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Abstract

The past few years have seen impressive progress in the development of deep gener-
ative models capable of producing high-dimensional, complex, and photo-realistic
data. However, current methods for evaluating such models remain incomplete:
standard likelihood-based metrics do not always apply and rarely correlate with
perceptual fidelity, while sample-based metrics, such as FID, are insensitive to
overfitting, i.e., inability to generalize beyond the training set. To address these
limitations, we propose a new metric called the Feature Likelihood Divergence
(FLD), a parametric sample-based metric that uses density estimation to provide a
comprehensive trichotomic evaluation accounting for novelty (i.e., different from
the training samples), fidelity, and diversity of generated samples. We empirically
demonstrate the ability of FLD to identify overfitting problem cases, even when
previously proposed metrics fail. We also extensively evaluate FLD on various
image datasets and model classes, demonstrating its ability to match intuitions
of previous metrics like FID while offering a more comprehensive evaluation of
generative models. Code is available at https://github.com/marcojira/fld.

1 Introduction

Generative modeling is one of the fastest-growing areas of deep learning, with success stories
spanning the artificial intelligence spectrum [Karras et al., 2020, Brown et al., 2020, Wu et al., 2021,
Rombach et al., 2022]. Despite the growth of applications—and unlike supervised or reinforcement
learning—there is a lack of a clear consensus on an evaluation protocol in high-dimensional data
regimes in which these models excel. In particular, the standard metric of evaluating log-likelihood
of held-out test data [Bishop and Nasrabadi, 2006, Goodfellow et al., 2016, Murphy, 2022] fails to
provide a meaningful evaluation signal due to its large variability between repetitions [Nowozin et al.,
2016] and lack of direct correlation with sample fidelity [Theis et al., 2015].

Departing from pure likelihood-based evaluation, sample-based metrics offer appealing benefits
such as being able to evaluate any generative model family via their generated samples. Furthermore,
sample-based metrics such as Inception score (IS) [Salimans et al., 2016], Fréchet Inception distance
(FID) [Heusel et al., 2017], precision, and recall [Lucic et al., 2018, Sajjadi et al., 2018] have been
shown to correlate with sample quality, i.e. the perceptual visual quality of a generated sample,
and the perceptual sample diversity. Despite being the current defacto gold standard, sample-based
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Figure 1: The generative model evaluation “triFigure 2: Test FID/FLD of various models on Cl-

chotomy™: delity, and novelty. Each metricFAR10. FID values are higher than usual as we use

maps to a color delimiting its criteria for evaluationthe DINOv2 feature space with the test set as refer-
ence (10k samples) instead of the usual 50k.

metrics miss important facets of evaluation [Xu et al., 2018, Esteban et al., 2017, Meehan et al.,
2020]. For example, on CIFAR10, the current standard FID computation uses 50k generated samples
and 50k training samples from the dataset, a practice that does not take into account over tting.
Consider the worst-case scenario of a model callgaycatwhich simply outputs copies of the
training samples. Using the standard evaluation protocol, such a model would obt&ir&0 (as

we compare distances of two identical Gaussians)—a perfect score for a useless model. Instead, we
could try looking at the FID of the copycat relative to the test set. While this improves the situation
somewhat (see Fig. 2), copycat still obtabetter than SOTA test FlRiemonstrating that aiming

for the lowest FID is highly vulnerable to over tting.

While old generative models struggled to produce good quality samples, recent models have
demonstrated the ability to memorize [Somepalli et al., 2022] and overt [Yazici et al., 2020].
With the widespread adoption of deep generative models in high-stakes and industrial production
environments, important concerns regarding data privacy [Carlini et al., 2023, Arora et al., 2018, Hitaj
et al., 2017] should be raised. For instance, in safety-critical application domains such as precision
medicine, data leakage in the form of memorization is unacceptable and severely limits the adoption
of generative models—a few of which have been empirically shown to be guilty of “digital forgery”
[Somepalli et al., 2022]. These concerns highlight the limitations with current evaluation metrics:

There are currently nsample-based evaluation metri@scounting for the trichotomy
between samplalelity, diversity, and noveltyFigure 1).

We believe this trichotomy encompasses what is required for a generative model to have the desired
generalization properties, i.e., a “good” generative model should generate samples that are diverse
and perceptually indistinguishable from the training data distributionabitite same timedifferent

from that training data. In other words, the more generated data looksridexrtest samples, the

better. Additionally, by assessing the novelty of generated samples in relation to the training set,
we can better identify potential privacy and copyright risks.

Main Contribution . We propose the feature likelihood divergence (FLD): a novel sample-based
metric that captures sample delity, diversity, and novelty. FLD enjoys the same scalability as popular
sample-based metrics such as FID and IS but crucially also assesses sample novelty, over tting, and
memorization. Evaluation using FLD has many consequential bene ts:

1. Explainability: Samples that contribute the most (and the least) to the performance are identi ed.

2. Diagnosing Over tting: As over tting begins (i.e., copying of the training set) FLD identi es
the copies and reports an inferior valdespiteno drop in sample delity and diversity.

3. Holistic Evaluation: FLD simultaneously is the only metric proposed in the literature that
simultaneously evaluates the delity, diversity, and novelty of the samples (Fig. 1).

4. Universal Applicability: FLD applies to all generative models, including VAEs, Normalizing
Flows, GANs, and Diffusion models with minimal overhead as it is computed only using samples.

5. Flexibility: Because of its connection with likelihood, FLD can be naturally extended to condi-
tional and multi-modal generative modeling.



Intuitively, FLD achieves these goals by rst mapping samples to a perceptually meaningful feature
space such as a pre-trained Inception-v3 [Szegedy et al., 2016] or DINOv2 [Oquab et al., 2023].
Then, FLD is derived from the likelihood evaluation protocol that assesses the generalization
performance of generative models in a similar manner to supervised learning setups. As most models
lack explicit densities, we model the density of the generative model in our chosen feature space
by using a mixture of isotropic Gaussians (MoG), whose means are the mapped features of the
generated samples. We then t the variances of the Gaussians to the train set in such a way that
memorized samples obtain vanishingly small variances and thus worsen the density estimation of
the MoG. Finally, we use the MoG and estimate the perceptual likelihood of some held-out test set.

2 Background and Related Work

Given a training datas@4in = fx;gL; drawn from a distributiomgai, One of the key objectives
of generative modeling is to train a parametric magitiat is able to generate novel synthetic yet
high-quality samples—i.e., the distributipy induced by the generator is closeif’

Likelihood Evaluation. The most common metric, and perhaps most natural, is the negative log-
likelihood (NLL) of the test set, whenever it is easily computable. While appealing theoretically,
generative models typically do not provide a density (e.g. GANS) or it is only possible to compute

a lower bound of the test NLL (e.g. VAEs, continuous diffusion models, etc.) [Burda et al., 2015,
Song et al., 2021, Huang et al., 2021]. Even when possible, NLL-based evaluation suffers from a
variety of pitfalls in high dimensions [Theis et al., 2015, Nowozin et al., 2016] and may often not
correlate with higher sample quality [Nalisnick et al., 2018, Le Lan and Dinh, 2021]. Indeed many
practitioners have empirically withessed phenomena such as mode-dropping, mode-collapse, and
over tting [Yazici et al., 2020], all of which are not easily captured simply through the NLL.

Sample-based Metrics As all deep generative models are capable of producing samples, an effective
way to evaluate these models is via their samples. Such a strategy has the bene t of bypassing
the need to compute the exact model density of a sample point—allowing for a uni ed evaluation
setting. More precisely, giveDgen, = fx9 ergm generated samples, where exéf” py and

Diest= fx'®Sg, drawn frompga the goal is to evaluate how “good” the generated samples are
with respect to the real data distribution. Historically, sample-based metrics for evaluating deep
generative models have been based on two ideas: 1. using an Inception network [Szegedy et al.,
2016] backboné as a feature extractor to 2. compute a notion of distance (or similarity) between
the generated and the real distribution. The Inception Score (IS) and the Fréchet Inception Distance
(FID) are the two most popular examples and can be computed as follows:

IS: emip Ly KLCp (yixPiipa(y)) - FID: Kk 4 k2 +Tr( g+ p 2( 4 p)1=2)
wherep (yjx) is the probability of each clasqaglven by the Incepuoqg netWo,rIpd(y) is the
ratio of each class in the real datay = 1 96'”5 L (xsh are the
erp,mrlcal means of each distribution, ang : % (xgen g)(xigen o) p =
L0 (xtest (xSt L) are the emplrlcal covanances

The popularity of IS and FID as metrics for generative models is motivated by their correlation with
perceptual quality, diversity, and ease of use. More recently, other metrics such as KkKoiBki

et al., 2018] (an unbiased version of FID) and precision/recall (which disentangles sample quality
and distribution coverage) [Sajjadi et al., 2018] have added nuance to generative model evaluation.

Over tting Evaluation . Several approaches seek to provide metrics to detect over tting and can

be categorized based on whether one can extract an exact likelihood [van den Burg and Williams,
2021] or a lower bound to it via annealed importance sampling [Wu et al., 2016]. For GANSs, popular
approaches include training an additional discriminator in a Wasserstein GAN [Adlam et al., 2019]
and adding a memorization score to the FID [Bai et al., 2021]. Alternate approaches include nding
real data samples that are closest to generated samples via membership attacks [Liu et al., 2018,
Webster et al., 2019]. Non-parametric tests have also been employed to detect memaorization or
exact data copying in generative models [Xu et al., 2018, Esteban et al., 2017, Meehan et al., 2020].
Parametric approaches to detect data copying have also been explored such as using neural network
divergences [Gulrajani et al., 2020] or using latent recovery [Webster et al., 2019]. FinalB4; the

3By close we mean either a divergence between distributions (e.g. KL, JSD) or a distance like Wasserstein.



Figure 3:Steps involved in our over t mixture of Gaussians illustrated on a 2D example

[Meehan et al., 2020] test statistic and Alaa et al. [2022] proposes a multi-faceted metric with a
binary sample-wise test to determine whether a sample is authentic (i.e., over t).

3 Feature Likelihood Divergence

We now introduce our Feature Likelihood Score (FLD) which is predicated on the belief that a
proper evaluation measure for generative models should go beyond sample quality and also inform
practitioners of the generalization capabilities of their trained models. While previous sample-based
methods have foregone density estimation in favor of computing distances between sample statistics,
we seek to bring back a likelihood-based approach to evaluating generative models. To do so, we
rst propose our method for tting a mixture of Gaussians (MoGs) to estimatg#reeptualdensity

of high-dimensional samples in a way that accountofar tting. Speci cally, our method aims at
attributing 1) a good NLL to high-quality, non-over timages and 2) a poor NLL in cases of over tting.

Intuitively, we say a generative model is over tting if on average the distribution of generated
samples is closer to the training set than the test set in feature space. We seek to characterize this
exact behavior with FLD by a MoG where the variance paramet@f each Gaussian approaches

zero around generated samples that are responsible for over tting. In section 3.1 we deepen this
intuition by outlining how the MoG used in FLD can be tuned to assess the perceptual likelihood

of samples while punishing memorized samples, before giving a precise de nition for memorization
and over tting under FLD in section 3.2.

3.1 Over tting Mixtures of Gaussians

Our method consists of a simple sample-based density estimator amenable to a variety of data domains
inspired by a traditional mixture of Gaussians (MoG) density estimator with a few key distinctions.
Figure 3 summarizes thkey steps in computing FLD using our MoG density estimator (also detailed

in Algorithm 1 in Appendix 8D.1) which we now describe below. While it is indeed possible to train
any other density model, a MoG offers a favorable tradeoff in being simple to use—while still being a
universal density estimator [Nguyen et al., 2020]—and enjoying ef cient scalability to large datasets.

Step 1: Map to the feature spaceThe rst change we make is to use some mai@ map inputs

to some perceptually meaningful feature space. Natural choices for this include the representation
space of Inception-v3 and DINOv2. While still high-dimensional, we ensure that a larger proportion
of dimensions are useful and that the resulfipglistances between images are more meaningful.

Step 2: Model the density using a MoG As in kernel density estimation (KDE), to estimate a
density from some set of poinBgen = fxgengjm:1 we center an isotropic Gaussian around each
point—i.e., the mean of the Gaussian is the coordinates of the point. This meanshitta point
has a GaussiaN (' (xf’eﬁ; jZI d). Then, to compute the likelihood of a new pointwe simply
calculate the mean likelihood assigned to that point by all Gaussians in the mixture:

1 X 1 it (x)ji2
ii (X,zrﬁ2 ()i 1)

. 1X
P (e = 1 NC OO O flay= o (po=—gexp
l:

=1 '

with the convention thall (" (x)j' (x9"); Oq) is a dirac at (x9¢"). Henceforth, we denote this MoG
estimator which has xed centers initialized to a dataset (e.g. train set, generatedN€t) @); ) ,
where is a diagonal matrix of bandwidths parameters—i 4., where ? is a vector.

Step 3: Use the train set to select]-z. An important question in kernel density estimation is selecting

an appropriate bandwidtty. Overwhelmingly, a single bandwidth is selected which can either be
derived statistically or by minimizing some loss through cross validation [Murphy, 2012]. We depart
from this single bandwidth philosophy in favor of separaﬁe/alues for each Gaussian. To select

J-Z, instead of performing standard cross-validation on samplesgonve t the bandwidths using

4



a subset of training examplés (x™@M g, by minimizing their negative log-likelihood (NLL).
Speci cally, we solve the following optimization problem:
!
1 )@ 1 )(n 1 P (Xgerv) ' (X&rain)--z
A22 argmax— log — p——exp ML 2
g anizl g m,-zl(PZ 5 xp 27 i (2)

whereL ; is a base likelihood given to each sample (see Appendix 8D for details). In particular, by
centering each Gaussian on ea«?ﬁ” 2 Dgenand tting each J-2 to the train set, we aim to have
memorized samples obtain an overly smal] worsening the quality of the MoG estimator (and
thus penalizing memorization). The following proposition (proof in 8F) formalizes this intuition.

Proposition 1. LetDjj := jj' (x7*) ' (x®")jj* be the distance between a generated sample and
a train sample. Assunti;j : Dj D with j == min; Dj . Then, forany 2 f 1;:::; mg, we
have that", = O( |) where”? is a solution of Eq. 2.

Proposition 1 implies that each element of the training set that has been memorized induces a Dirac
in the MoG density Eq. 1. Thus, one can identify copies of training samples with the learned density.
More generally, if one of the generated samples is unreasonably close to a training sample, its
associated ? will be very small as this maximizes the likelihood of the training sample. We illustrate

this phenomenon with the Two-Moons dataset [Pedregosa et al., 2011] in Figure 4. Note that since
this dataset is low-dimensional, we do not need to use a feature extractor (Step 1). In Figure 4 we
can see that the more approximate copies of the training set appear in the generated set, the more the
estimated density (using Eq. 2) contains high values around approximate copies of the training set.
As such, over tted generated samples yield an over tted MoG that does not model the distribution

of real datgpgataand will yield poor (i.e., low) log-likelihood on the test 9@t

Figure 4.Estimated density (in purple) of the generated distribution using an MoG centered at the generated
samplex?®" (in blue) Eq. 1. The selection of? is done via Eq. 2. The training poirt§®"  pg, sampled

from the two-moons dataset, are represented in . The generated points correk@putdaimates
copies of the training set”"= x™@"+ N (0;10 %);i =1;:::;k and200 k independent samples from the
data distributiork " pqg;i = k +1;:::;200. The dark areas correspond to high-density values.

Step 4: Evaluate MoG density A foundational concept used by FLD is to evaluate the perceptual
negative log-likelihood of a held-out test set using an MoG density estimator. To quantitatively
evaluate the density obtained in Step 3, we evaluate the negative log-likelih@agi@iderpa (x).

As demonstrated in Figure 4, in settings with> 0, the generated samples are too close to the
training set, meaning that all test samples will have a high negative log-likelihood (as they are far
from the center of Gaussians with low variances). Evaluation of the test set provides a succinct way
of measuring the generalization performance of our generative model, which is a key aspect that is
lost in metrics such as IS and FID. Our nal FLD score is thus given by the following expression:

FLD(Dtest DgerD = 1270 log p» (DtestiDgerD C; )

whered is the dimension of the feature spdcand is equivalent to looking at tl# root of the
likelihood, andC is a dataset dependant constaris a result of this adjustment by a constant,
FLD is essentially estimating the forward Kullback-Leibler (KL) divergence (up to a constant factor)
between the learned MoG distributions of the true data and the generated data. Higher FLD score
values are indicative of problems in some of the three areas evaluated by FLD. Poor sample delity

“We setC for the FLD to be zero with an ideal generator (i.e. a generator that could sample images from the
true data distribution). In practice we can estimate suChly splitting the train set in 2, one part to represent
the perfecD4en and the other to compute Note thatC does not change the relative score between models.



leads to Gaussian centers that are far from the test set and thus a higher NLL. Similarly, a failure to
suf ciently cover the data manifold will lead to some test samples yielding very high NLL. Finally,
over tting to the training set will yield a MoG density estimator that over ts and yield a poor NLL
value on the test set.

Computational Complexity of FLD. To quantify the computational complexity of FLD we plot,

in Figure 12 in 8A.2, the computation time of various metrics with the number of samples. As
depicted, we observe a linear scaling in the number of train samples for FLD which is in line with
the computational cost of popular metrics like FID. Finally, the cost of computing FLD—and other
metrics—is dwarfed by the cost of generating samples and then mapping them to an appropriate
feature space which is a one-time cost and can be done prior to any metric computation.

3.2 Detecting Memorization and Over tting

Memorization. One of the key advantages of FLD over other metrics like FID is that it can be used
to precisely characterize memorization at the sample level. Intuitively, memorization occurs when a
generated sampbqge” is an approximate copy of a training sampfé". By Proposition 1, such a

phenomenon encourages the optimization of Eg. 2 to sel’é‘%:t a 1to achieve a high training NLL.

As a result, such samples will assign a disproportionately high likelihood to {4t To quantify
this phenomenon, we compute the train likelihood assigned by each tted Gaussian.

De nition 3.1. Let > 0. The sample’*"is said to be -memorized if

Oj =max N ( oMy (x5 A2 > (4)

The quantityO; is appealing because it is ef cient to compute, and the distributid®g allows
us to quantify what is a “large” value forand identify the generated samples that are the most-likely
copies of the training set. In 84.1.3, we explore this method to assess sample novelty.

Over tting . Intuitively, a generative model is over tting when it is more likely to generate samples
closer to the train set than to the (unseen) test set. Thus, over tting for deep generative models can be
precisely de ned using the standard tools for likelihood estimation.

De nition 3.2. Given sample®gyen= fx9g, from a generative modé trained onDrin and
unseen test sampl&kes:. We say thaG is over tting if log pa (DiesjD gen) < 109 P (DirainjD ger), i.€
if:

Generalization Gap FLD= FLD(Dyain; Dgen) FLD(D1est Dgen) < O (5)

For FLD, this effect is particularly noticeable due to the MoG being t to the training set. In fact,
samples that are too close to the train set relative to the test set have two effects: they worsen the
density estimation of the MoG (increasifiD(Dest Dger) and assign higher likelihood to the train

set (loweringFLD(Dyrain; Dgen)). In section 4.1.3 and Tab. 1 experiments we empirically validate

the over tting behavior of popular generative models using our above de nition and also visualize
samples that are most over t.

Evaluating individual sample delity . While FLD focuses on estimating the density learned by the
generative model, it is also possible to estimate the density of the data and use that to evaluate the
likelihood of the generated samptesn particular, instead of centering the Gaussians at the generated
samples, we can insteadnter them at the test setThen, after tting this MoG to the train set, we
compute the likelihood it assigns to generated samples and use that as a measure of sample quality.

More formally:
Qj =N( (nger‘)j. (Dtesd; ) : (6)

As is the case foD; , Q; is easy to compute once the Mog is tand can be used to rank and potentially
Iter out poor delity samples.

4 Experiments

We investigate the application of FLD on generative models that span a broad category of model
families, including popular GAN and diffusion models. For datasets, we evaluate a variety of popular

5This is somewhat analoguous to the difference between Recall and Precision [Sajjadi et al., 2018, Kynkaan-
niemi et al., 2019] where FLD can be seen as a smoother version of these metrics.



Figure 5: Starting from a set of SOTA samples produced by PFGM++, we replace each sample with
a transformed copyLeft: Effect of nearly imperceptible transformations on FLD and FID (with
corresponding values for various models as refererRight: Effect of large transformations on

FLD and FID.

natural image benchmarks in CIFAR10 [Krizhevsky et al., 2014], FFHQ [Karras et al., 2019] and
ImageNet [Deng et al., 2009] . Through our experiments, we seek to validate the correlation between
FLD and sample delity, diversity, and novelty.

Stein et al. [2023] nd that the DINOv2 feature space allows for a more comprehensive evaluation
of generative models (relative to Inception-V3) and correlates better with human judgement. As
such, for our experiments, unless indicated otherwise, we map samples to the DINOv2 feature space
[Oquab et al., 2023]. We do so even for other metrics (e.g. FID, Precision, Recall, etc.) which have
typically used other feature spaces (comparisons with vanilla FID are provided in Appendix 8C).

4.1 Trichotomic evaluation of FLD

We now experimentally validate FLD's ability to evaluate the samples of generative models along the
three axes of delity, diversity and novelty.

4.1.1 Sample Fidelity

We evaluate the effect of 2 types of transformations on FLD and plot the results in Fig. 5. The
rst consists of minor, almost imperceptible transformations (very minor gaussian blur, posterizing
and converting to a high quality JPG) that are problematic for FID. As described in [Parmar et al.,
2022] small changes to images such as compression or the wrong form of anti-aliasing increase FID
substantially despite yielding essentially indistinguishable samples. These transformations affect FLD
but noticeably less than FIDThis phenomenon occurs even when we use DINOv2 for both FLD and
FID (though the effect is more drastic using the original Inception-V3 feature space, see Appendix §C).

Speci cally, when all the samples are transformed, FID rates the imperceptibly transformed samples
PFGM++ samples as worse than those produced by StyleGAN-XL (or even worse than StyleGAN2-
ada). On the other hand, while the imperceptible transforms yield slightly worse FLD values (in
part due to the feature space being sensitive to them), the FLD values are barely changed for the
"Posterize" and "Light Blur" transforms and only somewhat worse for "JPG 90". The second type
of transformations are larger transformations that affect the structure of the image (e.g. cropping,
rotation, etc.) and have a signi cant negative impact on both FLD and FID.

4.1.2 Sample Diversity

We consider two experiments on CIFAR10 to evaluate the effect of mode coverage and diversity
on FLD. For the rst, we vary the number of classes included in the set of generated samples for
various conditional generative models. For the second, instead of the onigijeslerated samples,

we look at a set comprised gf samples from the original set combined wih 1) approximate

copies of each of those samples (i.e. for a total ghmples). In both cases, we nd a strong and
consistent relationship (across all models) indicating that both sample diversity and mode coverage
are important to get good FLD values and report our ndings in Fig. 6.

4.1.3 Sample Novelty

We now study the effect of data copying on CIFAR10 on evaluation metrics for generative models.
As over tting can be more subtle than direct copying of the training set, we also consider transformed



Figure 6: Left: FLD for various models as we increase the number of classes included in the
generated sample®ight: FLD as the set of generated samples includes increasing amounts of
copies of itself.

Figure 7: Comparison of various over tting metrics whé®ye, consists of a combination of transformed
generated samples and transformed copies of the train set.

copies of the train set. For each transform in Fig. 7, we start with PFGM++ samples that have had the
transform applied and gradually replace them with transformed copies of the training set. As such,
sample delity/diversity in this "pseudo-generated” set remains roughly constant while over tting
increases.

We then evaluate this set of samples using a variety of metrics designed to detect over tting. For
FLD, we look at the generalization g&fh.D(Dyrain; Dger)  FLD(Dtes; Dgen)). For FID, we consider

the differencéIDyain - FIDtest (WhereFIDyestis FID using the test set). We use the same amount of
samples (10k) for both as FID is bias&tk [Meehan et al., 2020] is the result of a Mann-Whitney test

on the distribution of distances between generated and train samples compared to the distribution of
distances between train samples and test samples (negative implies over t, positive implies under t).
The AuthPct2 [0; 100]is derived from authenticity described in [Alaa et al., 2022] and is simply the
percentage of generated samples deemed authentic by their metric.

We nd that FLD is the only metric consistently capable of detecting over tting for all transforms
(though the effect is less pronounced for large transforms). The generalization gap of FID oscillates
though generally trends in the right direction. However, the magnitude of the gap is small (considering
that the FID values using DINOvV2 are considerably larger, e.g. the difference between StyleGAN2-
ADA and StyleGAN-XL is >60). AuthPct trends in the right direction but seems to only be able to
detect a subset of the memorized samples (as it detects none of the sample sets as over t). Finally,
Cr is capable of detecting over tting for all but the largest transforms (though it does require a
signi cant proportion of copied samples).

4.1.4 Interaction effects

We now examine the relative effect of these three axes of evaluation on FLD. For delity, we use an
increasing blur intensity. For diversity, we take a subset of the generated samples and replace the rest
of the sample with copies of this subset. For novelty, we replace generated samples with copies of the
training set. Then, in Fig. 8, starting from high quality generated samples, we vary each combination
of the 2 axes and observe the effect on FLD through a heatmap.

In summary, Fig. 8 indicates that for FLD, delity matters more than diversity which matters more
than novelty (with the notable exception of all samples being copied resulting in very high FLD).
We argue this ordering is very much aligned with the potential usefulness of a generative model. If
samples have poor delity, then regardless of their diversity and novelty, they will not be useful. With
poor diversity but good delity and novelty, removing duplicates yields a useful generative model.



Figure 8:Heatmap of FLD values for all pairs of the three axes of generalization.

Finally, if the model generates copies of the training set, it can still be uasefioing as it generates
novel samples as well

4.2 Comparison of Evaluation of State-of-the-Art Models

Using samples provided by [Stein et al., 2023], we perform a large-scale evaluation of various
generative models in Tab. 1 using different metrics on CIFAR10, FFHQ and ImageNet. We nd
that FLD yields a similar model ranking as FID with some exceptions (for example MHGAN vs
BigGAN-Deep on CIFAR10). In addition, we observe that modern generative models are over tting
in a benign way on CIFAR, i.e., there is a noticeable gap between train and test FLD even though
the test FLD is reasonably low (indicating good generalization).

Dataset Model FLD FID Gen Gap FLD Cr AuthPct  Precision Recall
ACGAN-Mod 24.22 1143.07 0.10 26.11 72.09 0.76 0.00
LOGAN 18.94 753.34 0.18 55.66 84.10 0.63 0.13
9 BigGAN-Deep 9.28  203.90 -0.05 55.70 88.10 0.50 0.26
@ MHGAN 8.84  231.38 -0.01 47.87 86.69 0.55 0.26
5 StyleGAN2-ada 6.86 178.64 -0.09 45.31 86.40 0.54 0.33
@) iDDPM-DDIM 5.63 12857 -0.33 39.65 84.60 0.57 0.55
StyleGAN-XL 5,58  109.42 -0.23 36.79 85.29 0.57 0.13
PFGMPP 4.58 80.47 -0.35 32.79 83.54 0.60 0.62
Ef cient-VDVAE 9.40  465.34 -0.10 32.22 86.48 0.66 0.07
Projected-GAN 8.61  339.72 0.05 36.77 93.46 0.40 0.11
© StyleGAN2-ADA  7.24  296.93 -0.08 27.47 90.95 0.49 0.06
& Unleashing 7.23  287.38 -0.06 38.98 90.01 0.57 0.19
g‘ InsGen 6.20 249.91 -0.08 26.06 89.74 0.52 0.12
i StyleGAN-XL 594  155.88 -0.04 39.41 88.17 0.56 0.30
v StyleSwin 5.77  200.80 -0.29 32.19 87.68 0.60 0.20
StyleNAT 469  156.38 -0.12 29.38 86.35 0.62 0.30
LDM 463 162.45 -0.23 28.28 84.84 0.66 0.34
Q RQ-Transformer  11.55 212.99 -0.53 125.48  86.10 0.39 0.55
o StyleGAN-XL 8.46  150.27 -0.40 98.69 84.10 0.43 0.26
2 GigaGAN 8.34  156.40 -0.42 98.78 82.48 0.47 0.32
g Mask-GIT 6.74  144.23 -0.63 78.97 80.02 0.48 0.44
g LDM 3.41 82.42 -0.74 33.63 69.23 0.63 0.45
= DiT-XL-2 1.98 62.42 -0.99 22.57 65.79 0.69 0.55

Table 1: Summary of performance metrics for various generative models.

4.3 Applications of FLD

Identifying memorized samples As discussed in 3.2, we sort the samples generated by various
models trained on CIFAR10 according to their resped@lyand plot samples for different percentiles.

As demonstrated in Fig. 9, all models produce a non-negligible amount of very near copies (especially
a speci c car of which there are multiple copies in the train set). For PFGM++ and StyleGAN-XL
near copies exist even at the 1st percentil®p{roughly in line with the ndings of [Carlini et al.,

2023, Stein et al., 2023)).



Figure 9:Ranked generated samples for different models from CIFAR10 accordidg.tGhe left sample is
generated, the right one is the nearest sample in the train set (using distances in DINOv2 feature space).

Figure 10:Ranked generated samples for different models from CIFAR10 accordi@g.to

Evaluating individual sample delity . We repeat the process looking instead at@jeof the
models. From Fig. 10, the progression in delity of generative models is quite striking with older
models such as LOGAN and ACGAN-Mod producing implausible images for all but their best
samples. For recent, SOTA generative models, the top half of samples in te@nsacé generally of

high quality. However, the bottom half has many examples of poor quality samples that would easily
be identi ed by most humans as being fake. Consequently, even if the ranking is not perfect, Itering
generated samples usi@y could potentially be bene cial for downstream applications.

5 Conclusion

We introduce FLD, a new holistic evaluation metric for deep generative models. FLD is easy to
compute, broadly applicable to all generative models, and evaluates generation quality, diversity, and
generalization. Moreover, we show that, unlike previous approaches, FLD provides more explainable
insights into the over tting and memorization behavior of trained generative models. We empirically
demonstrate both on synthetic and real-world datasets that FLD can diagnose important failure modes
such as memorization/over tting, informing practitioners on the potential limitations of generative
models that generate photo-realistic images. While we focused on the domain of natural images,
a fertile direction for future work is to extend FLD to other data modalities such as text, audio, or
time series and also evaluate conditional generative models.
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A Additional Results

A.1 Number of samples

From Fig. 11, FLD appears to be reliable even when using less reference set samples (similarly to
KID Bihkowski et al. [2018]). This is of particular importance for applications in low data regimes or
even conditional generation (e.g. the test set of CIFAR10 only contains 1k images for each class). On
the other hand, FID highly recommends a minimum of 10k Heusel et al. [2017]. Generally however,
the whole training set is used as the value is still biased at 10k and a noticeably lower score can be
obtained by using more samples.

As for generated samples, for FID, most papers use 50k as it gives a lower FID than with 10k. We
nd that using 10k samples for FLD is suf cient for robust evaluation. This is bene t is particularly
important given the computational complexity of sampling from modern diffusion models (for
example, generating 50k samples often takes hours).

Figure 11: FLD, FID and KID for various sizes of the test set (here, for FID/KID, we use the test set
as reference set). Both FLD and KID appear to be relatively consistent, even for smaller test set sizes,
while FID is clearly biased.

A.2 Computational Complexity of FLD

We include the plot of computation time of our score relative to other metrics and nd that while it
scales linearly with the number of train samples at a faster rate than many metrics, it is still roughly
within the same order of magnitude to other metrics and insigni cant compared to sample generation
time.

Figure 12: Time taken (on 1XRTX8000) for different metrics as we vary the number of train samples.
We solely include the time to compute the metric value once the samples have been generated and
mapped to the appropriate feature space (as these two steps are necessary for each metric and are
signi cantly more computationally expensive than the metric computation).

A.3 Synthetic Experiments
We include a synthetic 2D experiment analyzing how FLD/FID varies as the generated samples go

from under t to over t. Speci cally, we generat8000points from the Two Moons dataset using
scikit-learn [Pedregosa et al., 2011] with a noise valu@:bf The rst 2000points are used as
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the training set and the 1a$000as test set. We t a KDE to the train set using bandwidth values
varying from10 4 to 10 and sampld 000points as generated samples before computing our score.
As expected, FLD decreases initially as the samples begin to match the distribution. However, unlike
Test FID, as the samples begin getting too close to the train samples, FLD increases, punishing the
model for over tting.

Figure 13: FLD vs. FID for samples from a KDE centered at the train points. As we decrease
the bandwidth of the KDE, the generated samples go from A) (under t e.g. low delity resulting
in high FID/FLD) to B) (just right, the samples match the distribution but are not overt to the
train samples, yielding low FID/FLD) to C) (over t, the samples are almost identical to the training
samples, yielding low FID butigh FLD).
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B Additional Sample Evaluations

Below, we provide additional results of sample evaluations for FFHQ and ImageNet usin@;both
andQ; .

Figure 14:Ranked generated samples for different models on ImageNet accordpg The left sample is
generated, the right one is the nearest sample in the train set (using distances in DINOv2 feature space).

Figure 15:Ranked generated samples for different models on FFHQ accord®g. to
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