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One factorial design with three levels

Introductory example
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# 01 

Investigate treatment-effect on some 

dependent variable (e.g. plant growth)

treatment 1

treatment 2

control

uncertainty wrt. group mean 

(𝒒𝟐𝟓, 𝐪𝟓𝟎, 𝒒𝟕𝟓)

pot. range of 

predictions (min 𝒚𝒐𝒃𝒔
𝒕𝒓 𝟏, max 𝒚𝒐𝒃𝒔

𝒕𝒓 𝟏)
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Expert expectations

Introductory example
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# 02 

Investigate treatment-effect on some 

dependent variable (e.g. plant growth)

treatment 1

treatment 2

control

Expert assumptions:

treatment 1,2 ≥ control

treatment 1 ≤ treatment 2

ISBA, 06 July 2024 

plant growth
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Expert expectations

Introductory example
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# 03 

Investigate treatment-effect on some 

dependent variable (e.g. plant growth)

treatment 1

treatment 2

control

Expert assumptions:

treatment 1,2 ≥ control

treatment 1 ≤ treatment 2

uncertainty wrt. group mean 

(𝒒𝟐𝟓
𝒕𝒓𝒕 𝟏, 𝐪𝟓𝟎

𝒕𝒓𝒕 𝟏, 𝒒𝟕𝟓
𝒕𝒓𝒕 𝟏)

pot. range of 

predictions (min 𝒚𝒐𝒃𝒔
𝒕𝒓𝒕 𝟏, max 𝒚𝒐𝒃𝒔

𝒕𝒓𝒕 𝟏)
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plant growth



university
dortmund

computational statistics
|

Statistical model

Introductory example
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# 04 

𝛽0 ∼ Normal 𝜇0, 𝜎0
𝛽1 ∼ Normal(𝜇1, 𝜎1)
𝛽2 ∼ Normal 𝜇2, 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠

ISBA, 06 July 2024 

plant growth

uncertainty wrt. group mean 

(𝒒𝟐𝟓
𝒕𝒓𝒕 𝟏, 𝐪𝟓𝟎

𝒕𝒓𝒕 𝟏, 𝒒𝟕𝟓
𝒕𝒓𝒕 𝟏)

pot. range of 

predictions (min 𝒚𝒐𝒃𝒔
𝒕𝒓𝒕 𝟏, max 𝒚𝒐𝒃𝒔

𝒕𝒓𝒕 𝟏)
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Translate expert beliefs into corresponding priors

The problem
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# 05 
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Expert prior elicitation has a long history

The problem is actually not new
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Parametric Bayesian Models
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# 06 

Recent review: Mikkola et al. (2023) 

Historically, methods focused on model parameters

Recent shift to methods that focus on prior predictive distribution
e.g., da Silva et al. (2019); Hartmann et al. (2020); Manderson & Goudie (2023)

translate
𝜷 ∼ 𝒑𝝀

query information
from expert

prior
distribution

Parameter space Parameter space

Observable space Parameter space

Parameter/ Observable space Parameter space
our 

method

ISBA, 06 July 2024 
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Overview of our prior elicitation method

Our contribution to the problem
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ISBA, 06 July 2024 

Bockting, F., Radev, S. T., & Bürkner, P. C. (2024). Simulation-Based Prior Knowledge Elicitation for Parametric
Bayesian Models. arXiv preprint arXiv:2308.11672.
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Overview of our prior elicitation method

Our contribution to the problem
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Bockting, F., Radev, S. T., & Bürkner, P. C. (2024). Simulation-Based Prior Knowledge Elicitation for Parametric
Bayesian Models. arXiv preprint arXiv:2308.11672.
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Initialize hyperparameter vector

A closer look into our method

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.de

# 08 

𝛽0 ∼ Normal 𝜇0 , 𝜎0
𝛽1 ∼ Normal(𝜇1 , 𝜎1)

𝛽2 ∼ Normal 𝜇2 , 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠

ISBA, 06 July 2024 
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Initialize hyperparameter vector 

A closer look into our method

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.de

# 08 

ISBA, 06 July 2024 

𝛽0 ∼ Normal 𝜇0 , 𝜎0
𝛽1 ∼ Normal(𝜇1 , 𝜎1)

𝛽2 ∼ Normal 𝜇2 , 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠
Initialization yielding 

smallest loss
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Initialize hyperparameter vector 

A closer look into our method
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# 08 

Initialization yielding 

smallest loss

ISBA, 06 July 2024 

Implied prior predictions

𝛽0 ∼ Normal 𝜇0 , 𝜎0
𝛽1 ∼ Normal(𝜇1 , 𝜎1)

𝛽2 ∼ Normal 𝜇2 , 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠
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Simulate from the generative model …

A closer look into our method
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𝛽0 ∼ Normal 𝜇0
𝑖𝑛𝑖 , 𝜎0

𝑖𝑛𝑖

𝛽1 ∼ Normal(𝜇1
𝑖𝑛𝑖 , 𝜎1

𝑖𝑛𝑖)

𝛽2 ∼ Normal 𝜇2
𝑖𝑛𝑖 , 𝜎2

𝑖𝑛𝑖

𝑠 ∼ Normal+ 𝜎𝑖𝑛𝑖

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠
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… and compute the elicited statistics

A closer look into our method
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𝒒𝟐𝟓 𝐪𝟓𝟎 𝒒𝟕𝟓

min max
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Compute loss based on simulated data and expert expectations

Learn hyperparameter vector via batch SGD

A closer look into our method
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# 11 

𝐿 𝜆 = 𝛼1𝐿1 min𝑦𝑝𝑟𝑒𝑑
𝑡𝑟𝑡 1 , min ො𝑦 𝑝𝑟𝑒𝑑

𝑡𝑟𝑡 1 + 𝛼2𝐿2 𝑞𝑝
𝑡𝑟𝑡 1, ො𝑞𝑝

𝑡𝑟𝑡 1 +⋯+ 𝛼6𝐿6 𝑞𝑝
𝑐𝑟𝑡, ො𝑞𝑝

𝑐𝑟𝑡

ISBA, 06 July 2024 
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Compute loss based on simulated data and expert expectations

Compute gradient of loss w.r.t. 𝜆 and adjust 𝜆 in the opposite direction of the gradient

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.de

𝐿 𝜆 = 𝛼1𝐿1 min𝑦𝑝𝑟𝑒𝑑
𝑡𝑟𝑡 1 , min ො𝑦 𝑝𝑟𝑒𝑑

𝑡𝑟𝑡 1 + 𝛼2𝐿2 𝑞𝑝
𝑡𝑟𝑡 1, ො𝑞𝑝

𝑡𝑟𝑡 1 +⋯+ 𝛼6𝐿6 𝑞𝑝
𝑐𝑟𝑡, ො𝑞𝑝

𝑐𝑟𝑡

ISBA, 06 July 2024 

Learn hyperparameter values via batch SGD

A closer look into our method
# 11 
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Compute loss based on simulated data and expert expectations

Compute gradient of loss w.r.t. 𝜆 and adjust 𝜆 in the opposite direction of the gradient

Repeat until max. number of epochs
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𝐿 𝜆 = 𝛼1𝐿1 min𝑦𝑝𝑟𝑒𝑑
𝑡𝑟𝑡 1 , min ො𝑦 𝑝𝑟𝑒𝑑

𝑡𝑟𝑡 1 + 𝛼2𝐿2 𝑞𝑝
𝑡𝑟𝑡 1, ො𝑞𝑝

𝑡𝑟𝑡 1 +⋯+ 𝛼6𝐿6 𝑞𝑝
𝑐𝑟𝑡, ො𝑞𝑝

𝑐𝑟𝑡

update 𝜆𝑖𝑛𝑖𝑡 ↦ 𝜆𝑡1

…

update 𝜆𝑡max−1 ↦ 𝜆𝑡max

ISBA, 06 July 2024 

Learn hyperparameter values via batch SGD

A closer look into our method
# 11 
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Convergence diagnostics

A closer look into our method
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# 12 

𝛽0 ∼ Normal 𝜇0 , 𝜎0
𝛽1 ∼ Normal(𝜇1 , 𝜎1)

𝛽2 ∼ Normal 𝜇2, 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠

ISBA, 06 July 2024 
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Translate expert beliefs into corresponding priors

Reminder: The problem

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.deISBA, 06 July 2024 
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Results: learned vs. expert-elicited statistics

A closer look into our method

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.de

# 13 

expert information

model-implied 

elicited statistics

ISBA, 06 July 2024 

plant growth
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Results: Learned prior distributions

A closer look into our method
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𝛽0 ∼ Normal 𝜇0 , 𝜎0
𝛽1 ∼ Normal(𝜇1 , 𝜎1)

𝛽2 ∼ Normal 𝜇2, 𝜎2
𝑠 ∼ Normal+ 𝜎

𝜃𝑖 = 𝛽0 + 𝛽1𝑥1,𝑖 + 𝛽2𝑥2,𝑖

𝑦𝑖 ∼ Normal 𝜃𝑖 , 𝑠
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Sensitivity of learned prior distributions

Sensitivity analysis
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Sensitivity analysis (30 replications with varying seed)
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Sensitivity of learned elicited statistics

Sensitivity analysis
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Sensitivity analysis (30 replications with varying seed)Expert information (reminder)

min 𝒚𝒐𝒃𝒔
𝒕𝒓𝒕 𝟐, max 𝒚𝒐𝒃𝒔

𝒕𝒓𝒕 𝟐

plant growth

𝒒𝟐𝟓
𝒄𝒓𝒕, 𝐪𝟓𝟎

𝒄𝒓𝒕, 𝒒𝟕𝟓
𝒄𝒓𝒕
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Approaches for dealing with sensitive results

Sensitivity analysis

Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
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# 17 

ISBA, 06 July 2024 

Elicit additional expert information and 
incorporate it in the learning algorithm
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Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.deISBA, 06 July 2024 

Elicit additional expert information and 
incorporate it in the learning algorithm

Select plausible prior distributions
among learned hyperparameter values

Approaches for dealing with sensitive results

Sensitivity analysis
# 17 
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Parametric Bayesian Models
florence.bockting@tu-dortmund.deISBA, 06 July 2024 

Elicit additional expert information and 
incorporate it in the learning algorithm

Select plausible prior distributions
among learned hyperparameter values

Model averaging

Approaches for dealing with sensitive results

Sensitivity analysis
# 17 
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Outlook 
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Simulation-Based Prior Knowledge Elicitation for 

Parametric Bayesian Models
florence.bockting@tu-dortmund.de

|# 18 

Make the method actually Bayesian …
Explicitly represent uncertainty about the elicitation process and learn a posterior distribution of 
the hyperparameter values

Instead of learning the hyperparameters of a prespecified family – learn the 
whole joint distribution on the model parameters

Work in progress – preprint is coming soon

Approaches that deal with multiple expert beliefs

Work out helpful diagnostics 
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|# 18 

Interface to R/Stan (current implementation is in Python TensorFlow)

Tutorial paper for practitioners

Applications 
I am looking for collaborators who have an application (+ an expert) and are willing to 
try out the method.
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