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SELF-CONSISTENCY LOSSES

Bayesian self-consistency Closing the Simulation Gap — with unlabeled real data you already have

Prior: 6 ~ A (Hysior Orior Ip)  Likelihood: x® ~ (0, 62, 1)

Under prior misspecification o # Hops

px | ‘9(1))17(‘9(1)) px | H(L))P(H(L)) . . . For self-consistency training: x,® ~ 4 (u*,1,), where u* = 3.0
Independent of parameters —— @= o0 =...= 70 } — This ratio remains constant :
PO pOTLD
Hobs=0 Hobs=1 Hobs=2 Hobs=3 Hobs=2 Hobs=38 Hobs=11
s p (0 N STANDARD ABI TRAINING BLased
q¢( | x) = p(@ | x) p(x | 9(1))[9(9(1)) p(x | Q(L))p(Q(L)) Independence breaks INFERENCE ON REAL-WORLD DATA

e e
o
=%
R

dimension 2
Ul
| @
C)

In ABI, generative neural 7T £ .. F
’ . (1) (L) when the parameters
networks aperX|mate the q(0'" | x) q(0'") | x) . are approximate
L posterior ) /'

Unsupervised self-consistency losses
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The choice of self-consistency score C
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'« Amortized Bayesian Inference (ABI) relies heaV|Iy on simulated training data but in practice, simulators are often mlsspeC|f|ed
o Standard ABI methods lead to overconfident and biased posteriors under simulation gap.

‘,’ e We propose a semi-supervised training method for ABI using self-consistency losses on unlabeled real-world data.

‘e Qur approach provides reliable posterior estimates under model misspecification as shown by our empirical results.
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PROPOSITIONS

Under the assumption of Prop. 1, the semi-

. If posterior is known and likelihood is approximated,
supervised loss

1. Self-consistency losses are strictly proper 2. Variance based SC loss is strictly proper e We also generalise the self—con3|stency losses beyond thelr variance based form and prove their strlct properness
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Is strictly-proper for any choice of p*(x).

is strictly proper - globally minimised iff g(x | 6) = p(x | 6)




