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(a) Adversarial Guidance across Different Outputs: State-of-the-art diffusion models are observed to suffer from limited diversity (e.g., ethnic, racial,
gender etc.). NegToMe can be used to improve output diversity by adversarially guiding each image away from each other during reverse diffusion process.

RAG Asset Output SDXL Neg-Prompt: Elsa NegToMe RAG Asset Output SDXL Neg-Prompt: Thor NegToMe

Prompt: "Frozen, Disney, Snow, Silver, Winter, cartoon" Prompt: “god of thunder”
(b) Adversarial Guidance with Copyrighted Content: Diffusion models can generate copyrighted content. Moreover, using negative prompt for avoiding
this is often insufficient. NegToMe helps better reduce similarity to copyrighted characters, by guiding diffusion features away from copyrighted images.

Figure 1. We introduce NegToMe, a training-free approach for adversarial guidance directly using images instead of a negative prompt.
Above we show its applications for a) improving output diversity (visual, gender, racial) by guiding each image away from others, b) reduc-
ing visual similarity to copyrighted characters, by guiding outputs away from copyrighted images. (refer Sec. 4 for further applications).

Abstract
Text-based adversarial guidance using a negative

prompt has emerged as a widely adopted approach to push
the output features away from undesired concepts. While
useful, performing adversarial guidance using text alone

can be insufficient to capture complex visual concepts and
avoid undesired visual elements like copyrighted charac-
ters. In this paper, for the first time we explore an alter-
nate modality in this direction by performing adversarial
guidance directly using visual features from a reference im-
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age or other images in a batch. In particular, we introduce
negative token merging (NegToMe), a simple but effective
training-free approach which performs adversarial guid-
ance by selectively pushing apart matching semantic fea-
tures (between reference and output generation) during the
reverse diffusion process. When used w.r.t. other images in
the same batch, we observe that NegToMe significantly in-
creases output diversity (racial, gender, visual) without sac-
rificing output image quality. Similarly, when used w.r.t. a
reference copyrighted asset, NegToMe helps reduce visual
similarity with copyrighted content by 34.57%. NegToMe
is simple to implement using just few-lines of code, uses
only marginally higher (< 4%) inference times and gener-
alizes to different diffusion architectures like Flux, which do
not natively support the use of a separate negative prompt.
Code is available at https://negtome.github.io.

1. Introduction

Large-scale text-to-image (T2I) diffusion models [10, 32,
37, 38, 41, 49] have made unparalleled progress and allow
for generation of powerful imagery. Despite these advances,
guiding the generation process adversarially to avoid gener-
ation of undesired concepts [4] remains a challenging prob-
lem. Such guidance is advantageous for several applications
such as improving image quality (by guiding away from
low-quality features), improving output diversity (by guid-
ing each image away from each other), avoiding undesired
concepts such as copyrighted characters (Fig. 1, 2) [17] etc.

Existing methods in this direction predominantly rely
on the use of negative prompt [3, 21] for adversarial guid-
ance. However, use of negative-prompt alone for adversar-
ial guidance suffers from some limitations; capturing com-
plex visual concepts using text-alone can be hard (trying to
capture every detail: pose, action, background etc. for child
in a park in Fig. 2). The use of negative-prompt alone might
be insufficient to remove undesirable visual features (e.g.,
copyrighted characters in Fig. 1). Furthermore, using a sep-
arate negative prompt itself may not be feasible when using
state-of-the-art guidance distilled models like Flux [6].

In this paper, we explore an alternate modality in this di-
rection by performing adversarial guidance using images.
Our key intuition is that even if describing the undesired
concepts is not effective or feasible as text (child in park
for Fig. 2), we can directly use the visual features from a
reference image in order to adversarially guide the genera-
tion process. For instance in Fig. 2, instead of trying to ex-
haustively describe the child’s attire, placement, pose, back-
ground etc., we wish to directly use the visual features from
the reference image to guide the generation process. Sim-
ilarly, in cases where a negative prompt alone is not suffi-
cient (e.g., copyrighted characters in Fig. 1), we can better
guide the generation away from undesired concepts by di-
rectly using the character images for adversarial guidance.
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“starry night …
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“a cat”

Base (Flux)Interpolate Extrapolate

Figure 2. Image-based adversarial guidance. Simply adjusting
the reference allows for a range of custom applications with Neg-
ToMe (e.g., improve output quality by using a blurry reference).

To this end, we propose negative token merging (Neg-
ToMe), a simple and training-free approach which achieves
adversarial guidance by selectively pushing apart semanti-
cally matching features (between the reference image and
generated outputs) during the reverse diffusion process.
NegToMe is easy to implement with only a few lines of
code and can be integrated into various diffusion architec-
tures, enabling a range of custom applications (see Fig. 2);
1) adversarial guidance for visually complex concepts (e.g.,
‘child in a park’), 2) style-guidance for excluding specific
artistic elements, 3) enhancing output aesthetics using a
blurry reference image, and, 4) object feature interpolation
or extrapolation e.g., between a kitten and young cat (Fig. 2)
to inter-extrapolate visual features for cat age, size etc.

In particular, to demonstrate the practical usefulness of
the proposed approach, we identify two prominent use-
cases of NegToMe; 1) improving output diversity (when
performed w.r.t other images in same batch), and, 2) reduc-
ing visual similarity to copyrighted characters (when per-
formed w.r.t a copyrighted RAG database). For instance,
it has been empirically shown [29] that state-of-the-art dif-
fusion models often struggle from the problem of limited
output diversity (e.g., limited racial, gender diversity for a
prompt for a person in Fig. 1). The use of NegToMe across
a batch, inherently helps addresses this problem by pushing
visual features of each image away from the each other dur-
ing reverse diffusion process. Through both qualitative and
quantitative results (refer Sec. 4.1) we show that NegToMe
helps significantly improve output diversity (racial, gender,
ethnic, visual) without requiring any training or finetuning.

Similarly, when performed w.r.t to a copyrighted RAG
database (Sec. 4.2), we observe that NegToMe comple-
ments and improves over traditional negative-prompt based
adversarial guidance [17] for reducing visual similarity with
copyrighted characters. Experiments reveals that despite its
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(c) Negative Token Merging: NegToMe

Input: Source and 
Reference Tokens 
at any timestep t 

Step 1: Semantic Token 
Matching from Source to 

Reference Tokens

Output: Output 
tokens  after negative 

token merging

Step 2: Threshold based on 
source-to-target similarity

and rearrange

Step 3: Simple linear extrapolation to push the 
source tokens away with respect to the best 

semantically matching target tokens

(a) Image-based adversarial feature guidance (b) Transformer Block + Negative Token Merging

Prompt: “a 3D animation of a child playing in a park”
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Figure 3. Method Overview. (a) The core idea of NegToMe is to perform adversarial guidance directly using visual features from a
reference image (or other images in the same batch). (b) NegToMe is simple and can be applied in any transformer block. (c) A simple
three step process for performing adversarial guidance using NegToMe (refer Sec. 3 and Alg. 1 for the detailed implementation).

simplicity, the proposed approach helps reduce visual sim-
ilarity to copyrighted content by 34.57% while using only
marginally higher (< 4%) inference times (Sec. 4).

2. Related work
Adversarial feature guidance using a negative prompt has
been widely explored for a range of applications [2, 4, 17,
21, 47]. While remarkable, as discussed in Sec. 1 we find
that the use of a negative-prompt alone might not always be
sufficient (Fig. 1, 2) or even sometimes feasible [6]. Our
work thus explores a complementary modality by perform-
ing adversarial guidance directly using a reference image.
Token merging [7, 8] proposes to increase the throughput
of existing ViT [11] models by gradually merging redundant
tokens in the transformer blocks. Recent works [27, 48]
apply the idea of token merging for video editing in order
to better maintain temporal coherence of the edited video.
In contrast, we explore cross-frame negative token merging
as a mechanism for providing adversarial feature guidance.
Increasing output diversity has been explored to ad-
dress mode-collapse with diffusion models [5, 29, 34, 50].
The reduced diversity occurs due a several factors includ-
ing training-data imbalance, classifier-free guidance [21],
preference-optimization finetuning [26, 36] etc., and is hard
to eliminate at pretraining stage. Prior works on addressing
this often require costly retraining / finetuning [29]. In con-
trast, we propose a simple training-free approach which in-
herently improves semantic diversity of the output features.
Copyright mitigation. The growing concern over copy-
right infringement by generative models, has attracted sig-
nificant attention in recent literature [18, 25, 31, 39, 40, 44].
A particularly pressing issue is generation of copyrighted
characters by diffusion models [15, 17, 18, 24, 46]. Prior
works for addressing these risks typically require expensive
finetuning and unlearning [9, 16, 51] to remove copyrighted
information from model weights. Our work (NegToMe)

thus provides a simple approach for reducing visual simi-
larity to copyrighted content in a training-free manner.

3. Negative Token Merging
Our goal is to insert a negative token merging module into
an existing diffusion model [6, 33], in order to perform
adversarial feature guidance w.r.t other images in a batch
(Sec. 4.1) or a real-image input (Sec. 4.2). The core idea
of our approach is to perform adversarial guidance by push-
ing each output token (source) away from its best match-
ing token (target) in the reference image. The negative to-
ken merging module is applied between the attention and
MLP branches of each transformer block (Fig. 3). In partic-
ular, given the output of the attention block, we first perform
cross-image token matching to find the best matching target
token for each output source token. We then apply simple
linear extrapolation pushing each source token away from
its best matching target token. Fig. 3 provides an overview.

Semantic Token Matching. A key idea behind Neg-
ToMe is to push each output token (source) away from
its semantically closest token (target) in the reference im-
age during the reverse diffusion process. This requires ac-
curate computation of semantic token-to-token correspon-
dences (e.g., head of child in Fig. 3) between the generated
tokens and the tokens in the reference image. Luckily, we
can leverage the rich semantic structure of the intermedi-
ate diffusion features [45, 52] itself to compute cross-image
token-token similarities using noisy latent features itself.

In particular, given the output Osrc ∈ RB×N×D of an
attention block (B is the batch size and N is the number
of image tokens), we first compute similarity w.r.t the refer-
ence image tokens Oref ∈ R1×N×D as follows,

S(Osrc,Oref ) = Õsrc · ÕT
ref ; S ∈ RB.N×N , (1)

where Õsrc, Õref refer to the frame-level normalized
source and reference image tokens, respectively. We next
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Algorithm 1 NegToMe: Negative Token Merging
def NegToMe(x_src, x_ref, alpha, threshold):

"""
x_src: [B, N, D]
x_ref: [N, D]
alpha: float
threshold: float
"""
# 1) Normalization
x_src_norm = F.normalize(x_src, dim=-1)
x_ref_norm = F.normalize(x_ref, dim=-1)

# 2) Cosine similarity
cosine_similarity = x_src_norm @ x_ref_norm.T

# 3) Find source-to-target match and rearrange
max_similarity, argmax_indices =

cosine_similarity.max(dim=-1)
x_target = x_ref[argmax_indices]

# 4) Threshold and merge
threshold_mask = max_similarity > threshold
x_merge = torch.where(

threshold_mask.unsqueeze(-1),
(1 + alpha) * x_src - alpha * x_target,
x_src)

return x_merge

use the similarity matrix S ∈ RB.N×N in order to compute
the best matching target token for each source token as,

Otarget = Oref [argmax {S(Osrc,Oref )}] (2)
Otarget = H⊙Otarget + (1−H)⊙Osrc, (3)

where H = 1 [max{{S(Osrc,Oref )} > τ ] helps ensure
that source-tokens with source-to-target token similarity be-
low a threshold τ (i.e., no good semantic match is available)
are not modified during negative token merging.

Source-to-Target Token Extrapolation. Given the
semantically-matched target token matrix for the source to-
kens Osrc, we next perform a simple linear extrapolation
between the source and target tokens as,

Omerge = (1 + αt) Osrc − αt Otarget, (4)

where αt is a time-dependent affine-coefficient, which helps
control the degree to which the source and target tokens are
pushed apart during the reverse diffusion process.

Masked Adversarial Guidance. While performing ad-
versarial guidance w.r.t the entire reference image is useful
(e.g., increasing diversity), we may also wish to perform ad-
versarial guidance only w.r.t to certain parts of the provided
reference. For instance, when performing copyright mitiga-
tion (Sec. 4.2), we may wish to reduce visual similarity only
with respect to the copyrighted character without being af-
fected by background noise or features. Similarly, masked
guidance may also be useful in order to perform adversar-
ial guidance with specific subparts (e.g., red hat, mustache,
pony tail) of the provided reference image.

In particular, given an additional mask binary input Mref

for the reference image, we can perform masked adversarial
guidance by simply introducing a bias-term in the source-
to-target similarity S ∈ RB.N×N computation as,

S(Osrc,Oref ) = Õsrc · ÕT
ref + log(M̃ref + ϵ), (5)

where ϵ = 10−6 and M̃ref ∈ R1×N is original mask Mref

resized and flattened to match the corresponding sequence
length N for attention block output Osrc ∈ RB×N×D.

Application to MM-DiT Models. A key advantage of
the proposed approach is that it is also easily extendable
to guidance-distilled MM-DiT architectures such as Flux
[6], which do not natively support the use of a separate
negative prompt. In particular, given an output Ojoint ←
(Otext,Oimg) of the joint-attention block [6, 13], NegToMe
can be easily applied as follows,

Ojoint ← {Otext ⊕ fneg(Oimg, Oref , αt, τ)}, (6)

where fneg(.) is NegToMe function from Alg. 1, and ⊕ is
the matrix concatenation operation along sequence length.

4. Experiments

In this section, we demonstrate the practical usefulness of
our approach for two prominent applications of NegToMe;
increasing output diversity (Sec. 4.1) and reducing visual
similarities to copyrighted characters (Sec. 4.2). We further
showcase more general applications of NegToMe in Sec. 5.

4.1. Increasing Output Diversity
We evaluate the performance of our approach for increasing
output diversity when performing negative token merging
w.r.t to other images in the batch. To facilitate easy visual
comparison, we perform negative token merging w.r.t the
first image in each batch. Unless otherwise specified, all
results are reported using the same text-to-image generation
base-model [6, 33] on a single Nvidia-H100 GPU.
Dataset and Setup. We first construct an input prompt
dataset comprising 20 general object categories (e.g., an-
imal, woman, bird, car etc.) across 7 different prompt
templates (e.g., “a photo of a”, “a high-contrast image of
a”)1. For each category, we sample 280 images with 10
random seeds (4 per batch) both with and without Neg-
ToMe. The real images for FID [20] calculation are sourced
from LAION-Aesthetics-v2 6+ dataset [43], where we use
CLIP [35] to retrieve the top-1K images for each category.
Evaluation metrics. Following [21], we report the results
for output-quality using 1) FID [20] and 2) Inception Score
(IS) [42]. 3) Pairwise dreamsim-score [14]: is used to mea-
sure output feature diversity. 4) VQAScore [28] and 5)
CLIPScore [19] are used to evaluate image-text alignment.
Furthermore following [12], we also use 6) Entropy-Score
which measures the degree to which outputs for a particular
object category (e.g., person) are spread across its subcate-
gories (racial, gender, ethnic etc.). For human images, we
use the FairFace classifier [22] to detect race, gender, and

1We adopt CLIP prompt templates [35] for CIFAR10 image classifica-
tion, excluding ones that imply low-quality (e.g., “a blurry photo of a”)
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Figure 4. Quantitative Results for Output Diversity. NegToMe (ours) helps improve output diversity (lower DreamSim score and higher
Entropy) while preserving or improving quality (lower FID and higher IS) across different CFG scales for both SDXL and FLUX.

“a hyper-realistic digital painting of a dragon” “a high-resolution cinematic photo of a child”
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Figure 5. Increasing Output Diversity. We observe that when performed w.r.t to images in the same batch (the first image of each batch in
above), NegToMe significantly improves output diversity (racial, ethnic, visual) while preserving output image quality.

age. For non-human categories (e.g., bird), sub-categories
are extracted via WordNet [30] and classified using CLIP.
Quantitative Results. Results are shown in Figure 4. We
observe that NegToMe helps improve output diversity (i.e.
lower Dreamsim scores and higher Entropy) while preserv-
ing or even improving quality (i.e. lower FID and higher IS)
across different classifier-free guidance (cfg) scales [21] for
both SDXL and FLUX. We also perform human evaluation
evaluating diversity, quality and prompt alignment of the
proposed approach using actual human users (Fig. 8). Sim-
ilar to automated metric evaluation, we observe that Neg-
ToMe helps improve output diversity without sacrificing
output image quality and prompt alignment performance.
Qualitative Results. We visualize the outputs with and
without NegToMe for the base model SDXL (Fig. 1 and 5)
and FLUX (Fig. 9). To avoid cherrypicking, all visualiza-
tions are from a fixed seed 0. We observe that the base-
model often suffers from the problem of mode-collapse with
the generated images exhibiting limited visual feature diver-
sity (e.g., visually similar dragons/buildings in Fig. 5, cats
in Fig. 9). Also the outputs might simply collapse into the

Method Dreamsim ↓ CLIPScore ↑ IS ↑ Inf. Time ↓
Base Prompt 0.812 0.334 3.197 13.2 s
Base Prompt + Ours 0.780 0.336 3.355 13.7 s
PW (gpt-4o) 0.743 0.332 3.686 15.4 s
PW + Ours 0.712 0.333 3.747 15.9 s
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Figure 6. NegToMe helps improve output diversity both with
(row-2) and without explicit prompt-rewriting (PW) (row-4).
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Char: Batman Char: Olaf Char: Superman Char: Nemo Char: Woody

mermaid princess … superhero gotham snowman frozen … superhero … clownfish pixar … cowboy toy …

Figure 7. Copyright Mitigation. When used w.r.t a copyright RAG image dataset, NegToMe helps reduce visual similarities with copy-
righted characters without sacrificing output image quality (Tab. 1). Complete prompts and further results are provided in the appendix.

Figure 8. Human User Study. NegToMe helps improve output
diversity while preserving text-to-image alignment performance.

same subcategory, even when the prompt is about a general
category (e.g., aquatic lifeform in Fig. 5). In contrast, de-
spite its simplicity, NegToMe is able to better harness the
underlying diffusion prior in order to generate diverse im-
ages in terms of demographics (e.g., person in Fig. 1), sub-
category (e.g., aquatic lifeform in Fig. 5), viewpoints (e.g.,
dragon in Fig. 5), image layout, pose, visual appearances of
both foreground and background (e.g., child in Fig. 9) etc.
Output diversity with explicit prompt-rewriting. A key ad-
vantage of NegToMe is that it helps improve diversity with-
out the need for extensive prompt-rewriting, which also

Mitigation Strategy Evaluation Metrics
NegPrompt NegToMe Dreamsim ↓ VQAScore ↑ CLIPScore ↑ IS ↑

✗ ✗ 0.766 0.913 0.344 3.431
✓ ✗ 0.684 0.876 0.339 3.790
✗ ✓ 0.703 0.906 0.346 3.678
✓ ✓ 0.638 0.879 0.339 3.864

Table 1. Copyright Mitigation. NegToMe reduces visual similar-
ity to copyright characters while preserving T2I performance.

presents as a feasible yet expensive (time & memory) ap-
proach for improving diversity. This is particularly relevant
when the user-prompts are quite detailed and long. To pro-
vide a fair comparison with prompt-rewriting setting, we
therefore first curate a set of 20 detailed prompts across di-
verse settings (see appendix). For each prompt we then use
a large-language model [1] in order to generate diverse vari-
ations of the original base prompt. The final images for both
base-prompt and rewritten prompts are sampled across 10
random seeds. Results are shown in Fig. 6. While prompt-
rewriting helps improve diversity, it comes at the cost of
increased inference time. Furthermore, some of the gener-
ated outputs might still appear similar (e.g., col-1 and col-
3: Fig. 6). In contrast, NegToMe can adaptively improve
the output diversity (with both base and rewritten prompts),
while on average using only < 4% higher inferences times.
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RAG Asset Output Flux-Dev Neg-Prompt: Elsa NegToMe RAG Asset Output Flux-Dev Neg-Prompt: Squirtle NegToMe

Prompt: "a regal ice queen with magical powers, Frozen style" Prompt: “a blue turtle character with a shell …“

Figure 9. Application to MM-DiT models (Flux). NegToMe is model-agnostic and also applicable to MM-DiT models like Flux [6].
NegToMe significantly increases the output diversity (top), and helps reduce copyright violation (bottom).

4.2. Copyright Mitigation
We next show the efficacy of our approach for reducing vi-
sual similarities with copyrighted characters when perform-
ing NegToMe w.r.t a copyrighted image RAG database.
Dataset and Setup. We first construct a dataset of 50 copy-
righted characters (e.g., Mario, Elsa, Batman), and curate
input prompts which to trigger these characters without ex-
plicitly mentioning their names (see appendix). For each
character, we compile a reference dataset of approximately
30 high-quality images depicting the character in diverse
settings. Masked negative token merging is then performed
for each prompt, using the best-matching RAG asset (asset
with highest Dreamsim score) from the reference dataset.
The mask for each asset is computed using HQ-SAM [23].
Qualitative Results. Results are shown in Fig. 7 (SDXL)
and Fig. 9 (Flux). We observe that the base model still gen-
erates copyrighted characters, even when the corresponding
character name is not mentioned in the input prompt. Us-
ing the character name as the negative prompt alone often
is not sufficient, as the output images still show high visual
similarity to the copyrighted character. In contrast, by ap-

Method AES ↑ VQAScore ↑ CLIPScore ↑ Human Pref. ↑
Flux-Dev 6.428 0.866 0.320 22.5 %
Flux-Dev + Ours 6.604 0.861 0.322 77.5 %

Flux + OursFlux-DevReference Image Flux + OursFlux-Dev

“a painting of a dog” “a beach landscape photo”

Figure 10. Improving aesthetics. Using a blurry reference with
NegToMe improves output aesthetics without any training [36].

plying adversarial guidance directly using character visual
features, NegToMe reduces similarity to copyrighted char-
acters while maintaining text-to-image alignment.

Quantitative Results. We evaluate our approach using the
base model SDXL, comparing it to pure negative-prompt
copyright mitigation strategies. For each prompt, we sam-
ple 50 images with 50 different random seeds. For evalua-
tion, we use the 1) maximum DreamSim score [14] across
all RAG assets (excluding the reference used for NegToMe)
for measuring visual similarity to copyrighted characters. 2)
VQAScore [28], CLIPScore [19] for text-to-image align-
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Prompt: “a high-resolution digital painting of an animal”

Figure 11. Variation with cfg scale leads to improved output quality at the cost reduced diversity (left). NegToMe not only improves output
quality at lower cfg values (by guiding away from poor-quality features, see Fig. 10) but also helps improve output diversity for higher cfg.

Prompt:  “a high-resolution photo of a person”
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Figure 12. Variation with merging alpha. Increasing the value of
α (refer to Sec. 3) for NegToMe gradually increases output diver-
sity in terms of gender, race, ethnicity, lighting, style etc.

ment, 3) IS [20] for image quality. Results are shown in
Tab. 1. We observe that NegToMe reduces visual similarity
to copyrighted characters without sacrificing text-to-image
alignment and image quality. Furthermore, NegToMe is
complementary to negative prompting, with the best per-
formance achieved when combining both methods.

5. Method Analysis and Applications
Improving output aesthetics. As noted in Fig. 2, we note
that NegToMe allows for a range of custom applications

by appropriately adjusting the reference inputs. Notably,
we find that when using a poor quality image as reference,
NegToMe helps improve output aesthetics and image qual-
ity without requiring any training / finetuning [36] (Fig. 10).

Variation across text-guidance scale. Results are shown
in Fig. 11. We observe that traditional text-based classifier-
free guidance [21] suffers from a tradeoff between output
diversity and image quality. In contrast, we find that Neg-
ToMe is able to improve output diversity while preserving
image quality across different scales of classifier-free guid-
ance. Interestingly, we also observe that the increase in out-
put diversity with NegToMe is often accompanied by an in-
crease in output image quality especially at lower cfg val-
ues. This happens due to the use of a poor quality reference
image (e.g., lion: Fig. 11) at lower cfg scales, which in ad-
dition to improving diversity also tends to improve output
image aesthetics and details (lamb, dog in row-1: Fig. 11).

Variation with merging alpha. Results are shown in
Fig. 12. We observe that NegToMe provides an easy to use
mechanism for controlling output image diversity. As seen
in Fig. 12, we observe that gradually increasing the value of
α (Sec. 3) helps the user easily control output diversity in
terms of race, gender, ethnicity, lighting, style etc.

6. Conclusion
In this paper we introduce NegToMe, a simple training-
free approach which complements traditional text-based
negative-prompt guidance, by performing adversarial guid-
ance directly using visual features of a reference image.
NegToMe is simple, training-free and can be incorporated
with most state-of-art diffusion models using just few lines
of code (Alg. 1). By simply varying the reference im-
age, NegToMe enables a range of custom applications such
as increasing output diversity (Sec. 4.1), reducing simi-
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larity with copyrighted images (Sec. 4.2), improving out-
put aesthetics (Fig. 10) etc., while on average using only
marginally < 4% higher inference times. We excitedly
hope that our research helps users better leverage state-of-
the-art diffusion models for diverse creative applications.
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