designed to address these challenges. To
mitigate cross-modal loss and enhance feature details, we leverage transferred
image embeddings as conditional inputs. We also design a stepwise increasing
interpolation strategy between latents to seamlessly integrate auxiliary features.
Moreover, we introduce a feedback-driven mechanism that updates the auxiliary la-
tents in reverse order, facilitating global blending and preventing unnatural outputs.
Extensive experiments demonstrate that our method significantly improves both the
semantic coherence and visual quality of blended images.The project homepage is
available at https://petershen-csworld.github.io/FreeBlend/.
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1 Introduction

With the breakneck development of diffusion models, the field of image generation has witnessed
rapid progress [, 2, 3} 14]]. These models exhibit strong instruction-following capabilities and high-
fidelity synthesis, achieving remarkable performance across a variety of downstream tasks, including
local inpainting [3. 6], personalized image generation [7, 8], and more [9} [10, [11]].

Such advances have paved the way for a spectrum of novel and creative applications. Among them,
concept blending stands out as an interesting direction previously overlooked by the community. For
example, one could create a creature combining the features of an orange and a teddy bear, resulting
in a surprising yet coherent visual concept. More concept pair blends are shown in Figure

Formally, concept blending involves blending two distinct fext concepts to create a new one that
retains the defining characteristics of its components [[12}[13]]. It can be viewed as a way of integrating
elements from different domains into a novel and meaningful output and creating new objects,
scenes, or alterations that are coherent and creatively synthesized. Although current models can
generate realistic combinations of individual concepts [14} [15]], more sophisticated concept blending
techniques are needed to ensure that the generated images not only blend features but also maintain
their semantic consistency and visual appeal.

Early methods of concept blending rely on a simple, “black-box” approach. These methods achieve
coarse concept blending by manipulating text embeddings from the input side, which typically
involves adding or reassembling the embeddings [16, [17]. However, these approaches often lead
to inaccurate representations and a lack of correspondence between visual and semantic features
due to cross-modal discrepancies. MagicMix [18]] interpolates the original class latent into another
latent space corresponding to a text prompt. While it creatively introduces latent interpolation
for mixing, it struggles with shape mismatch issues and lacks flexibility in visual transformations.
ConceptLab [[19] utilizes VLMs and latent space manipulation, but the constraints imposed during
training the additional module limit the flexibility of its application. ATIH [20], based on MagicMix,
injects trainable parameters into the denoising process and enforces similarity constraints to harmonize
the fusing of texts and images. However, the limitations of its model structure, similar to those
of MagicMix, combined with its inability to address mismatched shapes or semantically irrelevant
features, hinder its overall blending performance.

In this paper, we introduce FreeBlend, a training-free method for concept blending in image generation.
As shown in Figure 2] FreeBlend smoothly interpolates between auxiliary latents by incorporating a
feedback-driven mechanism into the diffusion model’s denoising process. As denoising advances,
the influence of auxiliary latents diminishes, allowing the blending latent to take greater control,
enhancing the blending performance and leveraging the creative power of diffusion models.

Specifically, FreeBlend consists of three core components: transferred unCLIP [21] image condi-
tions for Stable Diffusion [1]], a stepwise increasing interpolation strategy, and a feedback-driven
mechanism of the denoising process. Instead of using traditional text-based conditions, we employ
images generated from text as conditions to guide the generation process via the unCLIP model.
This approach reduces the uncertainty caused by cross-modal differences. In addition to this, we
divide the denoising process into three stages: the initialization stage, the blending stage, and the
refinement stage. At the initialization stage, the pretrained Stable Diffusion model starts with random
noise sampled from a standard normal distribution, which is then denoised under the guidance of
unCLIP image condition. At the blending stage, we add noise to the auxiliary latents derived from
the condition images to ensure to be in the same period as the blending latent. The blending and
auxiliary processes are all denoised simultaneously. Ultimately, in the final refinement stage, only the
unCLIP image condition is used to provide additional information, enabling the model to generate
images with greater clarity and finer details.

The core contributions of this paper are (i) We propose a feedback-driven latent interpolation approach
that leverages diffusion models to address the concept blending problem. Our method is designed
to be training-free and computationally efficient. (ii) Our approach incorporates unCLIP to use
images as conditions, along with a stepwise increasing interpolation strategy and a feedback-driven
denoising process to effectively blend different concepts. (iii) We conduct extensive qualitative and
quantitative experiments to validate the effectiveness of our proposed method. Multiple evaluation
metrics, including our newly introduced blending score metric, CLIP-BS, confirm that our approach
achieves state-of-the-art performance in generating blended concepts.



2 Related Work

Image Editing and Training-free Guidance. Generative models like Stable Diffusion [1], Ima-
gen [4], and DALL-E [22] have advanced text-to-image synthesis [2} 23] 24} 25] and diffusion models
have significantly advanced image editing [26} 126} 27, 128} 129} 130], image interpolation [31} 32], style
transfer [33|134]], and 3D generation [35]. DiffEdit [28] and InstructPix2Pix [29] primarily focus
on semantic image editing. DiffEdit leverages mask guidance to facilitate intuitive modifications,
while InstructPix2Pix enables efficient editing through natural language instructions. In training-free
guidance, Structure Diffusion [36] introduces structured diffusion guidance to tackle compositional
challenges, enhancing the handling of multiple objects. FreeDoM [37] is a training-free method using
energy-guided conditional diffusion for dynamic editing with conditions like segmentation maps.
FreeControl [38]] offers zero-shot spatial control over pretrained models. These methods enhance the
flexibility and precision of diffusion models for effective, retraining-free image editing. Our work
builds on this intuition and introduces a novel method for achieving a unique blending style of image
editing through training-free guidance.

Concept Composition and Blending. The field of concept composition has made significant
advancements, with the combination of multiple concepts to generate complex, multi-faceted im-
ages [14}[15139,140.41]]. Composable Diffusion [[14] introduces a compositional approach that utilizes
multiple models to generate distinct components of an image, effectively addressing challenges asso-
ciated with complex object compositions and their interrelationships. Custom Diffusion [41] explores
multi-concept customization, enabling the generation of unified, intricate images that seamlessly
blend multiple concepts. In contrast, while concept blending holds substantial promise, its practical
applications remain more limited and underexplored when compared to compositional approaches.
MagicMix [[18] addresses semantic mixing while preserving spatial layout, though its use is more
restricted due to shape limitations. Melzi et al. [16] and Olearo et al. [17] investigate concept blending
by manipulating the relationships between different prompts, with the former focusing on prompt
ratios and the latter experimenting with various mechanisms for blending text embeddings. Con-
ceptLab [19] leverages Diffusion Prior models to generate novel concepts within a category through
CLIP-based constraints, enabling the creation of unique hybrid concepts. ATIH [20] further advances
the field by introducing adaptive text-image harmony, merging text and image inputs to generate
novel objects while maintaining their original layout. Although these studies contribute to the domain
of concept blending, their overall impact has been more limited compared to concept composition,
which has inspired the completion of our work.

3 Method

3.1 Preliminaries

Our method is based on Stable Diffusion, a prominent application of the latent diffusion model [1]. It
operates within a compressed latent space, improving sampling and denoising efficiency compared
to DDPM [42] and DDIM [43]]. A VAE [44] is used to compress image representations, enhancing
computational efficiency. During training, at timestep ¢, a noisy latent vector z; is generated by
adding noise to the latent representation z, (the original clean image latent). This noisy latent is
progressively denoised over several timesteps to recover the original image.

Besides, Stable Diffusion employs classifier-free guidance [45] to control the synthesized image
content with c representing given additional conditions like text prompts, images, or other customized
properties. The model €y could be trained via the following objective:
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where €y, typically implemented by U-Net [46]] or DiT [47], represents the denoiser.

During inference, a latent z; is sampled from the standard normal distribution A/(0, T) and the trained
denoiser is used to iteratively remove the noise €; = ég(z4, ¢, ¢) in z; to produce zg. This process is
expressed as:

€0(21,t,¢) = —0Vy, log pi(zc), (2)
where é(z¢, t, c) represents the noise removal at timestep ¢, and the gradient of the log marginal
distribution provides the direction for noise reduction. In the end, the latent zg is passed to the
decoder D to generate the output image X.
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Figure 2: Overview of our method. Two input images, generated by Stable Diffusion with respective
concepts, are encoded into CLIP embeddings and mapped to a shared text space via the Linear Prior
Converter from unCLIP [21]. These embeddings condition the U-Net, one for downsampling and
the other for upsampling. The blending latent L; is initialized with Gaussian noise and processed
during initialization. The module within the dashed box is used only in the blending stage. Noise €
is added to the image embeddings to generate initial auxiliary latents, which are interpolated into

Lgt) for feedback. The latent L((Zt) is combined with L;(t) by proportion p. Updated latents L:I(t) are

refined in auxiliary inference using unCLIP embeddings to preserve original features, while L;)(t)
is denoised in the blending inference. Finally, the blending latent is refined and passed to the VAE
decoder to generate the final image.

3.2 Concept Blending with unCLIP Condition

In multimedia production, the innovation of novel entities is crucial, particularly in the development
of anthropomorphic characters. A prevalent method for conceptual innovation involves the fusion of
distinct ideas. For instance, numerous animated characters are conceived by combining elements
from various sources, such as the "[ron Man" suit and a traditional Japanese samurai’s armor.

In this section, we present a novel image generation task called concept blending. This task aims to
merge two distinct text concepts and generate blended images that retain the original shape, color,
texture, and other relevant details. To achieve this task, we first attempt to directly use texts as
condition [[16}17], but due to the low quality and visual uncertainty due to the gap of vision and text,
we decide to choose images as condition [48], 149 50].

We adopt the Linear Prior Converter from unCLIP [21]], which, like DALL-E [22]], enables images
as conditional inputs. This converter maps image embeddings to the text embedding space, and
the resulting embeddings are fed into the U-Net’s intermediate layers via cross-attention, guiding
the denoising process across all stages. While mapping image embeddings to the text space, the
transformed embeddings preserve visual-like information, similar to textual inversion [51], providing
more deterministic features and richer details than the original text embeddings.

Our model uses two types of embeddings at different phases: one during the downsampling phase and
another during the upsampling phase. Simply averaging the embeddings [[16] could lead to the loss of
essential details, such as fine textures or spatial positioning. By interacting with the text embedding
space through unCLIP, the model captures the semantic essence of the concepts while maintaining
precise control over visual attributes like shape and color.



3.3 Staged Denoising Process

To enable more flexible and precise control over the image generation process, and inspired by
previous works [18, 152} 53], we propose dividing the generation process into three stages: the
initialization stage, the blending stage, and the refinement stage. We introduce two coefficients, ¢
and t., to represent the start and end timesteps of the blending stage, respectively.

At the initialization stage, the denoising process begins with random noise, € ~ N(0, I). In this
stage, the blending latent is iteratively updated based on the input unCLIP image embeddings, which

define the basic layout of the subject and background. The process starts with LIET) = ¢, and the
blending latent is updated according to the following equation:

LY = (1,1, 2) + w- (oL 1, cuuge) — (L4 1, 2)] 3)

where w denotes the classifier-free guidance [45]] scale, and eg(Ll()t), t, c) represents the pre-trained
U-Net model with the conditional input ¢ and timestep ¢.

In the blending stage, the focus shifts to incorporating original features into the initially formed
latent. This process is guided by methods described in Section [3.4]and Section[3.5] which enable the
effective blending and filtering of features, ensuring the integration of relevant information.

Finally, at the refinement stage, the general structure of the latent has been established, and the
model’s focus moves toward enhancing finer details. The objective here is to improve the overall
appearance, making the image more natural and cohesive, while addressing any disjointedness or
artifacts from earlier stages. This phase continues to refine and improve the final image output,
building on the layout established in the initialization stage.

3.4 Stepwise Increasing Interpolation Strategy

In this section, we elaborate on how our method ensures semantic coherence and consistency. We
interpolate two image latents with the current denoising latents to encode semantic information from
both sources together, which shares similar intuition with MagicMix [18]]. The key challenge is to
select appropriate blending ratio at each timestep. One issue of using a constant blending ratio is that
we may result in blurring and unclear images, dramatically decreasing the generation quality. To
address this, for a denoising process with 7" timesteps, at timestep ¢, we apply a stepwise declining
blending ratio p, which could be expressed as

t
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and the proportion of the k-th auxiliary latent Lgk) is
l—p
A= —— 5
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where NN is the number of concepts needed to blend and we set it two. Another challenge is the
potential for biased or catastrophic forgetting of content. Specifically, the model should account for
the varying influence of different concepts. For instance, when subject concepts such as “animals”
are blended with background concepts like “plants”, the model might give more weight to the subject
concepts, resulting in generated images with a higher representation of animals.

To address this, we introduce an additional hyper-parameter, denoted as 7y, which regulates the
contribution of each image embedding in the latent space. In the case of a blending task involving [NV
images, the interpolation process can be expressed as follows:

N
L =p L+ 23y L, (6)

n=1

where y,, denotes the interpolation strength of n-th image, Ll(f) refers to the blending latent, and

L((lt’") specifies the n-th auxiliary latent at the ¢-th timestep.



3.5 Feedback-Driven Mechanism

In terms of synthesis quality, setting the time proportion of the blending stage too high can lead to
overlapping issues, particularly when the blending stage is extended too long. This indicates that the
interpolation methods used in previous approaches are unable to handle significant changes, resulting
in incomplete processing and causing overlapping effects. In contrast, earlier methods [[18] terminate
the blending stage prematurely, which restricts further blending and fine-tuning. To address this, we
propose a feedback-driven mechanism that strikes an optimal balance between these two extremes.

Specifically, L((fs’k) is initialized using the initial auxiliary latent LEP”” as follows:

L = Va, LM + VT =ape, )
(0,k)

where L, " is the embedding encoded from image. Once Ll(f) is interpolated with L((zt’k), the latter
should simultaneously undergo a feedback update using L;(t) as follows:

L;(t,k) =p- L;}(t) + (1 _p) . L((lt’k)

N
1
= (Q-p) LM+ L) +p-(1—p)‘[~Z%~L§’”)- ®)
—_— —— N —_

inherits the original appearance  integrates into the subject

maintains balance

After interpolation, L, should also be denoised normally, with ¢y, being replaced by cyp Or Cgown
according to the category of it.

As shown in Equation (8), as the timesteps decrease, p increases, which causes Ly to take up a larger
proportion of L,. Consequently, in the later stages of blending, the interpolated L, increasingly
resembles L;, thus maintaining consistency over time. The average of all previous L, values
contributes to the incorporation of general features, particularly during the middle stages of blending,

due to the coefficient p - (1 — p). Regarding L((f’k), it gradually declines in the final stages, thereby
reducing the proportion of the original features. Through this approach, the auxiliary latents are
updated by incorporating both the preceding auxiliary latents and the main blending latent.

4 Experimental Results

4.1 Experimental Settings

Datasets Construction. To ensure a fair comparison between text and image-conditioned methods
while minimizing the deviation caused by external datasets, we create the Concept Text-Image
Reference (CTIR) dataset. This dataset consists of 20 categories, each containing 30 images. The
categories have been carefully selected to represent a wide variety of real-world objects, showcasing
the model’s ability to generate content across different species and types. For evaluation purposes,
we develop the Concept Text-Image Blending (CTIB) dataset, which includes 5,700 text-image pairs.
These pairs are drawn from a set of 190 text prompts, distributed across the 20 categories, with each
category containing 30 images.

Implementation Details. We use SD-2-1! as the backbone model for the baseline comparisons.
For pipeline, we employ SD-2-1-unCLIP?, which enables image-based conditioning as an input. To
maintain a uniform resolution throughout the experiments, all images are resized to 768 x 768 pixels.
The experiments are conducted on a node equipped with 4 NVIDIA GeForce RTX A100 GPUs.

Metrics. Given the unique nature of our task compared to other generation tasks, we use four key
metrics to evaluate the blending performance: (1) CLIP Blending Similarity (CLIP-BS) is the
primary metric, which measures the CLIP [54] distance and similarity between the blending results
and the original concepts. (2) DINO Blending Similarity (DINO-BS) [55] assesses the detection
score of blending objects or the combination of one object with features from another. (3) CLIP
Image Quality Assessment (CLIP-IQA) [56] evaluates the image quality and the degree of match for
the blending objects. (4) Human Preference Score (HPS) [57] measures human preferences for the
blending results based on blending object prompts. Further explanation is provided in Appendix [G]

"https://huggingface.co/stabilityai/stable-diffusion-2-1
https://huggingface.co/stabilityai/stable-diffusion-2-1-unclip
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Figure 3: At the top are the concepts, and on the left are the methods we compare. Each row shows the
results, with three images per method and concept pair, evaluating our method against five blending
methods. Unlike others, which can suffer from rigid splicing, discordant compositions, or concept
bias, our method smoothly integrates features from different concepts into a cohesive new object.

4.2 Qualitative Comparisons

The qualitative comparison of our method with five existing approaches applicable to the concept
blending task is shown in Figure[3] We observe that interpolated text embeddings [16] tend to favor
one category, failing to integrate both concepts effectively. Composable Diffusion [14] introduces both
categories but often results in them co-occurring rather than blending harmoniously. MagicMix [18]
heavily relies on shape similarity between the reference image and the categories, struggling when the
categories are dissimilar, such as “dog-neon light” or “orange-robot”. unCLIP-T and unCLIP-U [21]
blend the two concepts well, but their blending direction and extent are suboptimal, failing to generate
a meaningful blend when the categories lack visual similarity. In contrast, our method effectively
merges both categories, producing well-integrated results even with highly distinct concepts like
“car-cat” or “dog-neon light”.

4.3 Quantitative Comparisons

We evaluate our method on our designed CTIB dataset with four key metrics, with the results
presented in Table[T] The results demonstrate that our method significantly outperforms all other



Table 1: Quantitative comparisons with other methods. Our method outperforms all other methods
across all metrics, including the main blending effect (CLIP-BS), the blending objects detection
metric DINO-BS, image quality (CLIP-IQA), and better human preference (HPS).

Methods CLIP-BS(?1) DINO-BS(1) CLIP-IQA(T) HPS(1)

MagicMix 8.3063i 2.4757 0.2485:|: 0.1575 0.44351 0.0980 0.27101 0.0290
Composable Diffusion [IE] 6.1374i 1.9454 0.2441 + 0.1655 0.42701 0.1082 0.2903:|: 0.0277
unCLIP-T [21] 8.7433 L 31800  0.22141 01680  0.44364+ 01073  0.23841 90285
unCLIP-U [21] 8.7346£ 31577 0.21904+ 0.1703 0.4450+ 91061 0.2385+ 0.0280
TEXTUAL 78102426850  0.2366+ 01537 04164101143 0.2399+ 0.0230
UNET 8.5080+27110  0.2481+0.1628  0.35441 02785  0.24054 0.0326
AID 7.0438+3039s  0.23551 01655  0.42134 01132 0.25514 0.0300
FreeBlend(Ours) 91555 57134 0.2743 1 91586 0.52381 90975  0.29321 ¢.0316

Table 2: Ablation study with different interpolation strategies. The results demonstrate that our
increase strategy outperforms both the invariant and decline strategies.

Increase Invariant Decline CLIP-BS(1) DINO-BS(1) CLIP-IQA(T) HPS(T)
v 91555127134 0.2743 101586 0.52381 00975  0.2932 ¢.0316
v 7.8891+28732  0.19704+ 01480  0.4861+£00000  0.2769+ 0.0264
v 8.53554+ 30604  0.22221 01622  0.4981+00836  0.2712+ 0.0308

approaches across all metrics. This indicates that the quality and the blending effect of our synthetic
images achieved by our method is the most visually pleasing.

Reference 1 Reference 2

0-5 0-7 0-9 7-0 7-7 7-3 7-5

Figure 4: Ablation study on the impact of . The results show that, in the first row, better blending is
achieved on the left side, while the right side appears more spliced. In the second row, both sides
exhibit a more visually appealing effect. The blending process, however, is inherently subjective, and
users can adjust the parameter -y to tailor the output according to their preferences. By adjusting v,
users can control the contribution of each concept, thereby mitigating associated biases.

4.4 Ablation Study

Mitigation of bias. Different concepts inherently exhibit biases in Stable Diffusion, likely due to the
training datasets and their relevance to specific concepts or content. So we introduce an additional
parameter, -, to reduce the bias toward specific categories in the generated output image. As shown
in FigureEI, we vary v within the range [0.5, 1.5]. Our observations show that as v moves from 0 to 2,
the generated image gradually transitions from resembling reference 1 to favoring reference 2. This
provides us with the flexibility to adjust the interpolation strength, allowing for precise control over
the image’s characteristics and enabling the achievement of optimal results.

Interpolation Strategy. Table [2]illustrates the impact of different interpolation strategies. In the
blending stage, we vary the blending ratio between the interpolated auxiliary latents and the blending
latent. From this table, we observe that the “increase” strategy yields a higher CLIP-BS and CLIP-
IQA score. As p increases, the blending latent gains more weight relative to the auxiliary latents,
resulting in the final output exhibiting features of both kinds. However, the “invariant” method leads
to a rigid adjustment, yielding the lowest performance. On the other hand, the “decline” strategy
prioritizes the auxiliary latent space and avoids blending, which clearly results in ineffective blending.



Table 3: Ablation study with staged denoising process. The results demonstrate that our staged
denoising process effectively enhances both the blending quality and the scores. Both the initialization
and refinement stages contribute to the overall improvement.

Initialization  Blending  Refinement CLIP-BS(1) DINO-BS(?) CLIP-IQA(T) HPS(1)
v 8.3716+ 28550  0.25204 ¢.1542 0.5288_ 0.0965 8.95524 27259
v v 8.33821 28608  0.2655+01s62  0.52821 00034  8.98321 25083
v v 8.5026+ 28505 02617101501 0.5222+ 01006 =~ 9.1313+ 26041
v v v 91555 57134 0.2743 L 91586 0.52381 0.0975 9.1555+ 27134

Staged Denoising Process. We validate the impact of our staged denoising process in Table[3] The
results demonstrate that both the initialization and refinement stages enhance the stability and quality
of the generation. This highlights the effectiveness of the initialization stage in shaping the structure
of the initial latents, while the refinement stage successfully adds finer details to the images.

Feedback-Driven Mechanism. eagle + parrot  clock + lemon robot + burger  orange + teddy
We conduct an ablation study in y S i
Table [7] to validate the effect of
the feedback-driven mechanism.
The results demonstrate the im-
pact of our feedback mechanism
in blending different concepts.
The DINO-BS score, however,
is not optimal, which may be
due to the surprising overlap of
blended objects, thus boosting
the score. We also present an in-
tuitive visual comparison in Fig-
ure 5] where our effect is clearly Figure 5: Ablation study of the feedback mechanism: removing
significant. the feedback module causes image overlap, disrupting blending
and preventing integration.
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4.5 User Study

We also conduct a user study to evaluate human preference for the blending results with images
generated by different methods. Our survey comprises 50 sets of blending pairs. With the active
participation of 26 volunteers, we successfully collected a total of 1300 votes. The results are
displayed in Table[d] These findings not only affirm the effectiveness of our approach but also provide
valuable insights into user preferences in the context of concept blending.

Table 4: User study results comparing FreeBlend with three other methods. Higher values indicate
better user preference.

Method MagicMix TEXTUAL Composable Diffusion  FreeBlend(Ours)  Total
User Votes (1) 49(3.77%)  42(3.23%) 127(9.77%) 1082(83.2%) 1300

5 Conclusion

Blending multiple concepts into a single object based on diffusion models is both interesting and
valuable for 2D content creation. However, it is quite challenging, as it requires controlling the
diffusion model to generate objects that have never been seen before. In this paper, we introduce
FreeBlend, a training-free method to blend concepts with stark inherent semantic dissimilarities. At its
core, FreeBlend employs the unCLIP model with images as conditions and utilizes a novel proposed
interpolation strategy with feedback. Extensive qualitative and quantitative studies demonstrate that
our method effectively blends disparate concepts, significantly surpassing the prior SOTA counterparts.
Moving forward, exploring alternative ways to address the preference dynamics between different
concepts may further improve the performance.
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A T-SNE Analysis

In this section, we explore the CLIP embedding space of blended images. Given the high dimen-
sionality of the embeddings, we apply t-SNE [58]] for dimensionality reduction and visualize the
embeddings in 2D to illustrate their spatial relationships with the corresponding concepts.

transport 8

20 R aquatic animals @&

®

quadruped h

Figure 7: Visualization of the CLIP feature dis-
tribution for original class images and blending
class images after dimensionality reduction via
t-SNE.

Figure 6: Visualization of the CLIP feature dis-
tribution for various image categories after di-
mensionality reduction via t-SNE.

In Figure[] it is evident that semantically related categories tend to be positioned closer to each other,
while unrelated categories are spaced farther apart. This is reasonable given the contrastive training
objective of CLIP. In Figure[7} we observe that the blending images exhibit a strong relationship with
the original classes. Notably, these blending images are generally biased towards one of the original
classes, which reflects the inherent bias in the concept blending task.

Specifically, we notice that the blending images are not located at the midpoint between the original
classes. We hypothesize that this observation can be attributed to the following factors: a) t-SNE is a
non-linear dimensionality reduction technique that aims to map similar points in high-dimensional
space to nearby points in low-dimensional space, while preserving local structures rather than global
relationships. Consequently, the position of points in the t-SNE plot may not necessarily correspond
to the relative position of categories in the original feature space. b) The feature vector of the blended
class may not be positioned directly between the two original classes. This could be due to: i) The
blended class containing a mixture of features from original classes, with the resulting feature vector
being closer to one of the original classes in the feature space. ii) The blended feature may have a
direction in the feature space that is relatively distant from both original classes. In certain cases,
this could cause the blended class’s feature vector to extend further from the center, leading to its
placement behind the original classes in the t-SNE plot, rather than being positioned between them.

B Comparison on TIF Dataset

To provide a convincing comparison with other image-conditioned methods, we conduct experiments
on the TIF dataset [20]. Table [5]demonstrates that our method consistently achieves superior results.

Table 5: Quantitative comparisons with other image-conditioned methods on TIF dataset.

Methods

CLIP-BS(1)

DINO-BS(1)

CLIP-IQA(1)

HPS(1)

unCLIP-T [21])

11.2156+ 43520

0.2277 1 0.0415

0.41624 0.1504

0.20204 0.1954

unCLIP-U [21] 11.2767+ 21601 0.16871+0.1889 ~ 0.4399+ 01611 0.21634 00445
AID [32] 1 1.2288i 3.6646 0.1378i 0.1792 0.4378i 0.1630 0-2191i 0.0438
FreeBlend(Ours) 11.97405: 4.0038 0.1784i 0.1715 0.50295: 0.1663 0.2500:|: 0.0465
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C More Ablation Study

Conditions for Denoising Process. Table[6|presents the results of our ablation study under different
conditions. For text conditions, we use the TEXTUAL and UNET text prompt blending methods
for comparison. For image conditions, we apply the unCLIP method along with either unCLIP-T
(TEXTUAL-like) or unCLIP-U (UNET-like) image blending methods. We also explore the method
of simultaneously using text and images. The results demonstrate that the unCLIP-U method yields
the best performance compared to other conditions, while text-based conditions tend to reduce the
effectiveness of the generation.

Table 6: Ablation study for our method with different conditions. We find that the unCLIP-U method,
which incorporates two embeddings—one for downsampling and the other for upsampling—achieves
the best blending results.

TEXTUAL UNET unCLIP-T  unCLIP-U CLIP-BS(1)

v 8.5577+ 26566

v 9.15551 27134

v 75187+ 25852
v v 8.81704 27085
7.4068+ 2.5855

6.9255+ 24354

v 9.0260 27108

SNENEN
\

auxiliary latent A

A

source image B auxiliary latent B
blending latent timestep t; = 3 (10%)
v

Diffusion

Figure 8: Visualization of our staged denoising process. From the image, we can observe the effects
of the three stages. From the start to ¢, the image establishes the basic layout of the blending. During
the blending stage, both the blending latent and the auxiliary latents are iteratively updated. Finally,
in the refinement stage, the quality of the blended image is significantly improved.

Visualization of Staged Denoising Process. Here, we provide a more detailed description of the
staged denoising process employed in our method. To facilitate understanding, we visualize the
intermediate latent representations, including the blending latent L; and the auxiliary latents Lgt’”)
(n=0,1,2,..., N)at various stages of the process. The results are presented in Figure@ Specifically,
we focus on timesteps 3 and 22, as they correspond to the initial and final stages where our method
begins to exhibit its effects. These visualizations demonstrate how the latents evolve over timesteps,
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gradually converging to a consistent structure. Through the feedback interpolation module, the
blending latent and auxiliary latents seamlessly merge, ultimately resulting in a coherent output
image.

Table 7: Ablation study with our feedback mechanism.

Feedback CLIP-BS(f)  DINO-BS(1)  CLIP-IQA(?) HPS(1)

8.92114 3.0076 0.2860- 0.1663 0.4874+ 0.1035 0.2866+ 0.0305
v 9.1555+ 27134 0.2743 1 0.1586 0.5238.+ ¢.0975 0.2932.1 ¢.0316

D Details of Dataset Construction

Table 8: Categories of Concepts. Categories of these selected concepts for blending are designed to
encompass the primary objects commonly found in the real world.

Category Names
Transports airplane, bicycle, car, ship
Animals bird, cat, cattle, dog, fish, squirrel, shark
Common objects chair, desk, phone, robot, lamp
Nature rose, lavender, lemon, water

The designed category list can be divided into four distinct groups based on their characteristics, as
shown in Table 8] This categorization provides a clear organization of items based on their respective
categories and reflects common concepts encountered in daily life.

E Why Vanilla Stable Diffusion Fails

A car with cat head. A dog with lemon

looking and texture.

A mixture of pineapple

A teddy bear with
¥ % and cat.

Broccoli texture.

A robot with orange

A hybrid creature of
looking and texture.

green parrot and
teddy bear.

Figure 9: Relying solely on prompts for concept blending, we find that Stable Diffusion 2.1 often
fails to effectively merge the concepts as instructed. Instead, it typically depicts the two concepts as
separate, coexisting elements within the image.
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AID DiffiMorpher Image Interpo FreeBlend(Ours)

Figure 10: When compared to other image interpolation methods, we find that AID [32] exhibits a
stronger attention bias towards maintaining the quality of generated images, but it does not effectively
blend concepts together. DiffMorpher [59] is designed to smoothly transfer one image to another, but
when applied to unrelated concepts, it generates white noise. On the other hand, Image Interpo [31]
interpolates between two different images but suffers from significant overlapping issues.

F More Style Tasks

Image Interpolation Task. Figure [I0]presents a qualitative comparison with other image interpola-
tion methods, demonstrating that our method achieves the best results.

References  MagicMix (Fail to edit!) FreeBlend(Ours)

g —
12 T
ale] : a\
s N o3
8 A L |
7 g E

Figure 11: Comparison with the setting of MagicMix [18]. Given a reference image and a prompt, the
model can transfer the reference image to another concept. From the results, we observe that when
there is a significant semantic and shape gap between the original and target concepts, MagicMix
struggles to modify the original image while preserving its features, without introducing new ones.
This highlights that our method is capable of handling concepts with substantial semantic and shape
differences.

Switching One Condition from Image to Text. Figure |11 presents the qualitative comparison
between MagicMix [[18] and our method.

Style Transfer Task. Figure [I2]illustrates the impressive visual performance of our method on
the style transfer task. Given a reference image and a content image, our training-free approach
effortlessly transfers the content into the style of the reference, demonstrating both the adaptability
and compatibility of our method for this task.

G Details of Metrics

We calculated the corresponding scores for each image within a category, then computed the average
score for that category, and finally determined the overall average score for the entire dataset.
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Figure 12: Adapting our method to the style transfer task.

CLIP-BS. For class A and class B, we calculate the CLIP blending score using the following
equation:

Scorecpip-ps = Z {Score(lmageblendmg,Promptz-) — Score(Image
i=1

original ; »

Prompt,)] ,  (9)

where Score(+, -) is the cosine similarity score computed by the CLIP model using the input image
and prompt, Imagey,;.,,qin, represents the generated blended images, Image ., - denotes the original
images of class 4, and n is the number of concepts blended. Prompt; refers to the prompt for class
i, formatted as “a photo of a {class}” to minimize noise in the image generation process. This
metric can also be interpreted as the high-dimensional distance between the blended concepts and the
original ones. It represents the total distance between the blended concept and each of the original
concepts. A larger score generally indicates the dimensional center of the original concepts. Note that
irrelevant content could potentially receive a high score using this metric due to unrelated features.
However, this scenario is unlikely to occur, as our generated images are based on relevant concepts.

DINO-BS [55]]. Grounding DINO is an open-set object detection model designed to improve the
ability to interpret human language inputs through tight modality fusion and large-scale grounded pre-
training. The model excels at detecting unseen objects and can perform effective zero-shot transfer
learning, even for categories not encountered during training, by leveraging language prompts. To
guide the model in detecting blended objects, we designed two specific prompts: “a {concept_a} with
blending features from {concept_b}” and “a {concept_b} with blending features from {concept_a}”.
These prompts help the model appropriately recognize and identify the blended objects.

CLIP-IQA [56]. This metric employs a thoughtfully crafted prompt pairing strategy to reduce linguis-
tic ambiguity and effectively harness CLIP’s pretrained knowledge for assessing visual perception.
In our task, we design specific prompt pairs like (“mixed”, “dull”), (“blending features from two
different objects”, “natural object from one object”).

HPS [57]. This metric more accurately predicts human preferences for generated images. The
designed prompt is “a photo of a blended object combining mixed features from {concept_a} and
{concept_b}”.
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H Ba

seline Methods

In this section, we describe the baseline methods used in our study:

I Use

Single Choice Votin

*03 Which image

MagicMix [18]. The original MagicMix method modifies the input image using a text
prompt from a different class to transfer the image’s characteristics. In our implementation,
we first generate the original image using a class text prompt with Stable Diffusion, and then
pass it into the original MagicMix pipeline.

Composable Diffusion [14]. This method decomposes the text description into components,
each processed by a different encoder to produce a latent vector capturing its semantic
information. Multiple diffusion models are then used to independently generate images
for each component. The Conjunction operation combines these components into a single
image. This approach excels in zero-shot compositional generation, allowing the model to
create novel combinations but not blending of objects and their relationships, even without
prior training on such combinations.

unCLIP-T [56]. The unCLIP model leverages images as conditioning inputs, replacing
traditional text prompts, by training several linear layer adapters. In this implementation,
image embeddings are treated similarly to text embeddings, with their average embedding
being computed to serve as the conditions.

unCLIP-U [56]. This implementation is akin to unCLIP-T, with the key difference being
that the image embeddings are integrated using the UNET method.

TEXTUAL [16]]. This method encodes the text prompts into text embeddings and computes
their average embedding to input into Stable Diffusion for generating blended images.
However, it is unstable within the embedding space and constrained by the semantic scope
of the concepts involved.

UNET [17]. This method uses the first text embedding for the conditions of downsampling
of U-Net [46] and the second one for the upsampling of the U-Net.

AID [32]. This paper introduces Attention Interpolation via Diffusion (AID), a training-
free method for improving conditional image interpolation in text-to-image models. AID
enhances consistency and smoothness, with a variant (PAID) enabling user-guided interpo-
lation. Experiments show AID outperforms traditional methods and enhances control for
image editing.

r Study

9 Single Choice Voting

je most effectively blends the concepts of a 'teddy bear' and 'broccoli'? * 04 Which image most effectively blends the concepts of a 'dog' and 'robot™?

Please select the one option that best matches the instructions. Please select the one option that best matches the instructions

!
|
!
ks
[

Figure 13: Screenshots of user study.

The screenshots in Figure T3] display our questionnaires used to assess the validation of different

methods.
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J More Visual Results

Figure[T4]and Figure [I5] present several of our blending results, highlighting the strong capabilities of
our method for both concept blending and generation tasks.

K More Analyses of Blending Results

Blending is a multifaceted process that occurs across various domains, each exhibiting distinct
characteristics and behaviors. In the study of embedding blending, it is evident that different
categories impose constraints on the resulting blends.

K.1 Results from Different Categories of Concepts

Table 9: Mean scores for different categories.

Category CLIP-BS(T) DINO-BS(1) CLIP-IQA(T) HPS(1)
Animals 9.4410 0.2460 0.5160 0.2800
Common objects 7.9810 0.4160 0.5270 0.3000
Nature 9.2250 0.4190 0.3330 0.2760
Transports 9.3100 0.2280 0.5430 0.3060

Table 10: Mean scores for blending category pairs.

Category Pair CLIP-BS(T) DINO-BS(1) CLIP-IQA(T) HPS(T1)
Animals & Common 8.7110 0.3308 0.5212 0.2908
Animals & Nature 9.3330 0.3323 0.4244 0.2780
Animals & Transports 9.3760 0.2369 0.5294 0.2930
Common & Nature 8.6030 0.4170 0.4298 0.2880
Common & Transports 8.6450 0.3217 0.5348 0.3030
Nature & Transports 9.2680 0.3232 0.4380 0.2910

Table [9] and Table [I0] show the blending scores of four metrics for different category pairs. The
CLIP-BS in Table[9]indicates that similar types of objects, such as animals, nature, and transports,
achieve higher scores. However, for common objects, the score is lower due to the larger diversity
within this category. Regarding DINO-BS, categories in nature tend to blend more successfully. In
the case of HPS, we observe that transport categories generate higher-quality images. In Table[T0}
the pattern is similar to that in Table [0] where the best scores align with the original categories.
Additionally, compared to nature categories, animals tend to blend better, which we hypothesize is
due to biological reasons discussed below.

K.2 Factors of Blending Concepts

Distance between Concepts. Distance is a crucial factor that determines the effectiveness of the
blending. This principle is illustrated through t-SNE analysis in Appendix [A] which demonstrates
how the proximity of two concepts within an embedding space influences their ability to blend.
When two concepts are close to each other in this space, they blend easily, forming a cohesive blend.
However, as the distance between the concepts increases, the blending becomes less seamless. For
example, concepts that are close in proximity, such as cats and dogs, tend to blend effortlessly, with
the final output lying somewhere between both concepts. When concepts are moderately distant,
such as a cactus and a rose, partial blending occurs, with the resulting image leaning more towards
one concept while still maintaining some elements of the other. As the distance between concepts
becomes even greater, such as in the case of an airplane and a bird, the blending becomes limited,
and the final result often favors one concept, with the other remaining a secondary influence.
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L Limitations and Future work

In the case of the Stable Diffusion model, the bias towards different concepts requires adjusting the
parameter -y, a process that is cumbersome and inefficient. Moreover, when blending three or more
concepts, it becomes challenging because the UNET architecture can only support two conditions.
Therefore, our goal is to explore more stable, cost-effective, and training-free generation methods,
while also seeking a more structured approach for blending multiple concepts.

M Impact Statement

This paper presents a contribution aimed at advancing the field of concept blending. We explicitly
state that our work is intended for academic research and commercial applications, provided such uses
are authorized by the author. However, we strongly emphasize that we do not condone, nor do we
support, the use of our research to generate harmful, unethical, or unlawful content. The generation
of unsafe or offensive images that violate ethical standards, legal regulations, or societal norms is
strictly prohibited. We use the Safe Checker from Stable Diffusion [1] to prevent the generation of
unsafe content. As researchers, we believe it is our responsibility to ensure that our work is used for
the betterment of society and in a manner that aligns with fundamental ethical principles.
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Figure 14: More blending results. Given two concepts, our approach can blend them into a novel
object that the model has never seen before, generating high-quality images.
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Figure 15: More blending results. Given two concepts, our approach can blend them into a novel
object that the model has never seen before, generating high-quality images.
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