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Abstract

Probabilistic programming frameworks automate Bayesian infer-

ence, but their performance is limited by a structural mismatch: the

code a scientist writes to naturally express a model is often not the

code an efficient sampler should execute. In practice, inference is

often dominated by expensive computations entirely determined

by fixed data and model structure, not by the sampled parameters.

Because this structure is not explicit to a general-purpose compiler,

the inference computation appears parameter-dependent and is

therefore redundantly repeated across iterations.

To eliminate this redundancy, we present Impulse, a proba-

bilistic programming system built on MLIR that preserves proba-

bilistic semantics as first-class compiler primitives. We introduce

Sample-Invariant Code Motion (SICM), a compiler pass that per-

forms dataflow analysis to understand operation dependencies on

sampled parameters, applies algebraic rewrites to factor out invari-

ant computation, and hoists the invariant computation out of the

inference process. On standard benchmarks, Impulse achieves a

geomean speedup of 1.7× over NumPyro, 6.4× over Stan, and 53×
over Turing. SICM enables speedups from 8.5× to 190× on models

with sample-invariant structure.

1 Problem and Motivation

Probabilistic programming languages (PPLs) [Abril-Pla et al.

2023; Bingham et al. 2019; Carpenter et al. 2017; Cusumano-Towner

et al. 2019; Ge et al. 2018; Phan et al. 2019] democratize Bayesian

inference by allowing scientists to express models as generative

programs. However, the code a scientist writes to naturally express

a model is often not the code a sampler should execute. Figure 1

illustrates this mismatch: the scientist directly translates a physics

equation into a probabilistic program, but solve(𝑘 · 𝐾,𝑞) couples
the sampled parameter 𝑘 with a fixed matrix 𝐾 , resulting in an

Θ(𝑛3) solve that repeats every iteration.

The Problem. Inference computations are typically dominated

by expensive operations (e.g., linear solves, matrix factorizations,

forward simulations) whose cost is determined by fixed data and

model structure, not the sampled parameters. However, after lower-

ing to inference and differentiation, the algebraic structure needed

for optimization is no longer visible to the compiler.

∗
Role of the participating student: lead the design of Impulse and perform all imple-

mentation and evaluation.

The Solution. These computations can often be decomposed

into sample-invariant factors (determined by fixed data) and sample-

dependent factors that vary across iterations. Hoisting the invariant

factors outside the inference loop eliminates the redundant work.

However, existing systems place the burden of recognizing and

applying such rewrites on the user (e.g., Stan’s transformed data
block [Carpenter et al. 2017]) as their compilers have no visibility

of the probabilistic structure before lowering. Performing the same

factorization after lowering is intractable, since the inference loop

is interleaved with gradient computation.

TheChallenge.Automating this factorization requires algebraic

reasoning before lowering of probabilistic constructs obscures the

model’s structure. Existing PPLs resolve probabilistic semantics

before compilation (Figure 2): in NumPyro [Phan et al. 2019], effect

handlers intercept sample statements at the Python level before

JAX traces the program [Bradbury et al. 2018]; what reaches the

compiler is a numerical programwith no notion of which operations

depend on the sampled parameters. Other models may require

counterintuitive restructuring that adds operations to the forward

model to eliminate redundancy in primal and adjoint (§3.2).

Our approach. Our core insight is that a compiler already pro-

vides the machinery to automate this: dataflow analysis [Kildall

1973] to classify operations by their dependence on sampled param-

eters, rewrite rules to decompose operations into sample-invariant

and sample-dependent factors, and code motion to hoist invari-

ant factors out of loops. We propose deferring the lowering of

probabilistic constructs to happen within the compiler, preserv-

ing sample sites and inference as first-class compiler primitives.

This creates a new optimization surface (Figure 2): standard passes

such as loop-invariant code motion (LICM) and common subex-

pression elimination (CSE) operate before probabilistic structure is

obscured, and new probabilistic-specific passes can perform opti-

mizations enabled by the probabilistic semantics. We present Im-

pulse, a language-agnostic probabilistic programming system built

on MLIR [Lattner et al. 2021], and introduce Sample-Invariant Code

Motion (SICM), a compiler pass that automatically decomposes and

hoists sample-invariant computation out of the inference loop.

2 Background and Related Work

Probabilistic programming and inference. PPLs [Abril-Pla et al.

2023; Bingham et al. 2019; Carpenter et al. 2017; Ge et al. 2018;

Phan et al. 2019] allow scientists to express generative models and
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(a) Model

model {
k ~ LogNormal(0, 1)
T = solve(k * K, q)
y ~ Normal(T, 𝜎)

}

nuts = NUTS(num_samples=N)
trace = mcmc(model, nuts)

(b) Naively lowered, Θ(𝑛3 ) per iteration
def log_density(k):

w = dist.LogNormal(0, 1).logpdf(k)
T = linalg.solve(k * K, q)
w += dist.Normal(T, 𝜎).logpdf(y_obs)
return w

for i in range(N):
g = grad(log_density)(k)
k = leapfrog(k, g, step_size)

(c) Impulse, Θ(𝑛) per iteration
%v = impulse.solve(%K, %q)
%trace = impulse.infer_region

<{alg = "NUTS", num_samples = N}> {
%k = impulse.sample @LogNormal(0, 1)
%T = arith.divf %v, %k
%y = impulse.sample @Normal(%T, 𝜎)

}

Figure 1: A scientist has collected measurements of a quantity 𝑦, which they know to be governed by the equation 𝑦 = (𝑘 ·𝐾)−1𝑞,
though subject to (Gaussian) noise. Given a fixed 𝑛 × 𝑛 matrix 𝐾 and length 𝑛 vector 𝑞, they want to find the most likely setting

of the scalar k, given their observations. (a) The scientist directly translates their equation, computing the intermediate matrix

k · 𝐾 , and writing an explicit solve(k · 𝐾, 𝑞) to compute the inverse. The solve call runs in Θ(𝑛3). (b) Existing probabilistic

frameworks lower the NUTS sampler to a series of gradient descent steps over the scalar parameter k. These systems cannot

hoist the solve outside of loop because of the gradient call and the fact that its first argument depends on k. As a result, the

per-iteration cost remains Θ(𝑛3). (c) Impulse performs a dataflow analysis on the parameters of the sample, and rewrites the

solve to be independent of k, enabling the solve to be hoisted out of the inference loop, reducing the per-iteration cost to Θ(𝑛).
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Figure 2: Compilation pipelines compared. Existing frameworks resolve probabilistic semantics before the compiler, losing

the structure needed for optimizations. Impulse defers this lowering into the compiler, where both standard (LICM, CSE) and

probabilistic (SICM) optimizations exploit the preserved structure before inference is materialized.

automate Bayesian inference. The dominant inference method for

continuous models is the No-U-Turn Sampler (NUTS) [Hoffman

and Gelman 2014], which extends Hamiltonian Monte Carlo [Neal

2011] by adaptively growing a trajectory until a U-turn criterion

is met. Each leapfrog step in NUTS requires evaluating the gradi-

ent of the log-density via reverse-mode automatic differentiation

(AD) [Griewank and Walther 2008].

Existing systems. Stan [Carpenter et al. 2017] compiles mod-

els to C++ but provides no high-level intermediate representation

(IR); users must manually precompute invariant quantities in a

transformed data block. NumPyro [Phan et al. 2019] resolves

probabilistic semantics at the Python level before JAX compila-

tion, so what reaches XLA is a flat tensor computation with no

notion of sample dependence. Gen [Cusumano-Towner et al. 2019]

and Turing [Ge et al. 2018] interpret their inference loops at the

host-language level. All these systems erase probabilistic structure

before the compiler runs, making the optimizations that Impulse

enables (§3.2) infeasible.

Integration/Sampling as language primitives. Prior works have

shown that introducing high-level compiler primitives improves

performance and expressiveness [Achour and Rinard 2020; Ober-

meyer et al. 2019; Sherman et al. 2021]. For instance, a line of work

in computer graphics [Li et al. 2018; Liu et al. 2019; Loubet et al.

2019] relies on the language having explicitly specified integra-

tion/sampling to enable advanced Monte Carlo algorithms [Veach

1998] and new automatic differentiation algorithms for programs

involving integration [Bangaru et al. 2021; Lee et al. 2018; Michel

et al. 2025, 2024]. Impulse is complementary: such algorithms could

be implemented as additional inference strategies and benefit from

pre-lowering optimization.

3 Approach and Uniqueness

Impulse compiles probabilistic programs through a multi-stage

pipeline that consists of a PPL front end, IR design (§3.1), pre-

lowering optimizations (§3.2), and materialization and backend

lowering (§3.3). In this work, we implement our front end in Reac-

tant.jl [Moses et al. 2024].

3.1 Probabilistic IR Design

The impulse MLIR dialect defines operations that capture the core

abstractions of probabilistic programming (Figure 1c shows several

in use). The fundamental primitive is the sample op, which draws

a value from a distribution or invokes a generative sub-model,

carrying a unique symbol and an optional log-density function

reference. The simulate op forward-samples a generative func-

tion and returns an execution trace (a flat tensor of all sampled

values with compile-time-known offsets) together with the joint
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log-density. The generate op extends simulate with a tensor of

observed values, i.e., at constrained sample sites it reads from the

tensor instead of drawing fresh samples. The infer op declares

a probabilistic inference task with algorithm-specific configura-

tion (e.g., NUTS parameters), leaving the materialization to the

probabilistic materialization pass (§3.3); the interface is algorithm-

agnostic and also accepts a user-supplied logpdf_fn for custom

log-density functions [Cabezas et al. 2024]. The modeling interface

follows the design of Gen [Cusumano-Towner et al. 2019], but Im-

pulse replaces dictionary-based traces with tensor representations.

The IR is language-agnostic: any front end that emits impulse IR
can reuse the entire compilation pipeline.

3.2 Probabilistic-Specific Optimizations

Inlining and region construction. The compilation pipeline inlines

the model body into an infer_region, converting each sample op
into a sample_region op and recursively dissolving sub-model

calls until all sample sites are primitive distributions. It then con-

structs a unified logpdf region that merges all log-density contribu-

tions into a single region; everything captured from the enclosing

scope is sample-invariant by construction.

The infer_region boundary tells the compiler that its body is

repeatedly evaluated, so rewrites that increase forward computation

may still pay off if they enable hoisting.

Sample-Invariant Code Motion (SICM). SICM automatically elimi-

nates redundant deterministic computation from the inference loop.

Unlike standard loop-invariant code motion, which only hoists

expressions that are already loop-invariant, SICM creates invari-

ant expressions that do not exist in the original program. SICM

uses a forward dataflow analysis [Kildall 1973] (sample-dependence

analysis) to classify every operation as sample-dependent or sample-

invariant, and hoists invariant computation out of the infer_region.
Figure 1c illustrates that the impulse.solve on line 1 was hoisted

after SICM rewrote solve(𝑘 ·𝐾, 𝑞) as solve(𝐾, 𝑞)/𝑘 (the divf on

line 5), making the Θ(𝑛3) solve sample-invariant.

When an expression is only partially sample-invariant, SICM

applies algebraic rewrite patterns to decompose it into a cheap

sample-dependent part and an expensive sample-invariant part. For

example, cholesky(𝑠 · 𝐴) =
√
𝑠 · cholesky(𝐴) separates the 𝑂 (𝑑3)

factorization of the fixed matrix 𝐴 from the 𝑂 (1) scalar 𝑠 , enabling
the Cholesky to be hoisted. Similar identities cover triangular solves,

scaled matrix products, eigendecomposition lift, and linear operator

absorption (FFTs, scatters). The algebraic rewrite patterns compose

through a fixpoint iteration: each rewrite may expose new hoisting

opportunities for subsequent patterns. Each rewrite is registered as

an MLIR RewritePattern that statically verifies its preconditions

(e.g., 𝑠 > 0 for the Cholesky identity above) before firing; new

patterns extend the set without modifying the dataflow analysis.

Standard passes (inlining, CSE, LICM) interleave with SICM. For

example, recursive inlining exposes the full forward model IR to

optimization, CSE deduplicates across sample sites.

3.3 Materialization and Lowering

The materialization pass expands simulate/generate by recur-

sively unfolding sample sites into distribution calls and trace up-

dates, and lowers infer into algorithm-specific loops. For HMC
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Figure 3: Effective samples per second (𝑛
eff
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on standard benchmarks and the motivating example.

and NUTS [Hoffman and Gelman 2014; Neal 2011], the logpdf re-

gion defines the potential energy and Enzyme [Moses and Churavy

2020; Moses et al. 2021, 2022] synthesizes its gradient through com-

piler transformations. Since the log-density is materialized as IR

before differentiation, standard passes (LICM, CSE) applied before

AD yield asymptotic complexity reductions that post-AD optimiza-

tion cannot recover [Moses and Churavy 2020] (see §4). Remaining

operations lower to StableHLO [OpenXLA Project 2022] for CPU,

GPU, and TPU execution via XLA [TensorFlow Team 2017].

4 Results and Contributions

Contribution 1: Impulse implementation and evaluation. We im-

plement our approach in Impulse, built onMLIR [Lattner et al. 2021],

Enzyme [Moses and Churavy 2020; Moses et al. 2021, 2022] for AD,

and StableHLO [OpenXLA Project 2022] for hardware-accelerated

execution. On the three continuousmodels fromPPLBench [Tehrani

et al. 2020], a standard PPL benchmark suite, Impulse achieves a

geomean speedup of 1.7× over NumPyro [Phan et al. 2019], 6.4×
over Stan [Carpenter et al. 2017], and 53× over Turing [Ge et al.

2018] (Figure 3). On models with sample-invariant redundancy,

SICM achieves a throughput that is 6.2× higher than NumPyro,

9.8× higher than Stan, and 442× higher than Turing. Because Im-

pulse targets MLIR, the optimizations are language-agnostic: any

language (e.g., Julia, Python, C++) that targets MLIR can benefit

from the same compiler pipeline.

Contribution 2: Deferred lowering as a design principle. Preserving

probabilistic constructs in the compiler IR makes standard passes

more effective when applied before lowering. On models with loop-

invariant structure, loop-invariant code motion before AD yields

8× to 36× speedups.

Contribution 3: Sample-Invariant Code Motion. We present a new

compiler pass, Sample-Invariant Code Motion (SICM), that elimi-

nates redundant deterministic computation from the inference loop.

SICM yields 8.5× to 190× speedups on benchmarks with sample-

invariant redundancy in Cholesky factorizations, triangular solves,

scaled matrix products, and linear operators (e.g., FFTs and scatters).

On a GPU-accelerated radio imaging model [Tiede 2022] with 4428

parameters, SICM automatically discovers optimizations behind

multiple layers of abstraction and function calls, reducing inference

time by 3.7× with less than 5% compilation overhead.
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