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Background & motivation

Machine Learning (ML) models typically provide point-estimates

No measure of uncertainty or confidence

Assumption: past performance is good indicator of future performance

Highly precise point estimate may not be enough

* E.g. high-stakes domains like medicine or science (Xi.) > yt
* ldeally, we want: - e
 Estimate of the variability LJ is tumorous?
— 0.8

* Measure of confidence about the prediction
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How to estimate uncertainty? \/

Methodological landscape of Uncertainty Quantification

Likelihood 48

posterior
Likelihood-based inference Bayesian modelling Monte Carlo Dropout [1]
Uncertainty from parametrized Naturally provides posterior Sampling at inference to simulate
statistical models distributions model variance
ISGI}m% . sl
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https://proceedings.mlr.press/v48/gal16.html?utm_source=chatgpt.com

Limitations

Methodological landscape of Uncertainty Quantification

Likelihood-based inference Bayesian modelling Monte Carlo Dropout [1]

posterior
« Strict distributional assumptions « Computationally heauy  No mathematical guarantees
* Rarely metin complex, (posterior sampling)
high-dimensional real-world data * Need retraining
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Conformal Predictions (CP)

Goal: find prediction set C(X;.s;) C Y such that: P(Yiest € C(Xpest)) =1 —a

Strategy:

1. Splitinto train, calibration and test data
2. Train model on train data, f(x),f: X - Y

3. Define heuristic measure of uncertainty/error, nonconformity scores: s (Yl-, f (Xl-)) - R

A Ncali
4. Compute g as the (1 — a)-th quantile of calibration scores {Si =5 (Yi,f(Xl-))} "

i=1

5. Compute prediction set C(X;ps:) = {y S (Ytest, f (Xtest)) < c?}

Assumptions: calibration and test data are exchangeable (i.e. permutations do not alter distribution)
ISGCw, "%, g o)
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Properties

Model-agnostic Distribution-free
Work with any pre-trained model, No assumptions about underlying
no need for retraining data distribution P(X,Y)

C(x)

AN
ﬁx \ CONTOQMAL
i PQREODICVON
®

POINT PREDICT 1oV
PREOICTION INTERVAL
Marginal coverage Finite-sample guarantees
Mathematical coverage guarantees Coverage properties hold even for
(true value in predicted set with a small sample

given confidence level (1 — a)
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Goal

Stress-test CP theoretical guarantees in a complex scientific application

Use case: FAIR Universe Higgs Uncertainty Challenge [12]

Task:
« Discriminate signal (Higgs) VS background events

« Estimate Higgs signal strength, p;,,,., from simulated collisions at CERN’s LHC
* Provide 68.27% (10) Confidence Interval (Cl) for s e

Challenges:
* Classimbalance
* MC samples have distribution shifts:

« Varying nominal signal strength

« 6 nuisance parameters

15602 ?,@\
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Data generation process

Process Number Generated LHC Events Label

« MC samples contain events of 4 processes Higs 55 040997 1015 —

Z Boson 160 383 358 1002 395 background

Di-Boson 605 118 3783 background

* Events are generated as a counting process: it 7070 398 44192 background
* N, ~ Pois(v), wherev is the expected total yield Slgnalvs Background Lensity (SOU0GD events)

Background (334629 events)
Signal (165371 events)

* v=u-y+pf,where:
» yisthe expected signal yield
* pisthe expected background yield 1
» pisthesignal strength (default to 1)

PCA 2 (10.8%)
o

* In practice:

« Draw Ny, ~ Pois(u - y) events, then sample signal features

 Draw Ny, ~ Pois(B) events, then sample background features 0 5 10 15 20 25 30
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Our proposal ¥

D Sl
1. Training: 3. Testing o
1. signal VS background classification 1. Collect E pseudo-experiments (eval blocks)

2. For each block, e:
1. Estimate/i asin2.2.2
2. Use g to get C(X;est)

3. Check empirical coverage across
pseudo-experiments

2. Calibration:
1. Collect B pseudo-experiments (calib blocks)
2. For each block, b:
1. Compute ng, = 312, 1(f(x;) > 0.5)
2. Estimate /i from ng, and expected yields
3. Compute s(utrye, )
3. Compute g from B scores (one per block)

15608, g Wi

: \ i
: & £ - >
18/03/2026 Conformal Predictions for Scientific Applications -- Luca Clissa, ISGC 2026 10 ! 6;“—’; aw -—\‘gﬁé‘"

International Symposium on Grids & Glouds



Experimental setup

.__ Simulated data | HiggsML data
BO e et
_-. « Twoscenarios: ' « atu=
|
easy, hard |
Data -
[\
Raw : Corrected
_____________ e
A Nsj sie—
T © p=E e =t
Estimation !
Symmetric : Free-form
AN e “q---s---- s A
‘ w Scoring * S(Utruer 1) = | Uerue—L : * S(Uerues ) = UHerye —f
|
) Quantile * g 't Qa6 Gas
Interval . A e
cl * C(Xtest) = A % Gesg ¢ C(Xtese) = (A + G164 + Gga)
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Preliminary results: classification

» Data: HiggsML
* Train/validation: 10M events
* Reference: 10M events (for *,y")
+ Calib/test: 10M events (1049 block of 10k events each)

* Models:
* GLM: LogisticRegression(penalty="12", solver="Ibfgs", max_iter=1000)
* RF: RandomForestClassifier(n_estimators=50, criterion=“gini”)
* MLP: MLPClassifier(_layer_sizes=(32, 16), activation="relu", max_iter=1000)

o ) e O A 2

* Results:

GLM  0.7367 0.6867 0.3762 0.4861 0.0848 0.03761
* Simple models and configs
_ RF  0.7954 0.7299 0.6065 0.6625 0.1111  0.6067
* Performance: not bad but biased
« MLP>RF>GLM MLP  0.8343 0.8046 0.6595 0.7249 0.0794 0.6601

|SGG %g w@\ “

18/03/2026 Conformal Predictions for Scientific Applications -- Luca Clissa, ISGC 2026 12 D A —

|Il!8|’|13!l0lla| Symposium on Grids & Clouds



Preliminary results: signal strength Q

Estimation strategy:

e Raw estimates are
clearly biased
(underestimation)

—> positive shift in
scores distribution

« Efficiency correction
fixes [i estimates

Nontheless CP fixes ClI!

18/03/2026

Raw

Corrected

Density

Nonconformity Scores Distribution: MLP

{i Distribution: MLP
i 1

0.16

0.18 0.20
Nonconformity Score (mu_hat)

Nonconformity Scores Distribution: MLP

0.00 0.02 0.04
Noncenformity Scere (mu_hat)

0.80 0.82
fi = n_pred [ y_true

{i Distribution: MLP
1 1 1

KDE Confidence Intervals: MLP
=== ql6:0.796 Empirical coverage: 67.493%,
~~ median: 0.808 | Confidence leveli1-al: 3%,
== mean: 0.808
-- q84:0.821 10,58, 1.01]
- MAP: 0.804 . L—
1 [0.99, 1,021
. —.——
u=100
©110.87.1.00]
* —
w=100
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o O
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=== ql6: 0.968
~~~ median: 0.986
=== mean: 0.987
~=- qg68: 0.995
--- 84:1.007
=== MAP: 0.986

Confidence Intervals: MLP

mpirical coverage: 69.876%
Confidence levell1-a): 68%
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Preliminary results: coverage

Nonconformity Scores Distribution: MLP Nonconformity Scores Distribution: MLP

Interval construction:

¢ C(Xtest) =t gg:

* Intervals are symmetric by
construction

* Intuitive interpretation

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.00 0.02 0.04
Nonconformity Score (mu_hat) Noncenformity Scere (mu_hat)

2 € C(X¢ese) always!

Confidence Intervals: MLP Confidence Intervals: MLP

* C(Xtest) = (A + G164 + Gga) ;o i
 symmetry depends on bias L | - o
« Biased model » asymmetric interval ot o
Empirical . ny
| P . Width
coverage -
__________ e e e o Y e ____ e ciasn Lo vosr ! 110 *
. I I
Symmetric | 67.30% . ~0.05
__________ I 094 096 e 1.00 102 096 0.98 umelm 102 104
I I
- 69.88% ~0.04 .
Free-form ° Symmetric Free-form
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Conclusions & outlook

CP provides a powerful tool for uncertainty
estimation

e Model-free

* Little assumptions Future work: full HiggsML challenge
* Finite-sample coverage guarantees e * Variations of signal
O | strength + nuisance
'9*/4; ~ + Explore extensions for
g

Preliminary results look promising non-exchangeable data

(group-balanced CP)
« Efficiency correction + free-form construction

seems better * More estimation strategies:

(direct quantile regression)
« Coverage checked despite biased models!

e Reasonable width
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Q,‘ Questions?

Contacts: luca.clissa2@unibo.it
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Experimental setup %ﬁ

‘— Simulated data HiggsML data Raw : Corrected
_____________ T———"—"—="—="=—======== _______.______T________:_____
gﬁ' * Twoscenarios: | + atu= ] : . A= % L 4= nsig*—ﬂ
Data casy. hard ' Estimation 5 ’
NN
‘<—>‘
Uncertainty
One-sided : Two-sided
________________ e

Scoring S(Ueryer 1) = | terye—Al * S(Uerues D) = Herue —A

C(Xtest) = (ﬁ + ‘716».‘2 + 684)

|

|

|
Quantile * (esg : ®* ({1i6r 984

n =N |

Cl ¢ C(Xtest) =[x Ges :
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Experimental setup %ﬁ

, , R
‘— Simulated data HiggsML data
WY TURRSEEE W,
—~ * Two scenarios: : e atu= ) —
Data easy, hard | Uncertainty
One-sided : Two-sided
________________ e
Scoring *  s(Uerue ) = | Uerue—Al : * S(Uerue ) = Herye —A
|
Quantile - des : * (16 984
| A A A A
Cl o C(Xiest) = f1 % Gog ¢ C(Xtest) = (A + G162 + Gga)
[\
Raw : Corrected
_____________ e
1 o [ = Dsig : o [] — I'lSig_B
) T R
Estimation -
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