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Signal Detection in Particle Physics.

In high energy particle physics, how can we detect new signals in experimental data?

(a) Background and signal model dependent. Labelled data for both background and signal
(Supervised).

(b) Signal-agnostic and background dependent. Labelled data for background but not signal
(Gaia Grosso’s talk).

(c) Background and signal weakly-dependent. Detection performed on unlabelled data.
Labelled data used for cuts before test (this talk).

(d) Unsupervised. No labelled data.
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What is experimental data?

Experimental data are generated from one of the two processes:
Background (b) - refers to the known physics (SM).
Signal (s) - represents an interesting event with a known/unknown possible particle.

Two-dimensional toy example.

W1, . . . ,Wn ∼ q(x) = (1− λ)pb(x) + λps(x),

No signal: λ = 0.

Testing: H0 : λ = 0 vs H1 : λ > 0.

Anomalies appear as over-densities on top of
background.
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Different sources of data.

Two sources of data are at hand:

Background + signal (Monte Carlo simulations) sample - labelled observations

Background: X1, . . . ,Xmb
∼ pb

Signal: Y1, . . . ,Yms ∼ ps

Background + possible signal (experimental) sample - unlabelled observations

Experimental: W1, . . . ,Wn ∼ q = (1− λ)pb + λps

Testing for signal can be formulated as:

H0 : λ = 0 versus H1 : λ > 0.
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Signal is localized in some resonant feature.
Signal detection is performed on resonant feature, Mass (m) of the experimental data.

q = (1− λ)pb + λps , H0 : λ = 0 versus H1 : λ > 0.
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This is called masking! Stay tuned for more on this later!
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Signal is localized in some resonant feature.

Signal detection is performed on resonant feature, Mass (m) of the experimental data.

q = (1− λ)pb + λps , H0 : λ = 0 versus H1 : λ > 0.
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Problem: λ is usually very small!

Can we make cuts on the data to enhance the
amount of signal in the data?
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When and how to perform cuts? (Slide from Roger Barlow’s lecture)

Use Monte Carlo (MC) simulations from assumed Background and Signal models to devise
cuts.
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Signal enrichment performed using additional variables.

Two-dimensional toy example.

Access MC simulations from assumed
Background and Signal models.

Train a classifier (h) on additional
variables (not Mass (m)) to separate
signal and background.

Use the classifier (h) to performs cuts on
the experimental data.
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Signal detection data and pipeline.

Two sources of data are at hand:

Monte Carlo (labelled):

Background: X1, . . . ,Xmb
∼ pb

Signal: Y1, . . . ,Yms ∼ ps

Train supervised classifier h.

Experimental (unlabelled):

Auxiliary Variables: W1, . . . ,Wn ∼ q

Resonant Variable: M1, . . . ,Mn ∼ qM

Use h(W )’s: signal enrichment, M’s: signal detection.
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Signal Enrichment causes Sculpting!

1 Train a classifier h(w) = P̂(w is Signal |W = w) on MC simulations.

2 Apply the classifier to experimental data: Zi = h(Wi ), i = 1, . . . , n.

3 Apply cuts on experimental data for some threshold 0 < t < 1:

Et = {i : Zi > t}.

4 Test H0 : λ = 0 vs H1 : λ > 0 on filtered data {Mi : i ∈ Et}. The new distribution is
given by:

qM(m|Z > t) = (1− λt) · pb(m|Z > t) + λt · ps(m|Z > t).

λt = P(w is Signal |Z > t).

λt increases as t increases (Good!). But pb(m) and ps(m) are replaced with
pb(m|Z > t) and pb(m|Z > t) which are closer together (Bad!).
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Problem with BG estimation: sculpting
When we cut on the classifier scores, the distribution of M ′

i s changes!

Example: Resonant variable: Mass, Cut: Classifier output h > 0.5.
Grey: Background, Blue: Signal

Distribution of Mass Distribution of Mass after Cut
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What is decorrelation?

Q: Can the resonant variable M have the same background distribution after cuts as before
cuts? That, is can pb(m|Z > t) = pb(m) ∀ m? Here Z = h(X ),X ∼ pb.

A: Yes, if h(X ) is independent of M.

Decorrelation: To avoid sculpting, make h(X ) decorrelated (independent) of M!

That is, the trained classifier on additional auxiliary variables needs to be independent of the
resonant variable for the background data.
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Discussion on existing decorrelation methods

Make classifier inputs decorrelated of the protected variable.
▶ Designing Decorrelated Taggers (DDT) [Dolen et al.(1603.00027)]
▶ Convolved SubStructure (CSS) [Moult et al. (1710.06859)]

Enforce decorrelation of classifier during training using regularization.
▶ DisCo Fever [Kasieczka, Shih (2001.05310)]
▶ MoDe [Kitouni et al. (2010.09745)]
▶ Adversarial Neural Networks (ANN) [Louppe et al. (1611.01046)] [Shimmin et al.

(1703.03507)]

Find a transformation of pre-trained classifier to be decorrelated of the protected variable.
▶ CDOT [Chakravarti et al. (2409.06399)]
▶ CNOTS [Algren et al. (2307.05187)]
▶ Conditional normalizing flows [Klein et al. (2211.02486)]
▶ Cuts derived from quantile regression [Moreno et al. (PhysRevD.102.012010)]
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DisCo Fever: Decorrelation using Distance Correlation.

Reference: [Kasieczka, Shih (2001.05310)].

Distance Covariance between two random variables X and Y is defined as:

dCov2(X ,Y ) =

∫
|fX ,Y (s, t)− fX (s)fY (t)|2 w(s, t) ds dt,

where X ∈ Rp, Y ∈ Rq, fX and fY are the characteristic functions for the random variables X
and Y , and fX ,Y is the joint characteristic function for X and Y . Finally,

w(s, t) = |s|−(p+1)|t|−(q+1).

Simplification:

dCov2(X ,Y ) = E
[
∥X − X ′∥∥Y − Y ′∥

]
+E

[
∥X − X ′∥

]
E
[
∥Y − Y ′∥

]
−2E

[
∥X − X ′∥∥Y − Y ′′∥

]
,

where (X ,Y ), (X ′,Y ′), and (X ′′,Y ′′) are independent and identically distributed.
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DisCo Fever: Decorrelation using Distance Correlation.
Reference: [Kasieczka, Shih (2001.05310)].

Distance Correlation:

dCorr2(X ,Y ) =
dCov2(X ,Y )

dCov2(X ,X )dCov2(Y ,Y )
.

0 ≤ dCorr2(X ,Y ) ≤ 1, dCorr2(X ,Y ) = 0 ⇐⇒ X and Y are independent.

Train a classifier Z = h(W ) to be independent of M:

L = Lclassifier (z, ztrue) + τdCorr2b (zb,mb),

where z and ztrue are vectors of classifier values and true labels on all data points and zb, and
mb are the classifier values and invariant mass for the background only.

Changing τ changes the degree of decorrelation. Setting a large τ will result in independence.
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MoDe: Decorrelation using Moment Decomposition

Reference: [Kitouni et al. (2010.09745)].

For background data only, re-write the conditional CDF:

Fb(h(X ) = z |M = m) → Fm(z).

Then, the Mode loss is calculated on binned m as:

L0MoDe =
∑
b

∫
|Fm(s)− F 0

m(s)|2 ds,

where F 0
m(s) is the 0th Legendre moment of Fm(s).

Fm(s) = F 0
m(s) = c0(s) ∀ m =⇒ M and h(X ) are independent.

L0MoDe = 0 =⇒ M and h(X ) are independent.
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MoDe: Decorrelation using Moment Decomposition
Reference: [Kitouni et al. (2010.09745)].

L0MoDe = 0 =⇒ M and h(X ) are independent.

Train a classifier Z = h(W ) to be independent of M:

L = Lclassifier (z, ztrue) + τL0MoDe ,

where z and ztrue are vectors of classifier values and true labels on all data points and L0MoDe is
calculated for the background only.

Generalized version for any l th moment:

L = Lclassifier (z, ztrue) + τLlMoDe ,

allows mass dependence of the classifier to at most an l th order polynomial. For example,
l = 1 allows for a linear mass dependence, l = 2 quadratic dependence, etc.
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Decorrelation using Adversarial Neural Networks (ANN)

Reference: [Louppe et al. (1611.01046)] [Shimmin et al. (1703.03507)].

Trains two neural networks. The first network (classifier) predicts the class labels of the data
and the second network (adversary) predicts the invariant mass from only the classifier output
(first network).

Train a classifier Z = h(W ) to be independent of M:

L = Lclassifier (z, ztrue)− τLadversary (f (z),m),

where z and ztrue are vectors of classifier values and true labels, f (z) is the predicted mass
vector from the classifier output, and m is the invariant mass vector.
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Decorrelation using Adversarial Neural Networks (ANN)
Reference: [Louppe et al. (1611.01046)] [Shimmin et al. (1703.03507)].

Train a classifier Z = h(W ) to be independent of M:

L = Lclassifier (z, ztrue)− τLadversary (f (z),m).

Fig 3 from [Shimmin et al. (1703.03507)]
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CDOT: Decorrelation using Optimal Transport

Reference: [Chakravarti et al. (2409.06399)]

Use transformation of classifier, T (h(X )) > t instead of h(X ) > t where T (h(X )) is
independent of the resonant variable M for X ∼ B, a background data point.

argmin
T

(T (h(X ))− h(X ))2 s.t. T (h)|M d
= T (h).

The map T is the optimal transport map.
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What is Optimal Transport? A Crash Course.

Wasserstein Distance between two distributions P and Q:

W 2(P,Q) = inf
T

E
[
∥T (X )− X∥2

]
s.t. X ∼ P,T (X ) ∼ Q.

The map T that minimizes the distance is called the optimal transport map.
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What is Optimal Transport? A Crash Course.

W 2(P,Q) = inf
T

[
∥T (X )− X∥2

]
X ∼ P,T (X ) ∼ Q

T is the optimal transport map.
Look at: [Larry Wasserman’s Optimal Transport

Talk on Indico.]

If X is one-dimensional, closed-form solution
is given by:

T (x) = F−1
Q (FP(x)).

Note in higher dimensions, closed form
solution only if P and Q are Gaussian.
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CDOT: Decorrelation using Optimal Transport

argmin
T

(T (h(X ))− h(X ))2 s.t. T (h)|M d
= T (h).

Solution: the optimal transport map (CDOT) Tm from p(h(x)|M = m,B) to the marginal
p(h(x)|B).
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CDOT: Decorrelation using Optimal Transport

The optimal transport map Tm from p(h(x)|M = m,B) to the marginal p(h(x)|B) is the
solution.

When h(X ) is univariate, closed form solution:

Tm(h(X )) = G−1(Fh|M(h(X )|M = m))

where G is the marginal cdf of h(X ) and Fh|M is the conditional distribution of h(X ) given
M = m and X is from the background distribution.

Solution is found by estimating G and Fh|M .

Estimate the conditional densities using kernel density estimates, conditional normalizing flows,
etc.
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Sculpting problem solved!
Example: Resonant variable: Mass, Cut: Classifier output T (h) > 0.5.
Grey: Background, Blue: Signal

Distribution of Mass Distribution of Mass after Cut
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Geodesic path of Optimal Transport

Solutions can span from h(X ) to T (h(X )).

Intermediate Steps:

βh(X ) + (1− β)T (h(X )),

for β ∈ [0, 1].
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Signal detection process on resonant feature
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Signal detection test on resonant feature

M1, . . . ,Mn ∼ f (m) = (1− λ) · b(m) + λ · s(m)

support(f ) = Ω = S ∪ C, S ∩ C = ϕ and

∫
S
s(m) dm = 1,

No overlap between Signal Region S (SR) and Control Region C (Side Bands SB). All of the
signal is assumed to be contained in the SR.

f (m) = q(m|Z > t) is the mixture density.

b(m) = pb(m) is the background density.

s(m) = ps(m|Z > t) is the signal density.

λ = λt = P(S = 1|Z > t) is the signal strength.

Z = T (h(W )), the transformed classifier.

Goal: H0 : λ = 0 versus H1 : λ > 0.
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Estimating the signal strength λ

f (m) = (1− λ) · b(m) + λ · s(m)

=⇒
∫
C
f (m) = (1− λ) ·

∫
C
b(m) + λ ·

∫
C
s(m)

=⇒ F (C) = (1− λ)B(C), as

∫
S
s(m) dm = 1

=⇒ λ(F ,B) = 1− F (C)
B(C)

F (·) and B(·) are both unknown and need to be estimated.

Plug-in estimator:

λ(F̂ , B̂) = 1− F̂ (C)
B̂(C)
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Estimating the signal strength λ

λ(F̂ , B̂) = 1− F̂ (C)
B̂(C)

Need to estimate the distribution of the experimental data and the background.

Simple estimate of F̂ using the empirical CDF:

F̂ (t) = Fn(t) =
1

n

∑
i∈Et

I(Wi ≤ t)

Other options: Normalizing flows, other parametric and non-parametric density estimators.
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Estimating the background distribution via Masking.

Need to estimate the distribution of the background.
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Estimating the background distribution via Masking.

What is masking? It is the same as censoring the SR.
One approach:

b = bγ =
K∑

k=1

γk · ϕk(x), γ ∈ RK

Then one can consider the censored Maximum Likelihood Estimate (MLE) for the background
parameters γ using an Expectation-Maximization (EM) algorithm.

Then,

λ∗(Fn) = 1− Fn(C)
Bγ∗(Fn)(C)
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Estimating the background distribution via Masking.

Multiple Options:

Parametric functions: b(x) =
∑

i γiϕi (x),
ϕi : basis polynomials, splines, wavelets,
etc. b(x) = exp−γx , etc.

Normalizing flows: MAF (Masked
Autoregressive flow), ANODE,
CATHODE, etc.

Non-parametric estimates: active
research topic. Kernel Methods, Gaussian
Processes, etc.
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Finally testing for the signal.

Multiple options:

Wald’s type test:
√
n · λ∗(Fn)

τλ(Fn)
> z1−α,

where τλ(Fn) is the std deviation of λ∗(Fn), z1−α is the 1− α quantile of N(0, 1).

Confidence intervals for λ(F̂ , B̂) (see Bob Cousins’ and Mikael Kuusela’s slides).

Likelihood Ratio Test.
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Detection of decaying high-pT W-boson events: WTagging dataset

Boosted hadronic W tagging dataset: benchmark for studying decorrelation methods.

Bump hunt is performed on the mass of one W candidate jet and another (possibly W
candidate) jet, mJJ.

Classification is performed on ten representative jet substructure features.

Details can be found in DDT [Dolen et al. (JHEP 2016)], DisCo Fever [Kasieczka, Shih
(2001.05310)], and MoDe [Kitouni et al. (2010.09745)] papers.
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WTagging dataset: before OT transformation (no decorrelation)
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WTagging dataset: after OT transformation
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WTagging dataset: comparison
JSD: Jensen–Shannon divergence, R50: the background rejection power (inverse false positive
rate) at 50% signal efficiency.

Original figure without CDOT taken from the MoDe [Kitouni et al. (2010.09745)] paper.
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WTagging dataset: Power
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Summary

Require classifier-based cuts to increase sensitivity of the signal detection in resonant
variable.

The classifier for the cuts is usually trained on additional auxiliary variables, which may
not be independent of the resonant variable.

Require decorrelation methods to guarantee validity of signal detection in resonant
variable.

Masking is performed during the signal detection test to get a estimate of the background
only distribution in the signal region.

BONUS: The decorrelation methods can be applied outside of Physics to address
concerns of fairness in machine learning algorithms.
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Questions?
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