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The Interplay Between Theory/Models and Data

Figure credit: Tommaso Dorigo
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“Theory” in the Form of Simulators
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Credit: Dalmasso (adapted from Cranmer et al, 2020)

Physics-based simulator as a causal (mechanistic) model that 
encodes the data-generating process , where  are 
internal parameters that determine measurable data 

θ ↦ 𝒟 θ ∈ Θ
𝒟 ∈ 𝒳



Taxonomy of Different Types of Simulators 
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Image credit: Kyle Cranmer

Figure credit: Kyle Cranmer





- Are we confident that these regions include the true/
unknown parameter with high probability? 

- Do the sizes of the regions reflect our constraining power?
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One more note: the number of events can be small …

- In standard frequentist statistics, n is large. 
Typical for HEP collider experiments 

- There are also many applications (in e.g. 
astronomy) where n is small.  

- E.g. n=1  single observation x from   → θ*



Slide credit: Luca Masserano 
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Predictive Approach Can Be Very Powerful, But 
One Needs to Correct for Bias 

[with Luca Masserano, Tommaso Dorigo, Rafael Izbicki and Mikael Kuusela]
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Source: Dorigo et al 2020.  

Slide credit: Luca Masserano 

[Kieseler et al., July 2021 arXiv:2107.02119]  



Similarly, posteriors do not guarantee coverage of 
internal parameters (often “over-confident”)
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https://arxiv.org/abs/2110.06581

https://arxiv.org/abs/1911.11089


Ex: Credible Regions from Neural (NF) Posteriors
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Blue contours: 95% credible regions from Normalizing Flows 
(overly confident when prior is mismatched with true parameter)



How about Frequentist LFI Approaches?

17

Robust coverage guarantees under 
shifting priors (for all 𝜃, and for finite n)?

Frequentist approaches (that estimate likelihoods or likelihood ratios) 
are by construction robust to prior prob shift 

However, most such approaches 

rely on asymptotic assumptions (e.g. Wilks 1938) and regularity conditions 

can’t handle e.g. n=1  single observation from   

do not check instance-wise coverage across entire parameter space

→ θ*
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Robust coverage guarantees under 
shifting priors (for all 𝜃, and for finite n)?

Frequentist approaches (that estimate likelihoods or likelihood ratios) 
are by construction robust to prior prob shift 

However, most such approaches 

rely on asymptotic assumptions (e.g. Wilks 1938) and regularity conditions 

can’t handle e.g. n=1  single observation from   

lack practical tools for checking coverage across entire parameter space

→ θ*



Can we have it all? 

Robust coverage guarantees even for small sample sizes 
and shifting priors (“systematics”) for all  

  
Diagnostics across the entire parameter space. 

* All done by leveraging the arsenal of ML/AI tools “as is” (same 
network architecture and same loss functions, etc) 

** Modular procedures: you plug in your favorite SBI results for 
estimating likelihoods, posteriors or density ratios (NLE, 

NPE,NRE)  theoretical guarantees 

θ ∈ Θ

⟹
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General Inference Machinery for LFI
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arXiv:2107.03920 (EJS 2024)

LF2I

arXIv:2002.10399  (ICML 2021)

https://arxiv.org/abs/2107.03920
https://arxiv.org/abs/2002.10399


Confidence Sets by Inverting Tests

Theorem (Equivalence of tests and confidence sets (Neyman 1937))
Constructing a 1 → ω confidence set for ε is equivalent to testing

H0 : ε = ε0 vs. HA : ε ↑= ε0

for every ε0 in the parameter space.

Key ingredients:
data D = {X1, ..., Xn}
a test statistic, such as the likelihood ratio statistic ϑ(D; ε0)
an ω-level critical value Cω0,ε

Reject the null hypothesis H0 if ϑ(D; ε0) < Cω0,ε

Ann B. Lee (Carnegie Mellon University) 3 / 21Slide credit: Nic Dalmasso



1. For every ω in your parameter space: find the rejection
region for test statistic ε(D, ω)

Ann B. Lee (Carnegie Mellon University) 4 / 21



2. Observe data D = D: construct confidence set of ω by
comparing ε(D; ω) and Cω,ε

Ann B. Lee (Carnegie Mellon University) 5 / 21
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How Do we Turn the Neyman Construction and Validation
into Practical Procedures?
The Neyman construction requires one to test

H0 : ◊ = ◊0 vs. HA : ◊ ”= ◊0

for every ◊0 œ �.

Key insight:

1 Test statistic ⁄(D; ◊)
2 Critical values C◊0,– or p-values p(D; ◊0) of the test

3 Coverage PD|◊
1
◊ œ ‚R(D)

2
of the constructed confidence set

are conditional distribution functions of the (unknown) parameters, and

often vary smoothly across the parameter space �.

Ann B. Lee (Carnegie Mellon University) 3 / 10
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E�cient Construction of Finite-Sample Confidence Sets

Rather than running a batch of Monte Carlo simulations for every null

hypothesis ◊ = ◊0 on, e.g., a fine enough grid in �, we can interpolate

across the parameter space using training-based ML algorithms.

Ann B. Lee (Carnegie Mellon University) 5 / 16

LF2I



Our Inference Machinery 



What Test Statistic?

Derive test statistics from likelihood or LR estimates: 

→ ACORE (approximate LRT)  [Izbicki et al 2013; Cranmer et al 
2015; Dalmasso et al 2020, arXiv:2002.10399] 

→ BFF (approximate Bayes Factor) [Dalmasso et al 2021, 
arXiv:2107.03920; Heinrich 2022, arXiv: 2203.13079] 

Derive test statistics from posteriors or predictions: 

→ “WALDO" (modified Wald test statistic) [Masserano et al 
2022, arXiv:2205.15680] 

→ “Frequentist-Bayes sets” [Masserano, Carzon et al 2024-]
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https://arxiv.org/abs/2002.10399
https://arxiv.org/abs/2107.03920
https://arxiv.org/pdf/2203.13079.pdf
https://arxiv.org/abs/2205.15680
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https://arxiv.org/abs/2002.10399
https://arxiv.org/abs/2107.03920
https://arxiv.org/pdf/2203.13079.pdf
https://arxiv.org/abs/2205.15680






Center Branch: Estimate Critical Values
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Estimating Critical Values C◊0,–

To control Type I error at level –:

Reject H0 : ◊ = ◊0 when ⁄(D; ◊0) < C◊0,–, where

C◊0,– = arg sup
CœR

Ó
C : PD|◊0 (⁄(D; ◊0) < C) Æ –

Ô
.

Problem: Need to compute PD|◊ (⁄(D; ◊) < C) for every ◊ œ �.

Solution: F⁄|◊(C | ◊) © PD|◊(⁄(D; ◊) < C | ◊) is a conditional CDF, so

we can estimate its –-quantile via quantile regression F
≠1
⁄|◊ (–|◊).

Ann B. Lee (Carnegie Mellon University) 10 / 10



Construct Confidence Set via Neyman Inversion



i

35

Are the Constructed Confidence Sets Valid?

Theorem (Validity for any test statistic)
Let CBÕ be the critical value of a level-– test based on the statistic
⁄(D; ◊0). Then, if the quantile regression estimator is consistent,

CBÕ
P≠≠≠≠≠æ

BÕ≠æŒ
C

ú
,

where C
ú is such that

PD|◊(⁄(D; ◊0)) Æ C
ú) = –.

If B
Õ

is large enough, we can construct a confidence set with guaranteed

nominal coverage regardless of the observed sample size n.

Ann B. Lee (Carnegie Mellon University) 9 / 10

NOTE: Regardless of the number of observations n, how well we 
estimate the test statistic, and the choice of prior  πθ
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Right Branch: Assessing Conditional Coverage of „R(D)
How do we check coverage of constructed confidence sets across �?

Note:

‚R(D) =
Ó

◊ œ � | ⁄(D; ◊) Ø ‚C◊,–

Ô

PD|◊
1
◊ œ ‚R(D) | ◊

2
= ED|◊

Ë
I

1
◊ œ ‚R(D)

2
| ◊

È

1 Sample ◊i and data Di ≥ F◊i

2 Construct confidence set ‚R(Di)

3 For {◊i,
‚R(Di)}B

ÕÕ

i=1, regress

Zi := I(◊i œ ‚R(Di)) on ◊i.

How close is the actual coverage to the nominal confidence level 1 ≠ –?

Ann B. Lee (Carnegie Mellon University) 8 / 10
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Independent check of coverage 
 across parameter space 



Ex: Construct Confidence Sets (MVG data)

For d<10, ACORE (estimate LRT) and BF (estimate BF) confidence 
sets (for B=B’=5000) are similar in size to the Exact LR confidence 

38



Ex: 1D Gaussian mixture model with n=1000 
(Diagnostics Across the Parameter Space)

(Left) LR with1000 MC simulations at each θ on a fine grid in 1D 
(Center) Assume chi-squared distribution of LR statistic 
(Right) LR with quantile regression with B’=1000 simulations total

39

Wilk’s theorem: INVALID

MC/bootstrap: SLOW LF2I/QR: VALID/EFFICIENT



Back to the Problem of Calorimetric Muon 
Energy Measurement… [Masserano et al, AISTATS 2023]

40

Source: Dorigo et al 2020.  
Slide credit: Luca Masserano 

[Kieseler et al., July 2021 arXiv:2107.02119]  
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Figure credit: Luca Masserano 

Back to muon energy calorimeter problem: 
LF2I/Waldo Confidence Sets 

Derived from CNN Predictions: 
Robust Coverage Across the Parameter Space 

prediction sets

arXiv:2205.15680 (AISTATS 2023)

https://arxiv.org/abs/2205.15680
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The parameters θ

One more issue: the “theory” space is not the only thing effecting the data 
• every step of the forward process comes with its own parameters  

(we understand the process generally but need additional knobs to model the data) 
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Slide credit: Lukas Heinrich

But what if we have >1,000 nuisance parameters?



43



Two Popular Approaches to Systematics

44



 Assessing Confidence Sets

“For small sample sizes, there is no theorem as to whether 
profiling or marginalization will give better frequentist 
coverage for the parameter of interest” (Cousins 2018) 

Our LF2I diagnostic tool can  

provide guidance as to which method to choose for the 
problem at hand, and  

pinpoint regions of parameter space where inference 
may be unreliable, e.g., under/over-confident. 

45



 Assessing Confidence Sets

“For small sample sizes, there is no theorem as to whether 
profiling or marginalization will give better frequentist 
coverage for the parameter of interest” (Cousins 2018) 

In general settings, our LF2I diagnostic tool can  

provide guidance as to which method to choose for the 
problem at hand, and  

pinpoint regions of parameter space where inference 
may be unreliable, e.g., under/over-confident. 
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Ex: Diagnostics for Classical “On-Off” Problem 
[Lyons 2008; Cowan et al 2011; Cowan 2012; L. Heinrich 2022]

Simultaneous measurements of two Poisson processes

47

NB is the # of events in the background region (expected background 
count b) 

NS  is the  # of events in the contaminated signal region (expected signal 
count s) 

Unknown parameters:  

signal strength-POI (μ);  scaling factor-NP (𝜈) 

[L. Heinrich 2022] Set hyper-parameters at s=15, b=70, 𝜏=1 ⇒ 

comfortably in asymptotic regime but with non-Gaussian likelihood

https://arxiv.org/pdf/2203.13079.pdf
https://arxiv.org/pdf/2203.13079.pdf


Our diagnostic tool can identify regions in parameter 
space with under/over-coverage (95% nominal) 

Left: LRT with profiling; Center: marginalization; Right: chi-square) 

48

h-BFF (center top) has closest to 
nominal coverage with the highest 
constraining power (orange hist)





arXiv:2402.05330 (ICML 2024)

Finally, there are also nuisance-aware alternatives with 
coverage guarantees under shifting priors 

https://proceedings.mlr.press/v235/masserano24a.html
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arXiv:2402.05330 (ICML 2024)

Finally, there are also nuisance-aware alternatives with 
coverage guarantees under shifting priors 

Estimate the ROC as a function 
of both the POI and NPs

https://proceedings.mlr.press/v235/masserano24a.html


Slide credit: Luca Masserano



Take-Away: LF2I (inverse problem)

55

Credible regions and prediction sets do not necessarily reflect 
where the true parameter is for inverse problems, esp for 
incompatible or shifting priors (“systematics”) 

With LF2I we can construct confidence sets with robust 
coverage guarantees even for finite samples and shifting priors 

LF2I is fully modular: Plug in your favorite SBI results (for 
estimating likelihoods, LRs, posteriors, predictions, etc), 
calibrate and run diagnostics across the entire parameter space.
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LF2I is a fully modular and amortized framework

https://github.com/lee-group-cmu/lf2i

https://github.com/lee-group-cmu/lf2i
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Validity and Diagnostics: Any existing or new test statistic 
can be used to create valid confidence sets and run 
diagnostics. 

Prior Independence: LF2I guarantees (approximate) 
conditional coverage regardless of prior  

Power: Hardest to achieve in practice. Area where most 
statistical and computational advances will take place.
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