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1. Context & Motivation
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➢ GOAL: understand and explain complex systems from experimental data 
(population genetics, astrophysics, cosmology, neuroscience, …)

Inverting a simulator
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1. Context & Motivation

SBI: Simulation-Based Inference (Cranmer et al., 2020) 

SimulatorPrior Data

Dataset from joint

MODELING

Figure 1: Typical SBI workflow.

Goal: estimate the posterior                                              
using simulated data from the joint p.d.f. 
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1. Context & Motivation

Goal: estimate the posterior                                              
using simulated data from the joint p.d.f. 

Powerful inference algorithms using deep 
generative models (DGM) trained on data from 
the joint p.d.f.

Neural Posterior Estimation (NPE, Greenberg et al., 2019) with 
Normalizing Flows trained via maximum likelihood estimation.

SBI: Simulation-Based Inference (Cranmer et al., 2020) 

SimulatorPrior Data

INFERENCE: amortized 
posterior approximation

Dataset from joint

new obs.

MODELING

trained DGM

Figure 1: Typical SBI workflow.
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1. Context & Motivation

Goal: estimate the posterior                                               
using simulated data from the joint p.d.f. 

Powerful inference algorithms using deep 
generative models (DGM) trained on data from 
the joint p.d.f. 

Validation is a challenge in real scenarios with 
unknown target posterior (i.e. not benchmarks)

SBI: Simulation-Based Inference (Cranmer et al., 2020) 

SimulatorPrior Data

VALIDATION: diagnostics 
for local consistency  

INFERENCE: amortized 
posterior approximation

Dataset from joint

new obs.

MODELING

trained DGM

Figure 1: Typical SBI workflow.

unknown target 
posterior
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Example in computational neuroscience

10

Neural Posterior Estimation (NPE) of the JRNMM1 posterior. 
Pairplots of the inferred posteriors for three different observations 
simulated via the JRNMM with varying gain parameter.

Inference of  the JRNMM1 posterior                   :

1(Jansen and Rit, 1995)
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Neural Posterior Estimation (NPE) of the JRNMM1 posterior. 
Pairplots of the inferred posteriors for three different observations 
simulated via the JRNMM with varying gain parameter.

Inference of  the JRNMM1 posterior                   :

Precise estimation for            when

Small bias for             when 
Big variance and bias for 

1(Jansen and Rit, 1995)
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1. Context & Motivation

Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

Validating SBI algorithms
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Theorem (Local consistency and binary classification). The null hypothesis holds if, and only if, the optimal 
Bayes classifier cannot distinguish between q and p:

Reformulation of (1) as a binary classification problem. Consider two balanced classes:

  
   
  

1. Context & Motivation

Validating SBI algorithms with classifiers

(3)

(2)

Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

(1)
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Theorem (Local consistency and binary classification). The null hypothesis holds if, and only if, the optimal 
Bayes classifier cannot distinguish between q and p:

Reformulation of (1) as a binary classification problem. Consider two balanced classes:

  
   
    Proof. The optimal Bayes classifier predicts the class with highest probability according to

  

1. Context & Motivation

Validating SBI algorithms with classifiers

(3)
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Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

(1)
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Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

1. Context & Motivation

Validating SBI algorithms with classifiers

(1)

Classifier Two-Sample Tests (C2ST) (Lopez-Paz et al., 2016). Hypothesis test for distribution equality (1) 
based on the accuracy of a binary classifier trained on equally as many samples from q and p.

➢ currently the most powerful and flexible approach (scales to high-dimensional, non-Euclidean data)
➢ many applications: statistical independence and sample quality tests, noise contrastive estimation, 

GANs, density ratio estimation algorithms (e.g. NRE, Hermans et al., 2021), etc.
➢ used to benchmark SBI-algorithms on toy-models (Lueckmann et al., 2021)

Reformulation of (1) as a binary classification problem. Consider two balanced classes:
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1. Context & Motivation

Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:
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1. Context & Motivation

Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

Validating SBI algorithms

Standard approaches (SBC) use data from the joint 
and evaluate the estimator in expectation over    

unknown target posterior
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1. Context & Motivation

Definition (Local consistency). A conditional density estimator q is locally consistent at xo with the true 
posterior p if, and only if, the following null hypothesis holds:

Validating SBI algorithms

Standard approaches (SBC) use data from the joint 
and evaluate the estimator in expectation over    

No local evaluation
→ possibly false conclusions, less interpretable
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➢ C2ST is useless in real SBI applications: requires samples from the true posterior !

➢ Standard approaches (SBC, Talts et al., 2018) evaluate the estimator in expectation over x
use data from the joint 
no local evaluation: possibly false conclusions, less interpretable

➢ Attempts to make them local: local-HPD (Zhao et al., 2021),  local-multi-PIT (Linhart et al., 2022) 
use data from the joint 
allow for local evaluation at any observation
not practical: many hyperparameters, computationally too expensive

Validating SBI algorithms
1. Context & Motivation

Make C2ST local using only data from the joint!
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2. Method 

L-C2ST: Local Classifier Two-Sample Tests 

Dataset from joint p.d.f.s

Binary Classifier

Local evaluation at              .

Sample 
conditional 

estimator

 → no need for true posterior samples       → necessary and sufficient conditions for local consistency             
 → powerful and efficient     → easy to implement and interpret
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Theorem (Local consistency and single class evaluation). If  the classifier d is optimal and                     , 

is a necessary and sufficient condition for the local consistency of q at      .

2. Method 

L-C2ST: Local Classifier Two-Sample Tests 
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Theorem (Local consistency and single class evaluation). If  the classifier d is optimal and                     , 

is a necessary and sufficient condition for the local consistency of q at      .

2. Method 

L-C2ST: Local Classifier Two-Sample Tests 

Proof. Let d be a classifier trained to distinguish between the joint distributions. It converges to the optimal Bayes classifier:

Let      be a fixed observation.  For                           , we have that

 

q being a p.d.f. we can conclude

(5)

(4)
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Theorem (Local consistency and single class evaluation). If  the classifier d is optimal and                     , 

is a necessary and sufficient condition for the local consistency of q at      .

2. Method 

L-C2ST: Local Classifier Two-Sample Tests 

 : single-class MSE
close to oracle
 only at 

: single class accuracy
different from oracle
insufficient for 

   →  fails to detect when 
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2. Method 

L-C2ST: Local Classifier Two-Sample Tests

➢ Requires sampling from the approximation
(can be hard and depends on x)

“better” version for Normalizing Flows ! 
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Experiment 1: Benchmark example

1https://github.com/sbi-benchmark/sbibm 

Figure 3: Power analysis on SLCP from sbibm1 (Nv=10 000 and 100 null trials).

Test statistic reflects convergence of NPE (plot 1)

Type I error is controlled at 0.05 (plot 4)

  -C2ST(-NF) is more powerful than local-HPD (plots 2,3)

3. Numerical Illustration
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3. Numerical Illustration

Experiment 2: a real neuroscience simulator

    local behavior  
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Conclusion

L-C2ST: Local Diagnostics for Posterior Approximations in Simulation-Based Inference 

★ local evaluation at any given observation using only data from the joint
★ necessary and sufficient conditions for local consistency 
★ easy to implement and interpretable diagnostics: where and how does my estimator fail ?

Paper: https://arxiv.org/abs/2306.03580 Code: https://github.com/JuliaLinhart/lc2st  

Experimental results:
1. (sbi benchmark) → powerful and efficient validation method, win over competitors
2. (neuroscience application) → interesting insights on local failure-modes of SBI algorithms

Perspectives: Calibration of the classifier, local correction of the posterior estimator  
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Definition (Normalizing Flows, Papamakarios et. al, 2021). A normalizing flow      is a conditional density 
estimator that (for every x) defines a map between a Gaussian base distribution   and any 
complex target distribution                via a bijective transformation                with Jacobian                :

   (6)

Appendix 1: L-C2ST-NF

L-C2ST: Local Validation Diagnostics for Posterior Approximations in SBI
Julia Linhart, PhD Student at Inria Saclay (MIND), 15/05/2024

 



Theorem (Local consistency and normalizing flows). Given a posterior approximation      based on a 
normalizing flow, its local consistency at       can be characterized by

Appendix 1: L-C2ST-NF
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New binary classification task:

➢ The Gaussian distribution is independent of x and     !

➢ More efficient and exact hypothesis test: the null distribution can be precomputed on large datasets and 
re-used for every new estimator of the same task (see Algorithm 4 in Appendix 2)

Theorem (Local consistency and normalizing flows). Given a posterior approximation      based on a 
normalizing flow, its local consistency at       can be characterized by

Appendix 1: L-C2ST-NF
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➢ Does not require sampling from the approximation
➢ Does not depend on x under null

Appendix 1: L-C2ST-NF
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Appendix 2: Algorithms (L-C2ST)
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Appendix 2: Algorithms (PP-plots with L-C2ST)
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Appendix 3: Benchmark Examples (Lueckmann et al., 2021) 

SLCP
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Appendix 4: Runtimes for Experiment 1 (BENCHMARK)
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Appendix 5: On the Cross-Entropy loss of L-C2ST 
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