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12.3 Projections for the three scenarios 12 RESOURCE ESTIMATES

will be re-reconstucted at the same time as the data to ensure consistent software is used for both data
and Monte Carlo. It is assumed that after some six years, there will have been sufficient improvements
in the quality of the physics modelling and simulation to warrant fully re-generating, re-simulating and
re-reconstructing all MC samples relevant to ongoing and planned physics analyses. DAODs are assumed
to be rebuilt every four to six months to account for new object reconstruction calibrations. Each version
is assumed to be kept on disk for two years to ensure physics analysis can use a consistent version
throughout the publication process.

12.3.1 Estimates for the LHCC common scenario

In the context of the LHCC HL-LHC Computing review, ATLAS and CMS agreed to provide resource
estimates based on a jointly-defined scenario that assumes an instantaneous luminosity of 7.51034cm�2s�1

during 2028 in Run 4. This scenario is summarized in the last column of table 10.
Both table 11 and figure 5 show the results for this scenario. The three ATLAS computing scenarios and
the forecast of +10% and +20% resources capacity increases per year are shown in the table. The red open
triangles shown in Figure 5 represent the resources needed under the ATLAS computing conservative
R&D scenario. The projected results for Run 4 are very similar to the ATLAS conservative R&D scenario
for Run 5, except for the tape requirements. These are lower due to smaller amount of data recorded up
to 2028.
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Figure 5: Estimated CPU, disk and tape (at the Tier-1 and Tier-0) resources needed for the years 2020 to 2034 under
the different scenarios described in the text. The solid lines indicate annual improvements of 10% and 20% in the
capacity of new hardware for a given cost, assuming a sustained level of annual investment. The blue dots with
the brown dashed lines represent the three ATLAS scenarios following the current LHC schedule. The red open
triangles indicate the Conservative R&D scenario under an assumption of the LHC reaching hµi= 200 in 2028
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MHS06 ~ 100k cores

Motivation

• Coming LHC runs will be extremely demanding 
from the computational point of view

• Most of the software used for theory 
simulations is still written using old paradigms 
(single job on CPU, possibly to be submitted on 
many cores/nodes)

• Technology has evolved a lot, not only 
increasing the speed of CPUs

• Graphic processing units (GPUs) are 
extremely efficient for low-memory 
repetitive tasks

• Field-programmable gate arrays (FPGAs) 
offer the possibility to customise the 
hardware according to one’s needs
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Aim

• Develop an event generator that can run efficiently on various 
hardware platforms (CPU / GPU / FPGA) without being tied to 
any specific architecture

• Use MG5_aMC as matrix-element provider

• Use TensorFlow primitives for code vectorisation
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Code vectorisation

• Given a list of random numbers x, compute a*x+b

• With a for loop, it could be written as

• Where all operations are executed sequentially, on a single core

• Treat the operation as involving vectors
• Dedicated modules exist to speed up the computation  

(TensorFlow has many of them)

• Each component is independent, and the computation is spread on 
available resources (CPU/GPU/…) in parallel

• This works also for complicated functions, functions of functions, …
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    res = [] 
    for i in range(len(x)): 
          res.append(a*x+b)
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a*x+b: speed comparison
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MadFlow
Carrazza, Cruz-Martinez, Rossi, Zaro 2105.10529 & 2106.10279

https://github.com/N3PDF/madflow 
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Fig. 1: Schematic workflow for the implementation of MadFlow. The software automates the generation of a custom
process using the standard MG5 aMC framework API and exports the relevant code in a specific format for VegasFlow
and PDFFlow integration.

requirements imposed by VegasFlow and PDFFlow using
TensorFlow [24] primitives. The main di�culty consists in
converting sequential functions into vectorized functions.
During the MadFlow development we have performed sev-
eral numerical and performance benchmarks in order to
avoid potential bugs.

After the conversion step into the specified format is
performed, the exported python code is incorporated into
a VegasFlow device-agnostic integration algorithm which
executes the event generation pipeline from the genera-
tion of random numbers, computation of the phase space
kinematics, matrix element evaluation and histogram ac-
cumulation.

2.3 The evaluation of matrix elements routines

In MadFlow, the matrix elements evaluations follows the
original MG5 aMC implementation: a Matrix class is pro-
duced by the Python exporter plugin module. Its smatrix
method links together the needed Feynman rules to com-
pute the requested matrix element: it loops over initial
and final state particle helicities and aggregates their con-
tribution to the final squared amplitude.

The matrix element vectorization requires to replace
the ALOHA waveforms and vertices routines abiding by
the TensorFlow ControlFlow rules. Although this process
is straightforward for vertices Feynman rules, being mostly
comprised by elementary algebraic operations, the imple-
mentation of particle waveforms functions is subject to
several conditional control statements that make the task
harder as GPUs su↵er considerably from branching.

2.4 Phase-space generation

The integration phase-space is generated using a vector-
ized implementation of the RAMBO algorithm [25] which
makes it suitable for hardware accelerators.

RAMBO maps the random variables of the integra-
tor library to a flat phase-space with which the smatrix

method of the matrix element can be evaluated. While
this means MadFlow can produce results for any number
of particles, the generated phase space doesn’t take into
account the topology of the process. As a result, for a
great number of final-state particles the number of events
required to get a reasonably precise result is much larger
than what would be required with other Monte Carlos.

More complex and e�cient phase-space generators will
be developed for future releases of MadFlow.

2.5 Unweighted events exporter

The Madflow event generator is equipped with a Les Houches
Event (LHE) writer module that provides a class to store
events in the LHE 3.0 file format [26]. The LHE writer
class operates asynchronously in a separated thread from
the VegasFlow integration, thus ensuring that the inte-
grator computational performance is not harmed by IO
limitations. The module works by collecting all the un-
weighed events generated by the integrator and applying
an unweighting procedure employing the module provided
by MG5 aMC. The final result is a (compressed) LHE file,
with unweighted events.

We note that in this implementation, however, the un-
weighting e�ciency is rather low (around 5%) because of
the non-optimised phase space which relies on RAMBO.

2.6 Scope

The goal of MadFlow is to provide the foundation for future
high precision Monte Carlo simulation (of higher orders or
otherwise) so they can e�ciently take advantage of hard-
ware developments.

In its current form, MadFlow provides the necessary
tools for the computation of Leading Order (LO) calcu-
lations fully automatically for any number of particles.1

1 The code is still in beta testing and some corner cases may
fail due to lack of tests.

MG5_aMC
VegasFlow: 2002.12921
PDFFlow: 2009.06635

• Proof-of-principle of a modular and vectorised event generator

• Relies on VegasFlow for adaptive integration and PDFFlow for 
PDF evaluation

• Uses MG5_aMC as matrix-element provider

• MEs and ALOHA routines are exported in a dedicated, Python3/
TensorFlow format
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Usage

• Install from git repo (see readme.md)

• Run it 
madflow --madgraph_process "p p > t t~" 

[INFO] (<madflow>) Matrix files written to: /var/folders/p0/j7rq7fm5431bjdm1xxnlfvzw0000gn/T/mad_yuqm0lb1 
[INFO] (pdfflow.pflow) Loading member 0 from NNPDF31_nnlo_as_0118 
[INFO] (<madflow>) Set variable muF=muR=sum(mT)/2 
[INFO] (<madflow>) Testing 1_uux_ttx: [0.73673989 0.78713886 0.63083346 0.58838473 0.82257544 0.65244094 
 0.50578657 0.50560999 0.51154182 0.53350421] 
[INFO] (<madflow>) Testing 1_gg_ttx: [1.61980536 2.34334231 0.78694774 0.60951565 3.19073427 0.92012759 
 0.35567051 0.35742947 0.37301178 0.42844266] 
[INFO] (<madflow>) Running 5 warm-up iterations of 1000000 events each 
[INFO] Result for iteration 0: 450.5184 +/- 14.2488(took 53.16994 s) 
[INFO] Result for iteration 1: 441.4085 +/- 2.2638(took 29.47527 s) 
[INFO] Result for iteration 2: 441.3176 +/- 0.4585(took 33.38355 s) 
[INFO] Result for iteration 3: 440.4455 +/- 0.2723(took 29.24159 s) 
[INFO] Result for iteration 4: 440.8846 +/- 0.2667(took 31.80983 s) 
[INFO]  > Final results: 440.77 +/- 0.17541 
[INFO] (<madflow>) Running 5 iterations of 1000000 events each with the grid frozen 
[INFO] Result for iteration 0: 441.1151 +/- 0.2830(took 30.61854 s) 
[INFO] Result for iteration 1: 440.3910 +/- 0.2802(took 25.42976 s) 
[INFO] Result for iteration 2: 440.8030 +/- 0.2681(took 32.79075 s) 
[INFO] Result for iteration 3: 441.1218 +/- 0.2590(took 29.40579 s) 
[INFO] Result for iteration 4: 441.0271 +/- 0.2567(took 28.18434 s) 
[INFO]  > Final results: 440.901 +/- 0.120205 
[INFO] (<madflow>) > Madflow took: 333.8s
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Performances
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Fig. 3: Timings obtained with MadFlow to evaluate events at Leading Order for gg ! tt̄ (top left), pp ! tt̄ (top right),
pp ! tt̄g (bottom left) and pp ! tt̄gg (bottom right). We show results for consumer and professional grade GPUs
(blue bars) and CPUs (red bars). For each device we quote the available RAM memory. We observe a systematic
performance advantage for GPU devices.

Fig. 4: Same as Figure 3 for pp ! tt̄ggg at Leading Or-
der. We confirm that a large number of diagrams can be
deployed on GPU and obtain relevant performance im-
provements when compared to CPU results.

together with NVIDIA and AMD GPUs (blue bars) rang-
ing from consumer to professional grade hardware. Blue
bars show the greatest performance of MadFlow when run-
ning on GPU devices. We observe that NVIDIA GPUs
with the Ampere architecture, such as the RTX A6000,
out-perfoms the previous Tesla generation. We have ob-
served that the performance of the AMD Radeon VII is
comparable to most professional grade GPUs presented in
the plot. The red bars show the timings for the same code
evaluated on CPU using all available cores. We confirm
that GPU timings are quite competitive when compared
to CPU performance, however some top-level chips such as
the AMD Epyc 7742, can get similar performance results
when compared to general consumer level GPUs, such as
the Quadro T2000. Note that in order to obtain good per-
formance and going into production mode, the MadFlow
user should adjust the maximum number of events per de-
vice, in order to occupy the maximum amount of memory
available. We conclude that the MadFlow implementation
confirms a great performance improvement when running
on GPU hardware, providing an interesting trade-o↵ in
terms of price cost and generated events.
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Comparison with MG5_aMC 
and comments

• Agreement found within statistical fluctuations

• On CPU, MadFlow is ~2x faster than MG5_aMC 

• On GPU, MadFlow performances improve by a factor ~10

• For very complicated processes, memory is a limiting factor
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Process MadFlow CPU MadFlow GPU MG5 aMC
gg ! tt̄ 9.86 µs 1.56 µs 20.21 µs
pp ! tt̄ 14.99 µs 2.20 µs 45.74 µs
pp ! tt̄g 57.84 µs 7.54 µs 93.23 µs
pp ! tt̄gg 559.67 µs 121.05 µs 793.92 µs

Table 1: Comparison of event computation time for
MadFlow and MG5 aMC, using an Intel i9-9980XE with
18 cores and 128GB of RAM for CPU simulation and the
NVIDIA Titan V 12GB for GPU simulation.

In Figure 4 we present a preliminary example of simu-
lation timings for 100k events using MadFlow as described
above for pp ! tt̄ggg with 2604 diagrams. The code gener-
ated for this example follows the same procedure adopted
for processes shown in Figure 3. We can remarkably con-
firm that MadFlow results on GPU are competitive when
compared CPU results even for a such large number of
diagrams (and thus required GPU memory), taking into
account that no custom code optimization has been in-
cluded. It is certainly true that the memory footprint and
the overall performances of the code can (and should) be
improved, e.g. by considering the Leading-Color approxi-
mation of the matrix element and/or possibly by perform-
ing a Monte-Carlo over color and helicity configurations,
we believe that these results confirm that GPU computa-
tion has a strong potential in HEP simulations at higher
orders.

3.3 Comparing to MG5 aMC

Finally, in Table 1 we measure and compare the required
time per event for the processes discussed above using
MadFlow and MG5 aMC simulations on a Intel i9-9980XE
CPU with 18 cores and 128GB of RAM and a NVIDIA Ti-
tan V 12GB GPU. As expected, we confirm that MadFlow
on GPU increases dramatically the evaluated number of
events per second.

Finally, as expected, the performance gain for GPUs
when compared to CPU decreases with the number of dia-
grams included in a given process thanks to the amount of
memory required to hold the computation workload. Such
limitation could be partially improved by using GPU mod-
els with larger memory, e.g. the new NVIDIA A100 with
80GB, by compressing and optimizing the kernel codes
before execution [12,23], and by using multi-GPU config-
urations where portions of diagrams are distributed across
devices.

4 Outlook

In conclusion in this work we present MadFlow, a new ap-
proach for the generalization of Monte Carlo simulation on
hardware accelerators. In particular, the MadFlow design
provides a fast and maintainable code which can quickly
port complex analytic expressions into hardware specific
languages without complex operations involving several

computer languages, tools and compilers. Furthermore, we
confirm the algorithm e↵ectiveness when running simula-
tion on hardware accelerators.

The MadFlow code is open-source and public available
on GitHub2 [18]. The repository contains links to docu-
mentation for installation, hardware setup, examples and
development.

As an outlook, we plan to continue the development
of MadFlow as an open-source library. Foreseen major im-
provements include: to replace the RAMBO phase-space
with more e�cient solutions based on the process topol-
ogy; to investigate the possibility to accelerate integration
using machine learning techniques; finally, to set the stage
for the the implementation of all required changes to ac-
commodate Next-to-Leading order computations.
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Higher order calculations can be implemented by building
upon the provided LO template. Parameters and model
definitions are provided by MG5 aMC-compatible param-
eters card and so the same options and models can be used
or defined.

An important caveat must be considered when trying
to integrate more complex processes. The provided phase-
space is flat and does not take into account the topology
of the diagrams (see Section 2.4) and therefore becomes
ine�cient with large multiplicities. As a result a very large
number of events might be necessary to reduce the Monte
Carlo error, cancelling the benefits of running on a GPU.
Therefore, for processes with many particles in the final
state or when using the tree level amplitudes for Next-to-
Leading Order (NLO) calculations writing an specialized
phase-space is recommended [27]. For some recent devel-
opments on this matter, see also [28].

In summary, while due to some of its limitations MadFlow
cannot provide yet e�cient calculations, it can quickstart
the development of e�cient fixed-order Monte Carlo sim-
ulators in hardware accelerators.

3 Results

In this section we present accuracy and performance re-
sults of MadFlow on consumer and professional grade GPU
and CPU devices. We focus on Leading Order calculation
for hadronic processes at

p
s = 13 TeV. For this exercise

we select 5 processes with growing number of diagrams
and channels in order to emulate the behaviour in terms
of complexity of a Next-to-Leading Order and Next-to-
Next to Leading Order computations. In particular, we
consider: gg ! tt̄ (3 diagrams), pp ! tt̄ (7 diagrams),
pp ! tt̄g (36 diagrams), pp ! tt̄gg (267 diagrams) and
pp ! tt̄ggg (2604 diagrams).

Note that all results presented in this section have
been computed using the matrix elements generated by
MG5 aMC in double precision without any further op-
timization, thus further releases of MadFlow will address
systematically memory and performance optimization in
order to achieve even better results.

All results presented in this section are obtained with
madflow 0.1, vegasflow 1.2.1, pdfflow 1.2.1, MG5 aMC
3.1.0, tensorflow 2.5.0 for NVIDIA/Intel/EPYC systems
with CUDA 11.3 drivers, and tensorflow-rocm 2.4.1 with
ROCm 4.2.0 drivers on Radeon/AMD systems.

3.1 Accuracy

In Figure 2 we show an example of Leading Order cross
section di↵erential on pt,top and ⌘top for gg ! tt̄ at

p
s =

13 TeV for predictions obtained with the original MG5 aMC
integration procedure and the MadFlow approach based on
VegasFlow and PDFFlow. In the first row we show the dif-
ferential distribution in pt,top using the absolute scale in
fb/GeV and the respective ratio between both MC predic-
tions, while in the second row we show the ⌘top distribu-
tion, confirming a good level of agreement between both

Fig. 2: Leading Order cross section di↵erential on pt,top
(first row) and ⌘top (second row) for gg ! tt̄ at

p
s = 13

TeV. We compare predictions between MadFlow (blue) and
MG5 aMC (orange). We observe that in both cases the
distributions are in statistical agreement.

implementations for the same level of target accuracy be-
tween 2-5% for each bin.

The results presented here are computed independently
from each framework in order to minimize communication
bottlenecks between CPU-GPU. The plots are constructed
from unweighted events stored using the LHE approach
described in Section 2.5.

3.2 Performance

In terms of performance, in particular evaluation time, in
Figure 3 we compare the total amount of time required
by MadFlow for the computation of 1M events for the pro-
cesses described above: gg ! tt̄ (3 diagrams), pp ! tt̄ (7
diagrams), pp ! tt̄g (36 diagrams), pp ! tt̄gg (267 dia-
grams). For all simulations, we apply a pt > 30 GeV cut
for all out-going particles. We performed the simulation on
multiple Intel and AMD CPU configurations (red bars),
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Limitations

• PS generation relies on RAMBO: highly inefficient, in particular 
for complex processes

• Cuts module to be implemented

• Events lack color-flow information: cannot be showered

• LO only, of course ;-)
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6

Figure 4. Schematic representation of the computational anatomy of a matrix element generator. The
three green blocks in the top-left corner represent the software components included in the standalone
simplified workflow application described in this paper. A detailed explanation is provided in the text.

Our development so far, therefore, has mainly focused on optimising the CUDA and C++
software performance of the ME calculation within a simplified workflow application, rather
than on implementing a CUDA/C++ framework providing the full functionality of MG5aMC.
As described in Sec. 4 and Fig. 4, our standalone application includes the generation of
random numbers for a given number of events using the Nvidia cuRAND [38] library, their
mapping to 4-momenta of the particles in each collision using a simple phase space sampling
algorithm, RAMBO [39], and the ME calculation for each event from these 4-momenta.

The level of functional testing that we have deemed appropriate for this simple work-
flow is minimal. The output of our “toy” application includes both performance metrics and
physics results, which are visually inspected when running it after a code change. To validate
physics correctness, the average of the MEs over all processed events is compared to an ex-
pected value. A bitwise comparison is possible if the same random number seeds and event
sample sizes are used, as the average ME is strictly reproducible in this case, and even yields
the same result in CUDA and C++ as we use a cuRAND algorithm generating the same ran-
dom sequences on GPU and CPU; in all other cases, the average ME result is checked within
its statistical error. In general, the average ME is not a physics relevant quantity per se, but
it is enough for a basic check of the correctness of physics results; in the future this will be
complemented by the proper computation of fiducial cross sections. In addition, functional
tests based on the GoogleTest [40] API have been developed to compare MEs and particle
4-momenta of several individual events against pre-computed references, for both CPU and
GPU; these tests are also executed in a continuous integration in github.

4 Software architecture design and implementation challenges

Component decomposition of Matrix Element Generators — event-level data parallelism

The very first step in our reengineering of MG5aMC, and in the design of a software archi-
tecture enabling e�cient parallel processing on both GPUs and CPUs, was to deconstruct
its computational workflow into separate components and to identify their input and output

Other approaches

• MG2CUDA: pioneering work by K. 
Hagiwara et al (1305.0708), using 
CUDA

• MadGraph5 GPU: systematic work 
in progress by Olivier et al 
(2106.12631), using CUDA 
(extensions in other languages 
foreseen)
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Fig. 6 Ratio of BASES process time (CPU/GPU) for tt + n-jet pro-
duction with t!b`+n` and t!b`�n` (`=e,µ) for mt =175GeV and
Br(t!b`+n`)=0.216 in pp collisions at

p
s=14TeV. Event selec-

tion cuts are given by Eqs. (8a)-(8c), (10a)-(10b) and (11a)-(11b) and
the parton distributions of CTEQ6L1 [14] at the factorization scale
of Q = p

cut
T,jet = 20GeV is used, except for n = 0 for which the fac-

torization scale is chosen as Q = mt . The strong coupling constants
are set as a2+n

s = as(mt)2
LO as(p

cut
T,jet)

n

LO with as(mt)LO = 0.108 and
as(20GeV)LO=0.171.
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Fig. 7 Ratio of BASES process time (CPU/GPU) for HW
+ + n-jet

production with W
+!`+n` (`=e,µ) and H!t+t� in pp collisions

at
p

s=14TeV for mH =125GeV and Br(H!t+t�)=0.0405. Event
selection cuts are given by Eqs. (8a)-(8c), (10a)-(10b) and (11a)-(11b)
and the parton distributions of CTEQ6L1 [14] at the factorization scale
of Q= p

cut
T,jet = 20GeV is used, except for n= 0 for which the factor-

ization scale is chosen as Q=mHW . The strong coupling is fixed at
as(20GeV)LO=0.171.

7.8 Z boson associated Higgs production

Results for HZ+n-jet production with Z!`+`� (`= e, µ)
and H!t+t� for mH =125GeV are presented in Fig. 8
and Table 12. The factorization scale of the parton distri-
bution functions is set at Q = mHZ for n = 0, and at Q =
p

cut
T,jet =20GeV for all the jet production processes (n�1).

The strong coupling is fixed at as(20GeV)LO=0.171. Both
the cross sections shown in Table 12 and the GPU gain over
CPU shown in Fig. 8 are similar to those found for the HW+
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Fig. 8 Ratio of BASES process time (CPU/GPU) for HZ+n-jet pro-
duction with Z!`+`� (`=e,µ) and H!t+t� in pp collisions atp

s=14TeV for mH =125GeV and Br(H!t+t�)=0.0405. Event
selection cuts are given by Eqs. (8a)-(8c), (10a)-(10b) and (11a)-(11b)
and the parton distributions of CTEQ6L1 [14] at the factorization scale
of Q= p

cut
T,jet = 20GeV is used, except for n= 0 for which the factor-

ization scale is chosen as Q=mHZ . The strong coupling is fixed at
as(20GeV)LO=0.171.

n-jet processes in the previous section. These gains are also
consistent with those for Z+n-jets. As in the above case,
all the Feynman diagrams for the HZ+n-jets processes ob-
tained from those of the Z+n-jets process by allowing the
external Z boson to split into Z+H. The size of the ampli-
tude functions are hence essentially the same between the
two corresponding processes. Accordingly, the gain factors
in Table 12 for the HZ+n-jets processes are almost the same
as those of the corresponding Z+n-jets processes in Table 6.

7.9 Top quark associated Higgs production

Results for Htt + n-jet production with t!b`+n` and t !
b`�n` (`=e,µ) and H!t+t� are presented in Fig. 9 and
Table 13. Both t and t decay semi-leptonically with Br(t !
b`+n`)=0.216, and H!t+t� decay with Br(H ! t+t�)=
0.0405 are assumed, and t± are treated as `= e or µ , satis-
fying |ht |< 2.5 and pTt > 20GeV in Eqs. (11a)-(11b), ig-
noring further t decays. The factorization scale is chosen as
Q=mHtt for uu!Htt (n=0) and Q=mt for gg!Htt (n=0),
while Q= p

cut
T,jet =20GeV for all the processes with jet pro-

ductions (n� 1). The strong coupling constants are set as
a2+n

s = as(mHtt)
2
LO as(p

cut
T,jet)

n

LO for uu ! Htt process, and
a2+n

s =as(mt)2
LO as(p

cut
T,jet)

n

LO for all the others. Numerical
values are as(mt)LO=0.108 and as(20GeV)LO=0.171.

All of the cross sections in Table 13 obtained by the
GPU and the CPU programs as well as those by MadGraph
are consistent within the statistical uncertainty of the Monte
Carlo integration. The GPU gain over CPU for the total pro-
cess time of BASES decreases from ⇠70 to ⇠20 as n grows
from n=0 to n=2 except for the n=2 processes gg!Httgg
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Outlook

• Efforts to improve computing efficiency of codes in HEP are 
needed!

• Proof of concept for TF-based version of MG5_aMC

• Promising results in terms of speed and process reach

• Not tied to a specific HW configuration

• Many limitations still to be addressed

• Possible further speed/memory improvements from translating 
the matrix element from Python to a TF custom operator (WIP)
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