
Differentiable EM
and applications with GMMOT

Samuel Boïté, Eloi Tanguy, Julie Delon,
Agnès Desolneux, Rémi Flamary

JDS 2026 – 1st June 2026



Overview
Differentiable Expectation-Maximization

and (toy) applications with Gaussian Mixture OT
[Boï+25]

Data X ∈ (Rd)n ∇ ?7−−−−−−−→ EM(X) : GMM
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Differentiation of EM as a Fixed-Point Algorithm

F F F F

θt = F (θt−1, X) = F t
X(θ0).

Differentiation methods:
• Automatic:

∂θT

∂X
=

∂

∂X

[
F T

X(θ0)
]
.

• Implicit:
∂θT

∂X
≈
(

I −
∂F

∂θ
(θT , X)

)−1
∂F

∂X
(θT , X).

• One-Step:
∂θT

∂X
≈

∂F

∂X
(θT , X).
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Crash Course on GMMOT [DD20]

Mixture-Wasserstein Distance [DD20]

MW2
2(µ0, µ1) = min

P ∈Π(w0,w1)

∑
k,ℓ

P kℓW2
2(µ0,k, µ1,ℓ)

= min
π∈Π(µ0,µ1)∩GMM

∫
R2d

∥x1 − x2∥2
2dπ(x1, x2).
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EM-MW2 as a Loss
Gradient Descent on X 7−→ MW2

2(µ(F T
X(θ0)), ν).

EM Flow Iteration 001/300
current GMM
source GMM
target GMM
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EM-MW2 as a Loss
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EM-MW2 as a Loss
Gradient Descent on X 7−→ MW2

2(µ(F T
X(θ0)), ν).

EM Flow Iteration 300/300
current GMM
source GMM
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Fixing GMM Weights
Gradient Descent on X 7−→ MW2

2(µ(F T
X(θ0)), ν).

Particle flow (non-uniform).
Weight evolution
(non-uniform).

Particle flow (uniform).

0 100 200 300 400 500
Iteration

101
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Non-Uniform Weights

Uniform Weights

Energy evolutions.
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Unbalanced GMMOT

Unbalanced Mixture-Wasserstein Distance [DD20]

MW2
2(µ0, µ1; λ0, λ1) = min

P ∈RK0×K1
+

∑
k,ℓ

P kℓW2
2(µ0,k, µ1,ℓ)

+ λ0 KL(P1|w0) + λ1 KL(P ⊤1|w1).
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Application: Colour Transfer
Gradient Descent on X ∈ (R3)h×w 7−→ MW2

2

(
µ
(
F T

X(θ)
)

, µ
(
F T

Y (θ0)
))

.

Source Result Target

Balanced result Unbalanced result Corrupted target
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Application: Style Transfer

Optimised Image Style Target
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Application: Texture Synthesis

min
X

L∑
ℓ=1

λℓMW2
2

(
F T ◦ Patchesp×p ◦ Downscalesℓ

(X),

F T ◦ Patchesp×p ◦ Downscalesℓ
(Y )

)
.

Re
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nc

e
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ra

te
d
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Thanks!Thanks!
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EM Formulas

F (θ, X) = (w′, m′, Σ′) :

γik(θ) =
wkgmk,Σk

(xi)
K∑

ℓ=1
wℓgmℓ,Σℓ

(xi)
,

w′
k = 1

n

n∑
i=1

γik(θ) ,

m′
k =

n∑
i=1

γik(θ)xi

n∑
j=1

γjk(θ)
,

Σ′
k =

n∑
i=1

γik(θ)(xi − m′
k)(xi − m′

k)⊤

n∑
j=1

γjk(θ)
.
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