
Multi-GPU distributed PnP-ULA for high-dimensional
imaging inverse problems

Maxime Bouton*, P.-A. Thouvenin*, A. Repetti†‡ et P. Chainais*

*Université de Lille, CNRS, Centrale Lille, UMR 9189 CRIStAL, F-59000 Lille, France
†School of Mathematical and Computer Sciences, Heriot-Watt University, Edinburgh EH14 4AS, UK

‡Maxwell Institute for Mathematical Sciences, Edinburgh EH8 9BT, UK

1. Context
Inverse problems : estimate x ∈ RN from observations y ∈ RM

y = A(Hx) ⇝ π(x | y) ∝ exp (−ϕy(Hx)) p(x),

with
A noise model
H ∈ RM×N measurement operator
ϕy ◦ H : RN → RM data-fidelity term
p prior on x

Uncertainty quantification ⇒ Monte-Carlo Markov Chains ( MCMC )

Estimation quality ⇒ learned prior, encoded by a neural network

⇝ Plug-and-Play (PnP) approaches

Very high-dimensional problems (M ≈ N > 106)
⇒ distributed sampler on SPMD architecture (Thouvenin et al. 2024):
⊕ split data and processing on B workers
� restrain communications

2. Towards a distributed PnP-ULA
PnP-ULA (Laumont et al. 2022) :

z(t+1) ∼ N (0, IN )
x(t+1) = x(t) − δH∗∇ϕy(Hx(t)) +

√
2δz(t+1)

+ αδ

ϵ

(
Dϵ(x(t)) − x(t)) + δ

λ

(
ΠC(x(t)) − x(t)),

with Dϵ pre-trained (deep) Gaussian denoiser, variance ϵ
ΠC projection onto C ⊂ RN , non-empty compact convex set

Proposed distributed strategy: exploit operation locality

Property: f local ⇔ [f(x)]i = f̃i(x[i]), x[i]: "small" subset of x

Assumptions :
• ϕy block-additively separable ⇝ (yb)1≤b≤B ⊥⊥| x

• H, ∇ϕy, ΠC and Dϵ local ⇝ (xb)1≤b≤B + limited communications

Choice of Dϵ : Deep Dual Forward-Backward (Le et al. 2024)
• Convolutions ⇒ Local ✓
• Few layers ⇒ Number of communications ↘

Figure 1: DDFB architecture

Distributing a convolution
layer of DDFB :

1 Communications

2 Applying the operator

3 Handling side effects

3. Proposed distributed algorithm
Input: y ∈ RM , ϵ > 0, α > 0, λ, δ

1 for each worker b ∈ {1, . . . , B} do in parallel
2 Load and store yb ∈ RMb

3 Initialize x
(0)
b ∈ RNb

4 for t = 0 to T − 1 do
5 Communicate to compute gb

(t) = 1
σ2

[
H∗(

Hx(t) − y
)]

b

// Communicate within each layer of DDFB to compute
6 db

(t) =
[
Dϵ(x(t))

]
b

// Local update
7 Draw zb

(t+1) ∼ N (0, INb )
8 xb

(t+1) = xb
(t) − δgb

(t) + αδ
ϵ

(
db

(t) − xb
(t))

+ δ
λ

(
ΠCb (xb

(t)) − xb
(t)) +

√
2δzb

(t+1)

Output: (x(t))1≤t≤T

4. Experiments on synthetic data
Application: deconvolution on colored image, Gaussian noise σ = 0.03
Comparison: PnP-FB using DRUNet (serial implementation)

Figure 2: First row: Observations, ground truth, convolution kernel. Second
row: MAP (PnP-FB), MMSE (ours, B = 4) and credibility interval.

B Time / iter (ms) Speedup rSNR SSIM
1 199 ± 1.43 1 19.36 0.77
2 135 ± 0.87 1.47 19.37 0.77
4 108 ± 0.68 1.84 19.39 0.77

Table 1: Strong scalability

5. Conclusions
Distributed PnP-ULA sampler
→ same theoretical guarantees as serial counterpart;
→ scalability: Single Program Multiple Data (SPMD) architecture;
→ multi-GPU implementation;
→ constraints on the denoiser structure.
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