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First principle based precision simulations
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Unique advantage of our field!
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Precision simulations with limited resources

L

Matrix element

Parton shower

Hadronization
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Boosting standard event generation...

1. Generate phase space points

2. Calculate event weight

wevent = f (x1,Q
2)f (x2,Q

2) × M(x1, x2, p1, . . . pn) × J(pi (r))−1

3. Unweighting via r > w/wmax

→ optimal for w ≈ 1
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Boosting standard event generation...

Matrix element

wevent = f (x1,Q
2)f (x2,Q

2) × M(x1, x2, p1, . . . pn) × J(pi (r))−1

PDF Phase space mapping
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Boosting standard event generation...

Matrix element

wevent = f (x1,Q
2)f (x2,Q

2) × M(x1, x2, p1, . . . pn) × J(pi (r))−1

- NNPDF since 2002(!)
- S. Carrazza, J. Cruz-Martinez
[1907.05075]

Phase space mapping
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Boosting standard event generation...

Figure 5: Comparison of a single neural network (left) vs. our ensemble approach (right)
in estimating the differential cross-section against y, where y is the minimum yij as ordered
by pT . Data is normalised to the maximum Njet bin value. Uncertainty bands denote
1 s.d. calculated over 20 trained models (red and green) and Monte Carlo error on the
Njet result (blue). – 13 –

- Amplitude estimation
- S. Badger, J. Bullock [2002.07516]
- J. Bendavid [1707.00028]

wevent = f (x1,Q
2)f (x2,Q

2) × M(x1, x2, p1, . . . pn) × J(pi (r))−1

- NNPDF since 2002(!)
- S. Carrazza, J. Cruz-Martinez
[1907.05075]

Phase space mapping
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Boosting standard event generation...

Figure 5: Comparison of a single neural network (left) vs. our ensemble approach (right)
in estimating the differential cross-section against y, where y is the minimum yij as ordered
by pT . Data is normalised to the maximum Njet bin value. Uncertainty bands denote
1 s.d. calculated over 20 trained models (red and green) and Monte Carlo error on the
Njet result (blue). – 13 –

- Amplitude estimation
- S. Badger, J. Bullock [2002.07516]
- J. Bendavid [1707.00028]

wevent = f (x1,Q
2)f (x2,Q

2) × M(x1, x2, p1, . . . pn) × J(pi (r))−1

- NNPDF since 2002(!)
- S. Carrazza, J. Cruz-Martinez
[1907.05075]
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(b) 4-jet production

Figure 4: Event weight distributions for sampling the total cross section for gg!n jets for
p

s = 1 TeV
with N = 106 points, comparing VEGAS optimisation, NN-based optimisation and an unoptimised
(“Uniform”) distribution. Note that we now use a logarithmic scale for the x axis. The inset plot
in (b) shows the peak region in more detail and using a linear scale.

an upcoming study [36], where increasing the final-state multiplicity (and hence the number of channels) in
V + jets production also leads to a rapid reduction in the gain factor.

However, the results for the top quarks and the 3-jet production are promising and indicate that con-
ventional optimisers such as VEGAS can potentially be outperformed by NN-based approaches also for more
complex problems in the future. To this end the computational challenges outlined above need to be ad-
dressed. In future research we will therefore aim to extend the range in final-state multiplicity while keeping
the training costs at an acceptable level, and—if successful—to implement the new sampling techniques
within the SHERPA general-purpose event generator framework. A starting point should be the further study
and comparison of alternative ways to integrate our NN approach within multi-channel sampling, beginning
with our ansatz and the one proposed in [36], to find out if the scaling behaviour can be optimised. On the
purely NN side, the exploration of possible extensions or alternatives to piecewise-quadratic coupling layers
is promising, such as [51]. Also adversarial training has the potential to reduce training times significantly.
The limitation of the statistical accuracy by a large number of zero-weight events found in the jet-production
examples furthermore suggests that it is worthwhile to investigate the construction of optimised importance
sampling maps that better respect common phase space cuts, or alternatively to modify the optimisation
procedure to further reduce the generation of points outside the fiducial phase space volume.
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Event simulation with generative models

1. Generative models for phase space sampling

• Control over phase space density

2. Generative models for event generation

• Amplification beyond training data?

• Achieve high precision

• Estimate uncertainties

Anja Butter Machine Learning for LHC Theory 5 / 27



Generative Adversarial Networks

Discriminator [D(xT ) → 1, D(xG ) → 0]

LD =
〈
− logD(x)

〉
x∼PTruth

+
〈
− log(1−D(x))

〉
x∼PGen

→ −2 log 0.5

Generator [D(xG ) → 1]

LG =
〈
− logD(x)

〉
x∼PGen

⇒ New statistically independent samples

Anja Butter Machine Learning for LHC Theory 6 / 27



What is the statistical value of GANned events?
A.B., S. Diefenbacher, G. Kasieczka, B. Nachmann, T. Plehn, R. Winterhalder [2008.06545]

• Camel function

• Sample vs. GAN vs. 5 param.-fit

Evaluation on quantiles:

MSE∗ =

Nquant∑

j=1

(
pj −

1

Nquant

)2
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What is the statistical value of GANned events?
A.B., S. Diefenbacher, G. Kasieczka, B. Nachmann, T. Plehn, R. Winterhalder [2008.06545]

• Camel function

• Sample vs. GAN vs. 5 param.-fit

Evaluation on quantiles:

MSE∗ =

Nquant∑

j=1

(
pj −

1

Nquant

)2

→ Amplification factor 2.5

Sparser data → bigger amplification
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Training on weighted events
M. Backes, AB, T. Plehn, R.Winterhalder [2012.07873]

Low unweighting efficiencies → bottleneck before training

→ Train on weighted events

→ LD =
〈
− w logD(x)

〉
x∼PTruth

+
〈
− log(1− D(x))

〉
x∼PGen
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Better control with invertible networks

r ∼ N x ∼ Ppart

+ Tractable Jacobian

+ Enable correction for perfect precision

+ Fast evaluation in both directions

(
v1

v2

)
=

(
u1 · s2(u2) + t2(u2)

u2

)

Anja Butter Machine Learning for LHC Theory 9 / 27



Training on density
Sherpa [2001.05478, 2001.10028]

z ∼ N x ∼ Ppart

• z ∼ N → NN → x ∼ px
• px(x) = pz(z) · JNN

• Given target density t(x)

→ Train NN to minimize log(pz(z) · JNN/t(x))

• Problem: Calculate f (x) each time

Anja Butter Machine Learning for LHC Theory 10 / 27



Training on samples
A.B., T. Heimel, S. Hummerich, T. Krebs, T. Plehn, A. Rousselot, S. Vent [arXiv:2110.13632]

x ∼ Psamp z ∼ N

• x ∼ psamples → NN → z

→ Train NN to ensure z ∼ N
• Loss: Maximize posterior over network weights:

− log(p(θ|x)) = − log(p(x |θ))− log(p(θ)) + const.

= − log(p(z |θ))− log(J)− log(p(θ)) + const.

Anja Butter Machine Learning for LHC Theory 11 / 27



Naive INN results

Inclusive Z+jets production

• INN easy to train

• Powerful baseline

• Challenges:
• Topological holes
• Sharp phase space features
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How to deal with deviations?
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I. Corrections through reweighting

Discriminator

L = −
∑

x∼pdata
log(D(x))−

∑

x∼pINN

log(1− D(x))

= −
∫

dx pdata(x) log(D(x)) + pinn(x) log(1− D(x))

From variation we obtain

0 =
pdata(x)

D(x)
− pinn(x)

1− D(x)

⇒ pdata(x)

pinn(x)
=

D(x)

1− D(x)

Anja Butter Machine Learning for LHC Theory 13 / 27



Reweighting the generated distributions
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+ Close to perfect distribution after reweighting
- Yields weighted events
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II. Discriminator improved training

• Include discriminator
information to improve training

• Discflow

+ Reweighting
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0.005

0.010

D
en

si
ty

Truth

Fake

w · Truth

0.0

0.5

1.0

D
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LDiscFlow =
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wD(xi )
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(
ψ(xi ; ci )

2

2
− log J(xi )

)

≈
∫

dx wD(x)αP(x)︸ ︷︷ ︸
reweighted truth

(
ψ(x ; c)2

2
− log J(x)

)
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II. Discriminator improved training

• Include discriminator
information to improve training

• Discflow + Reweighting
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Weight distribution after DiscFlow+Reweighting
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III. Addressing uncertainties

L = LINN + KLprior

Anja Butter Machine Learning for LHC Theory 17 / 27



BINN results
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⇒ BINN uncertainty captures convergence of the network X
⇒ BINN uncertainty does NOT capture where network fails
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IV. Including external uncertainties through conditioning

w = 1 + a

(
pT ,j1 − 15 GeV

100 GeV

)2
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without conditioning

→ Include prior over α in BINN sampling
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Overview on uncertainties
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Can we invert the simulation chain?

What we
want to know

What we
measure or simulate

wish list: � multi-dimensional

� bin independent

� statistically well defined
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Inverting detector effects
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Asking the right question

Given an event xd , what is the probability distribution at parton level?
→ event generation conditioned on xd

xp
g(xp,f (xd ))→

←−−−−−−−−−−−−−−−−→
← unfolding: ḡ(r ,f (xd ))

r

Minimizing the posterior

L =
〈
0.5||ḡ(xp, f (xd))||22 − log |J|

〉
xp∼Pp,xd∼Pd

− log p(θ)

r ∼ N x ∼ Ppart
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Condition INN on detector data [2006.06685]

xp
g(xp,f (xd ))→

←−−−−−−−−−−−−−−−−→
← unfolding: ḡ(r ,f (xd ))
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Inverting the full event

pp >WZ > qq̄l+l− + ISR
→ 2/3/4 jet events

Train on inclusive dataset

Evaluate
exclusive 2/3/4 jet channels
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Application to MEM
current work in progress with T. Martini, T. Heimel, S. Peitzsch, T. Plehn

• Single top production in association with Higgs

• Measure CP-phase in the top Yukawa coupling
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We can use ML ...

... to improve precision simulations in forward direction

... to amplify underlying statistics

... to achieve precision with discriminators

... to estimate the corresponding uncertainties

... to invert the simulation chain statistically
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