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Simulation-based modeling

® Statistical inference, the common way 2| =
- Assume some likelihood: > o] 2fé<,e<
p(data|parameters) . &
- Learn parametersthat fit the data 4! i

® Sometimes the likelihood can not be computed, but simulating data
from the mOdel |S pOSS|bIe Population Population Population

attime t at time t+1 attime T

- Example: population genetics

® Applications: economics, material physicsbiology, Ul design, ...



Model-based ABC
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see e.g. Wilkinson (2014); Gutmann
and Corander (2016);Jarvenpaa et
al. (2017a)

HELSINKI
INSTITUTE FOR
INFORMATION
TECHNOLOGY

~

(6) = B(2g < <)

T T

—— True posterior
—— Mean (posterior curve)
95% CI (posterior curve)




Efficient and accurate ABC

True (simulation) True (simulation)
Estimated (GP) ) Estimated (GP in.dep.)
® How to model the discrepancies '?:;g%:}_ o
Jarvenpaa et al. (2017a), submitted. %", :
®  Where to simulate the model f e

Estimated ABC posterior |

Jarvenpéa et al. (2017a), submitted.

® I mpl ementati on:
Lintusaatri, et al. (2017), submitted.

(b) expintvar

—— True ABC posterior
Estimated ABC posterior |
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Where to simulate next?

Bayesian experimental design

Simulate with [ “that minimizes the expected loss

Next parameter to simulate

Data simulated with| \ /

Ex+ 6% Dy, (L(m(TaBC |X",07, D1.4)))

\ Training data:

Estimated ABC {(x:,0:) i
posterior



Expected loss

Ag ~ N(f(ﬂ),aﬁ)
f~GP

Model for posterior pdf, follows from:

£y~ | 0% ,D1.¢ (L'(W(WABC | X*? 9*:' Dl:f)))

,

Integrated variance: / V(7aBc(0) | D1:t) A6
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L1.0(67)=2 / 2(6)
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Loss optimization

©

o emm®)  [o2+02,(0) -
\/0-721 + U%:t (9) ’

e —mi.4(0) o,
T | a0,
( \/G-“.'z'.s + U%:t(e) \/O-'.?t + QU%t(e))) ]

For integration -> Importance sampling

For optimization -> Gradient descent



Simulations
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Iteration
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expintvar vs. LCB

expintvar

<Z=>> Estimated posterior
True likelihood
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LCB
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True likelihood
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Other examples

10D Gaussian Lotka—_\_/olterra
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Conclusion

® New principled approach for efficient modetbased ABC

® Overall best performance in the experiments, especially when
- dimension is high
- there is strong prior information available

® Future:

- Multi -point proposals for parallelization

- Models tailored for novel applications
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