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Abstract

Deep generative models are proficient in generating realistic
data but struggle with producing rare samples in low density
regions due to their scarcity of training datasets and the mode
collapse problem. While recent methods aim to improve the
fidelity of generated samples, they often reduce diversity and
coverage by ignoring rare and novel samples. This study pro-
poses a novel approach for generating diverse rare samples
from high-resolution image datasets with pretrained GANs.
Our method employs gradient-based optimization of latent
vectors within a multi-objective framework and utilizes nor-
malizing flows for density estimation on the feature space.
This enables the generation of diverse rare images, with con-
trollable parameters for rarity, diversity, and similarity to a
reference image. We demonstrate the effectiveness of our ap-
proach both qualitatively and quantitatively across various
datasets and GANs without retraining or fine-tuning the pre-
trained GANs.

Code — https://github.com/sbrblee/DivRareGen

1 Introduction
Deep generative models have shown impressive generative
capabilities across various domains. The primary focus of
current generative model research is on enhancing the fi-
delity of generated images (DeVries, Drozdzal, and Tay-
lor 2020; Karras, Laine, and Aila 2019; Azadi et al. 2018;
Turner et al. 2019). However, these approaches often com-
promise sample diversity and encounter difficulties generat-
ing rare samples, primarily due to their limited representa-
tion in the training dataset (Sehwag et al. 2022; Lee et al.
2021). In GANs, this issue is worsened by the mode col-
lapse problem (Thanh-Tung and Tran 2020). Investigating
rare samples is crucial for several reasons: it enhances the
creation of synthetic datasets that embody diversity and cre-
ativity (Sehwag et al. 2022; Agarwal, D’souza, and Hooker
2022), ensures fairness in generative processes (Teo, Abdol-
lahzadeh, and Cheung 2023; Hwang et al. 2020), and aligns
with the human tendency to favor unique features (Snyder
and Lopez 2001; Lynn and Harris 1997). Additionally, ex-
ploring edge cases and unusual scenarios is essential in var-
ious domains, such as drug discovery or molecular design
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(Sagar et al. 2023; Zeng et al. 2022), and natural hazard anal-
ysis (Ma, Mei, and Xu 2024).

Several studies have been conducted to enhance the over-
all diversity of GAN-generated outputs and to promote the
generation of rare samples (Chang et al. 2024; Allahyani
et al. 2023; Humayun, Balestriero, and Baraniuk 2022,
2021; Heyrani Nobari, Rashad, and Ahmed 2021; Ghosh
et al. 2018; Tolstikhin et al. 2017; Srivastava et al. 2017;
Chen et al. 2016). Due to the high computational cost of
training GANs (Karras, Laine, and Aila 2019; Brock, Don-
ahue, and Simonyan 2018), techniques without model re-
training are appealing. For example, Humayun, Balestriero,
and Baraniuk (2022) proposed a resampling technique for
pretrained GANs with a controllable fidelity-diversity trade-
off parameter. However, the proposed method requires ex-
tensive sampling to cover the data manifold fully. On the
other hand, Chang et al. (2024) proposed a method to obtain
diverse samples that satisfy text conditions by optimizing la-
tent vectors with a quality-diversity objective.

Han et al. (2023) proposes a rarity score for samples using
relative density measures based on k-nearest neighbor (k-
NN) manifolds in the feature space of pretrained classifiers.
Although k-NN density estimation is straightforward and re-
liable (Naeem et al. 2020; Kynkäänniemi et al. 2019), its
non-differentiable nature complicates gradient-based opti-
mization. In contrast, normalizing flows (NFs) excel at high-
dimensional density estimation in differentiable form (Pa-
pamakarios et al. 2021; Kingma and Dhariwal 2018; Dinh,
Sohl-Dickstein, and Bengio 2016; Dinh, Krueger, and Ben-
gio 2014). We employ NFs for density estimation in the fea-
ture space, which incurs a lower training cost compared to
retraining or fine-tuning GANs, and analyze how NF-based
density estimates relate to the rarity score.

This study aims to generate diverse rare samples for
a given high-resolution image datasets and GANs. Our
method does not require any fine-tuning or retraining of the
GANs but instead explores the latent space of the given
model through gradient-based optimization. Our contribu-
tions are as follows:
• Our method can generate diverse versions of rare images

utilizing the multi-start method in optimization, without
being trapped at the same local optima.

• Rarity and diversity of generated images and similarity to
the initial image can be controlled via a multi-objective
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Figure 1: Examples of rare samples generated by our method. Left: Our method produces diverse rare images for a single
reference, with variations even within the same rare attribute (e.g., hats of different shapes and colors). Right: Generated
rare attributes include accessories like hats, non-brown hair colors, extreme ages, and non-white races. “Pose” refers to head
orientation, and “Acc.” denotes accessories. Rare attributes are highlighted in bold.

optimization framework.
• We demonstrate the effectiveness of our method with

various high-resolution image datasets and GANs, both
qualitatively and quantitatively.

2 Related Work
Rare Generation Han et al. (2023) introduced the rar-
ity score to quantify the uniqueness of individual sam-
ples, distinguishing it from conventional metrics that pri-
marily evaluate fidelity or diversity in generated samples
(Kynkäänniemi et al. 2019; Zhang et al. 2018; Heusel et al.
2017). The rarity score is defined as the minimum k-nearest
neighbor distance (k-NND) among real samples that are
closer to the target sample, with higher scores indicating
lower density within the real data manifold. However, ob-
taining rare samples has received limited attention. Sehwag
et al. (2022) addressed this by leveraging a pretrained clas-
sifier to estimate likelihoods and adapting the sampling pro-
cess of diffusion probabilistic models to target low-density
regions while maintaining fidelity. Their method focuses
on sampling from regions far from class mean vectors in
the feature space and penalizes deviations from the overall
mean vector of real data. However, this approach is class-
conditional and depends on a Gaussian likelihood function.

On the other hand, Humayun, Balestriero, and Baraniuk
(2022) tackled the mode collapse issue in GANs with Po-
larity sampling, a fidelity-diversity controllable resampling
strategy for pretrained GANs. It approximates the GAN’s
output space using continuous piecewise affine splines. By
tuning ρ, sampling can focus on modes (ρ < 0) or anti-
modes (ρ > 0), with higher ρ increasing diversity by tar-
geting low-density regions. However, it does not guarantee
the fidelity of the selected samples and requires extensive
sampling and Jacobian matrix computations, leading to high
computational costs.

Quality-Preserved Diverse Generation Using Pretrained
GANs Generating rare samples is important, but main-
taining quality is also crucial for their usefulness (Amabile
2018). Achieving diverse, high-fidelity samples is similar

to finding multiple solutions in combinatorial optimization.
Chang et al. (2024) addressed this by proposing a quality-
diversity algorithm that updates the latent vector to balance
quality and diversity, using the CLIP score (Radford et al.
2021) to measure similarity and diversity. In our work, we
also optimize the latent vector to generate diverse samples;
however, we prioritize rarity as the main objective rather
than quality and use Euclidean distance in arbitrary feature
spaces, avoiding the additional text constraints required by
the CLIP score. To prevent low-fidelity samples, we apply
a constraint to keep the sampled data within the real data
manifold.

Reference-based Generation Finding diverse rare varia-
tions of a given initial image relates to reference-based im-
age generation, encompassing tasks like domain adaptation
(Yang et al. 2023), editing (Xia et al. 2023), and condi-
tional generation (Casanova et al. 2021). While these ap-
proaches involve additional training costs for each attribute
(Yang et al. 2023) or reference (Xia et al. 2023), or require a
different GAN training scheme (Casanova et al. 2021), our
method only requires a single training phase for the density
estimator across multiple references with pretrained GANs.

Density Estimation for Images The rarity score identi-
fies samples in low-density regions of the real data mani-
fold, making it valuable for detecting rare generations. How-
ever, the non-differentiable nature of k-NN-based manifold
estimation complicates gradient-based optimization for di-
rectly obtaining rare samples. In contrast, extensive research
has been conducted to estimate density in high-dimensional
spaces. Normalizing flows (NFs), as likelihood-based prob-
abilistic models, use a sequence of invertible functions to
transform a simple density into a complex one, potentially
representing multi-modal distributions while preserving data
relationships (Papamakarios et al. 2021; Kingma and Dhari-
wal 2018; Dinh, Sohl-Dickstein, and Bengio 2016; Dinh,
Krueger, and Bengio 2014). While NFs may struggle with
out-of-distribution data due to their focus on low-level fea-
tures (Kirichenko, Izmailov, and Wilson 2020), training
them on the feature space of a pretrained network—which
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Figure 2: Schematic diagram for the objective function of our method. x∗ = f(G(z∗)) and xi = f(G(zi)) for brevity.

includes high-level semantic information—can help miti-
gate this issue (Esser, Rombach, and Ommer 2020).

Multi-Start Method for Diverse Solutions We frame our
problem of obtaining diverse rare samples for each given ref-
erence as identifying multiple local minima around the ref-
erence in the data distribution. A straightforward approach
to this problem is the multi-start method, an algorithm that
iteratively searches for local optima starting from multiple
initial points (Feo and Resende 1995; Rochat and Taillard
1995; Rinnooy Kan and Timmer 1987). This method se-
lects several starting positions and applies a local search al-
gorithm to each, aiming to locate distinct local optima. Al-
though easy to implement, it does not always ensure that dif-
ferent starting points result in different local optima (Tarek
and Huang 2022). To address this issue, we add the diversity
and similarity constraints to the objective function, ensuring
that each initial point converges to a different minimum.

3 Methods
3.1 Problem Statement
Given a GAN generatorG = G(z), an arbitrary initial latent
vector z∗ ∈ Rm, a feature extractor f = f(I), and a density
estimator g = g(x), our objective is to find a set of latent
vectors {zi}Ni=1 that generates diverse rare samples which
are similar to the image generated from z∗ (referred to as
the reference for the rest of the paper). Here, I ∈ Rw×h×3

and x ∈ Rn denote an image and a feature vector, re-
spectively. For simplicity, we denote x∗ = f(G(z∗)) and
xi = f(G(zi)). In this study, we define similarity as the Eu-
clidean distance in the feature space, d(x1,x2) = ∥x1−x2∥,
a metric shown to align well with human perception (Zhang
et al. 2018).

We propose a multi-objective optimization framework
that integrates rarity, diversity, and similarity regularization,
as illustrated in Fig. 2, and provide a detailed explanation in
the subsequent sections.

3.2 Rare Sample Generation
For rarity, the density estimated from g is used. NFs are
employed due to their remarkable performance in high-
dimensional density estimation, though any differentiable

density estimator can be applied. NFs provide the exact log-
likelihood of individual samples, allowing us to directly de-
fine the objective function as Lrare(x) = g(x) = log p(x)
to minimize. To control the similarity between the gen-
erated rare image and the reference image, we incorpo-
rate a regularization term inspired by Chang et al. (2024).
Specifically, we define the similarity loss as Lsim(x) =
(max(d(x,x∗), d∗) − d∗)2, where this term penalizes sam-
ples that exceed a predefined boundary, referred to as the
penalizing boundary throughout this paper, defined by d∗.
Specifically, we use the distance to k′-nearest neighbor in
the fake k-NN manifold for d∗. We also strictly accept the
sample inside this boundary as well as inside the real k-NN
manifold Φreal in optimization. The optimization goal is for-
mulated by combining the two objectives—rarity and simi-
larity regularization—as follows.

min
z

x=f(G(z))

Lrare(x) + λ1Lsim(x)

subject to x ∈ Φreal and d(x,x∗) ≤ d∗
(1)

3.3 Diverse Rare Sample Generation

We utilize the multi-start method to obtain diverse rare im-
ages by adding small random noises to z∗, generating mul-
tiple starting points for optimization. Specifically, {zi}Ni=1
are initialized as zi = z∗ + ϵ, where ϵ ∼ N (0, σ2I). How-
ever, as shown in Fig. 2 (1), this does not guarantee obtaining
different rare images, but they might converge to the same
local minima. To address this issue, we add a diversity con-
straint to the objective, Ldiv(xi) = −

∑
j ̸=i d(xi,xj)

2, en-
suring that the samples are far from each other, as shown in
Fig. 2 (2). This term is inspired by the expected distances
in feature space, similar to the concept of Maximum Mean
Discrepancy (MMD) (Gretton et al. 2006). Combining all
objectives, the multi-objective optimization problem is for-
mulated as follows.

min
zi

xi=f(G(zi))

Lrare(xi) + λ1Lsim(xi) + λ2Ldiv(xi)

subject to xi ∈ Φreal and d(xi,x
∗) ≤ d∗

(2)
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4 Experimental Results
We validate our proposed method using high-resolution im-
age datasets with a resolution of 1024 × 1024, including
Flickr Faces HQ (FFHQ) (Karras, Laine, and Aila 2019),
Animal Faces HQ (AFHQ) (Choi et al. 2020), and Metfaces
(Karras et al. 2020a). StyleGAN2 with config-f (Karras et al.
2020b) and StyleGAN2-ADA (Karras et al. 2020a) are uti-
lized. For feature extraction, we employ the VGG16-fc2
architecture (Simonyan and Zisserman 2015). As the den-
sity estimator, the Glow architecture (Kingma and Dhariwal
2018) is adapted to accommodate the high dimensionality
of the feature space. The optimization is performed using
the Adam optimizer (Diederik 2014) with a learning rate
of 2 × 10−2, combined with a StepLR scheduler. The best
optimization results are recorded when the lowest loss is
achieved according to Equation (2). Additional details in-
cluding computational cost are provided in Appendix B.

4.1 Generation of Rare Facial Attributes with
StyleGAN2 (FFHQ-StyleGAN2)

Quantitative Results As a baseline, 10,000 synthetic
samples are generated using latent vectors from StyleGAN2
with a truncation parameter of ψ = 1.0. With our method,
we generate ten rare samples for each of 1,000 initial la-
tent vectors from the baselines, using parameters λ1 =
30.0, λ2 = 0.002, σ = 0.1, and k′ = 1001. The choice
of the parameters is explained in Appendix C. For Polar-
ity sampling, 250,000 latent vectors and their corresponding
Jacobian matrices are obtained from the authors (Humayun,
Balestriero, and Baraniuk 2022), and 10,000 samples are re-
sampled using ρ = [1.0, 5.0] (anti-mode sampling).

Results are evaluated with metrics including the Rarity
Score (RS) (Han et al. 2023), precision (Prec.) and recall
(Rec.) for fidelity and diversity (Kynkäänniemi et al. 2019),
LPIPS score for diversity (Zhang et al. 2018), and FID score
(Heusel et al. 2017), as shown in Table 1. Each metric is
computed using 10,000 generated samples, with the LPIPS
score averaged over 10,000 random sample pairs. Signifi-
cant differences in LPIPS scores between sampling methods
are confirmed using an unpaired t-test. For the real k-NN
manifold, k = 3 is used.

Our method improves both rarity and diversity compared
to the baseline, even when the optimization uses only 10% of
the baseline samples as references. The FID score decreases
because more samples are generated in low-density regions,
reducing samples near the data distribution’s modes. Polar-
ity sampling also enhances rarity and diversity but sacrifices
precision, as it primarily targets low-density regions in the
GAN’s output space rather than the real manifold, often gen-
erating out-of-distribution samples (structural zeros; (Kim
and Bansal 2023)). Furthermore, in contrast to our objec-
tive of generating rare samples similar to a given reference,
Polarity sampling is not designed for it. Finally, since Po-
larity sampling operates by resampling from an initial set,
its diversity is heavily dependent on the size of that initial

1For the fake k-NN manifold estimation, 10,000 generated sam-
ples are used.

Model RS ↑ Prec. ↑ Rec. ↑ LPIPS ↑ FID ↓
Baseline 18.88 0.69 0.56 0.73 4.17
Polarity (ρ = 1.0) 24.71 0.39 0.70 0.75 33.28
Polarity (ρ = 5.0) 24.83 0.38 0.71 0.75 34.11
Ours 23.50 0.92 0.65 0.76 7.38

Table 1: Quantitative evaluation for Section 4.1.

Model-Based Attribute FFHQ Reference Ours(%)
0-9 7.51 7.60 8.56
10-69 92.23 92.20 90.98Age
Over70 0.25 0.20 0.45
Male 45.46 47.44 48.50Gender Female 54.53 52.55 51.49
White 62.97 64.66 61.52Race NonWhite 37.03 35.33 38.47
Front 60.98 55.25 45.73HeadPose NotFront 39.01 44.75 54.26

Table 2: Percentage of age, gender, race, and head pose at-
tributes predicted by FaceXformer for Section 4.1.

LFWA Attribute FFHQ Reference Ours(%)
<10% PaleSkin 0.12 0.20 0.37

Mustache 0.39 0.30 0.46
Bald 0.88 1.20 2.18
WearingNecktie 0.96 0.80 1.23
PointyNose 1.42 1.80 2.95
GrayHair 2.43 1.90 3.12
RecedingHairline 3.32 2.40 3.92
BigLips 4.66 5.90 7.26
BlondHair 5.04 5.20 5.72
Eyeglasses 6.10 5.70 6.51
WearingHat 8.07 7.80 11.03

>10% BrownHair 19.76 22.92 13.78

Table 3: Percentage of LFWA attributes predicted by FaceX-
former for Section 4.1. Sorted in descending order of
FFHQ(%). The entire table is in Table 11.

set. An additional comparison with Polarity sampling is in
Appendix G.

Generated Rare Facial Attributes Our method success-
fully increases the percentages of rare attributes as shown in
Tables 2 and 3. To identify rare facial attributes in FFHQ,
we employ FaceXFormer (Narayan et al. 2024), which pro-
vides multiple face-related features including age, gender,
race, head pose, and the attributes from Deep Learning Face
Attributes in the Wild (LFWA) dataset (Liu et al. 2015).
Real data attributes with lower percentages include extreme
ages (very young or old), male gender, non-white races, non-
frontal head poses2, non-natural skin colors, hairless or no
hair, hair colors other than brown, and accessories.

2The head pose is predicted in the form of (θ1, θ2, θ3) =(pitch,
yaw, roll). We define Front as the head pose with −15◦ <
θ1, θ2, θ3 < 15◦.
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Figure 3: Examples of high- and low-density real and fake
samples for Section 4.1.

Additionally, other rare attributes can be identified quali-
tatively. We select and visualize the top- and bottom-ranked
samples based on k-NN-based and likelihood-based density
estimates in Fig. 3. For real samples, k-NND (Loftsgaar-
den and Quesenberry 1965) is employed, while the rarity
score (Han et al. 2023) is used for fake samples. Likelihoods
are estimated using the NF model, excluding samples out-
side the real k-NN manifold. Rare samples exhibit charac-
teristics such as objects obscuring faces, face painting, vari-
ous hats, colorful eyeglasses, and artifacts. Notably, samples
with undefined (N/A) rarity scores may include high-fidelity,
artifact-free images, which arise from underestimated re-
gions in the k-NN manifold.

Qualitative Results As shown in Fig. 1 (Right) and 4,
our method generates samples with rare attributes, includ-
ing hats, hair colors other than natural brown, very young or
old age, non-white races such as Black, Indian, and Asian,
non-frontal head poses, eyeglasses, bald or receding hair-
line, colorful backgrounds or T-shirts, hair accessories, and
unique skin colors. Moreover, the rare samples generated by
our method show diversity, as shown in Fig. 1 (Left) and 5.
Starting from initial vectors with small noise variations, we
generate diverse rare images that retain perceptual similarity
to the reference. Additional examples are provided in Ap-
pendix D.

4.2 Animal Face and Artwork Generation with
StyleGAN2-ADA

Quantitative & Qualitative Results As a baseline, 5,000
synthetic samples are generated using latent vectors from
StyleGAN2-ADA with a truncation parameter of ψ = 1.0.
With our method, we generate five rare samples for each of
1,000 initial latent vectors from the baseline, using parame-
ters λ1 = 200.0, λ2 = 0.02, σ = 0.01 and k′ = 100.

We also evaluate the results using various metrics, as
presented in Table 4. Given that the AFHQ and Met-
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Figure 4: Examples of rare samples generated by our method
for Section 4.1.
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Figure 5: Examples of diverse rare samples generated by our
method for Section 4.1.

Faces datasets are relatively small, we use the KID score
(Bińkowski et al. 2018) instead of the FID score, as the
KID score is inherently unbiased (Karras et al. 2020a). Our
method effectively enhances rarity and diversity across all
three datasets compared to the baseline. In Fig. 7, we visual-
ize the examples generated by our method. More examples
are in Fig.14 and 15.

Generated Rare Attributes of Animal Face and Artwork
To identify the rare cat and dog breeds in AFHQ datasets, we
employed Model Soups (Wortsman et al. 2022) for zero-shot
classification of cat and dog classes in the ImageNet dataset
(Deng et al. 2009), which includes five cat classes and 120
dog classes. In the AFHQ Dog dataset, each dog class rep-
resents less than 5% of the total, so we grouped the dogs
into broader categories based on appearance: Toy, Hound,
Scent Hound, Terrier, Sporting, Non-Sporting, Herding, and
Working. Further details are provided in Appendix E. The
classified result is shown in Table 5, and our method suc-
cessfully increases the percentages of minor classes.

We also apply the FaceXFormer and observe similar rare
attributes in FFHQ, as shown in Table 6.

To further identify rare attributes within the datasets, we
visualize the high- and low-likelihood samples in Fig. 6.
For the AFHQ-cat dataset, high-likelihood samples predom-
inantly consist of brown-colored Tabby cats, whereas low-
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Data Model RS ↑ Prec. ↑ Rec. ↑ LPIPS ↑ KID ↓
×103

AFHQ Cat Ref. 17.47 0.76 0.49 0.73 0.46
Ours 20.71 0.76 0.68 0.78 2.03

AFHQ Dog Ref. 21.19 0.77 0.56 0.75 1.10
Ours 27.32 0.85 0.76 0.80 2.73

MetFaces Ref. 16.90 0.80 0.44 0.74 0.97
Ours 21.25 0.86 0.62 0.78 2.15

Table 4: Quantitative evaluation for Section 4.2.
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Figure 6: Examples of high- and low-likelihood real samples
from the AFHQ Cat, Dog, and MetFaces dataset.

likelihood samples encompass a broader range of classes.
In the AFHQ-dog dataset, high-likelihood samples are pri-
marily drawn from the Herding and Sporting groups, includ-
ing breeds such as Shetland Sheepdogs, Collies, and Re-
trievers. In contrast, low-likelihood samples span a variety
of groups and exhibit greater diversity in head poses, back-
grounds, and facial expressions. In the Metfaces dataset,
high-likelihood samples predominantly include European-
style oil paintings, while low-likelihood samples include
statues, drawings, and other styles of paintings. As shown
in Fig. 7, such rare attributes can be also observed in the
results of our method.

4.3 Ablation Study on the Objective Function
Our objective function includes three components: rarity,
similarity, and diversity terms. To evaluate their effective-
ness, we conduct an ablation study using the FFHQ dataset
and StyleGAN2, keeping the density estimator and parame-
ters consistent. We optimize ten samples for each of the 100
initial latent vectors across different objective combinations.

First, we assess results using only the Lrare. Adding the
Lsim ensures that samples stay within a similarity boundary
to the reference, potentially finding rarer and more diverse
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Figure 7: Examples of rare samples generated by our method
for Section 4.2.

ImageNet Attribute Real Reference Ours(%)
Cat Tabby 56.76 58.00 55.10

Others 43.23 42.00 44.90
Dog Herding 21.48 21.70 17.68

Sporting 18.50 17.30 15.24
Working 15.44 14.60 16.84
Toy 14.93 17.30 19.44
Terrier 9.11 9.60 7.72
Non-Sporting 7.02 5.90 7.38
Scent Hound 6.92 8.10 8.92
Hound 3.05 2.60 3.76

Table 5: Percentage of the cat-related breeds and dog-related
groups in ImageNet classes predicted by Model Soups.
Sorted in descending order of Real(%). The entire table is
in Table 12.

Model-Based Attribute MetF. Reference Ours(%)

Age
0-9 5.19 3.23 5.21
10-69 94.20 95.96 93.55
Over70 0.60 0.80 1.23

Gender Male 42.84 41.71 49.62
Female 57.15 58.28 50.37

Race

White 73.64 77.97 77.96
Indian 9.86 9.19 9.03
Black 3.38 2.02 2.33
Asian 2.86 4.04 5.25
Others 10.24 6.76 5.40

HeadPose Front 42.54 46.06 32.86
NotFront 57.45 53.93 67.14

LFWA Eyeglasses 0.07 0.10 0.33
WearingHat 12.34 9.89 12.18

Table 6: Percentage of age, gender, race, head pose, Eye-
glasses, and WearingHat attributes predicted by FaceX-
Former. MetF. refers to the MetFaces dataset. The entire ta-
ble is in Table 17.

4558



Objective RS LPIPS
Lrare 18.99 0.752
Lrare + λ1Lsim 21.11 0.766
Lrare + λ1Lsim + λ2Ldiv 21.28 0.768

Table 7: Rarity scores (RS) and LPIPS scores for the ablation
study on the objective function.

k-NND of real samples (k=3)

lo
g
p(
x)

Pearson corr.=0.928
 p-value=0.000

Rarity score of fake samples

Pearson corr.=0.815
 p-value=0.000

Figure 8: Correlation plot for the k-NND / rarity score and
negative log-likelihood estimated by the normalizing flow.

samples inside the boundary. Finally, incorporating the Ldiv

completes the full objective. The results in Table 7 demon-
strate the effectiveness of each term.

4.4 Relationship with Rarity Score
We use the rarity score (Han et al. 2023) to measure sam-
ple rarity and demonstrate that our method improves rarity
compared to other sampling methods. Although directly op-
timizing the rarity score is challenging, our likelihood-based
objective effectively guides samples to locally low-density
regions. To compare k-NN-based density measures (k-NND
for real samples and rarity score for fake samples) with NF-
estimated density measures, we visualize the scatter plot and
compute the Pearson correlation coefficient as represented
in Fig. 8. We observe a high Pearson correlation coefficient
of 0.928 for real samples and 0.815 for fake samples, with
p-values < 10−8, excluding samples with undefined rarity
scores.

Although the NF estimates likelihood across the feature
space, the rarity score is undefined outside the real k-NN
manifold. This allows for out-of-manifold samples with suf-
ficient quality, as shown at the bottom of Fig. 3. In Fig. 9, we
visualize an optimization example that starts with an unde-
fined rarity score but eventually gains and increases the rar-
ity score. The sample, initially in an underestimated k-NN
region, becomes rare by moving to a low-likelihood region,
altering the reference image to achieve curlier blonde hair
and a non-frontal head pose. We plot the NF-estimated den-
sity using RBF kernel interpolation and UMAP (McInnes,
Healy, and Melville 2018) dimensionality reduction on the
real feature space and its inverse transformation function.
Further details are provided in Appendix F.

5 Conclusion
We proposed a novel algorithm that generates diverse
rare samples using multi-start gradient-based optimization,
avoiding low-quality samples. Users can control rarity, di-

N/A
point

Optimized point
Optimized point
Real point

Manifold

Figure 9: Example of the optimization path with a real k-NN
manifold and a heatmap of likelihoods estimated by the nor-
malizing flow. Notably, the local k-NN manifold includes
only the three nearest real data points (k = 3) for each point,
rather than the entire manifold.

versity, and similarity to the reference through a multi-
objective approach. Our method successfully increased the
prevalence of rare attributes in various image generation
domains. We also provide an experimental comparison be-
tween k-NN-based and normalizing flow-based density esti-
mation methods. We hope this work contributes to advanc-
ing creativity in deep generative models. However, there are
some limitations that could be improved. The results rely
on the GAN’s capabilities and require an additional den-
sity estimator. Exploring other generative models might im-
prove outcomes and eliminate the need for extra training.
Additionally, our method alters multiple attributes simulta-
neously; integrating it with other image manipulation tech-
niques could allow for more controlled manipulation.
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