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Abstract

Recent innovations from machine learning allow for data unfolding, without binning
and including correlations across many dimensions. We describe a set of known, up-
graded, and new methods for ML-based unfolding. The performance of these approaches
are evaluated on the same two datasets. We find that all techniques are capable of ac-
curately reproducing the particle-level spectra across complex observables. Given that
these approaches are conceptually diverse, they offer an exciting toolkit for a new class
of measurements that can probe the Standard Model with an unprecedented level of
detail and may enable sensitivity to new phenomena.
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1 Introduction

Particle physics experiments seek to reveal clues about the fundamental properties of particles
and their interactions. A key challenge is that predictions from quantum field theory are at
the level of partons, while experiments observe the corresponding detector signatures. Precise
and detailed simulations link these two levels [1]. They fold predictions for the hard process
through QCD effects, hadronization, and the detector response to compare with data. This
statistically powerful forward inferences approach has been widely used.

However, forward inference requires access to the data and accurate detector simulations.
These conditions are rarely satisfied outside of a given experiment, severely limiting the ability
of the broader community to study particle physics data. In addition, analysis of data from
the high-luminosity LHC with forward inference will require precise simulations for every hy-
pothesis, challenging available computing resources.

An alternative approach is unfolding. Rather than correcting predictions for the effects of
the detector, the data are adjusted to provide an estimate of their pre-detector distributions.
Since the effects described by our forward simulation are stochastic, this adjustment is per-
formed on a statistical basis. Unfolding offers important advantages, such as making data
analysis possible by a broader community and enabling an efficient combination of data from
several experiments, such as in global analyses of the Standard Model Effective Theory [2,3].

Traditional unfolding algorithms have been used extensively, successfully delivering a mul-
titude of differential cross section measurements [4–7]. The most widely-used methods are
Iterative Bayesian Unfolding [8–11], Singular Value Decomposition [12], and TUnfold [13].
However, each of these methods can only be applied to binned datasets of small dimensionality,
such that the unfolded observables and their binning have to be selected in advance.

Machine learning (ML) techniques have revolutionized unfolding by allowing for unbinned
cross sections to be measured across many dimensions [6, 14]. Where sufficient information
is unfolded, new observables can be calculated from unbinned data, long after the initial pub-
lication. The first ML-based unfolding method applied to data is OmniFold [15, 16], which
uses classifiers to reweight simulations. It has recently been applied to studies of hadronic
final states at H1 [17–20], LHCb [21], CMS [22], and STAR [23]. Alternative ML-unfolding
methods use generative networks, either for distribution mapping [24–27] or for probabilistic,
conditional generation [28–35].
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The goal of this paper is to lay out and extend the landscape of ML methods. We bench-
mark a diverse set of approaches on the same datasets, to facilitate direct comparisons. Some
methods have been studied with an iterative component to mitigate the sensitivity to starting
particle-level simulations. To simplify the setup and reduce stochastic effects from iterating,
we apply all methods with only a single step. The goal is to estimate the posterior with the
starting simulation as the prior. Performing this step well is the essential component of a full
unfolding approach.

We begin with a brief introduction of the different methods for ML-based unfolding in
Sec. 2. In Sec. 3, we show how all approaches can accurately unfold from detector level to
the particle level using a Z+jets benchmark dataset. For certain theory questions it is useful to
further unfold to the parton level, treating QCD radiation as a distortion to be corrected like
detector effects. As an example of this type of unfolding, we study top quark pair production
in Sec. 4. In Sec. 5 we summarize the advantages of the different methods, to help the exper-
imental collaborations pick the method(s) best-suited for a given task. The figures shown in
App. A combine results from the Z+jets study in Sec. 3.

2 ML-unfolding

We define our unfolding problem using four phase space densities, which are encoded in the
corresponding samples, in the sense of unsupervised density estimation in ML-terms. We rely
on simulated predictions at the particle/parton level, pgen(xpart), and the detector or recon-
struction (reco) level, psim(xreco). Unfolding turns the measured pdata into punfold,

pgen
unfolding inference←−−−−−−−−−→ punfold(xpart)

simulation







y

x







unfolding (1)

psim
forward inference←−−−−−−−−−−→ pdata(xreco)

Our simulated samples come in pairs (xpart, xreco), which can be used for unfolding. Data only
exist on the xreco level. The features of the unfolded data punfold should be determined by pdata,
but will always include a data-independent bias from the assumed pgen. The question how we
can minimize the resulting model dependence will be part of a follow-up of this study.

Established ML-techniques for unfolding rely on one of two approaches. They either
reweight simulated samples, or they generate unfolded samples from conditional probabili-
ties. We will briefly introduce both original methods [15, 28, 29], as well as a more recent
hybrid approach of mapping distributions using generative networks.

2.1 Reweighting: OmniFold and bOmnifold

The deep learning-based approach to unfolding via re-weighting is OmniFold [15, 16]. It is
based on the Neyman–Pearson lemma [36], stating that an optimally trained, calibrated clas-
sifier C will learn the likelihood ratio of the two underlying phase space distributions. If we
use a binary cross entropy (BCE) loss to distinguish between data and simulated reco-level
events, then the following combination approximates the likelihood ratio:

w(xreco)≡
pdata(xreco)
psim(xreco)

=
C(xreco)

1− C(xreco)
. (2)

OmniFold computes these classifier weights at the reco-level, and uses the paired simulated
data to pull these weights from the reco-level events to the particle-level events. The re-
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weighted simulated events then define

punfold(xpart) = w(xreco) pgen(xpart) . (3)

This weight-pushing is the first step in the two-step iterative OmniFold algorithm. Because we
are leaving out the model dependence to a dedicated second study, we restrict ourselves to
this first iteration, which in the scheme of Eq.(1) looks like

pgen
apply reweighting−−−−−−−−−−−→ punfold(xpart)

pull weights

x







(4)

psim
train reweighting←−−−−−−−−−→ pdata(xreco)

Bayesian neural network (BNN) Bayesian versions can be derived for any deterministic
neural network with a likelihood loss [37–41]. The BNN training does not fix the network
parameters, but allows them to learn distributions, such that sampling over the network pa-
rameters gives the probability distribution in model space, i.e. for the network output. Based
on studies for regression [42,43] and classification tasks [44], there is evidence that for a suf-
ficiently deep network we can assign independent Gaussians to each network parameter [39].
This effectively doubles the size of the network which now learns a central prediction and the
error bar simultaneously. Even though the weights are Gaussian distributed, the final network
output is generally not a Gaussian. As we will see below, Bayesian networks can be generalized
to generative tasks [45–47].

One benefit of Bayesian networks is that they automatically include a generalized dropout
and a weight regularization [41, 48, 49], derived from Bayes’ theorem together with the like-
lihood loss. This means that BNNs are automatically protected from overtraining and an at-
tractive option for applications where the precision of the network is critical, like the classifier
reweighting in OmniFold.

2.2 Mapping distributions: Schrödinger bridge and direct diffusion

Instead of reweighting phase-space events, we can use generative neural networks to morph
a base distribution to a target distribution. In our case, we train a network to map event
distributions from xreco to xpart based on the paired or unpaired simulated events and apply
this mapping to pdata(xreco) to generate punfold(xpart):

pgen punfold(xpart)

training

x







x







distribution mapping (5)

psim
correspondence←−−−−−−−−−→ pdata(xreco)

As mentioned above, the trained mapping assumes that psim and pdata describe the same fea-
tures at the reco-level. Two ML-methods that we study for this task include Schrödinger
Bridges [26] and Direct Diffusion [27], see also Ref. [24] for an early study.

2.2.1 Schrödinger bridge

Schrödinger Bridges define the transformation between particle-level events xpart ∼ pgen to
reco-level events xreco ∼ psim as a time-dependent process following a forward-time stochastic
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differential equation (SDE)

d x = f (x , t)dt + g(t)dw . (6)

The drift term f controls the deterministic part of the time-evolution, g is the noise schedule,
and dw a noise infinitesimal. For such an SDE, the reverse time evolution follows the SDE

d x = [ f (x , t)− g(t)2∇ log p(x , t)]d t + g(t)dw , (7)

with the corresponding score s(x , t) = ∇ log p(x , t). To construct an unfolding, we need to
find f and g for our forward process from particle level to reco level, and then encode the
score function in the unfolding network sθ (x , t) [50].

Constructing a forward-time SDE that transforms an arbitrary distribution into another
is much more challenging than mapping a distribution into a noise distribution with known
probability density (e.g. a Gaussian), as is the case for standard SDE-based diffusion net-
works. A framework to construct a transport plan in the general case was proposed by Erwin
Schrödinger [51]. It introduces two wave functions describing the time-dependent density as
p(x , t) = bΨ(x , t)Ψ(x , t). By setting the drift coefficient to f = g(t)2∇ logΨ(x , t) the forward
and reverse SDEs in Eqs.(6) and (7) become

d x = g(t)2∇ logΨ(x , t)d t + g(t)dw ,

d x = −g(t)2∇ log bΨ(x , t)d t + g(t)dw .
(8)

If the two wave-functions fulfill the coupled partial differential equations

∂Ψ(x , t)
∂ t

= −1
2

g(t)2∆Ψ(x , t) ,

∂ bΨ(x , t)
∂ t

=
1
2

g(t)2∆bΨ(x , t) ,
(9)

with the boundary conditions

bΨ(x , t)Ψ(x , t) =

¨

pgen(x) , t = 0 ,

psim(x) , t = 1 ,
(10)

then the SDEs in Eq.(8) transform particle-level events to reco-level events and vice versa.
Next, we need to find Ψ, bΨ that fulfill the conditions. The authors of Ref. [52] observe that

reverse generation following Eq.(8) does not require access to the wave functions, but only to
the score function ∇ log bΨ. For paired training data,

(x0, x1)∼ (pgen, psim) , (11)

the posterior encoded in the SDEs in Eq.(8), conditioned on the respective initial and final
states, has the analytic form

q(x |x0, x1) =N (x t ;µt(x0, x1),Σt) ,

with µt(x0, x1) =
σ̄2

t

σ̄2
t +σ

2
t

x0 +
σ2

t

σ̄2
t +σ

2
t

x1 , and Σt =
σ2

t σ̄
2
t

σ̄2
t +σ

2
t

, (12)

denoting σ2
t =
∫ t

0 g2(τ)dτ and σ̄2
t =
∫ 1

t g2(τ)dτ. This allows for the generation of samples
from this stochastic process as x t(x0, x1) = µt +Σtε with ε ∼ N (0,1) and (x0, x1), a pair of
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reco-level and particle-level events. Moreover, the score∇ log bΨ can be learned by minimizing
the loss

LSB =
­�

εθ (x t(x0, x1), t)− x t(x0, x1)− x0

σt

�2·

t∼U([0,1]),(x0,x1)∼p(xpart,xreco)
, (13)

where x t is sampled according to Eq.(12). After training, the network unfolds by numerically
solving the reverse SDE Eq.(8) with the xreco values as the initial conditions.

We follow a slight variation, where the dynamics are reduced to a deterministic pro-
cess [52]. This can be achieved by replacing the posterior distribution Eq.(12) by its mean
and training the network to encode not the score function, but the velocity field of the reverse
process, which then takes the form of an ordinary differential equation:

d x t = vt(x t |x0)d t =
βt

σ2
t
(x t − x0)d t . (14)

For the noise schedule, we follow Ref. [26] and use g(t) =
p

β(t), with β(t) the triangular
function

β(t) =

¨

β0 + 2(β1 − β0)t , 0≤ t < 1
2 ,

β1 − 2(β1 − β0)
�

t − 1
2

�

, 1
2 ≤ t ≤ 1 ,

(15)

with β0 = 10−5 and β1 = 10−4.

2.2.2 Direct diffusion

Like the Schrödinger Bridge, Direct Diffusion (DiDi) describes a time evolution between
particle-level events at t = 0 and reco-level events at t = 1. Following the Conditional Flow
Matching (CFM) [53] framework, DiDi uses an ordinary differential equation (ODE)

d x(t)
d t

= vθ (x(t), t) , (16)

with a velocity field vθ (x(t), t) encoded in a neural network. This time evolution of the in-
dividual events is related to the time evolution of the underlying density via the continuity
equation

∂ p(x , t)
∂ t

+∇x [p(x , t)vθ (x , t)] = 0 . (17)

The learning task is then to find a velocity field that transforms the density p(x , t) such that

p(x , t)→
¨

pgen(x) , t → 0 ,

psim(x) , t → 1 .
(18)

Such a velocity field can be constructed by building on event-conditional velocity fields. For a
given particle-level event x0 ∼ pgen(xpart), the algorithm samples a corresponding reco-level
event x1 ∼ psim(xreco|xpart = x0), and the two are connected with a linear trajectory

x(t|x0) = (1− t)x0 + t x1→
¨

x0 , t → 0 ,

x1 ∼ p(xreco|xpart = x0) , t → 1 .
(19)

Differentiating this trajectory defines the conditional velocity field

v(x(t|x0), t|x0) =
d
d t
[(1− t)x0 + t x1] = −x0 + x1 . (20)
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This is not yet useful as an unfolding network, as it can only unfold to a pre-specified hard
event. The desired unconditional velocity field can be obtained via

v(x , t) =

∫

d x0

v(x , t|x0)p(x , t|x0)pgen(x0)

p(x , t)
, (21)

where p(x , t|x0) is the conditional density defined via sampling from equation (19) and p(x , t)
is obtained by integrating out the condition x0. In practice, it is sufficient to train on fixed data
pairs (xpart, xreco) instead of resampling the posterior p(xreco|xpart = x0) in each epoch. The
velocity field can be learned from data as a simple regression task with the MSE loss

LDiDi =



[vθ ((1− t)x0 + t x1, t)− (x1 − x0)]
2�

t∼U([0,1]),(x0,x1)∼p(xpart,xreco)
. (22)

Once the network is trained, a reco-level event x1 ∼ p(xreco) can be transferred by numerically
solving the coresponding ODE in Eq.(16)

x0 = x1 −
∫ 1

0

vθ (x(t), t)d t . (23)

Unpaired DiDi The starting premise of most unfolding methods is that the forward model
p(xreco|xpart) is known, within uncertainty. There may be cases where it is not known [25]
and instead of pairs (xpart, xreco), we only have access to the marginals {xpart}, {xreco}. There
is no unique solution to this problem even if the detector response is deterministic; however,
we can proceed by assuming that the function corresponds to the optimal transport map. We
consider a variation of DiDi for this configuration by dropping the pairing information between
training events [27]. This can be achieved by modifying the conditional trajectory so that x1
is sampled independently of x0, so Eq.(19) becomes

x(t|x0) = (1− t)x0 + t x1→
¨

x0 , t → 0 ,

x1 ∼ p(xreco) , t → 1 .
(24)

The loss function is

LDiDi-U =



[vθ ((1− t)x0 + t x1, t)− (x1 − x0)]
2�

t∼U([0,1]),x0∼p(xpart),x1∼p(xreco)
. (25)

During training we now sample events independently of each other, and the learned map will
be purely determined by the network and its training.

Bayesian network Because the distribution mapping loss function does not have a straight-
forward interpretation as a likelihood, it cannot be simply transformed into a Bayesian network
from first principles. However, we can add the relevant features of a Bayesian network, as for
the CFM [27,47]. This includes Bayesian layers, Gaussian distributions of all or some network
parameters, and a KL-term regularizing the network parameters towards a Gaussian prior,

LB-CFM =
¬

LCFM

¶

θ∼q(θ )
+ cKL[q(θ ), p(θ )] . (26)

The factor c balances the deterministic loss with the Bayesian-inspired regularization. If the
network loss follows from a likelihood, this factor is fixed by Bayes’ theorem. In all other
cases it is a hyperparameter. We have checked that the network performance as well as the
extracted posteriors are stable when varying c over several orders of magnitudes, suggesting
that the learned weight distribution corresponds to an inherent property of the setup.
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2.3 Generative unfolding: cINN, Transfermer, CFM, TraCFM, Latent Diffusion

Generative unfolding uses conditional generative networks to learn the conditional probability
describing the inverse simulation pmodel(xpart|xreco),

pgen punfold(xpart)

paired data

x





y

x







pmodel(xpart|xreco) (27)

psim
correspondence←−−−−−−−−−→ pdata(xreco)

Building a forward surrogate network for p(xreco|xpart) uses the same data and has nearly
the same setup as learning the inverse probability p(xpart|xreco). The usual assumption of
unfolding is that the detector response is universal, which breaks the symmetry of the forward
and backwards networks via Bayes’ theorem,

p(xpart|xreco) = p(xreco|xpart)
p(xpart)

p(xreco)
. (28)

For the forward simulation, we assume that the condition on xpart does not induce a significant
prior for the generated psim. For the inverse simulation, this prior dependence is relevant and it
formally implies that there is no notion of unfolding single events, even though the generative
unfolding tools provide the corresponding conditional probabilities.

Technically, we start from a simple latent distribution, where the generative network trans-
forms the required phase space distribution,

z ∼ platent(z)
Gθ (z;xreco)−−−−−−−→ xpart ∼ pmodel(xpart|xreco) . (29)

The phase space distribution of an unfolded dataset is then given as

punfold(xpart) =

∫

d xreco pmodel(xpart|xreco) pdata(xreco) . (30)

This approach is based on posterior distributions for individual events, which means that
we can also take single measured events and run them through the model any number of
times. In practice, Eq. 30 is achieved by sampling from pmodel(xpart|xreco) for data events that
follow pdata(xreco) and then ignoring the xreco argument from the resulting dataset of pairs
(xpart, xreco). If we wanted to sample further from the result and/or iterate the procedure, we
would need to do something like the second step of OmniFold, which is a local averaging as
done for generative models in Ref. [31]. A key ingredient to unfolding with generative net-
works [28] is to either train this network with a likelihood loss [29], like for the cINN, or to
guarantee the probabilistic interpretation through the mathematical setup, like in the CFM.

2.3.1 Conditional INN

The original generative network used for unfolding is a normalizing flow [54] in its conditional
invertible neural network (cINN) variant [55, 56]. It defines the mapping between the latent
and phase space as an invertible function, conditioned on the reco-level event,

z ∼ platent(z)
Gθ (z;xreco)→←−−−−−→

← G−1
θ
(xpart;xreco)

xpart ∼ pmodel(xpart|xreco) . (31)
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The bijection form allows us to write down the learned density as

pmodel(xpart|xreco) = platent(G
−1
θ (xpart; xreco))

�

�

�

�

�

det
∂ G−1
θ
(xpart; xreco)

∂ xpart

�

�

�

�

�

. (32)

Having access to the network likelihood enables us to use it directly as loss function and train
via maximum likelihood estimation

LcINN = −



log pmodel(xpart|xreco)
�

(x0,x1)∼p(xpart,xreco)
. (33)

This approach requires a bijective map that is flexible enough to model complex transforma-
tions, while still allowing for efficient computation of the Jacobian determinant. We employ
coupling blocks [56], but replace the affine coupling blocks with the more flexible rational
quadratic spline blocks [57].

Transformer-cINN We also consider a transformer extension to the standard cINN [58]. The
architecture translates a sequence of reco-level momenta into a sequence of particle-level mo-
menta. A transformer network encodes the correlations between all event dimensions at parti-
cle level as well as their correlation with the reco-level event. A small 1D-cINN then generates
the hard-level momenta conditioned on the transformer output. To guarantee invertibility and
a tractable Jacobian, the likelihood and the generation process are factorized autoregressively

pmodel(xpart|xreco) =
n
∏

i=1

pmodel(x
(i)
part|c(x (0)part, . . . , x (i−1)

part , xreco)) . (34)

The product in Eq.(34) covers all dimensions at particle level. The function c is learned by the
transformer to encode the information about the reco-level momenta as well as the already
generated hard-level momenta. The one-dimensional conditional densities are encoded in
the cINN. Note that in contrast to Ref. [58], this so-called transfermer is autoregressive in
individual one-dimensional components, instead of in the four momenta grouped by particles.

2.3.2 Conditional flow matching

As an alternative generative network, we employ a diffusion approach called Conditional Flow
Matching (CFM) [47, 53]. The mathematical structure is the same as for the DiDi network
introduced in Sec. 2.2.2. The key difference here is that the CFM now samples from a Gaussian
latent distribution, conditional on a reco-level event, Eq.(29). This means the time-evolving
density is conditional and interpolates between the boundary conditions

p(x , t|xreco)→
¨

p(xpart|xreco) , t → 0 ,

N (x; 0, 1) , t → 1 ,
(35)

while the ODE now reads

d x(t)
d t

≡ vθ (x(t), t|xreco) . (36)

The information about the reco-level event to unfold is no longer encoded in the initial con-
dition of the ODE, but in an additional input to the network that predicts the velocity field.
Again we start with paired training data, x0 ∼ p(xpart) and x1 ∼ p(xreco|xpart = x0), and define
a simple conditional trajectory towards Gaussian noise,

x(t|x0, xreco) = (1− t)x0 + tε→
¨

x0 , t → 0 ,

ε∼N (0,1) , t → 1 .
(37)
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x (1)reco
... x (nr )

reco

Em
b ...

Em
b

Transformer-Encoder

Self-Attention
Reco-level correlations

x (1)part(t) ... x
(np)
part (t) t

Em
b ...

Em
b

Transformer-Decoder

Self-Attention
Part-level correlations

Cross-Attention
Combinatorics

Li
ne

ar ...

Li
ne

ar

�

v(1)(c(1), t), ... , v(n)(c(np), t)
�

v(xpart(t), t|xreco) =

c(1) c(np)

Figure 1: TraCFM architecture, combining the CFM generator with a Transformer
encoder-decoder combination to improve combinatorics.

The conditional velocity field is defined via the derivative of the trajectory

v(x(t|x0, xreco), t|x0, xreco) =
d
d t
[(1− t)x0 + tε] = −x0 + ε . (38)

The rest of the derivation follows analogously to the DiDi derivation. The loss function is given
by the MSE

LCFM =



[vθ ((1− t)x0 + tε, t, x1)− (ε− x0)]
2�

t∼U([0,1]),(x0,x1)∼p(xpart,xreco),ε∼N . (39)

After training, the CFM can unfold by sampling from the latent noise distribution and solv-
ing the ODE in Eq.(36) conditioned on the reco-level event we want to unfold. The crucial
difference to DiDi is that this procedure allows us to unfold the same reco-level event re-
peatedly, each time from different noise as starting point, to sample the posterior distribution
pmodel(xpart|xreco).

Transformer-CFM The velocity field can be encoded in any type of neural network, in that
sense CFMs do not impose any architectural constraints. While linear layers already achieve
high precision [27, 47], we find that when dealing with complex correlations employing a
Transformer network further improves results [58], similar to the INN vs Transfermer case.

Our TraCFM architecture encoding v(xpart, t|xreco) is shown in Fig. 1. Its inputs are the
reco-level event, the intermediate noisy diffusion state xpart(t) and the time t. First, each of
the reco-level and particle-level dimensions is individually mapped into a higher-dimensional
embedding space. This is done by concatenating the kinematic variable with its one-hot-
encoded position and filling with zeros up to the specified embedding dimension [58]. For the
particle-level dimensions we also concatenate the time t to the vector before filling with zeros.
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We experimented with more sophisticated embedding strategies, but found no performance
improvements. The reco-level embeddings are then fed to the transformer encoder, which
encodes the correlations among them using a self-attention mechanism. The transformer de-
coder does the same for the particle-level dimensions. Finally, the updated embeddings are
fed to a cross-attention block that learns to resolve the combinatorics between reco-level and
particle-level objects and outputs a final condition c(i) for each particle-level dimension. A
single linear layer, shared between all dimensions, maps this condition together with the time
t to the individual velocity field components.

To unfold, we start with a sample from the latent distribution as xpart(t = 1) = ε∼N (0, 1)
and solve the ODE Eq. (36) numerically. Notice that the transformer encoder has no time
dependence, so we do not need to recalculate it at every function call.

Bayesian generative network The concept of Bayesian networks can be applied to genera-
tive networks by assigning an uncertainty to the learned underlying phase space density. This
way, the network learns an underlying density to sample from, and an uncertainty on this
density which it can report as an error of the unit-weight of each generated event [45, 46].
Because the loss of the normalizing flow is a maximized likelihood, the relation between the
likelihood loss and the regularizing KL-divergence can be derived from Bayes’ theorem. As an
approximation to the full posterior, the error bars reported by Bayesian networks are a learned
approximation to the true uncertainty on the phase space density.

2.3.3 Latent variational diffusion

To reduce the disparity between different parameterizations of the set of observables and to
enable a more robust network, Latent Variational Diffusion [34] introduces a Variational Au-
toencoder to initially map observables from particle/parton phase space to a latent space. This
particle encoder learns the mapping

xpart → z = ENCODERpart(xpart) ∈ RDLatent . (40)

It is implemented as a deep feed-forward network. This latent space can be fine-tuned for
the diffusion step, allowing enhanced control over the generation process before mapping the
result back to the observables.

To accommodate variable-length reco-level objects, an additional detector encoder maps
them to a fixed-length latent vector

xreco → w= ENCODERreco(xreco) ∈ RDLatent . (41)

It utilizes a deep feed-forward network for fixed-length inputs and a transformer encoder for
variable-length inputs.

These latent observables provide the inputs for a conditional variational diffusion net-
work [59]. VLD employs a continuous- time, variance-preserving, stochastic diffusion process
with a noise-prediction parameterization for the score function. The governing stochastic dif-
ferential equations are

dz = f (zt , t) d t + g(t) dw (VLD Forward SDE),

dz =
�

f (zt , t)− g2(t)sθ (z, w, t)
�

d t + dw̄ (VLD Reverse SDE), (42)

where f is the drift term of the SDE, g is the diffusion coefficient, and s is the score function, as
in Eqs. (6) and (7). The drift and diffusion terms are parameterized through a learnable noise
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schedule γφ(t), which controls the diffusion rate. It is encoded in a monotonically increasing
deep network as a function of t,

f (z, t) = −1
2

�

d
d t

log
�

1+ eγφ(t)
�

�

z ,

g(t) =

√

√ d
d t

log
�

1+ eγφ(t)
�

. (43)

This simplifies the forward process to a time-dependent normal distribution, controlled by
γφ(t), now interpreted as the logarithmic signal-to-noise ratio.

zt ∼N
�

σ(−γφ(t)) z,σ(γφ(t)) I
�

, where σ(x) =

√

√ 1
1+ e−x

. (44)

The diffusion score is parameterized via a noise-prediction network,

sθ (z, w, t) =
ε̂θ (zt , w, t)
σ(−γφ(t))

, (45)

trained to predict the sampled noise used to generate the forward sample from the diffusion
process [34, 59]. It is implemented as a deep feed-forward network, concatenating the three
inputs before processing.

Finally, a decoder transforms the initial noisy latent particle representation back into phase
space observables,

z0 → x̂part = DECODER(z0) . (46)

It is again implemented as a deep feed-forward network and outputs real-valued estimates of
the observables.

All networks are trained in a end-to-end fashion using a unified loss which allows the
encoders and decoders to fine-tune the latent space to the diffusion process, while accurately
reconstructing the observables. We use a standard normal distribution as the prior over the
final noisy latent vector, p(z1)∼N (0, I). The denoising network, γφ(t), is trained to minimize
the variance of the following loss term, while all other networks are trained to minimize its
expectation value:

LVLD = KL[q(z1|x), p(z1)] (Prior Loss)

+
¬

∥DECODER(z0)− x∥2
2

¶

q(z0|x)
(Reconstruction Loss)

+
¬

γ′φ(t)∥ε− ε̂θ (z, w, t)∥2
2

¶

ε∼N (0,I),t∼U(0,1)
(Denoising Loss). (47)

3 Detector unfolding: Z+jets

3.1 Data and preprocessing

As a first test case for the various ML-Unfolding methods we use a new, bigger version of the
public dataset from Ref. [15], now available at Ref. [60].1 The events describe

pp→ Z + jets, (48)

production at
p

s = 14 TeV, simulated with Pythia 8.244 [62] with Tune 26. In contrast to
the original dataset, detector effects are now simulated with the updated Delphes 3.5.0 [63],

1For a comparison with classical unfolding methods, we refer to Refs. [15] and [61].
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Figure 2: Subjet distributions for the Z+jets dataset, at the particle level, and at the
reco level.

and the CMS tune, that uses particle flow reconstruction. The jets are clustered using all
particle flow objects available at detector level and all stable non-neutrino truth particles at
particle level. Jets are defined by the anti-kT algorithm [64] with R= 0.4, as implemented in
FastJet 3.3.2 [65]. The dataset contains around 24M simulated events, 20M for training and
4M for testing.

We focus on six observables describing the leading jet: mass m, width τ(β=1)
1 , multiplicity

N , soft-drop [66, 67] mass ρ = m2
SD/p

2
T and momentum fraction zg using zcut = 0.1 and

β = 0, and the N -subjettiness ratio τ21 = τ
(β=1)
2 /τ

(β=1)
1 [68]. For 0.8% of the events we map

an undefined jet groomed mass logρ or N-subjettiness ratio τ21 to zero.
The distributions are shown in Fig. 2. We apply a dedicated preprocessing to the jet multi-

plicity and the groomed momentum fraction. The jet multiplicity is an integer feature, which
forces the network to interpolate, so we smooth the distribution by adding uniform noise
u ∼ U[−0.5,0.5). This preprocessing can be inverted. The groomed momentum fraction fea-
tures a discrete peak at zg = 0 and sharp cuts at zg = 0.1 and 0.5. We move the peak to
zg = 0.097 and add uniform noise u ∼ U[0, 0.003). Next, we take the logarithm to make the
distribution more uniform. We then shift and scale the distribution to stretch from −1 to +1
and take the inverse error function to transform its shape to an approximate normal distribu-
tion. Finally, all six observables are standardized by subtracting the means and dividing by the
standard deviations.

Also in Fig. 2, we show the effect of the detector simulation. They are most significant
for the jet multiplicity, the groomed jet mass, and the N -subjettiness ratio. All these shifts are
driven by the finite energy threshold of the detector.

3.2 Reweighting

As in Sec. 2, we start with the OmniFold reweighting on the Z+jets dataset. We then introduce
the Bayesian version (bOmniFold) and compare their performance. We train both networks
for two different unfolding tasks. First, we evaluate their performance on the same dataset as
the other generative networks, splitting it in two halves, but adding noise to one of them as
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described below. Then, we go back to the previous Pythia dataset and task the classifiers with
learning the likelihood ratio between Pythia and Herwig. We use this ratio to reweight Herwig
onto Pythia.

3.2.1 Training on Pythia with added noise

For this section, we employ the combination of Pythia with the updated Delphes version. We
merge the training and test sets with 24.3M events, of which we use 10.9M for training, 1.2M
for validation, and 12.2M for testing. In each of these splits, we label half of the events as
Pythia 1 and the other half as Pythia 2. The classifier has to learn to reweight Pythia 1 onto
Pythia 2.

If we train (b)Omnifold on this task, it will just learn a constant classifier value of 0.5, so
we add Gaussian noise ϵ ∼ N (0, 1) to each of the raw features before preprocessing, scaled
by the standard deviation of the respective feature σx and an additional custom factor f to
modify the relative importance of the noise,

x → x̃ = x + f ·σxϵ , with ϵ ∼N (0,1) , (49)

where we use f = 0.1.
We train OmniFold (13k parameters) and its Bayesian-network counter part bOmniFold

(2×13k parameters) with identical settings for 30 epochs. The unfolded distributions are
shown in Fig. 3. While this reweighting task might not be realistic, it defines an illustrative
benchmark for the performance of an unfolding network. For each of the one-dimensional
kinematic distributions, the agreement between the unfolded and true particle-level events is
at the percent level over most of the phase space. The only exceptions are sparsely populated
tails with too little training data, or sharp features with limited resolution. The differences be-
tween the OmniFold and bOmniFold results are even smaller. A selection of summary statistics
are presented in Tab. 1, where we show the Wasserstein 1-distance, the triangular distance,
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Figure 3: Unfolded distributions from event reweighting using OmniFold and bOm-
niFold. The bOmniFold error bar is based on drawing 20 Bayesian samples. For
OmniFold the error bar represents the bin-wise statistical uncertainty.
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Table 1: Metrics evaluating the performance of the different unfolding networks,
for each of the one-dimensional kinematic distributions. We show the Wasserstein
1-distance (×10), the triangular distance (×1000), and the energy distance (×1000).

m [GeV] w N

OmniFold 0.59098 / 0.12493 / 13.72203 0.01001 / 1.62601 / 2.99618 0.67919 / 0.03034 / 18.47942
bOmniFold 0.37180 / 0.14208 / 9.89718 0.00542 / 1.64286 / 2.24587 0.22693 / 0.02176 / 4.97982

logρ zg τ21

OmniFold 0.40320 / 0.72494 / 15.60005 0.01550 / 15.30356 / 4.81947 0.00931 / 0.02746 / 1.40143
bOmniFold 0.12501 / 0.67605 / 5.59003 0.01109 / 15.27470 / 4.51572 0.00956 / 0.02183 / 1.54405

and the energy distance for the six kinematic observables. The two methods were not sepa-
rately optimized, we just started with a generic OmniFold setup and supplemented it with the
Bayesian network features. Uncertainties on the statistics are not included in these illustrative
metrics.

For the uncertainties, we see that it tends to cover the deviation of the unfolded distribu-
tions from the truth target towards increasingly sparse tails. Far in the tails, where there is too
little training data altogether, the networks learn neither the density nor an error bar on it.

3.2.2 Reweighting Herwig onto Pythia

For a more realistic (b)OmniFold task, we go back to the original Pythia dataset, for which we
also have a Herwig [69] version with the same version of Delphes, as introduced in Ref. [15].
We train (b)OmniFold for 500 epochs on 2M events, and test on 664k events [26].

First, we show the losses as a function of the training in Fig 4. This comparison shows
the challenge of the classifier training, which rapidly overtrains after about 20 epochs. This
behavior does not appear in the previous study with noisy Pythia events and is due to the
smaller training data for the Herwig reweighting. For large numbers of training epochs, the
loss on the validation dataset indicates a decreasing performance due to overtraining. For ap-
plications which require an LHC-level of precision, such overtraining may become a problem.
It can be avoided, for instance, using regularization techniques, such as dropout. Both of these
mechanisms are part of the Bayesian network architecture, in case of the regularization with
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Figure 4: BCE losses during training for 500 epochs for Omnifold (green) and bOm-
nifold (red), for Herwig-to-Pythia reweighting.
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Figure 5: Weight distribution (clipped at 200) in the training set for Herwig-to-Pythia
reweighting: OmniFold (left) vs bOmniFold (right). For each network we histogram
the weights for the Herwig and Pythia data points.

a strength given by Bayes’ theorem. In Fig. 4 we see that the bOmniFold training continues to
improve even after a large number of epochs, with no overtraining. Interestingly, bOmniFold
has larger epoch-to-epoch fluctuations and has a worse minimum validation loss than Omni-
Fold, but does not show signs of overtraining. This illustrates a potential tradeoff between
accuracy and stability.

We verified that the unfolded observables between OmniFold and bOmbiFold are in agree-
ment. Because of the difference between the training data, or prior, and the data we then
unfold, the true particle-level distributions are not exactly reproduced. The interesting fea-
ture of the bOmniFold training is that it has suppressed tails in the weight distribution with
respect to OmniFold, as shown in Fig. 5, even though both networks learn the same reweight-
ing map. Large and small weights lead to undesired statistical dilution of the dataset, and
it will be interesting to explore in the future the interplay between statistical dilution and
accuracy.

3.3 Mapping distributions

The same subjet unfolding can be tackled with distribution mapping, using the Schrödinger
Bridge and Direct Diffusion, both introduced in Sec. 2.2.1. The implementation of the
Schrödinger Bridge follows the original Pytorch [70] implementation [26]. The noise pre-
diction network is implemented using a fully connected architecture with additional skip con-
nections, specifically using six RESNET [71] blocks, with each residual layer connected to the
output of a single MLP through a skip connection. The Bayesian version replaces the original
MLPs. The training uses the Adam [72] optimizer. The total number of trainable parameters
is around 2M split equally between the mean and standard deviation of the trainable weights.

During data generation, we sample using the MAP prediction, i.e. fix every network weight
at the learned mean. Uncertainties are derived by sampling 50 times from the learned weight
distributions. In Fig. 6, we quantify the agreement between the unfolded and truth one-
dimensional kinematic distributions. The unfolding performance can be compared to the noisy
reweighting benchmark in Fig. 3. The agreement between unfolded and truth-level observ-
ables is still precise to the percent level. Notably, the largest deviations from the truth distri-
bution occur in the low-statistics edges, while the bulks of the distributions are well described
by the generative mapping, and the deviations from the truth are well covered by the Bayesian
uncertainty.
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Figure 6: Unfolded distributions from distribution mapping, using the Schrödinger
Bridge and DiDi. The Bayesian error bars are based on drawing 50 samples.

An alternative method for the same tasks is Direct Diffusion. We encode the velocity field
in a standard Bayesian MLP, after not seeing better results with more advanced networks.
Again, we implement the network in Pytorch, train it using the Adam optimizer, use the MAP
prediction, and draw 50 Bayesian weight samples to estimate the uncertainties. We use the
same setup for paired and unpaired DiDi. The only difference is the reshuffling of the reco-
particle pairings at the beginning of each epoch in the unpaired setting. The network size
comes to about 3M parameters, 1.5M weights each associated with the mean and the standard
deviation.

The results are compared to the Schrödinger Bridge in Fig. 6. Both variants of Direct
Diffusion learn the observables with percent precision over the entire phase space, and better
than that in the well-sampled bulk. For the central prediction, the paired training data makes
the unfolding slightly more precise and more stable.

A difference between paired and unpaired DiDi is that the latter might be slightly less stable
and learns significantly larger Bayesian uncertainties. This is consistent over several trainings.
At the level of kinematic distribution we do not observe any shortcoming for unfolding through
distribution matching, and the difference between paired and unpaired training data is minor.
We will come back to the conceptual difference in Sec. 3.5.

3.4 Generative unfolding

The third unfolding method we study is based on learned conditional probabilities, as defined
in the statistical description of unfolding. It relies on paired training data. Differences appear
when we vary the generative network architecture used. We skip the original GAN implemen-
tation [28], because more modern generative networks have been shown to learn phase space
distributions more precisely [46,47]. The cINN [29] is implemented in PyTorch [70] and uses
the FrEIA library [73] with RQS coupling blocks. By default, we use its Bayesian version [45],
which tracks the uncertainty in the learned phase space density as variations of unit event
weights. Our CFM [47] encodes the velocity field in the same linear layer architecture as DiDi,
including the Bayesian version. Predictions are obtained by unfolding each event 30 times
with the MAP weights, and the uncertainties are obtained from drawing 50 sets of weights
from the Bayesian network.
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Figure 7: Unfolded distributions from conditional generation, using cINN, CFM and
VLD. For cINN and CFM, the Bayesian errors are based on drawing 50 samples, and
the MAP estimate is obtained by unfolding each event 30 times. For VLD, we show
the bin-wise mean and standard deviation of 33 unfoldings.

VLD is implemented and trained using the same JAX codebase released alongside Ref. [34].
Observables are first pre-processed so that each marginal distribution follows a standard
normal via a quantile transform. Predictions are generated using the DPM++ multi-step
solver [74] with 1000 inference steps and the learned schedule. Unlike the other models,
VLD is not implemented as a Bayesian network. Uncertainties are estimated by sampling each
unfolding 33 times using a different seed for generating the prior noise.

In Fig. 7 we show the results from the cINN, CFM, and VLD. As for the (b)OmniFold
reweighting and the distribution matching, all kinematic distributions are reproduced at the
percent level or better. While the performance of the cINN and the CFM are very similar, the
VLD approach shows slightly larger deviations from the target distributions.

3.5 Learned event migration

For the generative network methods, it can be instructive to examine the learned map between
reco events and truth events. In the top panels of Fig. 8 we start with the migration described
by the paired events from the forward detector simulation. We show three of the kinematic
distributions defined in Fig. 2. The results for the other distributions lead to the same con-
clusions. For the jet mass, the multiplicity, and τ21 we see that the optimal transport defined
by the detector is quite noisy. While for the jet mass most events form a diagonal with little
bias, the jet multiplicity shows a linear correlation with a non-trivial slope, and τ21 indicates
a saturation effect in the forward direction xpart → xreco, such that τ21(xreco) does not reach
one.

In the next row we show the results from the Schrödinger Bridge, which is similar, but
slightly noisier than DiDi trained on paired events, shown in the third row. Using paired events,
these generative networks learn a very efficient diagonal transport map, with a spread that is
more narrow than the actual detector. The main features of the detector truth are reproduced
well.
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Figure 8: Migration maps for three representative distributions. From the top:
forward detector simulation, Schrödinger Bridge, paired DiDi, unpaired DiDi, and
CFM/cINN/VLD, which are all looking identical. The bin contents are normalized
such that each row sums to one.
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Next, we see that the unpaired DiDi network again learns an efficient transport map, but
with a significantly broader spread than the same network trained on paired events. The rea-
son is that ignoring the event pairing leads to a noisier training, but again reproducing the
main features of the detector. We emphasize that unpaired training seems to bring DiDi-like
implementations closer to describing the actual detector, but this is an artifact in that the de-
tector mapping is noisier than the optimal transports from distribution mapping, and training
on unpaired samples is also noisier, but the two are not positively related. Finally, we show
the transport learned by the conditional CFM networks. Not shown are the corresponding
cINN and VLD results, which are visually identical to the CFM results. The conditional genera-
tive models indeed learn the correct detector transport from the paired events, indicating that
conditional generative networks indeed encode the conditional probabilities from Eq.(27).

3.6 Classifier check

Finally, there is the question if the learned distributions have failure modes that cannot be
seen from the marginal distributions. Following [75–77], we systematically search for mis-
matched correlations using a trained binary classifier between the true training events and the
same number of unfolded events. Using Eq.(2) this classifier can be turned into a re-weighting
function w(x), evaluated for each data point in phase space.

We train individual classifiers for each of the discussed methods, using the hyperparame-
ters listed in Tab. 7. The results are presented in Fig. 9. The top left plot shows the phase space
weights w for the three distribution mapping methods bSB, DiDi-P and DiDi-U. For all three
networks, the dominant feature is a sharp peak in w≈ 1, showing overall excellent agreement
between the learned unfolding and the truth distribution. A tail towards higher weights in-
dicates the existence of phase space regions that are underpopulated by the network, while
lower weights indicate an overpopulated region. While for all three networks weak tails in
both directions exist, they are suppressed by several orders of magnitude compared to the
peak around unit weights. The right plot shows the same weight distribution zoomed into the
area around w(x) = 1 to better visualize the peak. Comparing the three methods, we find a
slightly sharper peak for the DiDi networks compared to the bSB implementation.

The bottom row of Fig. 9 shows the same two plots for the three generative networks,
cINN, CFM, and VLD. Again, for all three methods almost all events fall into a sharp peak
around weight one. Tails towards high and low weights exist, but are again strongly suppressed
compared to the peak and only visible due to the logarithmic scale of the y-axis. Comparing
the three networks, we find a slightly larger spread for the VLD. The right plot shows the
zoomed-in version of the same distribution. Here we see that the density in the peak is about
one order of magnitude larger for the CFM and cINN, compared to the VLD.

Finally, we can compare the distribution mapping methods in the top row to the generative
networks in the bottom row. They show overall very similar performance, indicating that
despite their different migration patterns shown in Fig. 8, both model classes can recover the
unfolded distribution with high precision. In the high resolution plots on the right, we find
a slightly sharper peak around unit weights for the CFM and the cINN, indicating the overall
best agreement with the truth distribution, as measured by the trained classifier.

4 Unfolding to parton level: Top pairs

4.1 Data

As a second benchmark we apply ML-methods to top quark pair production, unfolding
from reco-level to parton level, i.e. the level of the top quarks and their decay products
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Figure 9: Classifier weight distribution on the Z+jets dataset. The top row shows
the results for the distribution mapping methods, the bottom row for the generative
methods. The left plots show the weight distribution over a large range, the right
plots are zoomed in to resolve the area around w= 1.

from the hard scattering, before undergoing hadronization. While more physics assump-
tions/approximations are required for this type of unfolding, it is often performed by ATLAS
and CMS [78–85]. Parton-level results are extremely useful, for instance, to combine mea-
surements into a global analysis [2, 3], extract SM parameters [85, 86], or to compare new
theory predictions without requiring these to be matched to parton showering programs [87].

The task is to map reco-level 4-momenta to parton-level 4-momenta defined by the 2→ 2
scattering and subsequent decays, in our case [34]

qq̄/g g → t t̄ → (bℓ+νℓ) (b̄qq) , with ℓ= e,µ , q = u, d, s, c , (50)

plus the charge-conjugated process. The events are simulated with Madgraph5 3.4.2 [88] atp
s = 13 TeV and with a top quark mass mt = 173 GeV. One of the W bosons decays leptonically,

the other hadronically. Showering and hadronization are simulated with Pythia 8.306 [62],
and detector effects with Delphes 3.5.0 [63] with the standard CMS card. We again recon-
struct jets using the anti-kT algorithm [64], now with R = 0.5 and a pT -dependent b-tagging
efficiency. Leptons and jets are subject to the acceptance cuts pT > 25 GeV and |η|< 0.25. We
only keep events with exactly one lepton, at least 2 b-tagged jets, and at least two more jets.

This second benchmark process is technically more challenging than the Z+jets unfolding
in terms of the six subjet observables, because of the higher phase space dimensionality and
because we can no longer directly match reco-level and parton-level observables. To recon-
struct the hard scattering, the network has to learn the non-trivial combinatorics as well as
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complex correlations reflected in the intermediate mass peaks. We focus on a comparison of
the different generative unfolding methods, which reproduce the forward simulation in their
event-wise migration, but are most challenging from an ML-perspective. As before, we post-
pone the important question of model dependence to a later paper.

4.2 Generative unfolding

As a first attempt, we employ a straightforward phase space parametrization for the six top
decay products,

(pT,bℓ ,ηbℓ ,φbℓ , pT,ℓ,ηℓ,φℓ, pT,ν,ην,φν) ,

(pT,bh
,ηbh

,φbh
, mq1

, pT,q1
,ηq1

,φq1
, pT,q2

,ηq2
,φq2

) . (51)

The lepton masses are common to all events, and we set them to zero at the level of our simu-
lations. The bottom jets are generated with a common finite bottom mass. For the remaining
jets, we have to keep track of the charm mass in the corresponding charm jets. This leads to a
binary degree of freedom, in addition to the 18 standard phase space dimensions.

While at parton level all events have the same number of particles, at reco level we see
a variable number of jets. Jets are produced in top and W -decays, but also in initial-state
and final-state radiation, multi-parton interactions, underlying event, or pileup. Their number
also strongly depends on the acceptance cuts. Naively, these additional jets are not expected
to carry information on the hard process. However, they can sometimes cause events to pass
selections by replacing top decay jets which do not pass the acceptance cuts, or lead to chal-
lenging event reconstruction due to jet combinatorics [58]. This means we cannot just ignore
them.

While the standard cINN and CFM require a fixed-dimensionality condition, their trans-
former variants can handle variable dimensionality. Alternatively, we could employ an embed-
ding network to overcome this limitation. Testing the impact of additional jets on our specific
unfolding task with the Transfermer and TraCFM networks, we find that they do not bene-
fit from additional reco-level jets significantly. Consequently, we restrict ourselves to a fixed
maximum number of particles at reco-level for these networks. The particles we include in an
ordered vector are the lepton, the missing transverse momentum, the two leading b-jets, and
the two leading light-flavor jets. VLD does naturally includes all jets in an un-ordered fashion.
The masses and transverse momenta of the particles are log-scaled before feeding them to the
network.

We again use an RQS-cINN implementation from the FrEIA library [73], in the last block
we replace the linear layers with Bayesian layers to track the network uncertainties. The CFM
encodes the velocity in a standard MLP network. The time t is embedded to a higher dimension
using a random Fourier feature encoding [89] before being concatenated to the other network
inputs, as we found that this improves results in higher-dimensional tasks. Following [90]
we only make the last network layer Bayesian, as too many Bayesian weights can make the
training of large networks unstable. For the two Transformer-based networks we employ the
standard PyTorch Transformer implementation. The attention blocks are then followed by
a single Bayesian RQS block or a single Bayesian linear layer for the Transfermer and the
TraCFM respectively. For the TraCFM we employ the same time embedding as for the CFM
and concatenate the encoded time to the transformer output before feeding it to the final
layer.

The results for the cINN, its Transfermer variant, the CFM, and its TraCFM variant along
with VLD are shown in Fig. 10. In the plots we focus on the challenging distributions, mainly
the intermediate mass resonances and the angular correlations. We have checked that the
rest of the kinematics is reproduced mostly at the percent level by the generative networks.
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Figure 10: Unfolded top pair distributions from conditional generation using the
naive phase space parametrization of Eq.(51). For the Bayesian cINN, Transfermer,
CFM and TraCFM the error bars are based on drawing 50 samples. For the VLD the
error bars are given by unfolding each event 128 times and showing the bin-wise
mean and standard deviation.

Generally, we find that the lepton and neutrino kinematics are learned slightly better than
the quark kinematics. As shown in the top rows, the correlations describing the intermediate
particles are not learned as well. For the resonances, all networks struggle. Because they only
require to correlate two independent 4-momenta, the W -peaks are learned a little better than
the top peaks. Also, the leptonic decay is learned better than the hadronic decay. Altogether,
the Transformer-enhanced networks perform better than the CFM, which in turn beats the
cINN.

4.3 Generative unfolding using physics

The choice of phase space parametrization can be crucial for the performance of generative
networks [91]. To solve the problems with intermediate on-shell propagators, we employ the
dedicated top-mass parametrization proposed in Ref. [33]. It directly predicts the top and W -
kinematics and makes the simpler decay kinematics accessible via correlations. As the phase
space basis we choose the top 4-momentum in the lab frame, three components of the W 4-
momentum in the top rest frame, and two (three for the hadronic case) components of the
first W -decay product in the W rest frame,

(mt , pL
T,t ,η

L
t ,φL

t , mW ,ηT
W ,φT

W , ηW
ℓ ,φW

ℓ ) ,

(mt , pL
T,t ,η

L
t ,φL

t , mW ,ηT
W ,φT

W , mq1
,ηW

q1
,φW

q1
) . (52)
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The superscripts L, T, W denote the rest frames. We then employ a Breit-Wigner mapping using
the mass values in the event generator

p
2 ∗ erfinv
�

2
π

arctan(m−mpeak)
�

, (53)

to turn the sharp mass peaks into a Gaussian-like shape.
The results with this paramerization are shown in Fig. 11. We drop the cINN and focus on

the better CFM implementations. Now that the intermediate masses are directly predicted by
the networks, we reproduce them within a few percent. The kinematics of the decay particles,
now correlations between the directly predicted dimensions, are also faithfully modeled. Be-
cause the learning task has become easier, the difference between the CFM and the TraCFM is
smaller. So physics helps, as it tends to.

Similar to Sec. 3.5, we again train a classifier to distinguish the generated events from the
training data truth. In Fig. 12 we show the distribution of learned classifier weights for the
three generative unfoldings. In this case, we see that while the one-dimensional kinematic dis-
tributions look similarly good for the three models in Fig. 11, there are significant differences
in the precision with which the generative networks reproduce the multi-dimensional target
distributions. The fact that all weight distributions are peaked around w≈ 1 and that the tails
on the parton-level training and generated datasets are identical indicates that there is no def-
inite failure mode [75]. On the other hand, the level of agreement is significantly improved,
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Figure 11: Unfolded top pair distributions from conditional generation using the ded-
icated phase space parametrization of Eq.(52). For the Bayesian cINN, Transfermer,
CFM and TraCFM the error bars are based on drawing 50 amples. For the VLD the
error bars are given by unfolding each event 32 times and showing the bin-wise mean
and standard deviation.
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Figure 12: Weight distributions from a trained classifer between true and generated
top pair events. The corresponding AUC values are 0.53 for the VLD, 0.51 for the
CFM and 0.501 for the TraCFM.

going from the VLD to the CFM, and then adding the transformer feature of the TraCFM to en-
code combinatorics [58]. For the latter, we again reach the percent-level precision we observed
for the Z+jets detector unfolding in Sec. 3.

5 Outlook

Machine learning is changing the face of LHC physics, and one of the most exciting develop-
ments is that it enables unbinned, high-dimensional, precise unfolding. This includes detector
unfolding as well as inverting the first-principle simulations to the parton level. There exist
three different ML-methods and tools for such an unfolding, (i) event reweighting or Omni-
Fold, (ii) mapping distributions, and (iii) conditional generative unfolding. All these methods
have been developed to a level, where they are ready to be further studied for use by the LHC
experiments. In this paper, we give an overview of the different methods and correspond-
ing tools, including an update to the most recent neural network architectures and a rough
comparison of the strengths of the different methods.

Our first task is to unfold detector effects for a set of six subjet observables in Z+jets
production. Here, reweighting-based unfolding, a supervised classification task, reproduces
all true particle-level distributions and defines a precision benchmark shown in Fig. 3. A new
Bayesian variant of OmniFold might provide complementary strengths to the existing method.

Alternatively, distribution mapping can be trained on matched events efficiently. We found
that the (Bayesian) Schrödinger Bridge and Direct Diffusion implementations consistently pro-
vide high performance, shown in Fig. 6. Alternatively, distribution mapping can be trained on
unmatched data, which limits its ability to reproduce the actual detector effects, but can be
useful when one is missing matched training data.

Third, unfolding by learning and sampling conditional inverse probabilities is ideally suited
to model complex detector effects, but also the most challenging network architecture. We
have compared a series of tools, including invertible networks without and with a transformer
encoding, as well as diffusion networks without and with a transformer, and with an enhanced
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latent representation. In Fig. 7 we have shown that the conditional generative tools match the
precision of distribution mapping. In addition, we have shown to which level the different
methods learn the event migration or optimal transport defined by the forward detector sim-
ulation, rather than an abstract mapping defined by the network architecture.

Finally, we have applied our unfolding methods and tools to invert t t̄ events to the hard
process of top pair production with subsequent decays. Here, correlations pose a serious chal-
lenge, specifically the intermediate mass peaks. We have found that they can be learned pre-
cisely once we represent the phase space in a physics-inspired kinematic basis, as can be seen
in Fig. 11. In addition to the physics pre-processing, the combination of a diffusion model with
a transformer guaranteed the best performance among the conditional generative unfolding
networks.

Altogether, we have shown a multitude of different methods and tools for ML- unfolding,
with dedicated individual strengths.2 All of them are ready to be studied further in the context
of LHC analyses. Their complementarity is a strength for building confidence in advanced
tools for high-dimensional cross section measurements. Future work will focus on how the
different approaches handle prior dependence, backgrounds, and acceptance effects, as well
as a comprehensive treatment of the uncertainties associated with these steps.
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A Combined Z+jets results

In Fig. 13 we compare the unfolding results for Z+jets events, as discussed in Sec. 3. We
show the same kinematic observables as in Fig 3 for the (b)OmniFold benchmark, in Fig. 6
for the distributions matching, and in Fig. 7 for the conditional generation. We omit all error
bars representing statistical or Bayesian network uncertainties. The (b)OmniFold curves show
learned densities from noisy data and cannot be directly compared to the other networks.

2Many of the codes used in this paper will be made publicly available, together with a set of tutorials accompa-
nying Ref. [41].
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None of the networks have been especially optimized for the task, so for all of them there
should still be possible performance gains.
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Figure 13: Results collected from Sec. 3, showing all unfolding networks, as well as
the (b)Omnifold de-noising benchmark.
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B Hyperparameters

Table 2: Network and training hyperparameters for the OmniFold and bOmniFold
networks in Figs. 3, 4, and 5.

Parameter (b)OmniFold Py-to-Py (b)OmniFold He-to-Py

Optimizer Adam
Learning rate 0.001
LR schedule Cosine annealing
Batch size 128
Epochs 30 500
Network MLP
Number of layers 4
Hidden nodes 80
Bayesian regularization 1 1

Table 3: Network and training hyperparameters for the Direct Diffusion and CFM
networks in Figs. 6, 7, 10, and 11

Parameter DiDi CFM Z+jets CFM t t̄ TraCFM

Optimizer Adam
Learning rate 0.001
LR schedule Cosine annealing
Batch size 16384
Epochs 500 400 1000 500
Network MLP MLP MLP Transformer
Number of layers 8 8 8 -
Hidden nodes 512 512 1024 -
Transformer blocks - - - 6
Transformer heads - - - 4
Embedding dim - - - 128
Bayesian regularization 1

Table 4: Network and training hyperparameters for the cINN and Transfermer in
Figs. 7 and 10.

Parameter cINN Z+jets cINN t t̄ Transfermer

Optimizer Adam
Max Learning rate 0.0003
LR schedule One cycle
Batch size 1024
Epochs 75 130 250
Network RQS-INN RQS-INN Transformer+RQS
INN blocks 10 20 1
RQS bins 24 30 30
Subnet layers 5 5 5
Subnet dim 200 256 256
Transformer blocks - - 6
Transformer heads - - 4
Embedding dim - - 128
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Table 5: Network and training hyperparameters for the Schrödinger Bridge in Fig. 6.

Parameter SB

Optimizer Adam
Learning rate 0.001
Batch size 128
Network Updates 250000
Network Fully connected ResNet
Blocks 6
MLP size 256

Table 6: Network and training hyperparameters for the VLD networks in Figs 7, 10,
and 11.

Parameter VLD Z+jets VLD t t̄

Optimizer Adam Adam
Initial Learning rate 5× 10−4 5× 10−4

Fine-tune Learning rate 1× 10−4 1× 10−4

Batch size 1024 1024
Updates 1 Million 1 Million
Hidden Dimensions 64 64
Denoising Layers 8 8
Detector Encoder Layers 6 6
Part* Encoder Layers 6 6
Part* Decoder Layers 6 6

Table 7: Network and training hyperparameters for the classifier networks in Figs. 9
and 12.

Parameter Z+jets t t̄

Optimizer Adam
Learning rate 0.001
LR schedule Cosine annealing
Batch size 128
Epochs 20 50
Network MLP
Number of layers 5
Hidden nodes 256
Dropout 0.1

References

[1] J. M. Campbell et al., Event generators for high-energy physics experiments, SciPost Phys.
16, 130 (2024), doi:10.21468/SciPostPhys.16.5.130.

[2] I. Brivio, S. Bruggisser, F. Maltoni, R. Moutafis, T. Plehn, E. Vryonidou, S. Westhoff and
C. Zhang, O new physics, where art thou? A global search in the top sector, J. High Energy
Phys. 02, 131 (2020), doi:10.1007/JHEP02(2020)131.

[3] N. Elmer, M. Madigan, T. Plehn and N. Schmal, Staying on top of SMEFT-likelihood anal-
yses, (arXiv preprint) doi:10.48550/arXiv.2312.12502.

29

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.21468/SciPostPhys.16.5.130
https://doi.org/10.1007/JHEP02(2020)131
https://doi.org/10.48550/arXiv.2312.12502


SciPost Phys. 18, 070 (2025)

[4] G. Cowan, A survey of unfolding methods for particle physics, in Conference on advanced
statistical techniques in particle physics, Durham, UK (2002).

[5] F. Spanò, Unfolding in particle physics: A window on solving inverse problems, Europhys.
J. Web Conf. 55, 03002 (2013), doi:10.1051/epjconf/20135503002.

[6] M. Arratia et al., Publishing unbinned differential cross section results, J. Instrum. 17,
P01024 (2022), doi:10.1088/1748-0221/17/01/P01024.

[7] L. Brenner, P. Verschuuren, R. Balasubramanian, C. Burgard, V. Croft, G. Cowan and W.
Verkerke, Comparison of unfolding methods using RooFitUnfold, Int. J. Mod. Phys. A 35,
2050145 (2020), doi:10.1142/S0217751X20501456.

[8] L. B. Lucy, An iterative technique for the rectification of observed distributions, Astron. J.
79, 745 (1974), doi:10.1086/111605.

[9] W. M. Richardson, Bayesian-based iterative method of image restoration, J. Opt. Soc. Am.
62, 55 (1972), doi:10.1364/JOSA.62.000055.

[10] L. B. Lucy, An iterative technique for the rectification of observed distributions, Astron. J.
79, 745 (1974), doi:10.1086/111605.

[11] G. D’Agostini, A multidimensional unfolding method based on Bayes’ theorem, Nucl. In-
strum. Methods Phys. Res. A: Accel. Spectrom. Detect. Assoc. Equip. 362, 487 (1995),
doi:10.1016/0168-9002(95)00274-X.

[12] A. Höcker and V. Kartvelishvili, SVD approach to data unfolding, Nucl. Instrum. Methods
Phys. Res. A: Accel. Spectrom. Detect. Assoc. Equip. 372, 469 (1996), doi:10.1016/0168-
9002(95)01478-0.

[13] S. Schmitt, TUnfold, an algorithm for correcting migration effects in high energy physics, J.
Instrum. 7, T10003 (2012), doi:10.1088/1748-0221/7/10/T10003.

[14] A. Butter et al., Machine learning and LHC event generation, SciPost Phys. 14, 079 (2023),
doi:10.21468/SciPostPhys.14.4.079.

[15] A. Andreassen, P. T. Komiske, E. M. Metodiev, B. Nachman and J. Thaler, OmniFold: A
method to simultaneously unfold all observables, Phys. Rev. Lett. 124, 182001 (2020),
doi:10.1103/PhysRevLett.124.182001.

[16] A. Andreassen, P. T. Komiske, E. M. Metodiev, B. Nachman, A. Suresh and J. Thaler, Scaf-
folding simulations with deep learning for high-dimensional deconvolution, (arXiv preprint)
doi:10.48550/arXiv.2105.04448.

[17] H1 collaboration: V. Andreev et al., Measurement of lepton-jet correlation in deep-inelastic
scattering with the H1 detector using machine learning for unfolding, Phys. Rev. Lett. 128,
132002 (2022), doi:10.1103/PhysRevLett.128.132002.

[18] H1 collaboration, Machine learning-assisted measurement of multi-differential lepton-jet
correlations in deep-inelastic scattering with the H1 detector, Phys. Rev. Lett. 128, 132002
(2022), doi:10.1103/PhysRevLett.128.132002.

[19] H1 collaboration: V. Andreev et al., Unbinned deep learning jet substructure mea-
surement in high Q2 ep collisions at HERA, Phys. Lett. B 844, 138101 (2023),
doi:10.1016/j.physletb.2023.138101.

30

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.1051/epjconf/20135503002
https://doi.org/10.1088/1748-0221/17/01/P01024
https://doi.org/10.1142/S0217751X20501456
https://doi.org/10.1086/111605
https://doi.org/10.1364/JOSA.62.000055
https://doi.org/10.1086/111605
https://doi.org/10.1016/0168-9002(95)00274-X
https://doi.org/10.1016/0168-9002(95)01478-0
https://doi.org/10.1016/0168-9002(95)01478-0
https://doi.org/10.1088/1748-0221/7/10/T10003
https://doi.org/10.21468/SciPostPhys.14.4.079
https://doi.org/10.1103/PhysRevLett.124.182001
https://doi.org/10.48550/arXiv.2105.04448
https://doi.org/10.1103/PhysRevLett.128.132002
https://doi.org/10.1103/PhysRevLett.128.132002
https://doi.org/10.1016/j.physletb.2023.138101


SciPost Phys. 18, 070 (2025)

[20] H1 collaboration, Machine learning-assisted measurement of azimuthal angular
asymmetries in deep-inelastic scattering with the H1 detector, (arXiv preprint)
doi:10.48550/arXiv.2412.14092.

[21] LHCb collaboration, Multidifferential study of identified charged hadron distributions in Z-
tagged jets in proton-proton collisions at

p
s =13 TeV, Phys. Rev. D 108, L031103 (2023),

doi:10.1103/PhysRevD.108.L031103.

[22] P. T. Komiske, S. Kryhin and J. Thaler, Disentangling quarks and gluons in CMS open data,
Phys. Rev. D 106, 094021 (2022), doi:10.1103/PhysRevD.106.094021.

[23] Y. Song, Measurement of CollinearDrop jet mass and its correlation with SoftDrop groomed
jet substructure observables in

p
s = 200 GeV pp collisions by STAR, (arXiv preprint)

doi:10.48550/arXiv.2307.07718.

[24] K. Datta, D. Kar and D. Roy, Unfolding with generative adversarial networks, (arXiv
preprint) doi:10.48550/arXiv.1806.00433.

[25] J. N. Howard, S. Mandt, D. Whiteson and Y. Yang, Learning to simulate high energy par-
ticle collisions from unlabeled data, Sci. Rep. 12, 7567 (2022), doi:10.1038/s41598-022-
10966-7.

[26] S. Diefenbacher, G.-H. Liu, V. Mikuni, B. Nachman and W. Nie, Improving generative
model-based unfolding with Schrödinger bridges, Phys. Rev. D 109, 076011 (2024),
doi:10.1103/PhysRevD.109.076011.

[27] A. Butter, T. Jezo, M. Klasen, M. Kuschick, S. Palacios Schweitzer and T. Plehn,
Kicking it off(-shell) with direct diffusion, SciPost Phys. Core 7, 064 (2024),
doi:10.21468/SciPostPhysCore.7.3.064.

[28] M. Bellagente, A. Butter, G. Kasieczka, T. Plehn and R. Winterhalder, How to GAN away
detector effects, SciPost Phys. 8, 070 (2020), doi:10.21468/SciPostPhys.8.4.070.

[29] M. Bellagente, A. Butter, G. Kasieczka, T. Plehn, A. Rousselot, R. Winterhalder, L. Ardiz-
zone and U. Köthe, Invertible networks or partons to detector and back again, SciPost Phys.
9, 074 (2020), doi:10.21468/SciPostPhys.9.5.074.

[30] M. Vandegar, M. Kagan, A. Wehenkel and G. Louppe, Neural empirical Bayes: Source
distribution estimation and its applications to simulation-based inference, (arXiv preprint)
doi:10.48550/arXiv.2011.05836.

[31] M. Backes, A. Butter, M. Dunford and B. Malaescu, An unfolding method based on condi-
tional invertible neural networks (cINN) using iterative training, SciPost Phys. Core 7, 007
(2024), doi:10.21468/SciPostPhysCore.7.1.007.

[32] M. Leigh, J. A. Raine, K. Zoch and T. Golling, ν-flows: Conditional neutrino regression,
SciPost Phys. 14, 159 (2023), doi:10.21468/SciPostPhys.14.6.159.

[33] J. Ackerschott, R. K. Barman, D. Gonçalves, T. Heimel and T. Plehn, Return-
ing CP-observables to the frames they belong, SciPost Phys. 17, 001 (2024),
doi:10.21468/SciPostPhys.17.1.001.

[34] A. Shmakov, K. Greif, M. Fenton, A. Ghosh, P. Baldi and D. Whiteson, End-to-end latent
variational diffusion models for inverse problems in high energy physics, (arXiv preprint)
doi:10.48550/arXiv.2305.10399.

31

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.48550/arXiv.2412.14092
https://doi.org/10.1103/PhysRevD.108.L031103
https://doi.org/10.1103/PhysRevD.106.094021
https://doi.org/10.48550/arXiv.2307.07718
https://doi.org/10.48550/arXiv.1806.00433
https://doi.org/10.1038/s41598-022-10966-7
https://doi.org/10.1038/s41598-022-10966-7
https://doi.org/10.1103/PhysRevD.109.076011
https://doi.org/10.21468/SciPostPhysCore.7.3.064
https://doi.org/10.21468/SciPostPhys.8.4.070
https://doi.org/10.21468/SciPostPhys.9.5.074
https://doi.org/10.48550/arXiv.2011.05836
https://doi.org/10.21468/SciPostPhysCore.7.1.007
https://doi.org/10.21468/SciPostPhys.14.6.159
https://doi.org/10.21468/SciPostPhys.17.1.001
https://doi.org/10.48550/arXiv.2305.10399


SciPost Phys. 18, 070 (2025)

[35] A. Shmakov, K. Greif, M. Fenton, A. Ghosh, P. Baldi and D. Whiteson, Full event
particle-level unfolding with variable-length latent variational diffusion, (arXiv preprint)
doi:10.48550/arXiv.2404.14332.

[36] J. Neyman and E. S. Pearson, On the problem of the most efficient tests of statis-
tical hypotheses, Philos. Trans. R. Soc. A: Math. Phys. Eng. Sci. 231, 289 (1933),
doi:10.1098/rsta.1933.0009.

[37] D. MacKay, Probable networks and plausible predictions - A review of practical Bayesian
methods for supervised neural networks, Netw.: Comput. Neural Syst. 6, 469 (1995),
doi:10.1088/0954-898X/6/3/011.

[38] R. M. Neal, Bayesian learning for neural networks, PhD thesis, University of Toronto,
Toronto, Canada (1995).

[39] Y. Gal, Uncertainty in deep learning, PhD thesis, University of Cambridge, Cambridge, UK
(2016).

[40] A. Kendall and Y. Gal, What uncertainties do we need in Bayesian deep learning for computer
vision?, in Advances in neural information processing systems 30, Curran Associates, Red
Hook, USA, ISBN 9781510860964.

[41] T. Plehn, A. Butter, B. Dillon, T. Heimel, C. Krause and R. Winterhalder, Modern machine
learning for LHC physicists, (arXiv preprint) doi:10.48550/arXiv.2211.01421.

[42] S. Bollweg, M. Haussmann, G. Kasieczka, M. Luchmann, T. Plehn and J. Thomp-
son, Deep-learning jets with uncertainties and more, SciPost Phys. 8, 006 (2020),
doi:10.21468/SciPostPhys.8.1.006.

[43] S. Badger, A. Butter, M. Luchmann, S. Pitz and T. Plehn, Loop amplitudes from precision
networks, SciPost Phys. Core 6, 034 (2022), doi:10.21468/SciPostPhysCore.6.2.034.

[44] G. Kasieczka, M. Luchmann, F. Otterpohl and T. Plehn, Per-object systematics using deep-
learned calibration, SciPost Phys. 9, 089 (2020), doi:10.21468/SciPostPhys.9.6.089.

[45] M. Bellagente, M. Haussmann, M. Luchmann and T. Plehn, Understanding
event-generation networks via uncertainties, SciPost Phys. 13, 003 (2022),
doi:10.21468/SciPostPhys.13.1.003.

[46] A. Butter, T. Heimel, S. Hummerich, T. Krebs, T. Plehn, A. Rousselot and S.
Vent, Generative networks for precision enthusiasts, SciPost Phys. 14, 078 (2023),
doi:10.21468/SciPostPhys.14.4.078.

[47] A. Butter, N. Huetsch, S. Palacios Schweitzer, T. Plehn, P. Sorrenson and J. Spin-
ner, Jet diffusion versus JetGPT - Modern networks for the LHC, (arXiv preprint)
doi:10.48550/arXiv.2305.10475.

[48] D. Molchanov, A. Ashukha and D. Vetrov, Variational dropout sparsifies deep neural net-
works, 34th international conference on machine learning, Sydney, Australia (2017).

[49] V. Fortuin, Priors in Bayesian deep learning: A review, Int. Stat. Rev. 90, 563 (2022),
doi:10.1111/insr.12502.

[50] Y. Song, J. Sohl-Dickstein, D. P. Kingma, A. Kumar, S. Ermon and B. Poole, Score-
based generative modeling through stochastic differential equations, (arXiv preprint)
doi:10.48550/arXiv.2011.13456.

32

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.48550/arXiv.2404.14332
https://doi.org/10.1098/rsta.1933.0009
https://doi.org/10.1088/0954-898X/6/3/011
https://doi.org/10.48550/arXiv.2211.01421
https://doi.org/10.21468/SciPostPhys.8.1.006
https://doi.org/10.21468/SciPostPhysCore.6.2.034
https://doi.org/10.21468/SciPostPhys.9.6.089
https://doi.org/10.21468/SciPostPhys.13.1.003
https://doi.org/10.21468/SciPostPhys.14.4.078
https://doi.org/10.48550/arXiv.2305.10475
https://doi.org/10.1111/insr.12502
https://doi.org/10.48550/arXiv.2011.13456


SciPost Phys. 18, 070 (2025)

[51] E. Schrödinger, Über die Umkehrung der Naturgesetze, Sitzungsberichte Preuss Akad. Wis-
sen. Phys. Math. Klasse Sonderausgabe 9, 144 (1931).

[52] G.-H. Liu, A. Vahdat, D.-A. Huang, E. A. Theodorou, W. Nie and A. Anandkumar, I2SB:
Image-to-image Schrödinger bridge, (arXiv preprint) doi:10.48550/arXiv.2302.05872.

[53] Y. Lipman, R. T. Q. Chen, H. Ben-Hamu, M. Nickel and M. Le, Flow matching for generative
modeling, (arXiv preprint) doi:10.48550/arXiv.2210.02747.

[54] D. J. Rezende and S. Mohamed, Variational inference with normalizing flows, (arXiv
preprint) doi:10.48550/arXiv.1505.05770.

[55] L. Ardizzone, C. Lüth, J. Kruse, C. Rother and U. Köthe, Guided image generation with
conditional invertible neural networks, (arXiv preprint) doi:10.48550/arXiv.1907.02392.

[56] M. Bellagente, A. Butter, G. Kasieczka, T. Plehn, A. Rousselot, R. Winterhalder, L. Ardiz-
zone and U. Köthe, Invertible networks or partons to detector and back again, SciPost Phys.
9, 074 (2020), doi:10.21468/SciPostPhys.9.5.074.

[57] C. Durkan, A. Bekasov, I. Murray and G. Papamakarios, Cubic-spline flows, (arXiv
preprint) doi:10.48550/arXiv.1906.02145.

[58] T. Heimel, N. Huetsch, R. Winterhalder, T. Plehn and A. Butter, Precision-
machine learning for the matrix element method, SciPost Phys. 17, 129 (2024),
doi:10.21468/SciPostPhys.17.5.129.

[59] D. P. Kingma, T. Salimans, B. Poole and J. Ho, On density estimation with diffusion models,
in Advances in neural information processing systems 34, Curran Associates, Red Hook,
USA, ISBN 9781713845393.

[60] B. Nachman and V. Mikuni, Large version of the omnifold dataset (2024),
doi:10.5281/zenodo.10668638.

[61] M. Backes, A. Butter, M. Dunford and B. Malaescu, Event-by-event comparison between
machine-learning- and transfer-matrix-based unfolding methods, Eur. Phys. J. C 84, 770
(2024), doi:10.1140/epjc/s10052-024-13136-3.

[62] T. Sjöstrand et al., An introduction to PYTHIA 8.2, Comput. Phys. Commun. 191, 159
(2015), doi:10.1016/j.cpc.2015.01.024.

[63] J. de Favereau, C. Delaere, P. Demin, A. Giammanco, V. Lemaître, A. Mertens and M.
Selvaggi, DELPHES 3: A modular framework for fast simulation of a generic collider exper-
iment, J. High Energy Phys. 02, 057 (2014), doi:10.1007/JHEP02(2014)057.

[64] M. Cacciari, G. P. Salam and G. Soyez, The anti-kt jet clustering algorithm, J. High Energy
Phys. 04, 063 (2008), doi:10.1088/1126-6708/2008/04/063.

[65] M. Cacciari, G. P. Salam and G. Soyez, FastJet user manual, Eur. Phys. J. C 72, 1896
(2012), doi:10.1140/epjc/s10052-012-1896-2.

[66] A. J. Larkoski, S. Marzani, G. Soyez and J. Thaler, Soft drop, J. High Energy Phys. 05,
146 (2014), doi:10.1007/JHEP05(2014)146.

[67] M. Dasgupta, A. Fregoso, S. Marzani and G. P. Salam, Towards an understanding of jet
substructure, J. High Energy Phys. 09, 029 (2013), doi:10.1007/JHEP09(2013)029.

33

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.48550/arXiv.2302.05872
https://doi.org/10.48550/arXiv.2210.02747
https://doi.org/10.48550/arXiv.1505.05770
https://doi.org/10.48550/arXiv.1907.02392
https://doi.org/10.21468/SciPostPhys.9.5.074
https://doi.org/10.48550/arXiv.1906.02145
https://doi.org/10.21468/SciPostPhys.17.5.129
https://doi.org/10.5281/zenodo.10668638
https://doi.org/10.1140/epjc/s10052-024-13136-3
https://doi.org/10.1016/j.cpc.2015.01.024
https://doi.org/10.1007/JHEP02(2014)057
https://doi.org/10.1088/1126-6708/2008/04/063
https://doi.org/10.1140/epjc/s10052-012-1896-2
https://doi.org/10.1007/JHEP05(2014)146
https://doi.org/10.1007/JHEP09(2013)029


SciPost Phys. 18, 070 (2025)

[68] J. Thaler and K. Van Tilburg, Identifying boosted objects with N-subjettiness, J. High Energy
Phys. 03, 015 (2011), doi:10.1007/JHEP03(2011)015.

[69] G. Bewick et al., Herwig 7.3 release note, Eur. Phys. J. C 84, 1053 (2024),
doi:10.1140/epjc/s10052-024-13211-9.

[70] A. Paszke et al., PyTorch: An imperative style, high-performance deep learning library, in
Advances in neural information processing systems 32, Curran Associates, Red Hook, USA,
ISBN 9781713807933.

[71] K. He, X. Zhang, S. Ren and J. Sun, Deep residual learning for image recognition, in
IEEE conference on computer vision and pattern recognition, IEEE, Piscataway, USA, ISBN
9781467388528 (2016), doi:10.1109/CVPR.2016.90.

[72] D. P. Kingma and J. Ba, Adam: A method for stochastic optimization, (arXiv preprint)
doi:10.48550/arXiv.1412.6980.

[73] L. Ardizzone, T. Bungert, F. Draxler, U. Köthe, J. Kruse, R. Schmier and P. Sorren-
son, Framework for easily invertible architectures (FrEIA) (2018), https://github.com/
vislearn/FrEIA.

[74] C. Lu, Y. Zhou, F. Bao, J. Chen, C. Li and J. Zhu, DPM-solver++: Fast solver for guided sam-
pling of diffusion probabilistic models, (arXiv preprint) doi:10.48550/arXiv.2211.01095.

[75] R. Das, L. Favaro, T. Heimel, C. Krause, T. Plehn and D. Shih, How to
understand limitations of generative networks, SciPost Phys. 16, 031 (2024),
doi:10.21468/SciPostPhys.16.1.031.

[76] C. Krause et al., CaloChallenge 2022: A community challenge for fast calorimeter simula-
tion, (arXiv preprint) doi:10.48550/arXiv.2410.21611.

[77] S. Diefenbacher, E. Eren, G. Kasieczka, A. Korol, B. Nachman and D. Shih, DCTRGAN:
Improving the precision of generative models with reweighting, J. Instrum. 15, P11004
(2020), doi:10.1088/1748-0221/15/11/P11004.

[78] ATLAS collaboration: G. Aad et al., Differential t t cross-section measurements using
boosted top quarks in the all-hadronic final state with 139 fb−1 of ATLAS data, J. High
Energy Phys. 04, 080 (2023), doi:10.1007/JHEP04(2023)080.

[79] ATLAS collaboration: G. Aad et al., Measurements of top-quark pair single-
and double-differential cross-sections in the all-hadronic channel in pp collisions atp

s = 13 TeV using the ATLAS detector, J. High Energy Phys. 01, 033 (2021),
doi:10.1007/JHEP01(2021)033.

[80] ATLAS collaboration: G. Aad et al., Measurements of top-quark pair differential and
double-differential cross-sections in the ℓ+jets channel with pp collisions at

p
s = 13 TeV

using the ATLAS detector, Eur. Phys. J. C 79, 1028 (2019), doi:10.1140/epjc/s10052-
019-7525-6.

[81] CMS collaboration, Differential cross section measurements for the production of top quark
pairs and of additional jets using dilepton events from pp collisions at

p
s = 13 TeV, (arXiv

preprint) doi:10.48550/arXiv.2402.08486.

[82] ATLAS collaboration: A. Tumasyan et al., Measurement of differential t t̄ production cross
sections in the full kinematic range using lepton+jets events from proton-proton collisions
at
p

s = 13 TeV, Phys. Rev. D 104, 092013 (2021), doi:10.1103/PhysRevD.104.092013.

34

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.1007/JHEP03(2011)015
https://doi.org/10.1140/epjc/s10052-024-13211-9
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.48550/arXiv.1412.6980
https://github.com/vislearn/FrEIA
https://github.com/vislearn/FrEIA
https://doi.org/10.48550/arXiv.2211.01095
https://doi.org/10.21468/SciPostPhys.16.1.031
https://doi.org/10.48550/arXiv.2410.21611
https://doi.org/10.1088/1748-0221/15/11/P11004
https://doi.org/10.1007/JHEP04(2023)080
https://doi.org/10.1007/JHEP01(2021)033
https://doi.org/10.1140/epjc/s10052-019-7525-6
https://doi.org/10.1140/epjc/s10052-019-7525-6
https://doi.org/10.48550/arXiv.2402.08486
https://doi.org/10.1103/PhysRevD.104.092013


SciPost Phys. 18, 070 (2025)

[83] ATLAS collaboration: A. M. Sirunyan et al., Measurement of differential t t̄ production
cross sections using top quarks at large transverse momenta in pp collisions at

p
s = 13

TeV, Phys. Rev. D 103, 052008 (2021), doi:10.1103/PhysRevD.103.052008.

[84] ATLAS collaboration: A. M. Sirunyan et al., Measurement of the top quark polarization
and t t̄ spin correlations using dilepton final states in proton-proton collisions at

p
s = 13

TeV, Phys. Rev. D 100, 072002 (2019), doi:10.1103/PhysRevD.100.072002.

[85] ATLAS collaboration: A. M. Sirunyan et al., Measurement of t t̄ normalised multi-
differential cross sections in pp collisions at

p
s = 13 TeV, and simultaneous determination

of the strong coupling strength, top quark pole mass, and parton distribution functions, Eur.
Phys. J. C 80, 658 (2020), doi:10.1140/epjc/s10052-020-7917-7.

[86] M. V. Garzelli, J. Mazzitelli, S.-O. Moch and O. Zenaiev, Top-quark pole mass extraction at
NNLO accuracy, from total, single- and double-differential cross sections for t t+Xs produc-
tion at the LHC, J. High Energy Phys. 05, 321 (2024), doi:10.1007/JHEP05(2024)321.

[87] M. Czakon, A. Mitov and R. Poncelet, NNLO QCD corrections to leptonic observ-
ables in top-quark pair production and decay, J. High Energy Phys. 05, 212 (2021),
doi:10.1007/JHEP05(2021)212.

[88] J. Alwall et al., The automated computation of tree-level and next-to-leading order differen-
tial cross sections, and their matching to parton shower simulations, J. High Energy Phys.
079 (2014), doi:10.1007/jhep07(2014)079.

[89] P. von Platen et al., Diffusers: State-of-the-art diffusion models (2022), https://github.
com/huggingface/diffusers.

[90] F. Ernst, L. Favaro, C. Krause, T. Plehn and D. Shih, Normalizing flows for high-dimensional
detector simulations, (arXiv preprint) doi:10.48550/arXiv.2312.09290.

[91] B. Nachman and R. Winterhalder, Elsa: Enhanced latent spaces for improved collider sim-
ulations, Eur. Phys. J. C 83, 843 (2023), doi:10.1140/epjc/s10052-023-11989-8.

35

https://scipost.org
https://scipost.org/SciPostPhys.18.2.070
https://doi.org/10.1103/PhysRevD.103.052008
https://doi.org/10.1103/PhysRevD.100.072002
https://doi.org/10.1140/epjc/s10052-020-7917-7
https://doi.org/10.1007/JHEP05(2024)321
https://doi.org/10.1007/JHEP05(2021)212
https://doi.org/10.1007/jhep07(2014)079
https://github.com/huggingface/diffusers
https://github.com/huggingface/diffusers
https://doi.org/10.48550/arXiv.2312.09290
https://doi.org/10.1140/epjc/s10052-023-11989-8

	Introduction
	ML-unfolding
	Reweighting: OmniFold and bOmnifold
	Mapping distributions: Schrödinger bridge and direct diffusion
	Schrödinger bridge
	Direct diffusion

	Generative unfolding: cINN, Transfermer, CFM, TraCFM, Latent Diffusion
	Conditional INN
	Conditional flow matching
	Latent variational diffusion


	Detector unfolding: Z+jets
	Data and preprocessing
	Reweighting
	Training on Pythia with added noise
	Reweighting Herwig onto Pythia

	Mapping distributions
	Generative unfolding
	Learned event migration
	Classifier check

	Unfolding to parton level: Top pairs
	Data
	Generative unfolding
	Generative unfolding using physics

	Outlook
	Combined Z+jets results
	Hyperparameters
	References

