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Assume additionally: Po(x) =

« Sadly since the intractable Z(€) depends on the parameter, we cannot
use standard MCMC/VI.
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* One potential solution is to perform generalised Bayesian inference:

2 (65 x)iy)  exp (=pn 2,0)) 2(0)

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space

* One potential solution is to perform generalised Bayesian inference:

2 (605 x)iy)  exp (=pn 2,0)) 2(0)

Prior

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space

* One potential solution is to perform generalised Bayesian inference:

2 (605 x)iy)  exp (=pn 2,0)) 2(0)

Loss function  Prior

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space

* One potential solution is to perform generalised Bayesian inference:

2 (65 (x)iy)  exp (=pn Z,0)) 2(0)

‘Generalised posterior’ Loss function  Prior

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space

* One potential solution is to perform generalised Bayesian inference:
2 (65 x)iy)  exp (=pn 2,0)) 2(0)

. Typically, £(0) = D(qyl|p,) and ffn(ﬁ) is a consistent estimator based on data {xl-};f‘=1 ~ .

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space
» One potential solution is to perform generalised Bayesian inference:
2 (65 x)iy)  exp (=pn 2,0)) 2(0)

. Typically, £(0) = D(qyl|p,) and ffn(ﬁ) is a consistent estimator based on data {xl-};f‘=1 ~ .

 One idea is to pick the divergence D so that it does note depend on Z(8).

This is possible with the kernel Stein discrepancy (KSD)!

Matsubara, T., Knoblauch, J., Briol, F.-X., & Oates, C. J. (2022). Robust generalised Bayesian inference for intractable
likelihoods. Journal of the Royal Statistical Society: Series B: (Statistical Methodology), 84(3), 997-1022.



A solution in continuous space

* One potential solution is to perform generalised Bayesian inference:
72 (05 (L) o exp <—,Bn 54,(9)) 2(0)
. Typically, £(0) = D(qyl|p,) and ffn(ﬁ) is a consistent estimator based on data {x;}'_; ~ g

 One idea is to pick the divergence D so that it does note depend on Z(8).

This is possible with the kernel Stein discrepancy (KSD)!

* When the likelihood is exponential family and the prior Gaussian, the approach is fully conjugate!

pe(x) := exp (n(0)TT(x) + B(x) — log Z(0))
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Ising model
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BreaSt cancer data Set Py(x) & exp ;@xi—; 2 ei’jxixj_geo’ilog(xi!)

Conway-Maxwell-Poisson Graphical Model

1==5 Data 100 - 100 200 7
100 A -'i [—1 DFD 100 4
LRM 73] 75 4 150
r 50 4 100 +
50 1 509 50 -
25 1 25 4 50
0 ] 04 o L . . 0 0
20 0 10 20
200 4 _ 150 -
] 200 A
i 150 A 150 4 1+
100 150 - 100 -
100 100 - 100 A
504 T 50 4
50 50 50 4
0 0 0 1 0 0
0 10 20 0 10 20

Dimension of data: 10,
Number of parameters: 64




BreaSt cancer data Set Po(x) x exp ng—lzlggljxlx—;%llog(x')

Conway-Maxwell-Poisson Graphical Model

1==5 Data 100 - 100 200 7
100 A 53 [—1 DFD 100 4
LRM 73] 75 150
r 50 100 1
50 1 509 50 -
25 1 25 50 A
0 . 0 o b . 1 0 0
20 0 10 20
200 1 150
] 200 -
i 150 A 150 41+
100 150 - 100 -
100 A 100 100 A
50 47 50 4
50 50 - 50 4
0 0 0 . 0 0
0 10 20 0 10 20

Almost identical fit
Dimension of data: 10,
Number of parameters: 64




BreaSt cancer data Set Py(x) & exp Z}Hixi—; 2 ei’jxixj_geo’ilog(xi!)

Conway-Maxwell-Poisson Graphical Model

__1 Data 100 A
100 - is 1 DFD
LRM 707

200 A

100 A
150 4

r 50 100 1
50 1 504 |

25 A 50 4

T 0 T
20
150 7
200 A

150 A

100 1 150 100 4

100 1 100 4] |
504 T 50 4

50 50 4

T 1
0 10 20

Almost identical fit ... at a fraction of the cost!
Dimension of data: 10,
Number of parameters: 64 DED Bayes: 1896 seconds (i.e. 31mins)
LRM Bayes: 56 seconds




Time-series of count data i CHP )

Inl,=6y+¢ni_;+0,In(1+x_)),

5 7 « Data
=== True A\
LRM Posterior on A\t
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Time Steps (t)

Dimension of data: 7" (length of time series),
Number of parameters: 3




Time-series of count data i CHP )

Inl,=6y+¢ni_;+0,In(1+x_)),

5 7 « Data
=== True A\
LRM Posterior on A\t

Need to approximate doubly-intractable
3 . .. . . Ce . posterior at each time step! Completely

£ intractable to do online for most problems
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Time Steps (t)

Dimension of data: 7" (length of time series),
Number of parameters: 3




Time-series of count data i CHP )

Inl,=6y+¢ni_;+0,In(1+x_)),

5 7 . Data
—-== True \¢
LRM Posterior on A\t

Need to approximate doubly-intractable
34 e e . . .. . .. Ce . posterior at each time step! Completely

£ intractable to do online for most problems
Q
&) i}
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R Y T T AT T R TS R LA

1 1 1 1 1 1
0 50 100 150 200 250 300
Time Steps ()

Dimension of data: 7" (length of time series), Our method does this
Number of parameters: 3 in 0.1 seconds..!




What | haven’t had time to talk about....

* Theory: We can show fairly standard consistency and BvM under mild conditions!

n a.s
[ nfRM(m {x}L)do =5 1.
B.(0,)



What | haven’t had time to talk about....

* Theory: We can show fairly standard consistency and BvM under mild conditions!

n a.s
[ nfRM(m {x}L)do =5 1.
B.(0,)

 Robustness: Straightforward to add some weights to enforce outlier-robustness.

_ 1 () g\’
PV RMip) = E,_ | ——— (1 Py )
(qllp) :==E,, [ M| x/EM(x)w(x) 0g ) og /)



What | haven’t had time to talk about....

* Theory: We can show fairly standard consistency and BvM under mild conditions!

n a.s
[ nﬁRM(m {x}L)do =5 1.
B.(0,)

 Robustness: Straightforward to add some weights to enforce outlier-robustness.

) ol - ?

1 x/ x/ . 0.1 1 Data ; 4 10 i

D) =By | s T vl -l L) | | A
| M(x) | YEM() pX q\x 0 0 Jil

1D Conway-Maxwell-Poisson model




Any Questions?

Laplante, W., Altamirano, M., Duncan, A. D., Knoblauch, J. & Briol, F.-X. (2025+). Conjugate
generalised Bayesian Inference for discrete doubly intractable problems. To appear.




