
Evaluating Generative Models
Nicolas Salvy, 3rd year PhD student 
under the supervision of Hugues Talbot and Bertrand Thirion

Monday 15th, December

1



Goal of Generative Models

New samples from the distribution
Training data


Generative model

2



3

Goal of Generative Models

New samples from the distribution
Training data


Generative model



4

Real samples

Synthetic samples

How can we evaluate that?

Unknown 
distributions



5

Real samples

Synthetic samples

How can we evaluate that? using distributions

Real Gaussian: ,  𝒩(μreal Σreal)

Synthetic Gaussian: ,  𝒩(μsyn Σsyn)

Fréchet 
distance

Approximate the distributions

Unknown 
distributions



6

Real samples

Synthetic samples

How can we evaluate that? using distributions

Real Gaussian: ,  𝒩(μreal Σreal)

Synthetic Gaussian: ,  𝒩(μsyn Σsyn)

Fréchet 
distance

Approximate the distributions

Unknown 
distributions



7

Real samples
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How can we evaluate that? using distributions
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Real samples

Synthetic samples

Real Gaussian: ,  𝒩(μreal Σreal)

Synthetic Gaussian: ,  𝒩(μsyn Σsyn)

Fréchet 
distance

Approximate the distributions

Encoder 
Inception 

v3
”distances 

make sense”

(Heusel et al. 2017)Fréchet Inception Distance (FID)
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Real samples

Synthetic samples

Real Gaussian: ,  𝒩(μreal Σreal)

Synthetic Gaussian: ,  𝒩(μsyn Σsyn)

Fréchet 
distance

Approximate the distributions

Encoder 
DINOv2

”distances 
make sense”

(Stein et al. 2023)FD DINOv2
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Real samples
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Approximate the distributions

Encoder 
DINOv2

”distances 
make sense”

(Jiralerspong et al. 2023)Feature Likelihood Divergence

Likelihood score using 
Mixtures of Gaussians
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Real samples

Synthetic samples

Approximate the distributions

Encoder 
DINOv2

”distances 
make sense”

(Jiralerspong et al. 2023)Feature Likelihood Divergence

Likelihood score using 
Mixtures of Gaussians

➡ Same value for a lack of quality and a lack of diversity
• Simple approximations

• Yield one value
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Real samples

Synthetic samples

Approximate the distributions

Encoder 
DINOv2

”distances 
make sense”

Likelihood score using 
Mixtures of Gaussians

Disentangling quality & diversity

➡ Same value for a lack of quality and a lack of diversity
• Simple approximations

• Yield one value
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Goal: disentangle quality and diversity
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the real support (Sajjadi et al. 2018)
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We have:

• real     and synthetic    samples

• unknown distributions

• space where ”distances make sense”

Goal: disentangle quality and diversity

• Fidelity: How realistic each synthetic 
sample is?

quality

Precision = 12
21

• Precision: proportion of synthetic points in 
the real support (Sajjadi et al. 2018)

Distribution-wise  Point-wise 
Realistic: could be sampled 

from the real distribution

≠
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We have:

• real     and synthetic    samples

• unknown distributions

• space where ”distances make sense”

Goal: disentangle quality and diversity

• Fidelity: How realistic each synthetic 
sample is?

• Coverage: To what extent do the 
synthetic samples represent the 
real distribution?

diversity

• Precision: proportion of synthetic points in 
the real support (Sajjadi et al. 2018)
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Recall = 9
21

We have:

• real     and synthetic    samples

• unknown distributions

• space where ”distances make sense”

Goal: disentangle quality and diversity

• Fidelity: How realistic each synthetic 
sample is?

• Coverage: To what extent do the 
synthetic samples represent the 
real distribution?

diversity

• Recall: proportion of real points in the 
synthetic support (Sajjadi et al. 2018)

• Precision: proportion of synthetic points in 
the real support (Sajjadi et al. 2018)
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• Precision: proportion of synthetic points in 
the real support

• Recall: proportion of real points in the 
synthetic support

We have:

• real     and synthetic    samples

• unknown distributions

• space where ”distances make sense”



Unknown support
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Unknown support
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Relying on distances

good

bad

Close enough  good⇒
Far enough  bad⇒
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Relying on distances

good

bad

?

Close enough  good⇒
Far enough  bad⇒?



Reference distance: NNDr
k(xr

i )
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Relying on distances

good

bad

?  good→

k = 2

Close enough  good⇒
Far enough  bad⇒?

xr
i

r



Approximating the support
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First working approach (Kynkäänniemi et al. 2019)

• Fidelity: How realistic each synthetic 
sample is?

iPrecision = 17
21

• Precision: proportion of synthetic 
points in the real support

Fidelity

Precision
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iPrecision = 17
21

iRecall = 10
21

(Kynkäänniemi et al. 2019)

• Fidelity: How realistic each synthetic 
sample is?

• Precision: proportion of synthetic 
points in the real support

First working approach

• Coverage: To what extent do the 
synthetic samples represent the real 
distribution?

• Recall: proportion of real points in 
the synthetic support

Coverage

Recall



• Most Fidelity & Coverage metrics 
follow these steps: approximation, 
simple properties
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Fidelity & Coverage metrics
• Fidelity: How realistic each synthetic 

sample is?

• Coverage: To what extent do the 
synthetic samples represent the real 
distribution?
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(Naeem et al. 2020)Density & Coverage

Density = 1
21 ( 1

2 × 12 + 2
2 × 5) = 11

21

In how many balls each 
synthetic point is?

Density
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M

M

∑
j=1

1
k

N

∑
i=1

1xs
j ∈B(xr

i ,NNDr
k(xr

i ))

1 2

Precision = 1
M

M

∑
j=1

1xs
j ∈∪N

i=1B(xr
i ,NNDr

k(xr
i ))

Is each synthetic point 
in a ball?

xs
j xr

i
j

M

xr
iM i

N
r

xs
j xr

i
j

M

xr
iM N r

i∪

∑

21 12 5



30

(Naeem et al. 2020)Density & CoverageCoverage

Coverage = 9
21

Coverage = 1
N
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• Most Fidelity & Coverage metrics 
follow these steps: approximation, 
simple properties


• They also share their weaknesses: 
robustness and interpretability 
(Raïsä et al., Position: All Current 
Generative Fidelity and Diversity 
Metrics are Flawed, ICML 2025)
 31

Fidelity & Coverage metrics



Enhanced Generative Model Evaluation with Clipped Density and Coverage

• Most Fidelity & Coverage metrics 
follow these steps: approximation, 
simple properties


• They also share their weaknesses: 
robustness and interpretability 
(Raïsä et al., Position: All Current 
Generative Fidelity and Diversity 
Metrics are Flawed, ICML 2025)
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Robustness

Outlier

33Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Density

Outlier

Density = 1
22 ( 1

2 × 12 + 2
2 × 8 + 3

2 × 2)
In how many balls each 

synthetic point is?
1 2 3

= 17
22
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Robustness: Density

In how many clipped balls 
each synthetic point is?

score = 1
22 ( 1

2 × 12 + 2
2 × 5 + 3

2 × 0)1 2 3

= 11
22

 Clip the radii to the median: → Rk(xr
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Outliers in practice: RESFLOW CIFAR-10
Density = 2.472.47
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Outliers in practice: RESFLOW CIFAR-10
Density = 2.472.47

D Example of real out-of-distribution samples breaking Density

The RESFLOW-generated dataset on CIFAR-10 achieves a Density of 2.47, driven by real out-of-
distribution samples. To investigate, we categorized real samples by counting the number of synthetic
samples within their 5-ball (Table 2).

Table 2: Synthetic points per real k-ball (RESFLOW CIFAR-10).
Synthetic points in a real ball Real balls (no clipping) Real balls (with clipping)

0 48373 49981
1–5 680 15
6–100 513 3
101–1000 282 1
1001–10000 148 0
10001+ 4 0

Without radii clipping, 48373 real balls contain no synthetic points, whereas just 4 contain over
10000. The 4 corresponding real images appear out-of-distribution (see Figure 7).

(a) Very gray ship image. (b) Camouflaged cat. (c) 2-legged horse. (d) Toy ship on a stand.

Figure 7: Real CIFAR-10 samples containing more than 10, 000 synthetic points in their 5-ball.
These images are atypical for their classes. (a) A ship viewed from above, maybe at night, resulting
in a mostly gray image. (b) A cat on top of a similarly colored object. (c) An unusually shaped horse
that appears to have only two legs. (d) A toy ship on a stand instead of in water.

A real point having many synthetic points in its ball is not inherently problematic, as generative
models might generate many similar images. However, in this case, these 4 images are outliers that
artificially increase the measured fidelity by being very far from other points. Here, clipping the real
balls is enough to make the measured fidelity drop to 0.00.

23

4 real images have  
synthetic images in their ball!

> 10000

Very gray 
ship image

Stealthy 
cat

2-legged 
horse

Toy ship 
on a stand
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Outliers in practice: RESFLOW CIFAR-10
Density = 2.472.47

D Example of real out-of-distribution samples breaking Density

The RESFLOW-generated dataset on CIFAR-10 achieves a Density of 2.47, driven by real out-of-
distribution samples. To investigate, we categorized real samples by counting the number of synthetic
samples within their 5-ball (Table 2).

Table 2: Synthetic points per real k-ball (RESFLOW CIFAR-10).
Synthetic points in a real ball Real balls (no clipping) Real balls (with clipping)

0 48373 49981
1–5 680 15
6–100 513 3
101–1000 282 1
1001–10000 148 0
10001+ 4 0

Without radii clipping, 48373 real balls contain no synthetic points, whereas just 4 contain over
10000. The 4 corresponding real images appear out-of-distribution (see Figure 7).

(a) Very gray ship image. (b) Camouflaged cat. (c) 2-legged horse. (d) Toy ship on a stand.

Figure 7: Real CIFAR-10 samples containing more than 10, 000 synthetic points in their 5-ball.
These images are atypical for their classes. (a) A ship viewed from above, maybe at night, resulting
in a mostly gray image. (b) A cat on top of a similarly colored object. (c) An unusually shaped horse
that appears to have only two legs. (d) A toy ship on a stand instead of in water.

A real point having many synthetic points in its ball is not inherently problematic, as generative
models might generate many similar images. However, in this case, these 4 images are outliers that
artificially increase the measured fidelity by being very far from other points. Here, clipping the real
balls is enough to make the measured fidelity drop to 0.00.

23

4 real images have  
synthetic images in their ball!

> 10000

Very gray 
ship image

Stealthy 
cat

2-legged 
horse

Toy ship 
on a stand

Clipped radii  → score = 0.000.00
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Outliers in practice: RESFLOW CIFAR-10
How metrics are evaluated:

know the answer

Density = 2.472.47 failure
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Robustness: Density

In how many clipped balls 
each synthetic point is?
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score = 1
3 ( 3

2 × 2) = 3
3 = 1
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Robustness: Density

bad sample
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Robustness: Density

bad sample
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Robustness: Coverage

Outlier
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Robustness: Coverage
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Robustness: Coverage

How many synthetic points 
are there in each real ball?
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Interpretability

0.6?? ?

?
? ?

? ?

? ??

?

?

?
?

?
?

?
? ?

• Relative results: model A is 
better than model B


• Model A might be bad


• There might be no other model 
to compare to 

➡ Can my model be used?
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Interpretability: desideratum

0.6?? ?

?
? ?

? ?

? ??

?

?

?
?

?
?

?
? ?

• Relative results: model A is 
better than model B


• Model A might be bad


• There might be no other model 
to compare to 

➡ Can my model be used?


Absolute interpretability

0.6
⇔

60 % good samples
40 %

Reference point:

bad samples
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Interpretability: desideratum

0.6?? ?

?
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? ?

? ??

?

?

?
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?
?

?
? ?

• Relative results: model A is 
better than model B


• Model A might be bad


• There might be no other model 
to compare to 

➡ Can my model be used?


Absolute interpretability

0.6
⇔

60 % good samples
40 %

Reference point:

bad samples

• linear score degradation: 
decrease by  if  samples 
are ”bad” (0-score)


• normalisation between 0 and 1

x x %
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Interpretability: Clipped Density
Absolute interpretability

0.6
⇔

60 % good samples
40 %

Reference point:

bad samples

• linear score degradation: 
decrease by  if  samples 
are ”bad” (0-score)


• normalisation between 0 and 1

x x %

ClippedDensityunnorm = 1
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∑
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min ( 1
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∑
i=1

1xs
j ∈B(xr

i ,Rk(xr
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average over 
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ClippedDensityrealClippedDensityreal
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M
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ChestX-ray18 Progressively Growing GAN 
(Segal et al., 2021)

ClippedDensity = 0.06

Fidelity score equivalent to that of only of good samples6 %  not useful in practice→

Absolute interpretability: Clipped Density

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025

0.06
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Absolute interpretability: Coverage

ClippedCoverageunnorm = 1
N

N

∑
i=1

min 1
k

M

∑
j=1

1xs
j ∈B(xr

i ,NNDr
k(xr

i )),1

• linear score degradation: decrease by  if  samples are ”bad” (0-score)


• normalisation between 0 and 1

x x %
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Absolute interpretability: Coverage

=
M

∑
j=1

min ( j
k

,1) (M
j ) β(k + j, M − j + N − k)

β(k, N − k)

E [ClippedCoverageunnorm]
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∑
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∑
j=1

1xs
j ∈B(xr

i ,NNDr
k(xr

i )),1

Let  and  be  and  independent samples from .

 is independent of 

X Y N M p
ℙ (X(k) < Y(l)) p

• linear score degradation: decrease by  if  samples are ”bad” (0-score)


• normalisation between 0 and 1

x x %
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Absolute interpretability: Coverage

=
M

∑
j=1

min ( j
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,1) (M
j ) β(k + j, M − j + N − k)
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ClippedCoverageunnorm = 1
N

N

∑
i=1

min 1
k

M

∑
j=1

1xs
j ∈B(xr

i ,NNDr
k(xr

i )),1

ClippedCoverage = g ∘ ClippedCoverageunnormg ∘ClippedCoverage ClippedCoverageunnorm

Let  and  be  and  independent samples from .

 is independent of 

X Y N M p
ℙ (X(k) < Y(l)) p

• linear score degradation: decrease by  if  samples are ”bad” (0-score)


• normalisation between 0 and 1

x x %
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Testing coverage metrics
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Under review as a conference paper at ICLR 2026

(a) Introducing bad real & syn. samples (CIFAR-10) (b) Translating syn. Gaussian with 2 bad samples

Legend Figure 1 Figure 5a Figure 5b
✁ ✂ ✁
✁ ✂ ✂
✁ ✂ ✁
✁ ✁ ✁
✁ ✁ ✂
✁ ✁ ✁
✁ ✂ ✂
✂ ✂ ✂

(c) Legend and summary

Figure 5: Testing coverage metrics (legend/result summary in (c)). Metrics are evaluated under
different scenarios: (a) matched real & synthetic out-of-distribution samples; (b) distribution trans-
lation with a real outlier at 3 and a bad synthetic sample at -3. Clipped Coverage exhibits all desired
properties: linearity (Figure 1), stability (a), symmetry and sensitivity (b), unlike other metrics.

5.3 EVALUATION ON REAL DATASETS

We evaluated various generative models on CIFAR-10 (Krizhevsky et al., 2009), ImageNet (Deng
et al., 2009), LSUN Bedroom (Yu et al., 2015), and FFHQ (Kazemi & Sullivan, 2014) using cat-
egories and 50000 samples from the data publicly shared by Stein et al. (2023) (Figure 6 and ap-
pendix I). When possible, for conditional models, we kept an equal number of samples from each
class (see Appendix C or Appendix A of Stein et al. (2023) for more details).

As shown in Figure 6, on CIFAR-10 and ImageNet, the Density values exceed 1, while the Clipped
Density values remain stable. In Appendix D, we analyze RESFLOW-generated CIFAR-10 data,
demonstrating that its inflated Density score of 2.47 results from real out-of-distribution sam-
ples. Additionally, Appendix E provides a detailed evaluation of Clipped Density on the generated
datasets, quantifying the effect of each modification to the original Density metric.

Across all datasets, our results consistently show diffusion models outperforming GANs. The range
of values that our metrics take seems to reflect the size of the training dataset: CIFAR-10 (50k
samples, max score → 0.4), FFHQ (70k, max → 0.4), LSUN Bedroom (1.5M, max → 0.7), and
ImageNet (14M, max 1.0). Interpreting the absolute scores, a value of 0.4 for CIFAR-10 and FFHQ
suggests that, on these datasets, top generative models achieve results equivalent to only 40% of good
samples and 60% bad samples. This highlights substantial room for improvement, an insight only
possible because the absolute values of Clipped Density and Clipped Coverage are interpretable.

6 DISCUSSION AND CONCLUSION

Clipped Density and Clipped Coverage offer significant improvements in robustness, sensitivity, and
interpretability. To enhance robustness, we cap individual sample contributions at 1. For Clipped
Density, we further mitigate outlier impact by clipping the volumes of real nearest-neighbor balls to
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(a) Fidelity reduction with bad samples (CIFAR-10) (b) Simultaneously dropping modes (CIFAR-10)

(c) Introducing bad real & syn. samples (CIFAR-10) (d) Translating syn. Gaussian with 2 bad samples

Legend Figure 4a Figure 4b Figure 4c Figure 4d
✁ ✁ ✁ ✂
✁ ✁ ✁ ✂
✁ ✂ ✁ ✂
✁ ✂ ✂ ✂
✂ ✁ ✂ ✁
✁ ✁ ✂ ✂
✁ ✂ ✁ ✁
✁ ✁ ✁ ✁

(e) Legend and summary

Figure 4: Testing fidelity metrics (legend/summary in (e)). Scenarios: (a) increasing bad synthetic
sample proportion; (b) simultaneous mode dropping: progressively replacing all but one class with
the last class; (c) matched real & synthetic out-of-distribution samples at equal rates; (d) synthetic
distribution translation with one real outlier and one bad synthetic sample. Only Clipped Density
consistently behaves as expected: linearity (a), stability (b, c), and symmetry with sensitivity (d).

CIFAR-10 Progressive bad sample introduction: To test sensitivity and interpretability, we pro-
gressively introduced bad samples (noise images) into a synthetic set of CIFAR-10 images (Figures 1
and 4a). Scores should decrease linearly with the proportion of bad samples (see Section 4). For cov-
erage metrics, only Clipped Coverage (red) exhibited this linear degradation. Most fidelity metrics,
being averages of individual sample fidelities, decreased linearly. However, TopP (brown) deviated
significantly, while Precision Cover (yellow) and ω-Precision (purple) showed slight deviations.

Summary: Across all results (see also Figures 4e and 5c), only Clipped Density and Clipped Cov-
erage show the desired behavior in all tests. Other fidelity metrics either inappropriately capture
coverage (e.g., symPrecision, ω-Precision, Precision Cover), lack sensitivity (e.g., P-precision), or
lack robustness to outliers (e.g., Precision, Density, TopP). For coverage metrics, only Clipped Cov-
erage shows a linear decrease in score with increasing bad sample fraction, while some metrics are
also insufficiently robust to outliers (e.g., Recall, symRecall, ε-recall, TopR, P-recall).

7

 
Linear de-
gradation

Measures 
fidelity Stability

Robust to 
outliers



56Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025

432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

CIFAR-10 ImageNet LSUN Bedroom FFHQ

Figure 6: Fidelity vs Coverage on various datasets

prevent them from dominating the score. In contrast, for Clipped Coverage, we maintain balls of
constant mass to ensure balanced contributions. Capping the contribution prevents high-performing
samples from disproportionately hiding low-performing ones. This careful handling of sample con-
tributions and ball properties enhances robustness while preserving sensitivity.

For interpretability, both metrics are calibrated to degrade linearly as the proportion of bad samples
increases. Clipped Density achieves this through normalization by the real data’s score. For Clipped
Coverage, whose uncalibrated behavior is non-linear (as shown in Figure 3), we theoretically de-
rived its expected behavior and applied a correction to ensure linearity. This combination of robust
aggregation and principled calibration allows Clipped Density and Clipped Coverage to provide not
only trustworthy relative comparisons between models but also meaningful absolute scores. This is
crucial in practice for assessing whether a model meets a required quality threshold.

Despite these improvements, limitations remain. Clipped Density and Clipped Coverage build on
an accepted benchmark of progressively passed tests, but it is not exhaustive, and there might be
missing cases. Furthermore, we did not provide a theoretical analysis of the metrics in the infinite
sample limit. Additionally, while we evaluate fidelity and coverage, other aspects matter, such as
memorization: are generated samples reproductions of training data? Memorization metrics include
GAN-test (Shmelkov et al., 2018), identifiability (Yoon et al., 2020), authenticity (Alaa et al., 2022),
and the calibrated l2 distance (Carlini et al., 2023). We used DINOv2 as recommended (Stein et al.,
2023), but comparing embedding models for generative model evaluation remains an open question.
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rived its expected behavior and applied a correction to ensure linearity. This combination of robust
aggregation and principled calibration allows Clipped Density and Clipped Coverage to provide not
only trustworthy relative comparisons between models but also meaningful absolute scores. This is
crucial in practice for assessing whether a model meets a required quality threshold.

Despite these improvements, limitations remain. Clipped Density and Clipped Coverage build on
an accepted benchmark of progressively passed tests, but it is not exhaustive, and there might be
missing cases. Furthermore, we did not provide a theoretical analysis of the metrics in the infinite
sample limit. Additionally, while we evaluate fidelity and coverage, other aspects matter, such as
memorization: are generated samples reproductions of training data? Memorization metrics include
GAN-test (Shmelkov et al., 2018), identifiability (Yoon et al., 2020), authenticity (Alaa et al., 2022),
and the calibrated l2 distance (Carlini et al., 2023). We used DINOv2 as recommended (Stein et al.,
2023), but comparing embedding models for generative model evaluation remains an open question.
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