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Observation modelPhysical model

Inverse problems in science
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p(x∣y) ∝ p(x)p(y∣x) x

p(θ∣y) θ



Neural Posterior Estimation (recap)
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Diffusion models 101

x ∼ p(x)

dx =t f x dt +t t g dw ,t t

xt t



dx =t f x − g ∇ log p(x ) dt +[ t t t
2

xt t ] g dw .t t

x ∼0 p(x ) ≈0 p(x)
x ∼1 p(x ) ≈1 N (0, Σ )1

t = 1 0



∇ log p(x )xt t

d (x , t)θ t

E ∣∣d (x , t) − x∣∣ .p(x)p(t)p(x ∣x)t
[ θ t 2
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θ t x )t
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Inverting single observations

p (x)θ p (x∣y)θ

y d (x , t, y)θ t
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∇ log p(x ∣y)xt t

∇ log p(x ∣y) =xt t ∇ log p(x ) +xt t ∇ log p(y∣x ) −xt t .∇ log p(y)xt

p(x )0

p(y∣x)



Approximating 
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∇ log p(y∣x )xt t

∇ log p(y∣x )xt t

p(y∣x ) =t p(y∣x)p(x∣x )dx.∫ t

p(y∣x) = N (y∣Ax, Σ )y

p(x∣x ) ≈t N (x∣E[x∣x ], V[x∣x ])t t

E[x∣x ]t V[x∣x ]t

p(y∣x ) ≈t N (y∣AE[x∣x ], Σ +t y AV[x∣x ]A )t
T

∇ log p(y∣x )xt t

∇ E[x∣x ] A (Σ +xt t
T T

y AV[x∣x ]A ) (y −t
T −1 AE[x∣x ]).t
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Inverting gravitational lenses

Lensing operator

x y

p(x)



Nowcasting Black Sea hypoxia from satellite observations
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Combining multiple observations
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∇ log p(x ∣y , y , ...) =xt t 1 2 ∇ log p(x ) +xt t ∇ log p(y ∣x ).
i

∑ xt i t
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p(x ∣y) =1:L p(x ) p(x ∣x ).
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p(y∣x )1:L
0

i=1

∏
L−1

i+1 i



Score-based data assimilation
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x1:L 721 × 1440 × 6 ×
13 × 24 × 14 = 27 × 109
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Latent diffusion models for physics emulation
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Appa: Bending weather dynamics with LDMs
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p(x ∣y )1:L 1:L
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Observation model

Learning priors from noisy observations

y ∼ p(y) p(y∣x)

q (x)θ

q (y) =θ p(y∣x)q (x)dx∫ θ

p(y)
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x q (x)θ

q (y)θ

θ =k+1 arg E E log q (x) ,
θ

max p(y) q (x∣y)θk
[ θ ]

q (x∣y)θk
q (x)θk

θk E log q (y)p(y) [ θk
]



q (x)θk
q (x∣y)θk





Conclusions
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