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Tabular data stands out as one of the most frequently encountered types in high energy physics.
Unlike commonly homogeneous data such as pixelated images, simulating high-dimensional tabular
data and accurately capturing their correlations are often quite challenging, even with the most

advanced architectures.

Based on the findings that tree-based models surpass the performance

of deep learning models for tasks specific to tabular data, we adopt the very recent generative
modeling class named conditional flow matching and employ different techniques to integrate the
usage of Gradient Boosted Trees. The performances are evaluated for various tasks on different
analysis level with several public datasets. We demonstrate the training and inference time of most
high-level simulation tasks can achieve speedup by orders of magnitude. The application can be
extended to low-level feature simulation and conditioned generations with competitive performance.

I. INTRODUCTION

The collisions happening at the Large Hadron Collider
(LHC) [, following the nature of quantum mechanics,
are intrinsically probabilistic. This necessitates a vast
number of events to acquire meaningful information that
can validate theoretical predictions. Oftentimes, we rely
on the large-scale Monte Carlo (MC) event production
[2] with a dedicated, and probably lengthy production
pipeline to perform complicated calculations of the Stan-
dard Model. In the upcoming High-Luminosity LHC
(HL-LHC) era [3], it is expected that the trend for these
simulations will shift towards a more CPU-intensive en-
vironment [4], given the much larger amount of data-
taking. It is crucial to prevent the possible limitation in
physics output due to insufficient statistics arising from
constraint computational budget.

The successful application of deep generative models
as fast surrogate models in collider physics allows for
the rapid generation of particle collision data, drastically
reducing event generation period without sacrificing ac-
curacy. Diffusion models (DM) [5H7] excels in generat-
ing high-quality, detailed samples by iteratively denoising
random noise into clean output, showcasing impressive
capabilities in tasks like fast calorimeter simulation [8-
[13]. One common challenge of those DM applications
is that they only reach the ideal performance after rel-
atively long generation time. Many studies adopt the
novel distillation techniques with pre-trained model such
as progressive distillation and consistency model [T4HI6].

*C.Jiang-19@sms.ed.ac.uk:
T lstqian@pku.edu.cn
¥ huilin.qu@cern.ch

On the other hand, normalizing flows (NFs) [17, [18] stand
out for their ability to model complex distributions with
a small amount of time, making them especially powerful
in fields requiring precise probability density estimation.
Different generative models have emerged in various ap-
plications [I9H23]. For the MC event generator, several
applications focus on conditional phase space sampling
[24130]. Flow-based model could also produce good qual-
ity of shower rapidly [3IH35]. Those models are applied
extensively to handle tasks such as unfolding [36] [37],
shower shape correction, anomaly detection [38+441] and
quark gluon tagging [42].

Whereas, NF intrinsically can not reach desirable per-
formance once moving to higher dimensions [43 [44]. Fur-
thermore, most architectures adopted into high energy
physics (HEP) are tailored for image synthesis. The ma-
jority of quantities or variables needed at the analysis
level of event content are designed to be sensitive to
certain phase spaces in one channel or aim to explore
the deeper structure of hadronic objects. These vari-
ables have shapes far more complex than a simple Gaus-
sian and are often treated as tabular data. Current ap-
proaches, which utilize the most advanced architectures
to simulate tabular data in high dimensions and precisely
capture their correlations, can be notably challenging, es-
pecially when considering the significantly longer training
and validation times required for each update in analysis.

Recently, a new type of generative modelling class was
introduced, inspired from the score matching diffusion
model [B] and optimal transport [45], conditional flow
matching (CFM) [46] offers a simulation-free approach
to directly match the vector field, demonstrating good
scalability to very high dimensions. In this work, we
used several techniques mentioned from the study [47] to
replace the traditional Neural Network backbone CFM
with Gradient Boosted Trees (GBT) [48, [49]. We named
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the framework Boosted Decision Tree based Ultra-Fast
Flow matching (BUFF) with the model flowBDT. The
reasonale behind using tree-based CFM is that the vector
fields and conditional probability paths generated from
N-dimensional tabular data should also hold the similar
structures inherent to them. Several comprehensive stud-
ies [50}, 51 indicate that tree-based models surpass most
of deep learning models in performance for tasks specific
to tabular data, such as classification and regression. In
Section [[I} we delve into the workings of the Tree-based
Conditional Flow Matching and share some improved un-
derstanding of this method, alongside its novel applica-
tions. Section [[II] describes the datasets utilized in our
study. In Section [[V] we present the performance out-
comes across various tasks using diverse datasets and a
range of comprehensive metrics. Lastly, Section [V] offers
potential applications and future directions for this line
of research.

II. IMPROVED UNDERSTANDING FOR
TREE-BASED FLOW MATCHING

Suppose f : R? — R? is a continuous differentiable
map between target distribution p; and base distribu-
tion & ~ qg, which usually is multidimensional Gaussian.
Normalizing flow (NF) requires each composition of the
inverse map f(z) = fr—jo...ofy(x) to have valid Jacobian
determinants during sampling phase. By the change-of-
variable rules, the log-likelihood loss for NF training is
written as [43]:
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From the formulation for the training loss, there are
two drawbacks for transitional NF: the strict requirement
for invertible map f and inefficient Jacobican determi-
nant calculation. These would make NF predicts worse
when scaling up to very high dimensions. Later, con-
tinuous normalizing flow (CNF) is proposed to replace
the second term in Equation.2 using the property that
the trace of the Jacobian matrix is equivalent to the log
probability of the continuous random variable:

T
log p1(z) = log qo(x) — /t Tr( of )dt (2)
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This allows CNF to have a more efficient training stage
given trace is generally easier to solve. However, the

vector field from a flow is still integrated over time ( i.e.
% = f(zt,t) ). The computational demanding training
and bad scalability problems insist in these simulation-
based approaches.

Flow matching proposes a simulation-free loss function
which directly matches the probability path pi(z) and
vector field wu;(x) for time steps ¢ uniformly distributed
between 0 and 1. For any learnable vector field vi(z)
parameter 6 from a model with stochastic regression ob-
jective, the loss defined as [44]:

Len(0) = Eep,@vo(t 2) — ui(2)]? 3)

To compute this loss function needs the explicit knowl-
edge of the target vector field u;. Omne could use the
conditioning variable z to define the CFM objective [46]:

pi(a) = / pr(al2)q(2)dz (4a)

Lra(0) = Eug(z).pal) |va(t, 2) — ue(a]2)|[* (4b)

Both loss functions should hold the same gradient w.r.t.
weights 6.

There exists a specific, non-universal scenario in which
GBT can be utilized here. Since GBT classes are non-
differentiable, they cannot be directly applied in genera-
tive models such as Generative adversarial networks [52]
or variational autoencoders [53], which rely on compos-
ing multiple models during training. In typical neural
network-based flow matching, we employ Stochastic Gra-
dient Descent (SGD) [54] with random sampling to min-
imize the expectations from Equation.4 and Equation.6
over a mini-batch. Additionally, we adapt the setup for
GBT to 'mimic’ batch training as practiced in deep learn-
ing models. The data points are duplicated repeatedly to
approximate the expectation calculated over all possible
pairs between input and target sample. We use the linear
interpolation and independent conditional flow matching
to build the training dataset of vector fields at each noise
level, there will be different interpolant class for specific
objectives 46, [55]. A small individual GBT model with
3-4 depth and 50-100 estimators is used on each time
step. The training time is directly proportional to both
the tree depth and number of estimators in one GBT
model. Compared with other deep learning model, the
extremely fast training and inference time of those light
GBT model can provide a robust performance with only
fraction of time for high-level physics task.

Since different models are trained for each noise level,
the number of time steps during inference is fixed. Nev-
ertheless, we retain the flexibility to adjust the sampler
for solving ODE. The crucial aspect that needs investi-
gation is whether those different models can predict with
equivalent accuracy for ODE calculations with high-order
numerical methods across various time steps. In our re-
search, we modify the original setup: instead of employ-
ing the first-order Euler solver, we evaluate the perfor-
mance using the second-order Midpoint solver, as well



as higher-order solvers such as Runge-Kutta [56], Tsi-
touras, and Dormand-Prince [57]. The solvers that best
fit our tasks are identified as the Midpoint solver at 30-
40 steps and the Dormand-Prince solver at 15-30 steps.
Consequently, we have selected these two solvers as our
defaults. In addition to this, we find that varying the
number of output on each tree of the model significantly
reduces the sampling time. We keep those hyperparam-
eters small enough to achieve decent performance with
just negligible time typically required.

III. DATASET
A. JetNet

Around 200,000 events of JetNet dataset [58] are sim-
ulated at leading order using Madgraph [59]. Each of
them focus on a relatively narrow kinematic range so
that relative transverse momenta of the generated par-
ton and gauge boson are within a small window. Those
parton-level events undergo the hadronization process via
Pythia [60]. The transverse momentum (pT) of particle
jets is around 1 TeV. Jets are clustered by anti—kr algo-
rithm with a cone size of R = 0.4.

The first 30 particles with highest pT inside the jets
are taken into account. Four particle-level variables are
available: the relative location w.r.t. jets on angular
coordinate frame: g™ = pparticle _ piet = od (grel =
prarticle _ giet 91 relative transverse momentum of the
particle defined by pi! = p%amde /Pt To distinguish
the jets with fewer than 30 particles, fourth variable is
tailored to tell if the particle is genuine or zero-padded.

Different types of jets are provided in the dataset, ei-
ther from gluons, light or top quarks, or vector bosons.
The gluon and light quarks usually have simple topology.
We choose top quark jets to derive the high level features
as they should have the complex topology to capture the
inner correlations among subjets and structural distribu-
tions for the global point cloud.

B. CaloChallenge

The Fast Calorimeter Simulation Challenge 2022 [61]
aims to create and evaluate a rapid and highly accurate
calorimeter simulation by benchmarking deep learning
methods. The datasets use the GEANT4 [62] framework
to simulate different kinds of particle showers inside ei-
ther a irregular or concentric calorimeter.

In each dataset, showers are simulated to travel along
the z-axis within a cylindrical detector. Cells in the ra-
dial r and angular o bins are arranged on each sampling
layer of the calorimeter. CaloChallenge dataset 1 con-
tains photon shower simulated by Geant4 with 368 vox-
els on 5 different calorimeter layers. Layer 1 and 2 are
designed to have more granular layout than other three

layers. By assigning the different voxel energies and lo-
cations according to the specific 7 and « bins, one can
reconstruct the total deposited energy of the shower for
the particle with incident energies from 256 MeV up to 4
TeV. Even though the other two CaloChallenge datasets
are more granular than the first dataset, dataset 1 pro-
vides a better shower description within irregular geom-
etry, and also a smoother translation to tabular data.

C. Jet Datasets for Unfolding

The dataset used for unfolding task as described in
Section. is from [63]. It contains QCD jets from Z
+ jets events that are simulated by either Herwig [64]
or Pythia with different tunes and parton distribution
functions. The jets are clustered by anti—kp algorithm
within R = 0.4. We consider event to have the leading
jet with a Z boson pT > 200 GeV to make the event
topology unaffected by the limited acceptance. Multiple
datasets is required to perform the unfolding between
full particle phase spaces and particle flow objects. The
detector distortions are simulated by fast detector sim-
ulator of the CMS detector through Delphes [65] with
concrete particle flow reconstruction. Six different quan-
tities derived from the substructure of the leading jet are
used to evaluate the performance.

D. Schrodinger Bridge Refinement

Schrodinger Bridge Refinement involves two distinct
datasets of electron particles traveling through an elec-
tromagnetic calorimeter. The conditional input dataset
GFlash [66HGS] approximates electron showers using a
parameterized fast simulation. The formulation is based
on the knowledge of longitudinal and radial showers in
the sampling calorimeter. We keep the Moliére radii and
radiation length as their default values. Additionally, the
GFlash procedures account for the effects of sampling ge-
ometry and materials on shower shapes.

Refining showers from the fast simulation to match the
full simulation target from Geant4 requires an injective
mapping between them. Therefore, we ensure that the
incident particle energies of both simulations remain the
same for each training event. The electron shower has a
regular size of 10 x 10 calorimeter cells with fixed incident
energies of 50 GeV. The core idea for this task is to use
the approximate shower as input conditions which should
contain more comprehensive information about geometry
and material.

IV. TASKS

Based on the new design and knowledge improvement
of the model, various potential HEP applications will be
shown in this section. We first demonstrate the baseline
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FIG. 1. The histogram and ratio plots for generated simultanously and original jet variables. Shaded: from JetNet, solid line:

from flowBDT

performance task for end to end fast simulation as done
with traditional normalizing flow [69] in section [[V A]
Then, section [V B|shows the advantages of flow match-
ing and GBT model by moving to a much higher dimen-
sion regime. flowBDT can still give decent performance
for simulating hundreds of cells within irregular geome-
try and particles inside jets. Section [[V (] illustrates the
model is also fully capable to do conditioned generation
and distribution mapping from non-tractable prior dis-
tribution.

A. End to end fast simulation

Most of the high level variables used in analysis-level
are derived via a long simulation chain. Those variables
are chosen among a larger subset of variables after dig-
itization and reconstruction. Having sufficient statistics
for those high-level variables is crucial for many analyses,
while deriving those quantities starting from the gener-
ator level would be computationally demanding. The
possible approach is to directly generate those high-level
observables according to the information from full simu-
lation. Skipping those intermediate steps would reduce
the simulation time significantly.

Whereas many variables used in the analysis have com-
plicated distribution, the generative model has to learn
to simulate a N dimensional distribution far away from

pure Gaussian form. Capturing the intricate shapes and
correlations of these distributions poses a considerable
challenge. We studied the specific case by simulating
four vector, substructure, and correlation function vari-
ables of highly boosted objects such as top jets. The
total number of 12 variables calculated from 3 subjets
of pseudo-jets by JetNet are considered, specifically, The
transverse momentum and mass of the jet p*, m, the N-
subjetiness for exclusive n-jet 7y, 72, 73, the N-subjetiness
ratio 791 = 72, 133 = 72, Energy splitting function de-
fined by the splitting scale for n-jet exclusive clustering
di2, do3, n** order Energy correlation function ecfs, ecfs

calculated from pT and AR, finally dy = ecfs 3 pt

ecf3

The Dormand-Prince and Midpoint solver within 20-30
steps could already give satisfactory results for generat-
ing 100k events with all variables. Fig[l]suggests most of
variables with complicated shapes have great agreement
between target and generated sample. The best perfor-
mance on histogram is seen for substructures and func-
tions related to first two subjets, especially distributions
with two asymmetric peaks. Despite a slight misalign-
ment in the histograms of the last subjet, lowBDT can
efficiently handle well for the tasks around 10-20 dimen-
sions with both few-steps low and high order ODE solver.

The evaluation metrics for binned and unbinned dis-
tribution for those variables are also provided in Table. [}
Almost all the features sampled from the model give the
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FIG. 2. The kernel density estimation contour plot for generated and original 100k jet variables. Solid: from JetNet, dotted:

from flowBDT

Metrics Sep power x100 EMDx10
di2 0.059 0.0030
da 0.14 0.0037
das 0.0057 0.095
T1 0.096 0.042
T2 0.15 0.0070
T3 0.065 0.009

mass 0.086 0.0030
pT 0.051 0.0085
To1 0.045 0.020

ecfa 0.084 0.0027
ecfs 0.0001 0.15
T32 0.0097 0.031

TABLE I. Evaluation metrics for samples generated from
flowBDT. The separation power is calculated from the dif-
ference of binned histograms between generated and original
sample. Earth Mover’s Distance, or Wasserstein Distance is
derived from unbinned distributions.

impressive performance on f-divergence metric (i.e. tri-
angular discriminator [70, [71]). The Earth Mover’s Dis-
tance [72] [73] maintains very low value for majority of
generated features on unbinned distribution listed on Ta-
ble. [ To do a comprehensive evaluation, variable sim-
ulated from our model should also have good pairwise
correlation. We compare the correlation of generated
sample with the original ones. Correlation contour plots
are estimated by the Gaussian kernel. Representative
correlations among four vector, substructure and energ
splitting functions (dy, di2, pT, 73) are shown in Fig/2)
Surprisingly, we find the model can have almost the same
shape on every level of the contour lines, even for plots
with multiple peak rings.

As demonstrated above, flowBDT generated sample in
very good quality within negligible amount of inference
time, 0.4-0.8 ms for each event. Not only that, the train-
ing is incredibly fast for low dimensional tasks. We sepa-
rate each time step with tiny BDT trees, trained on single

thread of each CPU core. For 120k events, the training
time is around 3-4 minutes per core.

B. Low level simulation for cells and jet
constituents

To fully explore the potential of our model, we increase
the dimension of the input features to the next magni-
tude. In the study, we will focus on the dataset 1 which
contains layers with different granularities. There are
ways to map the features into a latent space, or treat
them as flatten array to deal with irregular geometry.
The latter does not usually take the shower as 3-D nor
structured data. Following by this logic, all the voxel
energies now are treated as tabular data.

Output of GBT regression model by default need to be
(N, 1), thus number of voxels per shower corresponds to
the number of GBTs required for training. Instead, we
choose to let each tree has one output so that the number
of trees are reduced to only one GBT model per time step.
This also makes 5-8 times speedup while inferencing with
indistinguishable performance as default setting.

In Fig. 3] we sum up the output raw voxels according
to a and r bins of different layers. The flowBDT pre-
dicts very well on more granular layers as layer 1 and 2.
However, a shortfall in simulating this metric becomes
apparent in the energy distribution tails of layer 0 and
in instances where showers with low energy deposited on
the last layer.

Shower response F,.qt;, as an important quantity used
in calibrating objects is shown in Fig. @l The E,4, gen-
erated by the model exhibits a shape and peak width
closely mirroring those produced by Geant4. A similar
correspondence is observed for another variable concern-
ing the shower location, the center of energy in the  and
¢ directions: 7 = (%7%) for cell location n;, as illustrated

in Figure. [0
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FIG. 5. Center of energy in 1 and ¢ direction on second layer
of the photon shower generated by flowBDT and Geant4

The same treatment is applied to the JetNet dataset.
In this context, the goal is to regress the raw particle-level
four-vector data from gluon-initiated and top jets. Gen-
erated relative pT distribution has outstanding alignment
with the histogram. A small deficiency was observed on
the tails of relative location distribution compared to the
original dataset, as illustrated in Figure[7] This discrep-
ancy means the limitations of the lowBDT model when
applied to more structured datasets, such as point clouds
that inherently contain spatial relationships and geome-
try.

C. Conditional generation

Most generative models encounter similar challenges
when attempting to generate high-quality samples from
non-Gaussian priors in large dimensions or from distri-
butions that are significantly different from the target

distribution. In this section, we will show how condi-
tional generation tackled by the model in both low or
high dimensions.

Due to the restricted resolution and acceptance of de-
tectors, the distributions of detector-level quantities di-
verge from those at the particle level. One important
technique used in collider physics is unfolding which cor-
rects these detector effects. Machine learning-based un-
folding methods [36], 37, [63] offer significant advantages
for unbinned and high-dimensional differential cross-
section measurements.

The public jet dataset with several MC generator/tune
pairs is used, we consider the leading jet width and
mass, multiplicity, N-subjetiness ratio between leading

and subleading jets 11 = :—?, the normalized groomed
2
mass Inp = lnzl% and momentum fraction z, for Soft

Drop grooming Talg‘orithm with specific angularity and
cut [74, [75). To assess the performance of the condi-
tioned generation, we compare with the histograms gen-
erated from a Gaussian prior using both binned and un-
binned metrics. As shown in Table.2, we found that the
separation power and EMD from the non-Gaussian prior
demonstrate better performance for the majority of the
time. More importantly, starting from a reconstructed
level prior provides substantial benefits, as it captures
the correlation of the target observables much more ef-
fectively than a multidimensional Gaussian would. If we
define a relative improvement on correlation difference to
be ratio of the sum of absolute values of those differences
with data between simulation and generated sample:

n
Zi:l COTTdata,i - Corrsim,i

Lrea = (5)

n
Yois1 Corraatai — Corrgen,i

The relative improvement for conditional generation is
around 3040%, which is much higher than 414% improve-
ment calculated from unconditional one. But still both
cases show a huge enhancement on general correlation as
shown in Fig. [0

In a shift of focus, the model is utilized to refine and
simulate calorimeter showers. The conditional input is
derived from parameterized shower approximations pro-
duced by fast simulations. In typical machine learning
models, we often use discrete conditions such as energy
and coordinates for training. However, some attributes,
such as material type, are difficult to define numerically.
Using an approximate shower as a condition offers a novel
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Observables(Sep powerx100 / EMD x10) Simulation Conditional Unconditional
Jet mass 0.496,/0.369 0.072/0.038 0.091,/0.084
Jet width 1.770/0.406 0.044/0.031 0.034/0.098
N constituents 1.129/0.405 0.10/0.28 0.07/0.26
In, 3.684/0.916 0.053/0.046 0.10/0.082
Zg 0.047/0.173 0.010,/0.029 0.013/0.030
To1 0.558/0.593 0.095/0.054 0.14/0.093

TABLE II. Comparison table for evaluation metrics over binned and unbinned distributions of 6 unfolding observables between
data and original simulation, generated sample with and without conditional inputs



way to integrate these factors to guide the model with
more explicit information inside the calorimeter.

Again, we flatten the calorimeter cells before training.
Although this increases the training time compared to
tasks with fewer dimensions, the computational cost is
still generally smaller than most models we have encoun-
tered. Figure shows the histogram of the deposited
energy sum for the electron shower. The generated his-
togram displays a peak width very similar to the original,
but with sharper tails at the lower energy end.

GFlash
Geant4
flowBDT

AU
a Nsso

N

/

48.00 4825 4850 48175  49.00 4925  49.50 4975  50.00
Total E [GeV]

FIG. 10. Total energy deposited for 50 GeV electron shower
in the 10 * 10 calorimeter. GFlash: from classical fast simu-
lation, flowBDT: generated sample, Geant4: from full simu-
lation

V. CONCLUSION AND OUTLOOKS

In this work, we have introduced BUFF, a new frame-
work with applications of flow matching and extensive
usage of GBT models to accomplish various tasks on dif-
ferent levels of analysis in HEP. We have developed a
novel model called flowBDT, which features several en-
hancements over the original, such as the use of higher-
order solvers to reduce training time, distinct GBT train-
ing objectives to handle very high-dimensional tasks with
a 5-8 times speedup in sampling, and the benefits of
conditional generations. The negligible inference time of
lightweight GBT models significantly shortens the gen-
eration time for high-level tasks compared to traditional
flow matching. BUFF is indeed well-suited for rapid
training across multiple CPU cores.

We evaluated the generated high-level features for com-
plicated top jet topology using both binned and unbinned
metrics. The results, including the f-divergence metric
and Earth Mover’s Distance, are impressive for most fea-
tures. We greatly increase the dimensionality for the sim-
ulation of low-level calorimeter cells and jet constituents.
Our model still shows very decent result for those tasks.
Then, we demonstrated some advantages of conditional
generation on both high and low levels. For high level
tasks such as unfolding, the relative improvement on cor-

relation difference with target from conditional genera-
tions is over 30 times higher than before. The conditions
can also be the cells from an approximate shower that
takes geometry and material information into account.

The model outperforms most tasks specific to tabular
data than typical flow-based models. Looking ahead, we
alm to extend the application of our model to include
a variety of complex tasks such as anomaly detection,
quark-gluon tagging, and others. Additionally, for low-
level simulations, we will explore alternative strategies
to further enhance the efficiency, aiming to significantly
speed up both the training and inference time.

VI. ACKNOWLEDGEMENTS

We would like to thank Jie Xiao for his insightful in-
puts on the study of conditional generation, and Dominik
Duda for discussion on realistic application scenarios un-
der the context of the ATLAS experiment.

Appendix A: Sampling time metric

We listed two plots in Fig. to graphically demon-
strate how should we choose the batch size of generated
sample given different dimensonalities. Since multiple
GBT models are used during sampling stage, each model
needs a short period time to be ”"awake”. This is a
non-negligible factor if our sampling time is already be-
low millisecond scale. Any small batch size of generated
sample would often required a larger sampling time per
feature or per event. For example, the total generation
time only scales up to 2 times when increasing from 100
to 1000 events, and up to 4-5 times when scaling from
1000 to 10,000 events. This demonstrates the model’s
efficient scaling behavior, which is crucial for processing
large datasets. Noticeably, for restricting the number of
output on each tree would result in a faster inference,
this is especially obvious for higher dimensions. As we
see in the right plot in Fig. an event with 368 features
only consumes 2.5 times more CPU cost than an event
with 90 features.
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