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"A photo of a cat"

SDXL-Turbo Flux.1 [schnell]
Figure 1. Repeatedly sampling from text-to-image models using a fixed text prompt produces surprisingly little visual variation (top row)
in both Stable Diffusion SDXL-Turbo [52] (left) and Flux.1 [schnell] [35] (right). Our approach (bottom row) directly optimizes the initial
noise to recover from mode collapse, producing diverse outputs.

Abstract

Contemporary text-to-image models exhibit a surprising
degree of mode collapse, as can be seen when sampling sev-
eral images given the same text prompt. Previous work has
attempted to address this issue by steering the model us-
ing guidance mechanisms, or by generating a large pool of
candidates and refining them. In this work, we take a differ-
ent direction and aim for diversity in generations via noise
optimization. Specifically, we show that a simple noise op-
timization objective can mitigate mode collapse while pre-
serving the fidelity of the base model. We also analyze the
frequency characteristics of the noise and show that alter-
native noise initializations with different frequency profiles
can improve both optimization and search. Our experiments
demonstrate that noise optimization yields superior results
in terms of generation quality and diversity. Code is avail-
able at: https://github.com/anneharrington/divgen

1. Introduction
Diffusion models can generate stunning images, yet, when
asked to create multiple outputs given a fixed prompt, they

often produce nearly identical results over and over again
across different random seeds. Figure 1 illustrates this is-
sue, with the top row showing strikingly similar generations
(e.g. of a cat). For many tasks, we need not only generation
quality but also a diversity in outputs that capture the range
of possible images per prompt.

At the same time, inference-time scaling has become
widespread in diffusion models. The key premise of this
line of work is to utilize additional compute during infer-
ence to tackle challenging problems which could not oth-
erwise be successfully solved. In the context of diffusion
models, inference-time scaling has been used with great
success to improve prompt adherence [13, 40, 61] and per-
sonalization [46, 47].

Based on these insights, several inference-time ap-
proaches for improving the diversity of images generated
with diffusion models have emerged. One popular approach
has been to utilize guidance strategies to steer the model
towards generating varied samples [11, 48, 54]. Alterna-
tively, generating a large number of candidates and itera-
tively pruning them to optimize for increasing variety has
recently shown success [42]. This highlights that the initial
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noise inputs can play a crucial role in obtaining varied sets
of generated images, if you are willing to “roll the dice”
enough times. But what if, instead of just waiting for some
random seed to yield a generated image with specific prop-
erties, we were able to directly optimize the input noise to
satisfy desired properties [13].

In this paper, we design an end-to-end noise optimiza-
tion strategy to maximize the diversity in sets of generated
images, as described in Sec. 3. Specifically, we sample a
batch of initial noise samples. We then directly optimize
these by minimizing a pairwise similarity metric that drives
samples apart. Our method outperforms prior works across
multiple diffusion models and benchmarks (see Sec. 4). We
demonstrate that we can flexibly select different optimiza-
tion objectives that facilitate diversity in generated outputs
(e.g. DINOv2 [41], LPIPS [66], DreamSim [16]). Further,
we also investigate the usage of set-level diversity objec-
tives such as Determinantal Point Processes (DPP) [12] and
Vendi Score [15] and find that they are more suitable to pro-
vide increased variation backed by user studies.

In addition, we analyze how the initial noise evolves dur-
ing optimization and specifically how this impacts different
frequency bands (Sec. 4.1). Inspired by these observations,
we explore boosting low-frequency components in the noise
initialization, using pink noise, to increase output diversity.
Pink noise initializations consistently improve the diversity
of generated samples not only for our approach, but also the
baselines we compare to for all evaluated models.

Overall, we introduce an end-to-end noise optimization
framework that achieves superior output diversity compared
to prior methods. Our framework supports the flexible se-
lection of diversity optimization objectives. We find set-
level diversity objectives to be most effective and identify
low-frequency noise components as key drivers of diverse
image generation.

2. Related Work

Inference-Time Scaling. Test-time scaling allocates ad-
ditional computation during inference to solve challenging
problems. Beyond scaling denoising steps in diffusion mod-
els, test-time techniques improve generation quality by find-
ing better initial noise or refining intermediate states, of-
ten guided by pre-trained reward models. These methods
fall into two categories: search-based approaches [27, 36,
59, 60] that evaluate multiple candidates, and optimization-
based approaches [7, 19, 28, 40, 56, 61] that iteratively re-
fine noise or latents through gradient descent. In the context
of increasing the diversity in the outputs of the generative
model, Parmar et al. [42] proposed an efficient search strat-
egy using intermediate generations as a proxy for the final
images. Differently, in this work, we demonstrate that an
end-to-end noise optimization strategy along with changing
the noise initialization achieves superior performance on the

quality-diversity tradeoff.
Guidance Mechanisms. Drawing from the success of
classifier-free guidance (CFG) mechanisms [10, 22] in
steering diffusion models towards desired objectives, sev-
eral variations have been proposed to either improve the ef-
fectiveness of CFG [1, 3, 32], or reduce its computational
complexity [2, 26, 33]. To increase the diversity when mul-
tiple outputs are sampled, several alternatives have been
proposed [29, 54], including the usage of particle guid-
ance [11] and DPP [31, 39]. These methods use guid-
ance mechanism to balance the tradeoff between quality
and diversity [25, 48, 49]. Unlike guidance methods that
steer the model toward a particular target through modi-
fied conditioning, SliderSpace [17] encodes semantic direc-
tions of variation into LoRA [23] weights, enabling user-
controlled diversity without inference-time overhead. Dif-
ferent to those approaches, we directly optimize the initial
noise with target diversity and quality objectives.
Prompt Augmentations. Improving controllability in gen-
eration by modifying the textual conditioning input rather
than the diffusion dynamics [20, 38] has also been a popular
direction. These methods try to explicitly improve quality
and/or diversity using LLMs to rewrite prompts for diffu-
sion models [5, 37]. Our approach is orthogonal to these
methods: while prompt refinements improve the semantic
conditioning, some variations in the output space cannot be
captured easily by text alone.
Effect of Initial Noise in Generation. Several works
have explored the controllability of the generation process
through initial noise [13, 19, 51, 55]. It has been observed
that specific noise seeds control global behavior [65]. How-
ever, the most popular approach is to utilize best-of-n sam-
pling approaches [27, 30, 36, 44, 45] or direct noise opti-
mization approaches. In this work, we show that directly
optimizing the initial noise can be used as an effective tool
to improve the diversity of generations in pre-trained dif-
fusion models. Furthermore, we demonstrate that directly
altering the frequency patterns of the initial noise itself im-
pacts the diversity of outputs. This is motivated by an analy-
sis of our noise optimization process and prior work demon-
strating that low frequency information at initialization can
enhance video diffusion [62] and determine object place-
ment in text-to-image models [6].

3. Collapse Recovery in Diffusion Models

Preliminaries. Diffusion models interpolate between noise
z = x0 ∼ N (0, I) and data x1 ∼ pdata, such that xt =
αtx0 + σtx1, where αt decreases and σt increases with t ∈
[0, 1]. A generative model gθ(z, c) is obtained by simulating
a learned differential equation from x0 ∼ p0, conditioned
on a prompt c, to produce an image x.

Test-time optimization techniques aim to improve pre-
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Figure 2. Noise optimization pipeline for diverse image genera-
tion. We optimize the noise initialization to increase visual diver-
sity given a fixed text prompt and diffusion model. Starting from
i.i.d. noise samples, we generate a set of images. Using a diversity
objective (e.g. DINOv2 dissimilarity) and optionally a quality re-
ward (e.g. HPSv2), we update the noise to produce output images
that capture more diversity per text prompt. Our method supports
optimizing over a variety of objective ensembles.

trained generative models on a per-sample basis at infer-
ence. A popular gradient-based strategy is test-time noise
optimization [7, 19, 28, 40, 56, 61]. Given a pre-trained
generator gθ (e.g. a diffusion or flow matching model), this
approach optimizes the initial noise x0 for each generated
instance. The objective is to find an improved x⋆

0 that max-
imizes a given reward r(gθ(x0)), subject to regularization
and can be formulated as

x⋆
0 = argmax

x0

(r(gθ(x0))− reg(x0)), (1)

where reg(x0) is a regularization term designed to keep x⋆
0

within a high-density region of the prior noise distribution
p0. These methods are designed to improve the quality of a
single sample [13], as opposed to our objective of increasing
the diversity in multiple generated outputs. We build on this
approach for achieving this goal.
Increasing Diversity through Noise Optimization. We
propose a noise optimization approach for collapse recov-
ery as shown in Fig. 2. We start with a text-to-image diffu-
sion model that takes as input a noise initialization and text
prompt. From these inputs, we generate an output set of
images. We then compute diversity and quality scores over
the images using objective functions such as DINOv2[41]
and image rewards such as HPSv2[63]. We use these scores
to backpropagate to the initial noise, optimizing for higher
output diversity without quality degradation. We iteratively
optimize the noise until a user-specified compute budget
or diversity/quality threshold is met. Critically, we keep
the starting prompt, diffusion model, and objective/reward
models frozen and only update the noise. This enables us to
increase diversity without altering the model or user input.

Formally, given a prompt c, we draw a batch B =

{x(i)
0 }Bi=1 with x

(i)
0 ∼ N (0, I) and generate x(i) =

gθ(x
(i)
0 , c). We jointly optimize the batch to meet two tar-

gets: (i) sample-level quality via a reward rs(x
(i), c) such

as CLIPScore, and (ii) high batch-level diversity via a statis-
tic vB computed from pairwise or set-based (patch) features
(e.g. using DINOv2). Let τs and τD be target thresholds
for quality and diversity. We minimize a hinge-penalized
diversity and quality objective

L(B) = − 1

B

B∑
i=1

rs

(
x(i), c

)
+ λq

1

B

B∑
i=1

[
τs − rs

(
x(i), c

)]
+

+ λdiv [τD − vB]+ + λreg
1

B

B∑
i=1

reg
(
x
(i)
0

)
, (2)

where [u]+ = max(u, 0). The diversity statistic aggre-
gates global feature distances, or patch-level distances for
P patches:

vB =
1

P

P∑
p=1

2

B(B − 1)

∑
1≤i<j≤B

d
(
fp(x

(i)), fp(x
(j))

)
,

(3)
with fp a patch embedding and d a distance metric (e.g.
cosine distance). Beyond pairwise distances for diversity,
we can utilize DPP or Vendi Score on top of these pair-
wise similarity kernels which provide more meaningful set-
level diversity metrics. To keep initial noises in high-density
regions of the prior we regularize their norm. Writing
ϵ(i) ≡ x

(i)
0 and r(i) = ∥ϵ(i)∥, the radius r follows a χd

law under N (0, I). Following Samuel et al. [50, 51] and
Ben-Hamu et al. [7], we maximize the log-likelihood of r,
whose unnormalized log-density is

K(ϵ) = (d− 1) log ∥ϵ∥ − 1
2∥ϵ∥

2. (4)

Similar to recent works [7, 13, 50], we implement this as a
penalty reg(x

(i)
0 ) = −K(ϵ(i)), which encourages ∥x(i)

0 ∥ to
match the χd profile of the Gaussian prior and prevents drift
to unlikely radii. We optimize {x(i)

0 } by backpropagating
through the frozen sampler gθ and update until the stopping
criterion mini rs(x

(i), c) ≥ τs and vB ≥ τD is met, or a
compute budget is exhausted.
Batched and Sequential Optimization. Our framework
supports both batched and sequential optimization. In the
batched setting, as in Tab. 1, we follow [42] and jointly
optimize a set of 4 images per prompt. However, our ap-
proach readily scales to much larger diverse sets which is
a significant advantage over batch-only methods like [42].
By generating one image at a time, each image can be op-
timized to differ from previous outputs. Thus, we avoid the
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Figure 3. Our method sequentially generates large, diverse image sets. For Flux.1 [schnell], our optimization yields improved diversity of
generated image sets (right) compared to i.i.d sampling (left). Additional examples are included in the Supplementary (Fig. 4).

Table 1. Output diversity and image-text alignment results on GenEval for our proposed method with SDXL-Turbo using white and
pink noise initialization (α = 0.2). Output diversity is measured with averaged pairwise DINOv2 [41], DreamSim [16], and LPIPS [66]
scores. For our method, we optimize using DINOv2 for diversity and CLIP [43] for quality. Results are reported using random seed 42,
incremented across prompts.

White Noise Pink Noise

Method DINO DreamSim LPIPS CLIPScore DINO DreamSim LPIPS CLIPScore

i.i.d. 0.588±0.083 0.249±0.089 0.642±0.059 0.335±0.031 0.642±0.068 0.305±0.090 0.729±0.052 0.328±0.031

Parmar et al. [42] 0.705±0.065 0.331±0.098 0.682±0.055 0.333±0.028 0.749±0.054 0.392±0.100 0.757±0.048 0.323±0.028

Ours 0.784±0.026 0.411±0.102 0.767±0.052 0.349±0.029 0.786±0.028 0.427±0.095 0.811±0.044 0.341±0.029

memory overhead of simultaneously processing many can-
didates, enabling efficient generation of large diverse sets.
We show examples of this in Fig. 3. Details on hyperpa-
rameters can be found in the Supplementary (Sec. 1.2).

Sampling Initial Noise. Diffusion models commonly ini-
tialize the denoising process with white Gaussian noise
where the power spectral density is constant across all fre-
quencies. However, natural images have a 1/f power spec-
trum: lower frequencies have more power than higher fre-
quencies [14, 53, 57]. Motivated by this, we explore alter-
native noise initialization strategies that align more closely
with statistical properties of natural images.

In particular, we consider pink noise initialization where
we apply spectral filtering in the frequency domain. For
this, zwhite ∼ N (0, I) is transformed to the frequency do-

main using a 2D Fast Fourier Transform (FFT):

ẑf = FFT2D(zwhite). (5)

For each frequency component at position (u, v), we com-
pute the radial frequency fu,v =

√
u2 + v2. We then ap-

ply power-scaling by reweighing the frequency components
with 1

(1+f)α :

ẑfpink(u, v) = ẑf (u, v) · 1

(1 + fu,v)α
, (6)

where α ∈ [0, 1] for pink noise. We then transform this
back to the spatial domain by applying an inverse 2D FFT:

ẑpink = IFFT2D(ẑfpink), (7)

before normalization to match white noise statistics, zpink =

43127



Ours

"A photo of a dog"

"A photo of a fire hydrant"

"A photo of a chair"

"A photo of a bird"

i.i.d.

"A photo of a couch"

Ours

"A photo of a horse"

i.i.d.

Ours
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Figure 4. Diverse image generation with Flux.1 [schnell] and SDXL-Turbo using white noise initialization (optimized with DPP [12]
and HPSv2 [63] objectives). We observe that our method improves diversity in color, orientation, and style compared to i.i.d. sampling.
Additional qualitative results can be found in the Supplementary (Fig. 5).

Table 2. Output diversity (DreamSim, Vendi) and image quality (HPSv2) on GenEval using white and pink (α = 0.2) noise initialization.
We optimize with the DPP diversity objective and HPSv2 quality reward. Results are reported using random seed 42 across all prompts.

White Noise Pink Noise

Method DreamSim Vendi HPSv2 DreamSim Vendi HPSv2

SDXL-Turbo

i.i.d. 0.262±0.094 2.000±0.513 0.284±0.030 0.296±0.091 2.136±0.531 0.285±0.028

Parmar et al. [42] 0.336±0.100 2.769±0.630 0.273±0.029 0.403±0.101 3.028±0.594 0.273±0.026

Ours 0.457±0.110 4.000±0.000 0.292±0.025 0.474±0.099 4.000±0.000 0.288±0.025

Flux.1 [schnell]

i.i.d. 0.307±0.100 2.013±0.490 0.304±0.025 0.362±0.100 2.207±0.502 0.297±0.023

Parmar et al. [42] 0.413±0.105 2.473±0.554 0.296±0.023 0.462±0.100 2.977±0.560 0.290±0.024

Ours 0.446±0.116 2.753±0.587 0.293±0.025 0.495±0.097 3.038±0.523 0.279±0.024

ẑpink−µ
σ , where µ and σ are the empirical mean and standard

deviation.

4. Experiments

For each prompt, we sample a batch of 4 noise initializa-
tions and generate the corresponding 4 candidate images.
We then compute an averaged pairwise diversity objective
together with an image-level reward, and use both to op-
timize the initial noises so that the final set exhibits high
visual diversity while preserving image quality (Fig. 2).

As diversity objectives, we consider patchwise DINOv2
(Eq. (3)), DreamSim [16], LPIPS [66], Color histogram
distance, and a low-resolution pixel L2 measure that uses
32×32 features, following [58]. We also evaluate DPP [31]
and Vendi [15] scores computed with a DINOv2 [CLS] ker-
nel which has recently been shown to align well with human
judgements [4]. To assess image quality and prompt align-
ment, we report CLIPScore [21, 43] and HPSv2 [63, 64],
and provide standard deviations across test samples.

Our experiments cover popular step-distilled samplers
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Figure 5. Different optimization objectives produce distinct im-
age sets (SDXL-Turbo). The top row shows i.i.d. samples, and the
rest show our method optimizing with DINOv2 [41], LPIPS [66],
Color Histogram [58], and DPP [12] diversity objectives. Quanti-
tative results and additional example generations can be found in
Tab. 7 and Fig. 13,14 in the Supplementary.

Figure 6. Human preference win rates of our method across di-
versity objectives for SDXL-Turbo. We use DINOv2 [41] as our
reference objective and compare all other metric results against it,
including Color Histogram [58], L2 distance, LPIPS [66], Dream-
Sim [16], DPP [12], and Vendi [15]. We see that images optimized
with set-level objectives (DPP, Vendi) are preferred by users.

including SDXL-Turbo [52] and a larger 10B+ parameter
model Flux.1 [schnell] [35]. Additional model results for
SANA-Sprint [9] and PixArt-α-DMD [8] can be found in

the Supplementary (Tab. 4, 5). These models all rely on
ODE-based sampling. While SDE-based sampling could
further increase diversity, we focus our work on these dis-
tilled samplers. The full noise optimization procedure runs
on a single A100 or H100 GPU. Additional details are pro-
vided in the Supplementary (Sec. 2).
Baseline Comparisons. We compare our test-time opti-
mization approach to sampling from i.i.d. noise, and to [42],
which has been shown to outperform previous guidance-
based methods [11, 48, 54]. Comparisons to guidance meth-
ods can be found in the Supplementary (Tab. 8). Following
[42], we set the initial set size to 64 and select 4 diverse
outputs using their default objectives.

We show generation diversity and image-text alignment
results for text-to-image generation on GenEval [18] in
Tab. 1. Here, we optimize CLIPScore [21] for image-text
alignment and pairwise cosine similarity scores with DI-
NOv2 following prior work [42]. Our noise optimization
demonstrates substantial improvements over i.i.d. sampled
noise initializations and [42]. Optimizing the noise gives
direct control over the quality-diversity tradeoff, allowing
us to flexibly balance our objectives or use additional dif-
ferent diversity and image quality optimization objectives.
To generate the results in Tab. 1, we halted the optimization
when reaching preset thresholds (CLIPScore comparable to
[42], or DINO diversity one standard deviation above [42]).
To evaluate diversity, we include scores for metrics that are
not used in optimization and show strong generalization to
unused metrics. In addition, our user study (Tab. 9 in the
Supplementary) confirms that human judgments of diver-
sity are aligned with the reported metrics.
Effect of Different Diversity Optimization Objectives.
We examine how different diversity objectives influence
both the variety of generated outputs and the quality of in-
dividual samples. Qualitative examples are shown in Fig. 5.
The Supplementary contains quantitative results (Tab. 8)
and additional example generations (Fig. 13,14). Using
SDXL-Turbo on the GenEval prompts, we compare sev-
eral objectives that aim to increase visual diversity without
sacrificing text–image alignment or image quality. Across
all settings, our noise optimization maintains image qual-
ity while producing clear gains in visual diversity. Each
objective best improves its own metric, but others improve
as well, indicating that diversity in one feature space trans-
fers to others and that our optimization increases diversity
without harming perceptual quality. Additionally, we con-
duct a user study that compares the pairwise DINO sim-
ilarity metric with other diversity metrics in Fig. 6. We
provide details about the user study setup in the Supple-
mentary (Sec. 6). We observe that image sets obtained with
Vendi Score [15] and DPP [12] as diversity objectives are
preferred by users. The main advantage of these set-level
objectives is that they cannot be increased by simply mak-
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Figure 7. Diverse image generation with SDXL-Turbo using white and pink noise initialization. Optimizing DPP [12] and HPSv2 [63],
we observe that our method improves diversity in color, pose, and style compared to i.i.d. sampling. In addition, using pink noise simply
at inference time without any optimization increases diversity for both i.i.d. sampling and [42]. Additional examples can be found in the
Supplementary (Fig. 3).

“A picturesque autumn scene where a quaint cottage with a
thatched roof sits beside a tranquil lake, surrounded by trees
with leaves in vibrant shades of orange, red, and yellow. The
cottage’s wooden exterior is complemented by white-framed
windows, and a stone chimney rises above the roofline. The
lake reflects the warm fall colors, creating a mirror image
of the foliage and the small structure on its calm surface.”

i.i.d.

Ours

Figure 8. Our method increases diversity on complex prompts. Optimizing noise for Flux.1 [schnell] on DPG-Bench prompts, we observe
that we can increase diversity even when the prompt is highly specified.

ing one single image very different, which would boost the
average pairwise score.
Quantitative Results. Informed by our user study and
baseline comparison experiments, we optimize SDXL-
Turbo and Flux.1 [schnell] using DPP for diversity and
HPSv2 [63] for quality. We show results for these set-
tings on GenEval in Tab. 2. We observe that we are able to
completely saturate Vendi diversity scores to 4.0 and even
slightly improve the HPSv2 quality score. We also see sub-
stantial gains on the DreamSim score. See Supplementary
Tab. 1 for more details on hyperparameter choice.

For Flux.1 [schnell], we similarly see large gains in
Vendi and DreamSim scores compared to i.i.d. sampling
and [42] (Tab. 2), with a slight drop in the HPSv2 score. We
observed that Flux.1 [schnell] is more sensitive to hyperpa-
rameter choice than SDXL-Turbo, particularly with balanc-
ing the quality reward. During optimization, we revert to
the last latent when the HPSv2 score drops below a thresh-
old (See Supplementary Tab. 1 for threshold values). More
dynamic optimization schedules and additional image qual-

ity constraints similar to [13] could be explored in the future
to push diversity higher while maintaining image quality.
Qualitative Generation Examples. Fig. 4 showcases the
effectiveness of our noise optimization approach in gen-
erating images with improved variety compared to im-
age sets generated from i.i.d.-sampled noise initializations.
Here, we use the DPP diversity objective (corresponding to
Tab. 2). We consistently see increased diversity of object
shapes, poses, colors and backgrounds while maintaining
alignment to the input prompt.
Diversity on Complex Prompts. Our method also im-
proves diversity on complex prompts. In addition to
GenEval, we evaluate our method on DPG-Bench [24]
which consists of detailed prompts averaging 67 words. We
optimize with Flux.1 [schnell] [34] using a DPP DINO di-
versity objective. We observe that complex prompts still
lead to mode collapse and optimizing for diversity is effec-
tive (Fig. 8). Here, our approach also achieves substantial
diversity gains (DreamSim, Vendi) while maintaining im-
age quality (Supplementary Tab. 6).
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Figure 9. Noise change across different power spectrum bins
throughout optimization iterations with SDXL-Turbo averaged
over all prompts of GenEval [18]. While optimizing the starting
noise, we observe the largest changes occur in the lowest third of
the spectrum (low freq). This trend holds for both white and pink
noise initializations.

4.1. Noise Initialization

Noise Evolution. We analyze how the optimization mod-
ifies the initial noise, which is white Gaussian to start. In
particular, we examine changes across frequency bands of
the noise power spectrum, shown in Fig. 9. We compute
the spectrum via a Fourier Transform on the raw noise la-
tents and track how it evolves over the course of optimiza-
tion. For interpretability, we divide the spectrum into three
equally sized frequency bins and measure the change in
each bin relative to the initial noise.

We observe that the majority of the change occurs in the
lowest frequency bin, corresponding to the bottom third of
the spectrum. Low-frequency components show noticeably
larger shifts than mid- or high-frequency components. This
indicates that the optimization primarily acts on the low-
frequency structure of the noise, with higher frequencies
remaining relatively stable throughout the process. Inter-
estingly, we also observe that the final optimized noise re-
mains Gaussian (i.e. follows a standard normal distribution
with mean 0 and standard deviation 1), but it is no longer
spectrally white due to shifts in the low frequencies.
Pink Noise Initialization. As the majority of noise changes
across iterations occur in the low-frequency range, we ex-
plore pink noise initializations as they are more likely to
cover different regions of the noise space in terms of low
noise frequencies which appears to be critical for generat-
ing diverse images. The 1/f frequency distribution inher-
ent in pink noise allocates greater power to lower frequen-
cies, aligning well with the observed optimization dynam-
ics. The increased diversity in generated images from pink
noise initializations is confirmed by our quantitative results

in Tab. 1 and Tab. 2, and example generations from pink
noise in Fig. 7. Interestingly, using pink noise initializa-
tions also results in higher diversity in output generations
for i.i.d.-sampling and [42] while only slightly reducing the
image-text alignment as measured by HPSv2. See Tab. 1
in the Supplementary for details on optimization hyperpa-
rameters. For additional qualitatively examples, see Sup-
plementary Fig. 2 and 3.

4.2. Scaling Behavior with White and Pink Noise
A crucial aspect of inference-time scaling is to obtain the
best possible improvements for the downstream task given
additional compute. We observe that our noise optimization
approach can outperform [42] in terms of image diversity
with just a few iterations (Fig. 1 in the Supplementary). We
optimized the noise for different initializations (i.e. α values
in Eq. (6)), using the experimental settings from Tab. 1.

With white noise initializations, our approach requires 9
and 12 iterations to reach higher diversity scores than [42]
with an initial pool size of 64 and 128 samples respectively.
For α = 0.2, we require only 6 / 8 iterations to outperform
[42] with initial pool size 64 / 128. Our approach with pink
noise initialization (α = 0.2) requires 12 / 15 iterations to
yield more diverse images than [42] with similar initializa-
tion. For SDXL-Turbo, our approach takes 0.345 s per iter-
ation (with DINO, CLIP objectives) on a single A100 GPU.
That means in the pink noise setting, our method takes 2.07
s in total vs. 11.20 s for [42]. See Supplementary Sec. 2 for
additional details on computational cost.

Higher α values generally lead to higher diversity scores.
However, the image quality decreases with noise exponents
α > 0.2 (see Fig. 11 in the Supplementary).

5. Conclusion

In this work, we investigated the critical impact of initial
noise on the diversity of diffusion model outputs. We pro-
posed an end-to-end noise optimization approach for maxi-
mizing variation across generated samples which allows the
flexible selection of diversity optimization objectives. Our
noise evolution analysis further inspired a simple yet effec-
tive strategy of using pink noise initializations, which con-
sistently enhances the variety of outputs across models and
baselines. Our experiments demonstrate that our approach
offers a general solution for generating diverse images that
significantly outperforms prior methods.
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