Evaluating Generative Models

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

Monday 15th, December



Goal of Generative Models

Generative model
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How can we evaluate that?

Unknown
distributions

Synthetic samples



How can we evaluate that? using distributions

Approximate the distributions

Real Gaussian: J (1 eqls2real)

Unknown —_— Fréchet
distributions distance

Synthetic Gaussian: /' (ﬂsyn,Zsyn)
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How can we evaluate that? using distributions

Approximate the distributions

Real Gaussian: J (1 eqls2real)

"distances C— Frechet
make sense distance

Synthetic Gaussian: A (1/syn,2syn)
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Synthetic sarﬁples




Frechet Inception Distance (FID) (Heuse! et al. 2017)

Approximate the distributions
Real Gaussian: J (1 eqls2real)

Encoder » disst ,
Inception l'(s anees y Erechet
A make sense distance

Synthetic Gaussian: A (1/syn,2syn)
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Synthetic sarﬁples



FD DINOv2

(Stein et al. 2023)

Approximate the distributions

Real Gaussian: J/ (,Mreal,zreal)

Encoder "distances Frechet
—_—
DINOv2 make sense” @ distance

Synthetic Gaussian: A (1/syn,2syn)

Synthetic sarﬁples



Feature Likelilhood Divergence wirakerspong et al. 2023

Encoder "distances

DINOv2 make sense”
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Approximate the distributions

Likelihood score using
Mixtures of Gaussians

10



Feature Likelilhood Divergence wiralkerspong et al. 2023

Approximate the distributions

Encoder "distances ” Lil.<elihood score uging
DINOv2 | make sense Mixtures of Gaussians

B

Synthetic samples
e Simple approximations

* Yield one value = Same value for a lack of quality and a lack of diversity 11



Disentangling quality & diversity

AR Imate the distril

Ikelihooc
Mixtures of

e using
lans

Encoder "distances
make sense”

——y
-

Synthetic sarﬁples
e Simple approximations
* Yield one value = Same value for a lack of quality and a lack of diversity



We have:

» real Y and synthetic ® samples

* unknown distributions

» space where “distances make sense”

Goal: disentangle quality and diversity
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Goal 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?
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First approach

12
Precision = —
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?

* Precision: proportion of synthetic points In
the real support (Sajjadi et al. 2018)
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Goal

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?

e Precision: proportion of synthetic points In
the real support (Sajjadi et al. 2018)
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First approach

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?

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

* Recall: proportion of real points in the

synthetic support (Sajjadi et al. 2018) .



First approach

We have:

» real Y and synthetic ® samples

» unknown distributions

» space wWhere "distances make sense”

e Precision: proportion of synthetic points in
the real support

* Recall: proportion of real points in the

synthetic support '



Unknown support
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Unknown support

21



Relying on distances

X
* **ﬂw\

good

O~ bad

Close enough = good
Far enough = bad
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Relying on distances

X
* **ﬂw\

good

O~ bad

?
Farlenough

= good
= bad
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Relying on distances

O~ bad

Close = good
Farlenough/= bad

Reference distance: NND ()




Approximating the support

25



First working approach

(Kynkaanniemi et al. 2019)

* Fidelity: How realistic each synthetic
sample is?

» Precision: proportion of =vnihetic

points in the real support

. . 17
IPrecision = —
21
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First working approach (Kynkagnniemi et al. 2019)

o Fidelity: How realistic each synthetic
sample is?

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

* Precision: proportion of synthetic

points in the real support

| o 17
IPrecision = —
21

* Recall: proportion of real points In

the synthetic support

10
IRecall = —
21 o7




Fidelity & Coverage metrics

o Fidelity: How realistic each synthetic
sample is?

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

e

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

28



Density & Coverage (Nasem et al. 2020)

1 M
Precision = M Z 1 UL B(x/,NNDj(x)))

J=1

Is each synthetic point
in a ball?

€B(/,NND/(x]))

In how many balls each
synthetic point is?

“ ¥

. 1 /1 2 11
Density =— [ =X 124+ —=X5 ) =—
21 \ 2 2 21
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Density & Coverage

(Naeem et al. 2020)

1 N
Recall = — |

Is each real point in a
synthetic ball?

x/€UL | B(x/,NND}(x}))

1 N
Coverage — N 21 1z|j,)c]$eB(x{,NND,§(x{))
=

Is there a synthetic
point in each real ball?

9
Coverage = —
21
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Fidelity & Coverage metrics

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

* [hey also share their weaknesses:
robustness and interpretability
(Raisa et al., Position: All Current
Generative Fidelity and Diversity
Metrics are Flawed, ICML 2025) 31




Enhanced Generative Model Evaluation with Clipped Density and Coverage
submitted to ICLR

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

* [hey also share their weaknesses:
robustness and interpretability
(Raisa et al., Position: All Current
Generative Fidelity and Diversity
Metrics are Flawed, ICML 2025) 32




Robustness

Outlier
*/
*
P
* N *
) gaue *
* * X *
* * *
* X

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

ek

xeB(!,NND/(x]))

| ] & 1
Density = Z

M e |
=1
Outlier
/ In how many balls each
* synthetic point is?
) . 1 /1 2 3
e ° o Density =— | =X 124+ —X8+—=—X2
o g 22\ 2 2 2
.0‘ ® * @ o **
o 3 o o 17 11
*xg® © o — —
*‘* * 0 22 21
* Kk *
* N
* *

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Density
— Clip the radii to the median: R;(x’)

In how many clipped balls

* each synthetic point is?
? | | 2 3
« °® o score=— | =X 124+ —=X5+—=—X%X0
. < 22\ 2 2 2
.0‘ ® * @ A **
o 3 e o o 11 11
xog® ©F° x — Nl
*
2 & 22 21
* * % *
* * *
*x X
Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 39



Outliers In practlce RESFLOW CIFAR-10

Density = 2.47

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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0utI|ers 1p practlce RESFLOW CIFAR-10

Density = 2.47

4 real images have > 10000
synthetic images in their ball!

Very gray Stealthy 2-legged Toy ship

| m. ship image cat horse on a stand

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 37



0utI|ers in practice: RESFLOW CIFAR-10

Density = 2.47

4 real images have > 10000
synthetic images in their ball!

Very gray Stealthy 2-legged Toy ship

Clipped radii — score = (.00

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

AT

ship image cat horse on a stand
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Outliers in practice: RESFLOW CIFAR-10

know the answer

Density = 2.47 failure

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

How metrics are evaluated:

39



Robustness: Density
— Clip the radii to the median: R;(x’)

In how many clipped balls

* each synthetic point is?

: 1 /1 2
« ° o score =— | =X 12+ —X5 0
o < 22\ 2 2
o_ /o * @ *

o® * X
o - S ° o 11
O —
* o @ ® * —
) e o X
* * % *
* * *
* X

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Density
— Clip the radii to the median: R;(x’)

In how many clipped balls

* each synthetic point is?
_ 1 /3 3
score=—|—X2)=—=1
X o % 3 (2 ) 3

o — bad sample

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Density
— Clip the radii to the median: R;(x’)

— Clip the contributions 1 U
ClippedDensity ;nnorm = = Z min

=1
In how many clipped balls

* each synthetic point is?

@ . . 1 (3 2

* ® * ClippedDensity,;nnorm = R (mm (5,1) X 2) =3

o — bad sample

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Coverage |
Coverage = = 2 I3,

JCEB(X . NND(x]))
i=1
. ®e Is there a synthetic point
$ oo o in each real ball?
O
., ¢ Outlier Score 1 i 1
o i —
: ° */ N i=1 k
) *, How many synthetic points
* * R are there in each real ball?
O
X | & 1 /1 17
* K * score=— | —=—X194+—xX
* 4k * 22 \ 2 2
x o 1
* * - 36

44

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Robustness: Coverage |
Coverage = = 2 I3,
=1

. ®e Is there a synthetic point
FPY _— in each real ball?
O
., ¢ Outlier core — 1 i 1
. N
¢ * */ N i=1 k
2 *y How many synthetic points
* * K are there in each real ball?
O
o .* | |
* x score = — [ — X 19 +|—|x 1
*x ek * 79 \ 9
x o 1
* % B 36

44

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

— Clip the contributions

1 N
Coverage = = 2 I3,

=1

. ®e Is there a synthetic point
¢ oo ® e in each real ball?
. “ Outlier
®
s
) *, How many synthetic points
X * K are there in each real ball?
O
Bt @ 1 /1 (17
* % * score=— | —X194+min| —.1 | X1
x ek * 22 \ 2 2
x o (
Yo # 21

T 44

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

?
?
e 7 9
rAN ?
2 (0.6 7
? . ?
: ?
207 12

?

e Relative results: model Ais
better than model B

 Model A might be bad

e There might be no other model
to compare to

= Can my model be used?

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

2 Absolute interpretability
?
© 7 9 7 o Reference point:
? 7 ?
2 0.6 7. 0.6
, .
2 ? 7 =
5 60 % good samples
* Relative results: model A is 40 % bad samples

better than model B
 Model A might be bad

e There might be no other model
to compare to

= Can my model be used?

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

2 Absolute interpretability
] ?? ? ? ) ? 9 ] Reference point:
- 20.6 7. 0.6
? 7 ? 7 ?- <
[ 60 % good samples
P oAl 40 % bad samples

 Model A might be bad  |linear score degradation;
e [here might be no other model greeciiaasde” k()g_;:h;fe;% samples

to compare to

= Can my model be used? * normalisation between 0 and 1

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 48



Interpretability: Clipped Density

Absolute interpretability

Reference point:
0.6
) S

60 % good samples
average over 40 % bad samples

synthetic points \
* |linear score degradation:

| | decrease by x if x % samples
ClippedDensitynnorm are "bad” (0-score)

ClippedDensity o

Z leEB(x I R (X! ))’1
=1

ClippedDensity ;nnorm =

ClippedDensity =
— > « normalisation between 0 and 1

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

ChestX-ray18 Progressively Growing GAN
__ (Segal et al., 2021)
L >

'y 4 : Latent Space (z)

8x8 | ¢ 64x64 | ¢1024x1024
; !

Lt — ClippedDensity = 0.06
i L E

—
II||“ -~

Fidelity score equivalent to that of only 6 % of good samples — not useful in practice

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 50



Absolute interpretability: Coverage

e linear score degradation: decrease by x if x % samples are "bad” (0-score)

e normalisation between 0 and 1

| o . |1
ClippedCoverage ;nnorm = - 2 min m Z | )9§€B(xl,,,NND£(xlr)),1
=1 '

J=1

1.0;

—@— ClippedCoverageunnorm

0.8

0.6

0.4

0.2-

0.0+ . . . .
0.0 0.2 0.4 0.6 0.8 1.0
Proportion of bad samples

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



Absolute interpretability: Coverage

e linear score degradation: decrease by x if x % samples are "bad” (0-score)

1.0;

0.8

0.6

0.4

0.2-

0.0L

e normalisation between 0 and 1

1

J

M
ClippedCoverage ;nnorm = v Z min | — Z Lseor NNDIGn)» |

—@— ClippedCoverageunnorm
Theoretical

0.0 0.2 0.4 0.6
Proportion of bad samples

0.8

1.0

k &

E _ClippedCoverageunnOrm
— f min (i 1) <M> SR b —
. I’ j p(k,N — k)

Let X and Y be N and M independent samples from p.
L (X(k) < Y(l)) is independent of p

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 52



Absolute interpretability: Coverage

e linear score degradation: decrease by x if x % samples are "bad” (0-score)

e normalisation between 0 and 1

| I
ClippedCoverage ;nnorm = v Z min m Z 1 %geg(x;,NND;(x;)),l
j=1
1.o® ippedCOVerageunnorm E C|IppedCOV6rageunnOrm
neoretical ) M : ] : :
0.8 ippedCoverage _ Z min (L 1) <M> ,B(k +]>M —J + N — k)
0.6 k ] ﬁ(ka N — k)

0.4

Let X and Y be N and M independent samples from p.
L (X(k) < Y(l)) is independent of p

0.2-

0.01. , l | , ' _ '
00 02 04 06 o8 10ClippedCoverage = goCIlppedCoverageunnOrm

Proportion of bad samples

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 53



Testing coverage metrics

4

Linear de- Robust to

gradation | Stability outliers
®— Recall X v X
Coverage X v v
A— symRecall X v X
B-Recall X X X
¥— TopR X X v
P-recall X X X
RecallCover X v v
—%— ClippedCoverage (ours) v v v

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

Linear de- Measures Robust to

gradation fidelity Stability outliers
®— Precision v v v X
Density v v v X
A— symPrecision v X v X
a-Precision v X X X
¥— TopP X v X v
P-precision v v X X
PrecisionCover v X v v

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025 55



Normalizing Flow

[L.SUN Bedroom

1.0
0.8
0.6/ ¢
0.4 N 5
0.2] A

A N
0.0/

0.0 0.2 0.4 0.6 0.8 1.0

ClippedDensity (ours)

Consistency-setl
Consistency-set?
ADM-dropout

® (Consistency e Diffusion e GAN e
CIFAR-10 ImageNet
» 1.0 1.0
D)
20.8 0.8] ®
o
© 0.6 0.6 ¢
g o
30.4- 0.4 A
= ¢ | ’
00.2- .o* 0.2 A
O
Soo® ool .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
ClippedDensity (ours) ClippedDensity (ours)
B LSGM-ODE * ADM
A PFGMPP e ADMG
¢ iDDPM-DDIM A ADMG-ADMU
¢ ACGAN-Mod ¢ DiT-XL-2
® BigGAN-Deep e DiT-XL-2-guided
* MHGAN B BigGAN
® ReACGAN A GigaGAN
A zty:egm;“d ¢  StyleGAN-XL
: Wé:N ap -adad Mask-GIT
= RESFLOW RQ-Transformer
B NVAE

DDPM

iDDPM
Diff-ProjGAN
Projected-GAN
StyleGAN
Unleash-Trans

B> Ere)> i

Transformer e VAE
FFHQ
1.0
0.8]
0.6
0.4 ,‘.
O
0.2 .
A
0.0+ | | | |
0.0 0.2 0.4 0.6 0.8 1.0
ClippedDensity (ours)
B LDM
H nsGen
A Projected-GAN
® StyleGAN-XL
@ StyleGAN2-ada
¢ StyleNAT
* StyleSwin
Unleash-Trans
B Efficient-vdVAE

Enhanced Generative Model Evaluation with Clipped Density and Coverage, N. Salvy, H. Talbot, B. Thirion, preprint, 2025
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Fidelity & Coverage metrics
Rely on distances

| : (usually)
“distances S = two values
make sense” .
:s. 45 * lack robustness
& & . ¥ %« lack interpretability
Synthetic samples
Clipped Density Clipped Coverage
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Fidelity & Coverage metrics
Rely on distances

| : (usually)
“distances : : = two values
make sense” P
::. 25 ¢ lack robustness
Y & . s lack interpretability
Synthetic samples
Clipped Density Clipped Coverage
. . — Clip the radi
P, . +.7 — Clip the contributions — Clip the contributions
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Fidelity & Coverage metrics
Rely on distances

| 5 (usually)
“distances ‘ : = two values
make sense” P
. «. .o ¢ lack robustness
.~ % %« |ack interpretability
Clipped Density Clipped Coverage

. . — Clip the radii

“ .+ — Clip the contributions — Clip the contributions
« % Normalise empirically by . * N\ Calibrate theoretically
CI I p ped Dens Ityreal ; Proop:grtic?r:120f gaii s;?r;?heé)ifsarip?les
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Fidelity & Coverage metrics
Rely on distances

| : (usually)
‘distances S = two values
make sense” g
el e lack robustness
.~ “ "« lack interpretability
Clipped Density Clipped Coverage

. . — Clip the radii

“° . 7 — Clip the contributions — Clip the contributions
.« % Normalise empirically by * I\ Calibrate theoretically
CI I p ped Dens Ityreal Proopgrtlc?nzof Igatl sSn?hegcgsar%p?les

Use Clipped DenS|ty and Clipped Coverage! «



