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What? Shorter confidence intervals than with likelihood ratio tests
Why? Accelerated time-to-discovery; precise physical measurements
How? Auxilliary knowledge via focus functions

Searches and Measurements

The binned analysis set-up

▶ Likelihoods in particle physics are often resolved as histograms:

p(D;µ,α,β) =
d∏
i=1

f (Ni ;µαi + βi)

for signal strength µ > 0, Poisson PMF f (N ;λ).

Neyman construction of confidence intervals

▶ Searches and measurements in particle physics are often
performed as simple-versus-composite hypothesis tests,

H0 : µ = µ0, vs. H1 : µ ̸= µ0. (µ0 ∈ Θ)

▶ The Neyman construction of a (1− α)100% confidence interval
compares e.g. the generalized likelihood ratio statistic (LRS),

T (D;µ0) = −2 log

(
p(D;µ0)

supµ∈Θ p(D;µ)

)
, (1)

against sampling quantiles, e.g. via Wilks’ theorem,

Ĉµ0
= χ2

1−α(df = dim(Θ)− dim(Θ0)).

▶ The test is evaluated across Θ:

I (D) = {µ0 ∈ Θ : T (D;µ0) < Ĉµ0
}.

Upshot:
▶ The LRS is not optimal in general for interval length.

▶ Without Wilks’, calibration via Monte Carlo (MC) is expensive.

Focusing Statistical Power

I. The focused test statistic (FTS)

Idea: Incorporate auxilliary knowledge into the test statistic,

Tf (D;µ0) := −2 log

(
p(D;µ0)[∫

f (dµ)p(D;µ)
]) (2)

▶ Focus function, f : A way of
specifying regions of the
parameter space where test
power should be focused.

▶ We use Gaussian focus
functions, f (µ) = N(µ;m, s),
truncated to Θ.
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Fig 1. Construction of intervals

II. Quantile regression (QR)-based calibration

Idea: Estimate critical value surface with machine learning

▶ QR with 9,000
pseudo-experiments (PEs) is
competitive with MC with 106

PEs.

▶ For FTS, QR is again more
sample-efficient.
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Fig 2. MSE of critical value estimates

via MC (red) and quantile regression

(QR, grey) on 300 test points.

Case Studies

I. Measurement of Higgs coupling via its signal strength

▶ Goal: Measure Higgs
boson-to-tau lepton coupling
(one-to-one with µ)

▶ We use the 2014 HiggsML
benchmark data [1]

▶ We compare

fwide = N(1.0, 2.4),

fnarrow = N(1.0, 1.2)
Fig 3. Median interval lengths

II. Search for weakly interacting massive particles (WIMPs)

▶ Goal: Search for dark matter
based on LZ experiment [2]

▶ Synthetic data mimics LZ data
release with NEST code [3]

▶ µ∗ = 1 → 1 : 1,200
signal-background ratio

▶ Default hypothesis: µ∗ = 0

fwide = N(0, 6.0),

fnarrow = N(0, 3.0)

Fig 4. Distributions of 68% confidence

interval upper and lower bounds

Main finding

▶ Shorter interval lengths with FTS compared to LRS

Setting Test statistic
Experiment µ∗ LRS FTS-wide FTS-narrow

Higgs (mass) 1.0 1.08 (2.01) 0.94 (1.89) 0.85 (1.79)
Higgs (vis. mass) 1.0 1.26 (2.31) 1.10 (2.17) 0.98 (2.08)

LZ-inspired 0.0 5.99 (13.87) 4.68 (11.47) 3.89 (11.29)
LZ-inspired 1.0 7.08 (15.18) 5.29 (12.82) 4.68 (12.75)

Next Steps

I. Nuisance constraint sets

Idea: Construct Sγ(D;µ0), a valid
(1− γ)-level confidence set for ν at fixed
µ = µ0 for pre-specified γ ∈ (0, α) [4, 5].

Fig 5. An example of a

nuisance constraint set.

II. Rejection probability function

Idea: Estimate CDF of statistic for
amortized testing:

F (t;µ, ν) = P(T (D;µ, ν) ≥ t)
Fig 6. 1−probability of

rejection under a statistic T .

III. Fast, nuisance-aware confidence intervals

I (D) = {µ0 : sup
ν∈Sγ(D;µ0)

F (T (D;µ0, ν)) > α− γ}
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