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Topics Related to MAD

1. Define the problem at a high-level of abstract
2. Explore strategies to qualify (probabilistic model) and quantify uncertainties (evaluate) 

and a process to introduce them in the framework (computations)
3. Check for consistency: the framework is statistically consistent and establish validation 

procedures. Corollary: statistical testing
4. Dimensionality analysis - provide support for model reduction
5. Aspects regarding sampling: efficient MCMC like parallelization
6. Statistics for GANN-ML. What are the statistical assumptions and asymptotics
7. Result interpretation: Bayesian, frequentist

understand problem → abstraction/foundations → computations ↔ HPC (production) 
problem methods



Outline

• Problem abstraction
• MCMC parallelization
• Model Reduction
• GAN

Addendum
• Scoring strategy



Problem Abstraction (0/6)



Problem Abstraction (1/6)

<latexit sha1_base64="RL8t4GSK/JsW6SCdRiydt+YfDEM="></latexit>

Suppose f(pThr) fi(⇠, µ2
0) is defined on functional space (fi(⇠) = pi,0⇠pi,1(1�⇠)pi,2(1+pi,3⇠+· · · ).

We assume that we can evaluate quantity d�  d�NC(x,Q2)
dxdQ2 pointwise:

d�(pThr) = G(f(pThr)) or d�NC(x,Q2)

dxdQ2
= G(fi(⇠, µ

2
0)) .

<latexit sha1_base64="wxxxX9ZO+rn3UZcyfi2JP1yYtpE="></latexit>We assume that we have events distributed as data = d ⇠ d�true

<latexit sha1_base64="I/oVZp1h/8Q+oJ87xUJpnKYXMpQ="></latexit>

Also assume there is a detector model (unfolding) with parameters pDet: d�obs ⇠ D(d�true;pDet)

<latexit sha1_base64="aG1fKZ8pKQXljXDO0aicgWaShKI="></latexit>Summary:
• Theory: d�(pThr) = G(f(pThr))
• Data: d ⇠ d�true

• Detector: d�obs ⇠ D(d�true;pDet)
• Parameters p = [pThr,pDet]: (i) theory pThr and (ii) detector pDet



Problem Abstraction (2/6)

<latexit sha1_base64="QobyK70OzFq716uxUfXQqdPBIUo="></latexit>

Data model: ⇡(d�|GThr,pDet)
Theory model: ⇡(GThr|pThr)
Parameter model: ⇡(p)

Mock of a model:

Joint distribution:

Inference:

<latexit sha1_base64="ACAePKvYg/nqgB/LjlLrUs7ML7E="></latexit>

⇡(d�, GThr,p) = ⇡(d�, GThr|pDet)⇡(GThr|pThr)⇡(p)

<latexit sha1_base64="BIIcfILSqv07J5fUPPuImf4IFb4="></latexit>

⇡(pThr|GThr, d�,pDet) = ⇡(d�, GThr|pDet)⇡(GThr|pThr)⇡(p)
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Problem Abstraction (4/6)



Problem Abstraction (5/6)



Problem Abstraction (6/6)



Problem Abstraction (-1/6) This cites the above.



Aspects regarding sampling: efficient MCMC 
like parallelization (1/4)

Facts:

• MCMC is inherently serial/sequential due to the Markov property of the chain

• Parallelizing MCMC such as to guarantee convergence to the exact posterior is 

not easy

• Practical approaches for parallelizing MCMC with asymptotic guarantees do 

exist, but there is no absolute winner

Target distribution (posterior):

• MCMC seeks to converge and collect samples from a distribution (usually posterior):

HMC, 
Normalizing 

flow, etc.

Given current 
state/point 𝑥!

Clever 
Proposal/transition

𝑥! → 𝑥!"#

Accept/Reject new 
state 𝑥!"#

Involves likelihood

If accepted

𝑥! ← 𝑥!"#

Collect samples from 
accepted states (burn-

in, mixing used)

Target 
(unnormalized) 

posterior

Prior 
inexpensive 

(once defined!)Data-likelihood (expensive) 
(simulation, experiment, etc.)

𝜋 𝑥 ∝ 𝑝 𝑦|𝑥 𝑝 𝑥



Aspects regarding sampling: efficient MCMC 
like parallelization (2/4)

Parallelizing MCMC:

1. Single chain: parallelize the likelihood (e.g., simulation, proposal) and/or
multi proposal
• Pros: asymptotic convergence is guaranteed
• Cons: parallelization gain is not significant

2. Multiple (multi) chains: run multiple chains (with same proposal) in parallel:

• Pros: considerable speedup; multilevel (chains & likelihood) parallelization
• challenges: cost of burn-in on each chain; asymptotic convergence is possible

but requires clever convergence diagnostics and careful aggregation of the parallel samples collected; 

• General Approaches: (each chain sample on its own, then samples are aggregated!
• Parallel chains (same data & kernel/proposal, but different random seeds/sequences) explore 

the whole domain; parallel tampering, equi-energy, etc. can be useful but still costly
• Data and/or parameter space splitting: one chain runs per sub-set/domain
• Approximations using normalizing flows
• Kernel approximation: e.g., GMM with parallel chains per kernel, region, sub-set/domain

Given current 
state/point 𝑥!

Clever 
Proposal/transition

𝑥! → 𝑥!"#

Accept/Reject new 
state 𝑥!"#

Involves likelihood

If accepted

𝑥! ← 𝑥!"#

Collect samples from 
accepted states (burn-

in, mixing used)



Aspects regarding sampling: efficient MCMC 
like parallelization (3/4)

So, which MCMC parallelization approach?

• As mentioned earlier, there is no absolute winner!

• We should build a battery of parallel MCMC implementations and test their performance (both accuracy 

and computational cost), optimally tune each implementation, and explore possibility of hybridization

• We can implement and test these samplers fairly quickly with a proxy or realistic toy model; the 

winner(s) can then be implemented in the full setup



Aspects regarding sampling: efficient MCMC 
like parallelization (4/4)
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Dimensionality Analysis and Model Reduction
Proxy model

Parton distribution functions
u(x) = cu*x**au*(1-x)**bu
d(x) = cd*x**ad*(1-x)**bd
cu, au, bu, cd, ad, bd: parameters of interest

Cross-sections (experimentally inferred):
Sigma1(x) = 4u(x)+ d(x)
Sigma2(x) = 4d(x)+ u(x)

Exploration underlying latent space (event space):

Auto-encoder: 4-layer encoder and 4-layer decoder

events ~ AE(events)

Decoded events

Latent space: encoded test events

Future works: find adequate latent dimension and propose reduced parameterization







Other Items & Things that MAD Likes

1. Postdoc position ANL-ASCR

2. MAD would like to keep the proxy model and keep updating it; although it will not have all theory components 
it should encapsulate abstractions (e.g., the current model)

3. Laptop-sized framework in the works:
/dev in our github – Kishan will push soon
Use ClassRegistry to manage components (plug stuff in/out)
Promotes code consistency, helps unit testing



Addendum



Scoring Strategy (for the proxy problem) 1/5
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Likelihood:
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Loss function:
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Remember GAN:



<latexit sha1_base64="1GwW4hAa7+ZgwzUIovRp6Zc+HkA="></latexit>

Assume X,Y ⇠ Beta(5.5,p). Given M = 200 samples from X ⇠ Beta(5.5,p = 5.5), find p by
using Ns = 1000 samples from Y ⇠ Beta(5.5,p).

Toy-Example

Scoring Strategy (for the proxy problem) 2/5



Convergence properties

Er
ro
r

Er
ro
r

<latexit sha1_base64="NjlxRTdGlDqb8bDMlFTQ61IkSQU="></latexit>

Error = ptrue � p⇤, where p⇤ = argminp L(p)

Scoring Strategy (for the proxy problem) 3/5



§ 6-parameter model
<latexit sha1_base64="MUMtU/FsQ3XlqiSMMQFEZQrXjPk="></latexit>

u(x) =p1x
p2(1� x)p3

d(x) =p4x
p5(1� x)p6

<latexit sha1_base64="mg8ZIPQTADXCUBVjdmGqY05znTs="></latexit>

d�u(x) = 4u(x) + d(x)

d�d(x) = u(x) + 4d(x)

§ Data A: 1,000 events 𝜎1 ; 500 events 𝜎2  

§ Data B: 10,000 events 𝜎1 ; 5,000 events 𝜎2  

§ Data C: 100,000 events 𝜎1 ; 50,000 events 𝜎2  

Scoring Strategy (for the proxy problem) 4/5

Nonparametric bootstrap distribution (obtained by 
sampling with replacement) gives direct CI estimates 
and approximates the posterior of a Bayesian problem 
with a specific un-informative prior.



§ 6-parameter model
<latexit sha1_base64="MUMtU/FsQ3XlqiSMMQFEZQrXjPk="></latexit>

u(x) =p1x
p2(1� x)p3

d(x) =p4x
p5(1� x)p6

<latexit sha1_base64="mg8ZIPQTADXCUBVjdmGqY05znTs="></latexit>

d�u(x) = 4u(x) + d(x)

d�d(x) = u(x) + 4d(x)

§ Data A: 1,000 events 𝜎1 ; 500 events 𝜎2  

§ Data B: 10,000 events 𝜎1 ; 5,000 events 𝜎2  

§ Data C: 100,000 events 𝜎1 ; 50,000 events 𝜎2  

Scoring Strategy (for the proxy problem) 5/5



Auto-encoder for cross-section events: January 2022

Parton distribution functions: 
- u(x) = cu*x**au*(1-x)**bu
- d(x) = cd*x**ad*(1-x)**bd 
- s(x) =  cs*x**as*(1-x)**bs
cu, au, bu, cd, ad, bd, cs, as, bs are 9 free parameters, drawn a priori from uniform distributions on [0, 1]

Cross-sections:
- Sigma1(x) = 4u(x)+ d(x)+ s(x) 
- Sigma2(x) = 4d(x)+ u(x)+ s(x) 
- Sigma3(x) = u(x)+ d(x)+ s(x) 

- 4-layer encoder (neurons per layer (activation): 250 (Relu), 64 (Relu), 32 (Relu), latent-space dim (Linear))
- 4-layer decoder (neurons per layer: latent-space dim (Relu), 32 (Relu), 64 (Relu), 250 (Sigmoid))
- events ~ AE(events)

- loss-function: binary-cross entropy
- 25 -> 45 epochs
- For each set of 9 parameters, 50 events are generated from each cross-section (sigma1, sigma2, sigma3)
Each cross-section generates 250 points per event 

Julie Bessac



Latent space of dimension 9 – Encoded-decoded events

Julie Bessac



Latent space of dimension 9 – Latent space analysis

Julie Bessac



Latent space of dimension 9 – latent space analysis
Scatterplot of latent dimensions

Julie Bessac



Dim 5 : loss: 0.5620 - val_loss: 0.5609
Dim 7 : loss: 0.5620 - val_loss: 0.5609
Dim 9 : loss: 0.5620 - val_loss: 0.5608

Comparison of loss function for different AE

What’s next: 

- Shall we learn a parameterization of the reduced space?

- How to select the optimal latent dimension? 

Julie Bessac


