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Amortized Bayesian Inference (ABI)

/
p(6)

p(»16)

Likelihood >—{ Data

Simulated

~
]

y

Amortized A

Collect

Research
Domain

Observed
Data

y

Amortized

wproximation Loop

Approximator

Approximate
Posterior
Pa@1) /

Amortized Mixture and Multilevel Models

Paul Biirkner

Approximator

Approximate
Posterior

K P40 13) Inference Phy




Neural Posterior Estimation

Example: Maximum likelihood loss for normalizing flow g,, coupled
with summary architecture h:

.8 = argmin )00 [~ 108040 | e(v)

In practice approximated via S samples (), y(*)) ~ p(8,y):

- 1 &
P, €= ar%mln 5 Z [_ log qd)(e(S) | hg(y(s)))]
’ s=1

Amortized Mixture and Multilevel Models Paul Biirkner 4



Factorized Bayesian Models

Example: Suppose we have data y and two sets of parameters 6
and 7 with the following forward model:

p(y,0,7) =p(7) p(0 | 7) p(y | 0)

Then we can obtain simple factorization of the posterior:

p(0,7[y) =p@|y) p(r|0)
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Mixture Models

Kucharsky S. & Biirkner P. C. (in review). Amortized Bayesian
Mixture Models. ArXiv preprint. https://arxiv.org/abs/2501.10229
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Mixture Models as Graphical Models

21
(a) Exchangeable observational units (indepen-
dent mixtures)
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(b) Hidden Markov model (c) Joint prior over mixture indicators
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Factorization for Mixture Models

Forward model (independent observational units):
0 ~ p(0)
z~p(z]0)
Y, ~p, (y|0)

for i =1,..., N observational units

Inverse factorization (independent units):

1

(62| {y;;}) =2 | {yi3}) 1oz | :,6)

i=1

Inverse factorization (dependent units):

p(0,z [ {y;}) = p(0 | {v;}) (2 | {v;},0)
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Neural Archictecutres for Mixture Models: Forward

6 ~ p(0)

iel,...,N /

yi ~p(y | 2,0)

| . network !

' network \ network
lhw ({P(9:)})
. Posterior | Loss:
v ?tityv_o_rlf ) _: —loggy (0 [ hyp ({he (?/)}))
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Neural Archictecutres for Mixture Models: Inverse
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Gaussian Hidden Markov Models
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Example: Gaussian Hidden Markov Model with Two States

p; ~ Uniform(2,5) i=1,...,N

oy, ~ Dirichlet(2,2) k=1,2

z, ~ Categorical(0.5,0.5)

z; ~ Categorical(a,, ) i=2,...,N

(thyy pg) ~ Normal((—1.5, 1.5), |]>

1 <tg

Y;; ~ Normal(p, ,1) i=1,...,N;j=1,...,p;
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Results: Calibration and Recovery
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Results:

Joint Posterior
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Results: Classification

Observations
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Multilevel Models

Habermann D., Schmitt M., Kithmichel L., Bulling A., Radev S.
T., & Birkner P. C. (in review). Amortized Bayesian Multilevel
Models. ArXiv preprint. https://arxiv.org/abs/2408.13230
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Factorization for Simple Multilevel Models
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Neural Archictecture for Two-Level Models
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Example: European Air Passenger Traffic

Likelihood of the difference in air passenger traffic for country j
between time ¢ 4+ 1 and ¢:

Yitr1 ™ Normal(aj +y; 8 +u; v + w405, Uj)

Local priors:

5j ~ Normal

log(o;) ~ Normal

Global priors not shown for simplicity
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Results: Posterior Predictions
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Results: Calibration and Recovery
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Results: Comparison with Stan
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Summary

Multilevel and mixture models follow simple probabilistic

factorizations
Utilizing these factorizations enables amortized Bayesian inference
across varying number of observational units and observations

within units

Much of the potential of neural ABI is yet to be realized
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