Automatic differentiation and performance
portability for Oceananigans via Enzyme + Reactant

0

P~
Willlam S. Moses

wsmoses@illinois.edu

UNIVERSITY OF ECCO Meeting
ILLINOIS May 29, 2026

URBANA-CHAMPAIGN




William S. Moses'®, Mosé Giordano*, Avik Pal*, Gregory Wagner*, Ivan R Ivanov, Paul Berg”,
Johannes Blaschke, Jules Merckx®, Arpit Jaiswal®, Patrick Heimbach®, Son Vu, Sergio
Sanchez-Ramirez®, Simone Silvestri, Nora Loose*, Ivan Ho, Vimarsh Sathia', Jan Hueckelheim®,
Johannes De Fine Licht, Kevin Gleason®, Ludovic Rass, Gabriel Baraldi, Dhruv Apte”, Lorenzo
Chelini®, Jacques Pienaar®, Gaetan Lounes, Valentin Churavy, Sri Hari Krishna Narayanan®, Navid
Constantinou, William R. Magro§, Michel Schanen*, Alexis Montoison®*, Alan Edelman®*, Samarth

Narang, Tobias Grosser, Keno Fischer?, Robert Hundt?, Albert Cohen?, Oleksandr Zinenko?® *
UIUC ', Google *, UCL*, MIT %, NVIDIA ¢, UT Austin *, [C]Worthy *, BSC ¢, Argonne National Laboratory *,

LBNL ¥, Cambridge b, JuliaHub 1, University of Mainz ﬂ, BFH Y, Ghent University ©



0

Differentiation: Connecting Science and Al

Target Reconstruction

1ad Image Loss

Derivatives are key to science + ML
» Scientific Computing: UQ, Differential
Equation, Error Analysis

* Machine Learning: Back-Propagation,
B ayeS i a n I n fe re n Ce g?énGEngan;\g;ﬁggeznzt,lazt:ﬁgno:( El;(fgr%econstructlon Filters for Path-Space Differentiable Rendering,

’

IBO JﬂéﬂmA & NSFE LSSL: Differentiable programming in Julia for Earth system modeling from Center for the Exascale Simulation of Materials in Extreme Environments

3 from Differential Molecular Simulation with Molly.jl, EnzymeCon 2023,
Joe Greener (Cambridge)



https://dl.acm.org/doi/pdf/10.1145/3550454.3555500
https://clima.caltech.edu/
https://dj4earth.github.io/
https://dj4earth.github.io/
https://computing.mit.edu/cesmix/
https://enzyme.mit.edu/conference

Automatic Derivative Generation

Derivatives can be generated automatically from definitions within programs

double relu3(double x) { double grad_relu3(double x) {
if (x > 0) if (x > 0)
return pow(x, 3) AD return 3 * pow(x,2)
else else
return 9; return 0;
J J

S S

Unlike numerical approaches, automatic differentiation (AD) can compute the derivative of ALL
inputs (or outputs) at once, without approximation error!

// Numeric differentiation // Automatic differentiation
// f’(x) approx [f(x+epsilon) - f(x)] / epsilon double [100];
double [100];
grad_f( , )
for (int 1=0; 1<100; 1i++) { —
double [100] = ;
[1] += 0.01;
[1] = (f( ) - f( ))/90.001;




Differentiation is Expensive

Derivatives are the most costly and
difficult to use algorithms
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With Enzyme differentiation:
1 hour on 1 thread




Differentiation is Expensive

D.erlvatlves are the most costly and  p.constructed image of M87
difficult to use algorithms ~1 week on cluster

Majority runtime is derivative

With Enzyme differentiation:
1 hour on 1 thread

100x resolution increase




Existing Automatic Differentiation Pipelines

Optimize

CodeGen




Case Study: Vector Normalization

//Compute magnitude in O(n)
double mag(double[] x);

//Compute norm in 0(n”*2)

void norm(doublel ]

for (int 1=0; 1i<n;

, doublel]

++) {

[1] = in[1] / mag(in);

)
}
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Case Study: Vector Normalization

//Compute magnitude in O(n)

double mag(double[] x):

//Compute norm in O(n)
void norm(doublel ]
double = mag(in);
for (int 1=0; 1i<n;
[1] = 1in[1] /
J
J

)

, doublel]

N>

)
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Optimization & Automatic Differentiation

O (n?) O (n) O (n)
for i=0.. = mag(in) = 0.0
Ll /- magGiry | Optimize > for i0..n < AD O res o 8 outli]
) - |
_ . } )
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Optimization & Automatic Differentiation

0 (n) 0 (n) 0 (n)
for i=0..n { - = mag(in) = 0.0
[i] /= mag(in) Optimize for i=0..n { AD for i=n..0 {
) [i] /= = [i]
— S } )
— — Vmag ( )
0 (n°) 0 (n)
for 1=0..n { for :”-;Q { -
J S m maeln) AD } Vmag ( )

— —
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Optimization & Automatic Differentiation

0, (nz) O (n)
for i=0. . - mag(in)

or o Dz{mag( ) Optimize for EQj.DZ{
b - }

O (n?) O (n?)
for i=0..n { for :n.;® t ri
) L1] /= mag(in) AD Vmag (

}

| — S

O (n)
= 0.0
AD for :n.ﬁ { -
J
Vmag ( )
O (nz)
for i=n..0 {
. d_res = [1]..
Optimize vmag ( d_res)
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Optimization & Automatic Differentiation

Differentiating after optimization can create asymptotically faster gradients!

O (n?) O (n) O (n)
for i=0.. = mag(in) = 0.0
Ll /- magGiry | Optimize > for i0..n < AD O re e 8 outlil.
: — S J J

- vmag ( )
2

0 (1) 0 (1) 0 (1)

for i=0. .n { for :n°;® { [ ] for 1i=n..0 {
_ = - d_res = [i]..

: [1] /= mag(in) AD Vmag ( ) Optimize Vmggs(; d_res)

_ . 3 }
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Enzyme CPU Speedups [NeurlPS’20]

Higher Is Better

X

LSTM BA GMM Euler RK4 FFT

0.0- /2

Enzyme Is 4.2x faster than Reference!
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Common Framework for Parallel AD [SC’22]

Common infrastructure for supporting parallel AD (caching, race-resolution, gradient
accumulation) enables parallel differentiation independent of framework or language.

float y = f(x); <i>
Node 1 MPI_Send(&y, ...); ? ﬁ

of

.

float y;
Node 2 MPI Recv(&y, ...):

#pragma omp parallel for
for (int 1=0; 1<3; ++1){

y[1] = f(x[1]);
}

Threads.@threads for i=1:3
yl[i] = f(x[1])
end

@sync begin L4 . L
@spawn @sync for i in i:3 Luf L—j;/7.f Yy

@spawn f(x(1i)) ‘\\‘ ’///
end

@spawn g()

Compiler
) e
N Beef
=
@]
~
~
k.,’

end

Code p Compiler IR > Rever.se-l\./lode
Derivative

Enables differentiation of a combination of GPU (e.g. CUDA, ROCm), CPU (OpenMP, Julia
Tasks, RAJA), Distributed (MPI, MPL.jl), and more
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The Code | Want To Write != The Code | Want To Run

function f(x: Symmetric)
return x*x + transpose(x#*x)
end




The Code | Want To Write != The Code | Want To Run

- Allocation for result of x*x function f(x: Symmetric)
return x*x + transpose(x#*x)
end

Matmul computation
- Allocation for result of second x*x
Matmul computation
No allocation of transpose (yay types!)
- Allocation for result of add

- Add computation



The Code | Want To Write != The Code | Want To Run

- 3 X Allocs; 2 x Matmuls; 1 x Add function f(x: Symmetric)
return x*x + transpose(x#*x)

end




The Code | Want To Write != The Code | Want To Run

- 3 X Allocs; 2 x Matmuls; 1 x Add function f(x: Symmetric)
return x*x + transpose(x#*x)
end

function f2(x: Symmetric)
+ 2 X Allocs; 1 x Matmuls; 1 x Mul return 2%xx

end




The Code | Want To Write != The Code | Want To Run

3 X Allocs; 2 x Matmuls; 1 x Add function f(x: Symmetric)
return x*xx + transpose(x*x)
end
function f2(x: Symmetric)
2 X Allocs; 1 x Matmuls; 1 x Mul return 2xx*

end

function f3(x: Symmetric)

1 X Allocs; 1 x Matmuls mul!? SiTﬂ?r(,>2, Q)

end




Why Can’t the Compiler Fix this for Me?

function f(x)
return x*x + transpose(x*x)
end

@code_typed f(x)

CodelInfo(

1 — %1 = invoke Main.:*x(x::Matrix{Float64}, x::Matrix{Float64})::Matrix{Float64}

%2 = 1nvoke Main.:*x(x::Matrix{Float64}, x::Matrix{Float64})::Matrix{Float64}

%3 = %new(Transpose{Float64, Matrix{Float64}}, %2)::Transpose{Float64, Matrix{Float64}}

%4 = invoke Main.:+(%1::Matrix{Float64}, %3::Transpose{Float64, Matrix{Float64}})::Matrix{Float64}

return %4
) => Matrix{Float64}




julia> @code_typed y*y

CodeInfo(

1 %1 = Base.arraysize(A, 1)::Int64

| %2 = Base.arraysize(B, 2)::Int64

%3 $(Expr(:foreigncall, :(:jl_alloc_array_2d), Matrix{Float64}, svec(Any, Int64, Int64), 0, :(:ccall), Matrix{Float64}, :(%1), :(%2), :(%2), :(%1)))::Matrix{Float64}
goto #25 if not true

2 —— %5 =@ (#1 => 'N', #23 => %47)::Char

%6 ¢ (#1 => 2, #23 => %48)::Int64
goto #13 if not true

3-— %8 = (#2 => 'N', #12 => %26)::Char

| %9 & (#2 => 2, #12 => %27)::Int64

| %10 = Base.bitcast(Base.UInt32, %8)::UInt32

| %11 = Base.bitcast(Base.UInt32, %5)::UInt32

| %12 = (%10 === %11)::Bool
goto #5 if not %12

4 — goto #14

5 %15 = Base.sle_int(1, %9)::Bool
L goto #7 if not %15

6 %17 = Base.sle_int(%9, 3)::Bool
e goto #8

] — nothing: :Nothing

8 —— %20 = ¢ (#6 => %17, #7 => false)::Bool

24 — goto #26

25 —- goto #26

26 —— %55 = ¢ (#24 => false, #25 => true)::Bool
e goto #27

27 — goto #33 if not %55

28 — goto #30 if not true

29 — nothing: :Nothing

30 - goto #32 if not true

31 — nothing: :Nothing

32 ——- %62 = invoke LinearAlgebra.gemm_wrapper! (%3::Matrix{Float64}, 'N’'::Char, 'N’'::Char, A::Matrix{Float64}, B::Matrix{Float64}, $(QuoteNode(LinearAlgebra.MulAddMul{true, true, Bool, Bool}(true,
false)))::LinearAlgebra.MulAddMul{true, true, Bool, Bool})::Matrix{Float64}
L

goto #37
33 — goto #36 if not true
34 — goto #36 if not true
35 — nothing: :Nothing

36 -——— %67 = invoke LinearAlgebra._generic_matmatmul! (%3::Matrix{Float64}, 'N’'::Char, 'N’'::Char, A::Matrix{Float64}, B::Matrix{Float64}, $(QuoteNode(LinearAlgebra.MulAddMul{true, true, Bool, Bool}(true,
false)))::LinearAlgebra.MulAddMul{true, true, Bool, Bool})::Matrix{Float64}
L

goto #37
37 — %69 = ¢ (#32 => %62, #36 => %67)::Matrix{Float64}
L goto #38
38 — goto #39
39 — return %69

) => Matrix{Float64}




Reactant: Automatically Synthesize Efficient Code for All Devices

Reactant Compiler Domain specific optimizations &
(C++, Julia, Python) » » analyses (linear algebra, Enzyme, etc)

1

for i in axes(A, 1)

tmp[i] = o Distributed Hardware-Specific
for 3 in axes(h, 2) Codegen + Optimization

tmp[i] += A[i, j] * x[]]
end

Generate MLIR

for j in axes(A, 2)

y[j] += A[i, j] * tmp[i]
end

end

26 Optimization passes



Multi-Level Intermediate Representation (MLIR)

* New Compiler IR with user-defined instructions, optimizations, analyses
—Linear Algebra
— GPU Programming
— Fully Homomorphic Encryption
* Mix and match dialects and optimizations from multiple dialects
* Core infrastructure of modern ML frameworks (JaX, PyTorch, TensorFlow)
* Frontends for C++ (Polygeist), Julia (Reactant.jl)

func ( : memref<?xi32>, : 132) {
affine. for =0 to 10 {
affine.store , [2 * 1 : memref<?x132>
}
return
}
X
27
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Linear Algebra Optimizations

Wrote >200 different patterns!

Simplify code where possible
X + 0 -> X
transpose(transpose(x)) -> X

transpose(matmul(a,b)) ->
ma%mulgb, a) (a,0))

Often require program context

transpose(convert(reshape(x
<-> ?eshgpe(convért(trgngp%%g(x))

slice(add(a, b)) ->
add(slice(a), slice(b))

Moadlmatex, i3y, o

X, Yy : tensor<100000xf32>

a = dot(x, y)

b = mul(a, z)

@]
Il

add(b, 4)

return c[0:10]
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Linear Algebra Optimizations

Wrote >200 different patterns!

Simplify code where possible
X + 0 —-> X
transpose(transpose(x)) -> X

transpose(matmul (a,b)) ->
ma%mulgb, a) (a,0))

Often require program context

transpose(convert(reshape(x
<-> ?eshgpe(convért(trgngp%%g(x))

slice(add(a, b)) ->
add(slice(a), slice(b))

Moadlmatex, i3y, o

X, y : tensor<100000xf32>

a = dot(x, y)

b = mul(a, z)

c = add(b[©:10], 4)

return c




30

Linear Algebra Optimizations

Wrote >200 different patterns!

Simplify code where possible
X + 0 —-> X
transpose(transpose(x)) -> X

transpose(matmul (a,b)) ->
ma%mulgb, a) (a,0))

Often require program context

transpose(convert(reshape(x
<-> ?eshgpe(convért(trgngp%%g(x))

slice(add(a, b)) ->
add(slice(a), slice(b))

Moadlmatex, i3y, o

X, Yy : tensor<100000xf32>

a = dot(x, y)

b = mul(a[0:10], z[0:10])

@]
Il

add(b, 4)

return c




How Does Raising & Tensor Transformations Impact AD?

Reverse-Mode Automatic Differentiation and Optimization of
GPU Kernels via Enzyme
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ABSTRACT

Computing derivatives is key to many algorithms in scientific com-
puting and machine learning such as optimization. uncertainty
quantification, and stability analysis Enzyme is 8 LLVM compiler
plugin that performs reverse-mode automatic differentiation (AD)
and thus generates high performance gradients of programs in lan
guages including C/C++, Fortran, Julia, and Rust. Prior to this work,
Enzyme and other AD tools were not capable of generating gradi
ents of GPU kernels. Our paper presents a combination of novel
techniques that make Enzyme the first fully automatic reverse-
mode AD tool to generate gradients of GPU kernels. Since unlike
other tools Enzyme performs automatic differentiation within a
general-purpose campiler, we are able o introduce several novel
GPU and AD-specific optimizations. To show the generality and
efficiency of our approach, we compute gradients of five GPU-based
HPC applications, executed on NVIDIA and AMD GPUs. All bench-
marks run within an order of magnitude of the original program’s
execution time. Without GPU and AD-specific optimizations, gra-
dsents of GPU kemels either fail to run from a lack of resources or
have infeasible overhead. Finally, we demanstrate that increasir=
the problem size by either increasing the number of threads (
increasing the wark per thread, does not substantially impact tf
overhead from differentiation.
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int N, dosdle val) {
;L tes)

void init(desble’ ar,
parallel_for{ist 1
ar(i) = val;

}

double gradient init(double* ar, dowble* d ar,
int N, dosble val) {
double d val i
parallel_for(int 1-0; L<N ; 1es)

arl1) val;

parallel_for(int 1-0; LN ; Les) {
0_val o= @ arlil; f race /
d_ar[1)

}
return d val;
3

Figure 1: A parallel initialize function (top) with a naive
reverse mode AD gradient function (bottom) that does not

Scalable Automatic Differentiation of Multiple
Parallel Paradigms through Compiler Augmentation

William S. Moses
MIT CSAIL
Cambridge, MA
wmoses @mit.edu

Sri Hari Krishna Narayanan
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Technical University of Munich
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Ab: are key to science, engineer-
ing, and machine learning applications. While existing tools
generate derivatives of programs in a single language, modern
parallel combine a set of
to leverage available performance and function in an evolving
hardware landscape.

We propese @ scheme for differentiating arbitrary DAG-
based parallelism that preserves scalability and efficiency, imple-
mented into the LLVM-based Enzyme automatic differentiation
framework. By integrating with a full-fledged compiler backend,

Lemont, IL
hovland @mes.anl.gov

Lemont, IL
jdoerfert@anl gov

In addition to being difficult to create any derivatives of
parallel programs, it is desirable to preserve the original
program's parallelism for the accumulation of derivatives. This
is not always straightforward, particularly in the so-called
reverse-mode AD or the closely related back-propagation [10]-
[15), which will be briefly explained in Section III.

This paper demonstrates how using a common low-level
compiler infrastructure to synthesize adjoints of parallel codes
cnables across a wide variety of parallel models

Enzyme can parallel and
ectly control code generation. Combined with its al
differentiate any LLVM-based language, this flexibility permits
Enzyme to leverage the compiler tool chain for parallel and
differentiation-specific optimizations.

We differentiate nine distinct versions of the LULESH and
miniBUDE applications, written in different programming lan-
e ot e————ks (OpenMP, MPI,

imilar il o

and source languages. To this end, we extend the Enzyme au-
tomatic differentiation framework [16], which already supports
synthesizing adjoints of GPU kemels [17] to arbitrary parallel
frameworks representable as a directed acyclic graph (DAG) of
dependencies. To showcase the generality of our approach, we
dif MPI (distributed parallelism), OpenMP (multicore

Julia Tasks Iti within a JIT),

Instead of Rewriting Foreign Code for Machine
Learning, Automatically Synthesize Fast Gradients

William S. Moses
MIT CSAIL
wmoses@mit . edu

Valentin Churavy
MIT CSAIL
vchuravy@mit.edu

Abstract
Applying d ble p hy and machine leaming algorithms
to foreign programs requires developers to either rewrite their code in a machine
learning framework, or otherwise provide derivatives of the foreign code. This pa-
per presents Enzyme', a high-per diffe i (AD) compiler
plugin for the LLVM compiler framework capable of synthesizing gradients of
statically analyzable programs expressed in the LLVM intermediate representation
(IR). Enzyme synthesizes gradi for programs written in any lang! whose
compiler targets LLVM IR including C, C++, Fortran, Julia, Rust, Swift, MLIR,
etc., thereby pr ling native AD bil in these | Unlike tradi 1
sourc e and operat tools, Enzyme performs AD on opti-
mized IR. On a machine-learning focused benchmark suite including Microsoft's
ADBench, AD on optimized IR achieves a geometric mean speedup of 4.2 times
over AD on IR before optimization allowing Enzyme to achieve state-of-the-art
performance. Packaging Enzyme for PyTorch and TensorFlow provides convenient
access to gradients of foreign code with state-of-the-art performance, enabling
foreign code to be directly incorporated into existing machine learning workflows,

1 Introduction

Machine learning (ML) frameworks such as PyTorch [48] and TensorFlow [1] have become
widespread as the primary workhorses of the modern ML community. Computing gradients necessary
for algorithms such as backpropag [32]. Bayesi f uncertainty ficati ), and
probabilistic programming [16] requires all of the code being differentiated to be written in these
frameworks. This is problematic for applying ML to new domains as existing tools like physics
simulators [23, 10, 17, 18, 35], game engines, and climate models [58] are not written in the domain
specific languages (DSL's) of ML frameworks. The rewriting required has been identified as the
quintessential challenge of applying ML to scientific computing [4]. As stated by Rackauckas [50]
“this is [the key challenge of scientific ML] because, if there is just one part of your loss function that
isn't AD-compatible, then the whole network won't train.”

To remedy this issue, the trend has been to either create new DSL's [35, 17, 43] that make the rewriting
process easier or to add differentiation as a first-class inp ing | (44,9,
61, 37]. This results in efficient gradients, but still requires rewriting in either the DSL or the
d le p i guag! lopers may want to use code foreign to a ML framework
to cither re-use existing tools or write loss functions in a language with an easier abstraction for their
use case. While there exist S s ion (AD) fi s for various
1 using them ically on foreign code for an ML framework is difficult as they still
require rewriting and have limited support for cross-language AD and libraries[61, 33, 30, 36]. The
two primary approaches to computing gradients are as follows,

'Code and documentation at https: //github. com/wsmoses/Enzyme and https://enzyme.mit.edu

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.

4 threads or nodes,
6.8% on C++ and

[PI, OpenMP, Tasks,
waraliel, distributed,

lem applications in
arning [1], gradient-
§ [4], and computer
AD) is a method
ts of mathematical
ams. AD is able 10
e

and describe how additional frameworks can be supported by
simply marking the parallelism.

By enabling support for the underlying programming models
within the compiler, we are able to differentiate any parallel
framework built on top of them such as RAJA (running
atop OpenMP and MPI) and MPLjl (Julia bindings for
MPI). Moreover, we demonstrate that differentiating low-level
parallelism concepts such as shared and thread-local memory
automatically yiclds support for higher-level primitives such
as reductions or firstprivate variables. Finally, we showcase
how jointly supporting these parallelism models in one tool
naturally enables differentiation of hybrid parallel programs,
and that deep integration of AD into the compiler enables

p

unlike p usually only available in domain-
specific | Overall, our paper

if frameworks, has  makes the following contributions:
ale and « An to the theory of de differentiation of

anly involves using
le Message Passing
ed parallelism, or
nemory parallelism,
 RAJA [9]

1 5

g (SSA)
to handle parallel execution of instructions, and thus differ-
entiation of parallel languages and constructs that lower to
such a representation.

« A demonstration of how implementing this model within the



How Does Raising & Tensor Transformations Impact AD?

e Biggest impact in three primary areas:

« Work-Reduction + Fusion
e Checkpointing

e« CoOmmunication

Reverse-Mode Automatic Differentiation and Optimization of
GPU Kernels via Enzyme

William S. Moses®,  Valentin Churavy
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ABSTRACT

Computing derivatives is key to many algorithms in scientific com-
ertainty

puting and machine learning such as optimization, w
quantification, and stability analysis. Enzyme is a LLVM compiler
plugin that performs reverse-mode automatic differentiation (AD)
and thus generates high performance gradients of programs in lan
guaages inchuding C/C++, Fortran, Julia, and Rust. Prior o this work
Enzyme and other AD tools were not capable of generating gradi-
ents of GPU kernels. Our paper presents a combination of novel
techniques that make Enzyme the first fully automatic reverse-
mode AD tool to generate gradients of GPU kernels. Since unlike
other tools Enzyme performs automatic differentiation within a
general-purpose compiler, we are able to introduce several novel
GPU and AD-specific optimizations. To show the generality and
efficiency of our approach, we compute gradients of five GPU-based
HPC applications, executed on NVIDIA and AMD GPUs. All bench-
marks run within an order of magnitude of the original program’s
execution time. Without GPU and AD-specific optimizations, gra-
dients of GPU kemels cither fail to run from a lack of resources or
have infeasible overbead. Finally, we demanstrate that increasic~
the problem size by either increasing the number of threads |
increasing the work per thread, does not substantially impact th
overhead from differentiation
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void Init(dewble* ar, int N, dosble val) {
parallel_for{int 1+8; 1<N ; Les)
ar(i) = val

}

double gradient init(double* ar, dowble* d ar,
int N, dostle val) {
double d_val s
parallel_for(int i=0; L<N ; 1es)

arls] = vat

parallel_for(int i+8; L<N ; fes) {
ool o= @ arlil; f
d_ar[1)

}
return d_val

}

Figure 1: A parallel initialize function (top) with a naive
reverse mode AD gradient function (bottom) that does not
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Ab, ivatives are key to science, engineer-

ing, and machine learning applications. While existing tools
generate derivatives of programs in a single language, modern
parallel combine a set of

to leverage available performance and function in an evolving
hardware landscape.

We propese a scheme for differentiating arbitrary DAG-
based parallelism that preserves scalability and efficiency, imple-
mented into the LLVM-based Enzyme automatic differentiation
framework. By integrating with a full-fledged compiler backend,
Enzyme can differentiate numerous parallel frameworks and

its

Enzyme to leverage the compiler tool chain for paraliel and
differentiation-specific optimizations.

We differentiate nine distinct versions of the LU

Instead of Rewriting Foreign Code for Machine
Learning, Automatically Synthesize Fast Gradients

William S. Moses Valentin Churavy
MIT CSAIL MIT CSAIL
wmoses@mit . edu vchuravy@mit.edu
Abstract

Applying p - and machine leaming algorithms
to foreign programs requires developers to either rewrite their code in a machine
learning framework, or otherwise provide derivatives of the foreign code. This pa-
per presents Enzyme', a high-performance automatic differentiation (AD) compiler
plugin for the LLVM compiler framework capable of synthesizing gradients of
statically analyzable programs expressed in the LLVM intermediate representation
(IR). Enzyme synthesizes gradients for programs written in any language whose
compiler targets LLVM IR including C, C++, Fortran, Julia, Rust, Swift, MLIR,
etc., thereby providing native AD capabilities in these languages. Unlike traditional
sourc s ce and operat: tools, Enzyme performs AD on opti-
mized IR. On a machine-learning focused benchmark suite including Microsoft's
ADBench, AD on optimized IR achieves a geometric mean speedup of 4.2 times
over AD on IR before optimization allowing Enzyme to achieve state-of-the-art
performance. Packaging Enzyme for PyTorch and TensorFlow provides convenient
access to gradients of foreign code with state-of-the-art performance, enabling
foreign code to be directly incorporated into existing machine learning workflows.

1 Introduction

Machine learning (ML) frameworks such as PyTorch [48)] and TensorFlow [1] have become
widespread as the primary workhorses of the modern ML community. Computing gradients necessary
for algorithms such as backpropagation [32], Bayesian inference, uncertainty quantification [60), and
probabilistic programming [16] requires all of the code being differentiated to be written in these
frameworks. This is problematic for applying ML to new domains as existing tools like physics
simulators [23, 10, 17, 18, 35], game engines, and climate models [58] are not written in the domain
specific languages (DSL's) of ML frameworks. The rewriting required has been identified as the
quintessential challenge of applying ML to scientific computing [4]. As stated by Rackauckas [50]
“this is [the key challenge of scientific ML] because, if there is just one part of your loss function that
isn't AD-compatible, then the whole network won't train.”

To remedy this issue, the trend has been to either create new DSL's [35, 17, 43] that make the rewriting
process easier or to add differentiation as a first-class construct in programming languages [44, 9,
61, 37). This results in efficient gradients, but still requires rewriting in either the DSL or the
diffe ble p I Developers may want to use code foreign to a ML framework
to cither re-use existing tools or write loss functions in a language with an easier abstraction for their
use case. While there exist reverse-mode automatic differentiation (AD) frameworks for various
lang: using them on foreign code for an ML framework is difficult as they still
require rewriting and have limited support for cross-language AD and libraries[61, 33, 30, 36]. The
two primary approaches to computing gradients are as follows,

'Code and documentation at https: //github. com/wsmoses/Enzyme and https://enzyme.mit.edu
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In addition to being difficult to create any derivatives of

parallel programs, it is desirable to preserve the original
program’s parallelism for the accumulation of derivatives. This
is not always straightforward, particularly in the so-called
reverse-mode AD or the closely related back-propagation [10]-
[15), which will be briefly explained in Section III

This paper demonstrates how using a common low-level
compiler infrastructure to synthesize adjoints of parallel codes
cnables differentiation across a wide variety of parallel models
and source languages. To this end, we extend the Enzyme au-
tomatic differentiation framework [16], which already supports
synthesizing adjoints of GPU kemels [17] to arbitrary parallel
frameworks representable as a directed acyclic graph (DAG) of
dependencies. To showcase the generality of our approach, we
di MPI (distributed parallelism), OpeaMP (multicore
parallelism), Julia Tasks (multicore parallelism within a JIT),
and describe how additional frameworks can be supported by
simply marking the parallelism.

By enabling support for the underlying programming models
within the compiler, we are able to differentiate any parallel
framework built on top of them such as RAJA (running
atop OpenMP and MPI) and MPLjl (Julia bindings for
MPI). Moreover, we demonstrate that differentiating low-level
parallelism concepts such as shared and thread-local memory
automatically yields support for higher-level primitives such
as reductions or firstprivate variables. Finally, we showcase
how jointly supporting these parallelism models in one tool
naturally enables differentiation of hybrid parallel programs,
and that deep integration of AD into the compiler enables
performance optimizations usually only available in domain-
specific/functional programming languages. Overall, our paper
makes the following contributions:

ale and
snly involves using
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nemory parallelism,
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5 loss: 12

19 loss: 9.
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EnzymeMLIR in Julia (via Reactant.jl MLIR Frontend)

CUDA KAN network

--------------------

VANTAVAIVINIVAVAIVARE s SN

nonlinear,
learnable

34

Forward (regular Julia)
47.586 us ( 248 allocations)
234.233 us (1022 allocations)
134.028 us ( 668 allocations)

Forward (Reactant)
39.873 us ( 2 allocations)
68.439 us ( 6 allocations)
55.889 us ( 6 allocations)

Backwards (Zygote + Julia)
289.319 us ( 575 allocations)
2099.000 us (1055 allocations)
1772.000 us ( 877 allocations)

Backwards (EnzymeMLIR + Reactant)
51.691 us ( 3 allocations)
104.193 us ( 3 allocations)
80.020 us ( 3 allocations)



EnzymeMLIR in Julia (via Reactant.jl MLIR Frontend)

CUDA KAN network

--------------------

VANTAVAIVINIVAVAIVARE s SN

nonlinear,
learnable
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Forward (regular Julia) Backwards (Zygote + Julia)
47.586 us ( 248 allocations) 289.319 us ( 575 allocations)
234.233 us (1022 allocations) 2099.000 us (1055 allocations)
134.028 us ( 668 allocations) 1772.000 us ( 877 allocations)
Forward (Reactant) Backwards (EnzymeMLIR + Reactant)
39.873 us ( 2 allocations) 51.691 us ( 3 allocations)
68.439 us ( 6 allocations) 104.193 us ( 3 allocations)
55.889 us ( 6 allocations) 80.020 us ( 3 allocations)

2.14x speedup
(Primal)

13.57x speedup
(Derivative)
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Lingua Franca of Scientific Computing

- Scientists do not write TPU* code

void AddNodeForcesFromElems_kernel( Index_t numNode,
Index_t padded_numNode,
const Int_t* nodeElemCount,
const Int_t* nodeElemStart,
const Index_t* nodeElemCornerList,
const Real_t*x fx_elem,
const Real_tx fy_elem,
const Real_tx fz_elem,
Real_t* fx_node,
Real_t* fy_node,
Real_t* fz_node,
const Int_t num_threads)

int tid=blockDim.x*blockIdx.x+threadIdx.x;
if (tid < num_threads)
{

Index_t g_1i = tid;

Int_t count=nodeElemCount[g_i];

Int_t start=nodeElemStart[g_i];

Real_t fx,fy,fz;

fx=fy=fz=Real_t(0.0);

for (int j=0;j<count;j++)
{
Index_t pos=nodeElemCornerList[start+j]; // Uncoalesced access here
fx += fx_elem[pos];
fy += fy_elem[pos];
fz += fz_elem[pos];

fx_node[g_1i]=fx;
fy_node[g_i]=fy;
fz_node[g_1i]=fz;




Lingua Franca of Scientific Computing

- Scientists do not write TPU* code

- BIG (MFEM library alone is 737K LOC)

__global__
void AddNodeForcesFromElems_kernel( Index_t numNode,

Index_

const
const
const
const
const
const

t padded_numNode,

Int_t* nodeElemCount,

Int_t* nodeElemStart,
Index_t* nodeElemCornerList,
Real_t* fx_elem,

Real_tx fy_elem,

Real_t* fz_elem,

Real_t* fx_node,
Real_t* fy_node,
Real_t* fz_node,

const

Int_t num_threads)

int tid=blockDim.x*blockIdx.x+threadIdx.x;
if (tid < num_threads)

{

Index_t g_1i = tid;

Int_t count=nodeElemCount[g_i];
Int_t start=nodeElemStart[g_i];
Real_t fx,fy,fz;
fx=fy=fz=Real_t(0.0);

for (int j=0;j<count;j++)

Index_t pos=nodeElemCornerlList[start+j]; // Uncoalesced access here

{
fx += fx_elem[pos];
fy += fy_elem[pos];
fz += fz_elem[pos];
}

fx_node[g_1i]=fx;
fy_node[g_i]=fy;
fz_node[g_1i]=fz;
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- Scientists do not write TPU* code
- BIG (MFEM library alone is 737K LOC)

-+ Templated

__global__
void AddNodeForcesFromElems_kernel( Index_t numNode,

Index_

const
const
const
const
const
const

t padded_numNode,

Int_t* nodeElemCount,

Int_t* nodeElemStart,
Index_t* nodeElemCornerList,
Real_t* fx_elem,

Real_tx fy_elem,

Real_t* fz_elem,

Real_t* fx_node,
Real_t* fy_node,
Real_t* fz_node,

const

Int_t num_threads)

int tid=blockDim.x*blockIdx.x+threadIdx.x;
if (tid < num_threads)

{

Index_t g_1i = tid;

Int_t count=nodeElemCount[g_i];
Int_t start=nodeElemStart[g_i];
Real_t fx,fy,fz;
fx=fy=fz=Real_t(0.0);

for (int j=0;j<count;j++)

Index_t pos=nodeElemCornerlList[start+j]; // Uncoalesced access here

{
fx += fx_elem[pos];
fy += fy_elem[pos];
fz += fz_elem[pos];
}

fx_node[g_1i]=fx;
fy_node[g_i]=fy;
fz_node[g_1i]=fz;




Lingua Franca of Scientific Computing

- Scientists do not write TPU* code
- BIG (MFEM library alone is 737K LOC)
-+ Templated

+ Not in Python

__global__
void AddNodeForcesFromElems_kernel( Index_t numNode,

Index_

const
const
const
const
const
const

t padded_numNode,

Int_t* nodeElemCount,

Int_t* nodeElemStart,
Index_t* nodeElemCornerList,
Real_t* fx_elem,

Real_tx fy_elem,

Real_t* fz_elem,

Real_t* fx_node,
Real_t* fy_node,
Real_t* fz_node,

const

Int_t num_threads)

int tid=blockDim.x*blockIdx.x+threadIdx.x;
if (tid < num_threads)

{

Index_t g_1i = tid;

Int_t count=nodeElemCount[g_i];
Int_t start=nodeElemStart[g_i];
Real_t fx,fy,fz;
fx=fy=fz=Real_t(0.0);

for (int j=0;j<count;j++)

Index_t pos=nodeElemCornerlList[start+j]; // Uncoalesced access here

{
fx += fx_elem[pos];
fy += fy_elem[pos];
fz += fz_elem[pos];
}

fx_node[g_1i]=fx;
fy_node[g_i]=fy;
fz_node[g_1i]=fz;
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Scientists do not write TPU* code

BIG (MFEM library alone is 737K LOC)
Templated
Not in Python

Sometimes* in CUDA

template <>
struct RajaCuWrap<3>

{

15

template <const int BLCK = MFEM_CUDA_BLOCKS, typename DBODY>
static void run(const int N, DBODY &&d_body,

{
3

const int X, const int Y, const int Z, const int G)

RajaCuWrap3D(N, d_body, X, Y, Z, G);

__global__
void AddNodeForcesFromElems_kernel( Index_t numNode,

Index_

const
const
const
const
const
const

t padded_numNode,

Int_t* nodeElemCount,

Int_t* nodeElemStart,
Index_t* nodeElemCornerList,
Real_t* fx_elem,

Real_tx fy_elem,

Real_t* fz_elem,

Real_t* fx_node,
Real_t* fy_node,
Real_t* fz_node,

const

Int_t num_threads)

int tid=blockDim.x*blockIdx.x+threadIdx.x;
if (tid < num_threads)

{

Index_t g_1i = tid;

Int_t count=nodeElemCount[g_i];
Int_t start=nodeElemStart[g_i];
Real_t fx,fy,fz;
fx=fy=fz=Real_t(0.0);

for (int j=0;j<count;j++)

{
Index_t pos=nodeElemCornerList[start+j]; // Uncoalesced access
fx += fx_elem[pos];
fy += fy_elem[pos];
fz += fz_elem[pos];
3

fx_node[g_1i]=fx;
fy_node[g_i]=fy;
fz_node[g_1i]=fz;

here
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