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Setting the stage

What we do
Use Machine-Learning to accelerate event generation at Full-Color (FC) accuracy in QCD

The result
Average x1.5 speed-up across different processes and multiplicities

How we do it
We build on Leading-Color (LC) based, two-step unweighting approach [2409.12128]

https://arxiv.org/abs/2409.12128
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The Leading-Color approximation

|M(x, h) |2 = ∑
i,j

Ai,h(x) Cij A∗
j,h(x)

1. Introduce the elicity-dependent squared matrix elements at FC accuracy and LC accuracyh

|MLC(x, h) |2 = ∑
i

Cii | Ai,h(x) |2
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1. Introduce the elicity-dependent squared matrix elements at FC accuracy and LC accuracyh
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h

Cii | Ai,h(x) |2 pi(h | x) =
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Read the paper!

Javier Mariño Villadamigo FASTColor [2509.07068]16/09/2026 3

The Leading-Color approximation

|M(x, h) |2 = ∑
i,j

Ai,h(x) Cij A∗
j,h(x)

1. Introduce the elicity-dependent squared matrix elements at FC accuracy and LC accuracyh

|MLC(x, h) |2 = ∑
i

Cii | Ai,h(x) |2

2. We also define the color-dependent ( -summed) LC matrix element and its relative -contributionsh h

|Mi
LC(x) |2 = ∑

h

Cii | Ai,h(x) |2 pi(h | x) =
Cii |Ai,h(x) |2

|Mi
LC(x) |2

σFC ≈ ∑
i

∫ dΦ |Mi
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3. The FC cross section can thus be approximated by:

rLC→FC(x, h)
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LC-based unweighting
generate PS point x
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LC-based unweighting
generate PS point x

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2
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LC-based unweighting
generate PS point x

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max



Read the paper!

Javier Mariño Villadamigo FASTColor [2509.07068]16/09/2026 4

LC-based unweighting
generate PS point x

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max yesno

sample helicity 
h ∼ pi(h |x)
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LC-based unweighting
generate PS point x

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max yesno

sample helicity 
h ∼ pi(h |x)

calculate single-  
FC event weight 

h

|M(x, h) |2

construct 

r(x, h) =
|M(x, h) |2

|MLC(x, h) |2

r > z2 ⋅ rmax
no yes

accept x

1. generate LC events for a single color flow  
with weight 


2. assign a helicity  with probability 


3. unweight to FC

i
wi

LC

h pi(h |x)

Only a single helicity sampled per event
but averaging for many PS points gives correct σFC
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Surrogate-based unweighting
Introduce additional unweighting step against ML surrogate 

rsurr(x, h) ≈ r(x, h)
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Surrogate-based unweighting
Introduce additional unweighting step against ML surrogate 

rsurr(x, h) ≈ r(x, h)

‣ Faster to evaluate than true : e.g.  s/eventrLC→FC(x, h) 𝒪FC(1) vs 𝒪surr(10−5)

‣ Much better scaling with particle multiplicity than  (and )|M(x, h) |2 |MLC(x, h) |2
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Surrogate-based unweighting

calculate LC event 
weight 
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r > z2 ⋅ rmax
no yes

accept x

generate PS point x
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Surrogate-based unweighting

calculate LC event 
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construct 

r(x, h) =
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r > z2 ⋅ rmax
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evaluate surrogate 
 rsurr(x, h)
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generate PS point x
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Surrogate-based unweighting
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Surrogate-based unweighting

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max yesno

sample helicity 
h ∼ pi(h |x)

calculate single-  
FC event weight 

h

|M(x, h) |2

construct  AND r(x, h) =
|M(x, h) |2

|MLC(x, h) |2 t =
r

rsurr

no yes
accept x

evaluate surrogate 
 rsurr(x, h)

rsurr > z2 ⋅ rsurr,max

generate PS point x

no

Also unbiased! 

Generated events follow FC density 

 ∑
i

∫ dΦ |Mi
LC(x) |2 ⟨rsurr(x, h) ⋅ t⟩h∼pi(h|x)

≈ σFCt > z3 ⋅ tmax

yes
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Surrogate-based unweighting
How to quantify 

gains in performance?
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Surrogate-based unweighting

Effective gain factor:

f eff ≡
TLC

Tsurr

‣   takes into account evaluation time, efficiency, and statistical power of the generated sampleT

How to quantify 

gains in performance?

T(M−step) = N
M

∑
i=1

⟨ti⟩

∏M
j=i ϵj
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Datasets
We consider processes of the form  for varying multiplicities ab → 12…n n ∈ {4,5,6,7}

All-gluons processes: 

gg → ng

One-quark-line processes:

gg → dd̄ + (n − 2)g dd̄ → ng
Two-quark-lines processes:

dd̄ → uū + (n − 2)g gg → dd̄uū + (n − 4)g [CO1, CO2]

‣ We regress  and compute  for different NNsr f eff
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Results: gg → {4,7}g
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Results: gain factors

Gains across all processes, from x1.1 to x2 in the 
all-gluons  casen = 7
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Results: gain factors eliminating FC unw.
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Generated events follow FC density 
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≈ σFCt > z3 ⋅ tmax
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Results: gain factors eliminating FC unw.
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Results: gain factors eliminating FC unw.

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max yesno

sample helicity 
h ∼ pi(h |x)

accept x

evaluate surrogate 
 rsurr(x, h)

rsurr > z2 ⋅ rsurr,max

generate PS point x

yes no

Generated events now follow density 

 ∑
i

∫ dΦ |Mi
LC(x) |2 ⟨rsurr(x, h)⟩h∼pi(h|x)

≡≈ σsurr,FC

‣ Requires control over surrogate uncertainties


‣ But very feasible!
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Results: gain factors eliminating FC unw.

calculate LC event 
weight 

wi
LC = |Mi

LC(x) |2

wi
LC > z1 ⋅ wi

LC,max yesno

sample helicity 
h ∼ pi(h |x)

accept x

evaluate surrogate 
 rsurr(x, h)

rsurr > z2 ⋅ rsurr,max

generate PS point x

yes no

Generated events now follow density 

 ∑
i

∫ dΦ |Mi
LC(x) |2 ⟨rsurr(x, h)⟩h∼pi(h|x)

≡≈ σsurr,FC

‣ Requires control over surrogate uncertainties


‣ But very feasible!

Check out e.g. Suprio’s / Lorenz’s talks on Monday
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Results: gain factors eliminating FC unw.

Large improvements with respect 
to the three-step method 
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Symmetry learning
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Symmetry learning
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Symmetry learning
Consider a transformation  of the inputg
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Symmetry learning
Consider a transformation  of the inputg

Evaluate rsurr(x, h) Compute loss MSE0

During validation instances @ training time
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Symmetry learning
Consider a transformation  of the inputg

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

During validation instances @ training time
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Symmetry learning
Consider a transformation  of the inputg

g ∈ {SO(2), Boost, SL(4), Shear}

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

During validation instances @ training time
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Symmetry learning
Consider a transformation  of the inputg

g ∈ {SO(2), Boost, SL(4), Shear}

Lorentz tfms


(symmetry present in data)

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

During validation instances @ training time
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Symmetry learning
Consider a transformation  of the inputg

g ∈ {SO(2), Boost, SL(4), Shear}

Lorentz tfms


(symmetry present in data)

Random tfms


(not present)

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

During validation instances @ training time
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Symmetry learning
Consider a transformation  of the inputg

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

During validation instances @ training time

Train an ensemble of 120 networks

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg

Evaluate rsurr(x, h) Compute loss MSE0

Evaluate rsurr(g(x), h) Compute loss MSEg



Read the paper!

Javier Mariño Villadamigo FASTColor [2509.07068]16/09/2026 20

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100

M
ed

(M
SE

g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100

M
ed

(M
SE

g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100

M
ed

(M
SE

g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100

M
ed

(M
SE

g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100
M

ed
(M

SE
g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

0 10000 20000 30000 40000 50000
Training Iterations

10°4

10°3

10°2

10°1

100

M
ed

(M
SE

g
)

No tfm.
SO(2)

Boost
SL(4)

Shear

Symmetry learning



Read the paper!

Javier Mariño Villadamigo FASTColor [2509.07068]16/09/2026 21

RX,Y(g) =
cov(X, Y)

var(X)var(Y)
, X = Med(MSE0), Y = Med(MSEg)
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RX,Y(g) =
cov(X, Y)

var(X)var(Y)
, X = Med(MSE0), Y = Med(MSEg)
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Non-Lorentz symmetries


are discarded as training evolves

Lorentz symmetries remain


correlated with optimized loss

Loss plateau
Loss collapse
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Summary

‣ Achieved x2 speed-ups and always 


‣ Potentially x9 speed-ups are possible by controlling NN uncertainties


‣ Integration with MC generators can have large impact at HL-LHC


‣ Networks can learn symmetries from underlying data, enhancing generalization

> 1
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‣ Potentially x9 speed-ups are possible by controlling NN uncertainties


‣ Integration with MC generators can have large impact at HL-LHC


‣ Networks can learn symmetries from underlying data, enhancing generalization

> 1

Thank you for your attention!


