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Abstract—Existing evaluation metrics of image generative
models typically rely on perceptual features extracted from
pretrained deep neural networks, yet such metrics often
exhibit unreliability and limited interpretability. We propose
a Generator Distance Metric (GDM) based on generation
fidelity and diversity, and introduce a topological data anal-
ysis framework to assess the stability of these metrics. We
evaluate Fréchet Wavelet Distance (FWD), Fréchet Inception
Distance (FID), FD-DINOv2, and CLIP Maximum Mean
Discrepancy (CMMD) across image generators trained on
CIFAR-10 and FFHQ-64. Our results indicate that FWD-
based GDM induces topological and geometric structures
that exhibit greater stability and provide qualitative interpre-
tations than those based on DNN backbone-based metrics.

Index Terms—Image generation, metric reliability, topo-
logical data analysis, wavelet packets.

I. INTRODUCTION

Modern image generation models such as Generative
Adversarial Networks (GANs) [1], [2], [3], Variational Au-
toencoders (VAEs) [4], and diffusion models [5], [6] have
undergone significant advances over the last decade. These
image generators are evaluated on perceptual properties
such as realism and diversity of their generated images,
which traditional metrics fail to accurately capture. Cur-
rent evaluation metrics, such as Inception Score (IS) [7],
Fréchet Inception Distance (FID) [8], FD-DINOv2 [9],
etc., compare empirical distributions of images in the
feature space of a deep neural network (DNN) pretrained
on large image datasets.

Studies like [10], [11], [12] have shown that DNN-
based metrics are uninterpretable, sample-size-sensitive,
biased toward specific domains and image generators, and
prone to incorrect assumptions, raising concerns about
their reliability and fairness. Recent developments such as
the Fréchet Wavelet Distance (FWD) [11] and CLIP Max-
imum Mean Discrepancy (CMMD) [12] aim to address
some of the above problems. FWD uses a domain-agnostic
wavelet packet transform (WPT) to create an unbiased,
interpretable metric. CMMD uses CLIP [13] embeddings
and relaxes the normality assumption. However, the relia-
bility of such metrics remains uncertain.

In this work, we propose to solve this problem from a
topological data analysis (TDA) perspective. TDA-based

∗ Authors contributed equally to the work.

approaches have been shown to be effective for interpret-
ing loss landscapes [14]. Using an evaluation metric, we
measure the separation between image generators on two
key parameters: ground-truth fidelity and cross-generator
dissimilarity. We further use this measure to form a topo-
logical space, namely a Vietoris-Rips complex, of image
generators. Through persistent homology, we evaluate the
stability of the topological spaces generated by four promi-
nent metrics, viz. FID, FD-DINOv2, CMMD, and FWD
using various image generators. The main contributions of
the work are summarized as follows:

1) We introduce Generator Distance Metric (GDM) and
a novel TDA-based framework for assessing the
reliability of image generation metrics.

2) Using this framework, we evaluate the metrics de-
rived from three prominent pretrained backbones
(Inception-v3 [15], DINO-v2 [16], and CLIP [13])
and a multi-resolution backbone (WPT) across im-
age generators with diverse characteristics.

3) Our analysis shows that FWD yields a stable
topological representation of image generators and
demonstrates substantially higher reliability than
metrics based on pretrained backbones.

4) We further provide novel insights into the geometric
and topological structures induced by FWD across
different image generators.

II. RELATED WORK

Image Generator Metrics. Inception Score (IS), in-
troduced by Salimans et al. [7], measures sample quality
and diversity via KL-divergence between the conditional
and marginal label distributions produced by an Imagenet
pretrained Inception classifier. Fréchet Inception Distance
(FID) [8] measures the Fréchet distance between the
distributions of Inception embeddings of generated and
real images, approximated to a Gaussian. Chong and
Forsyth [10] identified sample size dependence in the
metrics and proposed IS∞ and FID∞. Studies also analyze
Fréchet distance metrics using various backbones [9], [17].
Veeramacheneni et al. [11] proposed FWD, correcting for
domain bias in pretrained networks. CMMD [12] utilizes
the CLIP [13] model and relaxes normality assumptions,
demonstrating better human perceptual alignment than
FID.



Geometric and Topological Analysis of DNNs. Sem-
inal works in DNN interpretability by Garipov et al. [18],
Draxler et al. [19], and Kuditipudi et al. [20] study loss
landscapes and the existence of distinct minima on low-
loss manifolds in stochastic gradient descent. Comple-
mentarily, TDA-based approaches study neural architec-
tures, decision boundaries, activation-space topology via
persistent homology [14]. Horoi et al. [21] apply TDA,
specifically, persistent homology, to neural network loss
landscapes and demonstrate that these topological features
correlate with training dynamics and generalization, pro-
viding structural insights beyond traditional gradient-based
methods. Recent work shows that Jacobian-based local ge-
ometry (scaling, rank, complexity) of generative manifolds
predicts sample quality, diversity, and memorization, with
poorer samples exhibiting lower values [22].

III. PRELIMINARIES

Vietoris–Rips Complex. [23] Given a finite point set
P in a metric space and a scale parameter ϵ ≥ 0, the
Vietoris–Rips complex V Rϵ(P ) is an abstract simplicial
complex defined as follows: a k-simplex {p0, . . . , pk} is
included in V Rϵ(P ) if and only if d(pi, pj) ≤ ϵ for all
pairs i, j. Intuitively, this construction encodes proximity
relationships among points at a given scale.

Homology Groups. [23] Let K be a simplicial com-
plex. A k-chain is a formal sum of k-simplices with
coefficients in Z2. The boundary operator ∂k maps k-
chains to (k − 1)-chains. The set of k-cycles is defined
as Zk = ker(∂k), and the set of k-boundaries as Bk =
im(∂k+1). Since ∂2 = 0, we have Bk ⊆ Zk. The k-th
homology group is the quotient space Hk(K) = Zk/Bk,
capturing k-dimensional topological features.

Filtration. [23] A filtration is a nested sequence of
simplicial complexes ∅ = K0 ⊆ K1 ⊆ · · · ⊆ Kn = K,
typically obtained by varying a scale parameter.

Persistent Homology. [23] Persistent homology studies
the evolution of homological features across a filtration.
A feature is said to be born at scale r if it appears in
Hk(Kr) but not earlier, and dies at scale s > r if it
becomes trivial or merges with an older feature in Hk(Ks).
The persistence of a feature is given by its lifetime s− r,
reflecting its significance across scales.

The 0-th homology group H0 characterizes connected
components of the space, while the 1-st homology group
H1 captures independent 1-cycles, commonly interpreted
as loops or holes. In our context, persistent H1 cycles can
be interpreted as regions where generator families pass
through characteristic regimes.

IV. PROPOSED FRAMEWORK

Let G = {G1, . . . , GM} denote M image generators,
each trained on a common image dataset, with distribu-
tion D0 in the feature space of some encoder E . The
output images of these generators follow distributions

D1, . . . ,DM , respectively, in the feature space of E . For
a distance function fE(Di,Dj) measuring the distance
between the image distributions Di and Dj , define a
Generator Distance Metric (GDM) ri,j as

ri,j = α
∣∣fE(Di,D0)− fE(Dj ,D0)

∣∣︸ ︷︷ ︸
rfidelity

+β fE(Di,Dj)︸ ︷︷ ︸
rgenerator

(1)

where the constants 0 < α, β < 1, and β = 1 − α.
Note that ri,j is a distance ∀ distance function fE . fE The
first term (rfidelity) captures the absolute difference in the
ground-truth fidelity of the two generators, and the second
term (rgenerator) captures their mutual dissimilarity or cross-
generator diversity. Parameter α (and thus, β) controls the
trade-off between the two terms in the generator distance.
Note that ∀i, j: 1) ri,j = rj,i, 2) ri,0 = fE(Di,D0),
and 3) at α → 0, ri,j → fE(Di,Dj). Thus, GDM is a
generalization of the original metric fE , with an added
constraint measuring data fidelity.

Given the M × M distance matrix R with entries
Rij = ri,j for all 1 ≤ i, j ≤ M , compute the Vietoris–
Rips persistent homology. The resulting persistence dia-
grams capture topological features characterized by their
birth and death filtration scales. Interpreting the generators
Gi ∈ G as points (vertices) in the underlying space,
the persistent H0 features identify generators that merge
into connected components at various filtration levels. In
contrast, the persistent H1 features capture non-trivial 1-
dimensional cycles reflecting higher-order geometric rela-
tionships between the generators. We observe that the H0

features obtained through GDM for fE ∈ {FID, FWD,
FD-DINOv2, CMMD} almost always preserve their rank
order for all variations in α, indicating that GDM creates a
reliable topological space with varied α (this is discussed
further in the supplementary material). Our framework
analyzes the reliability of a metric (fE ) on the stability
of persistence of homology groups with variations in α.

V. EXPERIMENTS AND OBSERVATIONS

Experimental Setup. In this work, we analyze the
following metrics (fE ): FID (Inception-v3), FD-DINOv2,
FWD (Haar wavelet), and CMMD. Since FID, FWD,
and FD-DINOv2 use squared distances as scores, we use
their square roots as distance metrics. The Ripser [24]
backend was used to compute persistent homology. We
provide the analysis on generators trained on CIFAR-
10 [25] and FFHQ-64× 64 [26] datasets. The image gen-
erators are taken from the following pretrained families:
DCGAN [1], DDGAN [2], DDPM [5] (with both DDPM
and DDIM [27] inference samplers), EDM [6], VAE [4],
and StyleGAN2-ADA [3], with varying hyper-parameters
and configurations (see Table I). For each configuration,
the feature distribution was empirically estimated over
2000 generated images. Note that at higher α, the GDM
collapses to rfidelity, leading to lower total persistence
across all metrics.
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Fig. 1. Stability of the H1 features reported in the Rips filtration of distance matrices made up of each metric by calculating total persistence of
all reported H1 cycles for the dataset CIFAR-10 (left) and FFHQ-64× 64 (right).

TABLE I
IMAGE GENERATOR CONFIGURATIONS

Dataset (D0) Family Hyper-Parameter and Configuration Variations (G) Total Configurations

CIFAR-10
DCGAN Latent noise scale σ ∈ {0.5, 0.7, 0.85, 1.0, 1.15, 1.3, 1.5}

27DDGAN Sampling temperature τ ∈ {0.7, 0.85, 1.0, 1.15, 1.3}
DDPM DDIM sampler: {50, 100, 200} steps; DDPM sampler: 1000 steps
EDM Steps, Churn ∈ {(18, 0), (35, 0), (35, 20), (35, 40), (79, 0)}
VAE Decoder temperature τ ∈ {0.5, 0.7, 0.85, 1.0, 1.2, 1.5}

FFHQ

DCGAN Latent noise scale σ ∈ {0.5, 0.65, 0.7, 0.85, 1.0, 1.15, 1.3, 1.5}
29EDM Steps, Churn ∈ {(18, 0), (35, 0), (40, 0), (40, 20), (40, 40), (40, 60), (79, 0)}

VAE Decoder temperature τ ∈ {0.5, 0.7, 0.85, 1.0, 1.15, 1.2, 1.5}
Style-GAN2 Truncation Ψ ∈ {0.3, 0.5, 0.7, 0.85, 1.0, 1.15, 1.3}

A. Topological Stability of the Metrics

In TDA, homology features with high persistence are
typically regarded as meaningful, whereas low-persistence
features are often attributed to noise or sampling arti-
facts [23]. Furthermore, by the Stability Theorem [23],
for a well-behaved distance function fE , the persistence
diagrams of the GDM at α and α + ∆α (∆α ≪ α)
differ only slightly. Consequently, smoothly varying α
should induce only gradual changes in the persistence of
homological features.

To assess the stability of the topological space induced
by the GDM, we vary α from 0.1 to 0.9 and compute
the total persistence (i.e., the sum of lifetimes) of all
H1 features observed over the filtration. Figure 1 reveals
that out of the four metrics, FWD shows the smoothest
variation in the total persistence. The total persistence of
H1 features from CMMD is extremely small (close to zero
∀α), suggesting that within our setting under the GDM
construction, CMMD does not encode sufficient structure
to yield persistent H1 features. FID and FD-DINOv2 show
erratic total persistence, as against the stability of the same
in FWD-based filtration. This indicates that FWD is more
topologically stable than pretrained backbone metrics such
as FID, FD-DINOv2, and CMMD across our set of image
generators (see Table I).

B. Geometric Interpretations

We observed that, in addition to topological stability
analysis, GDM provides a geometric perspective on the
interpretations of image generator behaviour. We demon-
strate the results for α = 0.6, as it balances fidelity
and generator dissimilarity terms. We use non-metric
multidimensional scaling (MDS) [28] to visualize the
higher-dimensional space created by GDM using various
metrics by mapping it to a lower, two-dimensional space.
It preserves the rank order of the original pairwise dis-
similarities between points. The stress factor evaluates the
goodness-of-fit of a Multidimensional Scaling, based on
the monotonic transformation of the original data [28].

Table II shows the stress factor for the metrics under
study. Consistently, the MDS reliability is in the order:
CMMD > FWD > FID > FD-DINOv2. Due to the
inconclusive nature of CMMD for our set of generators
(see Section V-A), we present the results on MDS obtained
for FWD, which has significantly smaller stress than FID
and FD-DINOv2. Over a scalar FWD metric, Figure 2
provides directional interpretation of the relative distances
of various image generators and the real dataset. It may
be interesting to note that different configurations of the
same generator family tend to fall into a cluster or onto a
smooth curve, indicating intra-family similarities.
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Fig. 2. 2D MDS embedding of the FWD metric space at α = 0.6, with the generators trained on CIFAR-10 (left) and FFHQ-64× 64 (right).

TABLE II
SUMMARIZED RESULTS: MDS STRESS, TOPOLOGICAL PERSISTENCE, AND MANN-WHITNEY U (MWU) TEST RESULTS FOR CYCLE VS.

NON-CYCLE PRDC PROFILES (CIFAR-10 AND FFHQ) FOR GDM (α = 0.6). { †p < 0.05}

Metric Comments on
Total Persistence of H1

Stress ↓ PRDC CIFAR-10 (MWU) FFHQ (MWU)

CIFAR-10 FFHQ Ucrit U-Stat p-value Ucrit U-Stat p-value

FWD Smooth with α
Significant features 4.2545 31.9157

Precision

38

67 0.65169

59

104 1.0000
Recall 24 0.0062† 59 0.0467†

Density 37 0.039† 88 0.4715
Coverage 26 0.0085† 59 0.0467†

FID Sharp changes,
≈ 0 for some α

59.2685 200.5973

Precision

47

69 0.361

59

132 0.1019
Recall 47 0.045† 73 0.1804

Density 73 0.474 80 0.3028
Coverage 52 0.080 73 0.1804

FD-DINOv2 Sharp changes,
≈ 0 for some α

2664.0697 2813.6817

Precision

38

77 0.97882

59

124 0.2821
Recall 114 0.046† 132 0.2467

Density 82 0.7491 142 0.1112
Coverage 113 0.0525 132 0.2467

CMMD Lacks significant H1

features at any α
0.6247 0.5434 – – – – – – –

C. Downstream Performance Metrics

The topological features detected by FWD are not
merely geometric curiosities, but they predict downstream
generation quality as measured by Precision, Recall,
Density, and Coverage (PRDC) [29], [30], computed in
InceptionV3’s embedding space. We analyze the rank-
ings of PRDC metrics for H1 cycle participants against
non-cycle participants through the Mann-Whitney U Test
(MWU) [31]. We report the Ustat, p-value, and Ucrit at
significance value 0.05 (standard) in Table II. The decision
rules is that both distributions are indistinguishable if
Ustat > Ucrit or p-value > 0.05. Table II shows that
the H1 features obtained by FWD consistently encode

the Recall and Density metrics on CIFAR-10 and FFHQ-
dataset. Neither FID nor FD-DINOv2 show correlation
with the PRDC metrics. Due to inconclusive H1 features
of CMMD, it was omitted from the test.

VI. CONCLUSION

We introduced a TDA-based framework for evaluating
the reliability of image generation metrics. By constructing
a Vietoris–Rips filtration over a Generator Distance Metric
that combines ground-truth fidelity and cross-generator
dissimilarity, we showed that the wavelet-based FWD
yields stable topological features that backbone-based met-
rics (FID, FD-DINOv2, CMMD) fail to produce. These
topological features predict backbone-robust downstream



metrics (recall, coverage) on both CIFAR-10 and FFHQ-
64× 64 using the Mann–Whitney U Test. These findings
suggest that FWD-based TDA serves as a useful diagnostic
tool for qualitative analysis of generative model families,
warranting investigation on larger-scale datasets and alter-
native generators.
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