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R20MC: In a nutshell

SBI with a differentiable simulator?
= R20MC infers accurate posterior samples efficiently
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R20MC: Paper & Code

arXiv:2504.11087
github.com/givasile/1fi

m Paper:
m Code:

Experiments: Gaussian & SLCP benchmarks

Speed vs. Accuracy vs. Transparency in SBI

Traditional LFI methods (ABC, SMC-ABC, MCMC-ABC) are transparent but
do not scale beyond low-dimensional parameter spaces.

Modern neural methods (NPE, BayesFlow, FMPE) scale to high dimensions but
require large simulation budgets, long runtimes, and sacrifice transparency.
R20MC is fast (low simulation budget), scalable (high-dimensional spaces), and
transparent (no neural network).
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Two-Gaussian mixture: simple (D= D, =2), distractors (D=2, D, =18), high-dim (D= D, =10).

R20MC matches the reference at low runtime; neural baselines need much higher budgets.

1R20MC builds on top of OMC and ROMC

m Limitations of vanilla ROMC:

m OMC (Meeds et al., 2015) and ROMC (lkonomov et a

, 2020):
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R20MC: Method overview
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Gradient-based optimization.
Distances d,,(0) = ||g(0,u;) — y?|| minimized via gradient descent; scales to

high-dimensional 6.

Distractor filtering.

Average gradient norm per output dimension thresholded at 7:

i = Ey0)p(u)

dimensions m..
Multiple iid observations.

Per-observation proposals combined: ¢(0) = <>, ¢(0), with weights

[|[Vggi(@,u)||| > 7. Optimization runs only on informative

Wy = % [1, > 1,in(6)) retaining samples consistent with all observations.

JAX implementation.

grad for Jacobians, vmap vectorizes over seeds and dimensions, jit fuses

optimization steps.

Install:

s prior

How to use R20MC

simulators,

priors.UniformPrior (low=-3,

inference

high=3,

pip install git+https://github.com/givasile/1fi

dim=2) # or your own prior

2simulator = simulators.TwoMoons(dim=2, dim_y=2) # or your own simulator
5y_obs = # shape (N_obs, D_y)
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7model = inference.r2omc.R20MC(prior, simulator, y_obs)

smodel .fit (budget=500)
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Success Frontier on Spase (left) and SS25F (right): minimum runtime to reach C2ST < 0.75. R20MC

base
stays in seconds; neural-based methods blow up past one hour.
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C2ST vs. runtime on SLCP (left) and SLCP+distractors (right). R2ZOMC reaches competitive
accuracy in seconds; neural-based methods require high runtimes.

Experiments: 784D image inference
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Post. std
784D pixelwise-noise inference with ~ 100 simulations on 10 MNIST digits.
Experiments: Lotka—Volterra & Two Moons
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Lotka—Volterra (top): pairwise posterior with true 8* (%) within posterior mass; coverage
calibration over 150 SBC repetitions follows the diagonal.
Two Moons (bottom): pairwise posterior and C2ST vs. runtime.

o samples = model.sample(nof_samples=1000)
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