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Simulations take a long time
Computing budget projections.
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Dectector sims cost a significant fraction of the projected computing for HL-LHC
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CaloChallenge 2022
Krause et al. (arxiv: 2410.21611).

• Based on the incident energy, 
predict the shower.


• 4 Datasets using GEANT4 
simulation.


• Dataset comes with increasing 
layers and finer divisions called 
voxels.


• Number of voxels can range 
from 368 to 40,500.
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http://arxiv.org/abs/2410.21611
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Metrics used in CaloChallenge
Used to judge the quality of generative models.

• Comparing correlations between the 
layers.


• Comparing histograms - separation 
power.


• Precision, Recall, Density, and 
Coverage (Manifold-based metrics).
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Metrics used in CaloChallenge
Used to judge the quality of generative models.

• Distances on high-level features: 
Fréchet physics distance (FPD) and 
Kernel physics distance (KPD).


• Using a binary classifier and 
comparing AUC.


• Training a multiclass classifier and 
then using it to obtain log-posterior 
probabilities.
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If 2 distributions are off-
manifold by a small amount, 
the AUC would be 1. But it is 
not informative.


If a generator, for example, has 
a pixel that's non-zero at all 
times but close to 0, the 
classifier would call it fully 
separable.

Binary Classifier is great but…
It fails to give meaningful numbers at times. This pixel is not 

white, unlike the 
one in the image 
on the left, which 
is white.
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If 2 distributions are off-
manifold by a small amount, 
the AUC would be 1. But it is 
not informative.


If a generator, for example, has 
a pixel that's non-zero at all 
times but close to 0, the 
classifier would call it fully 
separable.

Binary Classifier is great but…
It fails to give meaningful numbers at times.
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This pixel is not 
white, unlike the 
one in the image 
on the left, which 
is white.
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A Similar Situtation
Binary Classification AUC in CaloChallenge
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• DS2 and DS3 have the same 
number of voxels in each layer. 
This allows one to use ResNets 
instead of simpler MLPs.


• In CaloChallenge, ResNets 
achieved the highest AUCs, close 
to 1.


• But now, how do you rank these 
models?
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1-Wasserstein Distance
Also known as Earth Movers Distance.
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W1(P, Q) = inf
π∈Π(P,Q)

𝔼(x,y)∼π[d(x, y)]

Given two probabilities, it captures the 
minimum cost, where the cost is the amount 
of mass moved over some distance. 


The figure shows the coupling  for 2 
distributions  and  (from Peyré et al. 
1803.00567).
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Figure 2.5: Schematic viewed of input measures (–, —) and couplings U(–, —) encountered in the three
main scenarios for Kantorovich OT. Chapter 5 is dedicated to the semidiscrete setup.

Su et al., 2015], and image watermarking [Mathon et al., 2014]. In astrophysics,
OT has been used for reconstructing the early universe [Frisch et al., 2002]. OT has
also been used for music transcription [Flamary et al., 2016], and finds numerous
applications in economics to interpret matching data [Galichon, 2016]. Lastly, let us
note that the computation of transportation maps computed using OT techniques
(or inspired from them) is also useful to perform sampling [Reich, 2013, Oliver,
2014] and Bayesian inference [Kim et al., 2013, El Moselhy and Marzouk, 2012].

Remark 2.13 (Kantorovich problem between arbitrary measures). Definition (2.13)
of Lc is extended to arbitrary measures by considering couplings fi œ M

1
+(X ◊ Y)

which are joint distributions over the product space. The discrete case is a
special situation where one imposes this product measure to be of the form
fi =

q
i,j

Pi,j”(xi,yj). In the general case, the mass conservation constraint (2.10)
should be rewritten as a marginal constraint on joint probability distributions

U(–, —) def.=
Ó

fi œ M
1
+(X ◊ Y) : PX ˘fi = – and PY˘fi = —

Ô
. (2.14)

Here PX ˘ and PY˘ are the push-forwards (see Definition 2.1) of the projections
PX (x, y) = x and PY(x, y) = y. Figure 2.5 shows how these coupling con-
straints translate for di�erent classes of problems (discrete measures and den-
sities). Using (2.7), these marginal constraints are equivalent to imposing that
fi(A ◊ Y) = –(A) and fi(X ◊ B) = —(B) for sets A µ X and B µ Y. The Kan-

http://arxiv.org/abs/1803.00567
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Kantorovich-Rubinstein (KR) duality
Estimate the 1-Wasserstein distance with a neural critic.
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W1(P, Q) = sup
∥f∥Lip≤1

[𝔼x∼P f(x) − 𝔼y∼Q f(y)]
| f(x) − f(y) | ≤ ∥x − y∥2 ∀x, y

̂W 1,θ = max
θ: ∥fθ∥Lip≤1

1
n

n

∑
i=1

fθ(xi) −
1
m

m

∑
j=1

fθ(yj)

 can be a neural network that has to be 1-Lipschitz.fθ(x)

Instead of optimizing for , you can optimize for a family of functions ,π f(x)
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Wait that reminds me of WGANs…
Yes, WGANs use the same principle.

• WGAN is ancient by ML standards 
(Arjovsky et al. 1701.07875).


• WGAN uses the same idea of using KR 
duality to estimate the Wasserstein 
distance.


• But in WGAN training, critic updates 
alternate with generator updates. It is not 
trained to convergence.


• No one uses it as a metric to judge models.

11

Critic
k updates

Generator
1 update

Finite critic steps →= guaranteed convergence

https://arxiv.org/abs/1701.07875
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Making a 1-Lipschitz network
Different ways of making 1-Lipschitz network.

• In the WGAN literature, weight clipping, gradient penalties, and other 
approximate methods for implementing 1-Lipschitz conditions are used.


• To have acted as a lower bound, it has to be exact.


• From Anil et al. (1811.05381), they define an approximation theory for the 1-
Lipschitz condition.
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http://arxiv.org/abs/1811.05381
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Conditional 1-Wasserstein
Since the showers are conditioned on the incident Energy.

13

For Dataset 1, the incident energies ( ) are binned.


The conditional 1-Wasserstein distance in this case is the bin-weighted 
average 1-Wasserstein distance given by,

y

W1,Y(P, Q) = ∑y[
Ny

Ntot
W1(PX∣y, QX∣y)]



ML4Jets, Vienna, September 15, 2026 AP, NHETC, Rutgers University /22

Dataset 1 results
Comparing it with the AUC metric form the classifier.
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Conditional 1-Wasserstein Critic
Based on proof in (Chemseddine et al. 2310.13433).
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Dataset 2 and 3 results
Comparing it with the AUC metric form the classifier.
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Dataset 2 and 3 results
Comparing it with the AUC metric form the classifier.
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rows 1-2: DS1 per-bin estimator (no y-path) and the shift-conditioned gs2-loose MLP critic; rows 3-4: universal and baseline conv-ResNet critics
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Differences are meaningful
Comparing CaloDREAM and Conv L2LFlows.

18

Artifacts
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Sometimes simpler is better
Trying out ResNets on Dataset 2.
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Conditional W1 (y = log10Einc) vs published binary-classifier AUC — seed mean ± 1æ
rows 1-2: DS1 per-bin estimator (no y-path) and the shift-conditioned gs2-loose MLP critic; rows 3-4: universal and baseline conv-ResNet critics

• People have shown the 
approximation theorem for 
ResNets (Murari et al. 
2505.12003).


• But it is not expressive enough 
and much more difficult to 
optimize.

https://arxiv.org/abs/2505.12003
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Sometimes simpler is better
Trying out ResNets on Dataset 2.
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Conditional W1 (y = log10Einc) vs published binary-classifier AUC — best (max) seed
rows 1-2: DS1 per-bin estimator (no y-path) and the shift-conditioned gs2-loose MLP critic; rows 3-4: universal and baseline conv-ResNet critics

• People have shown the 
approximation theorem for 
ResNets (Murari et al. 
2505.12003).


• But it is not expressive enough 
and much more difficult to 
optimize.


• Some of you may ask, if it’s a 
lower bound, what happens if I 
take a max?

https://arxiv.org/abs/2505.12003
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ResNets doesn’t perfom well
MLP is more expressive by exploiting the gradients better.
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To Summarize
Key Takeaways.

• The Conditional Wasserstein compares showers at a fixed incident energy in 
CaloChallenge or more variables in any other case.


• Exactly 1-Lipschitz critics give a principled lower bound.


• Model rankings broadly follow AUC, with meaningful differences.


• Neural network critics reduce sampling noise in our Gaussian test, and the 
bad CPU and memory scaling costs.


• MLPs give tighter bounds than more complex architectures, as it’s more 
difficult to train.

22
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Why use a NN critic?
Its robust against noise and fast and memory efficient for more samples.
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If you don’t use conditional critic
It doesn’t work well.

P(x, y)
Q(x, y)

=
P(x |y)P(y)
Q(x |y)Q(y)

=
P(x |y)
Q(x |y)

This is not a problem for a classifier as it 
learns the likelihood ratio, and it's the same 
for joint and conditional in this case. This is 
applicable to multiclass as well.
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DS1 photons
Conditional Wasserstein Critic Scores.
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DS1 photons
Correlations.
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DS1 photons: Spearman Ω among Wcond (seed mean) and the published metrics
15 submissions, GEANT4 null excluded, pairwise-complete (min n = 15; grey = fewer than 8 pairs, not shown); #/" = better when low/high, so Ω < 0 ACROSS the two groups means agreement



ML4Jets, Vienna, September 15, 2026 AP, NHETC, Rutgers University 

DS1 pions
Conditional Wasserstein Critic Scores.
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conditional W1
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DS1 pions
Correlations.
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DS1 pions: Spearman Ω among Wcond (seed mean) and the published metrics
12 submissions, GEANT4 null excluded, pairwise-complete (min n = 12; grey = fewer than 8 pairs, not shown); #/" = better when low/high, so Ω < 0 ACROSS the two groups means agreement
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DS2
Conditional Wasserstein Critic Scores.
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conditional W1
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GEANT4
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CaloScore distilled

CaloScore single-shot

iCaloFlow teacher
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DS2
Correlations.
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DS2: Spearman Ω among Wcond (seed mean) and the published metrics
17 submissions, GEANT4 null excluded, pairwise-complete (min n = 16; grey = fewer than 8 pairs, not shown); #/" = better when low/high, so Ω < 0 ACROSS the two groups means agreement
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DS3
Conditional Wasserstein Critic Scores.

10°4 10°3

conditional W1

DS3

GEANT4 null = °5.6e ° 06 (±3.3e ° 06) < 0

GEANT4

CaloDiÆusion

L2LFlows MAF

conv. L2LFlows

MDMA

CaloClouds

Calo-VQ

CaloScore distilled

CaloScore single-shot

iCaloFlow teacher

iCaloFlow student

GEANT4 transformer

CaloPointFlow

CaloVAE+INN

Calo-VQ(norm)

CaloDREAM
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DS3
Correlations.
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DS3: Spearman Ω among Wcond (seed mean) and the published metrics
15 submissions, GEANT4 null excluded, pairwise-complete (min n = 15; grey = fewer than 8 pairs, not shown); #/" = better when low/high, so Ω < 0 ACROSS the two groups means agreement


