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Automatic differentiation and performance 

portability for Oceananigans via Enzyme + Reactant
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       Differentiation: Connecting Science and AI

3

from Efficient Differentiation of Pixel Reconstruction Filters for Path-Space Differentiable Rendering, 
SIGGRAPH Asia 2022, Zihan Yu et al

Target Reconstruction

from CLIMA & NSF CSSI: Differentiable programming in Julia for Earth system modeling 
(DJ4Earth)

from Center for the Exascale Simulation of Materials in Extreme Environments

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

Derivatives are key to science + ML 


• Scientific Computing: UQ, Differential 

Equation, Error Analysis


• Machine Learning: Back-Propagation, 

Bayesian Inference


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  

 

 

 

 

• Unlike numerical approaches, automatic differentiation (AD) can compute the derivative of ALL 

inputs (or outputs) at once, without approximation error!
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AD

double relu3(double x) { 
  if (x > 0) 
    return pow(x,3) 
  else 
    return 0; 
}

double grad_relu3(double x) { 
  if (x > 0) 
    return 3 * pow(x,2) 
  else 
    return 0; 
}

// Numeric differentiation 
// f’(x) approx [f(x+epsilon) - f(x)] / epsilon 
double grad_input[100]; 

for (int i=0; i<100; i++) { 
  double input2[100] = input; 
  input2[i] += 0.01; 
  grad_input[i] = (f(input2) - f(input))/0.001; 
}

// Automatic differentiation 
double grad_input[100]; 

grad_f(input, grad_input)



Differentiation is Expensive

Derivatives are the most costly and 

difficult to use algorithms
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Differentiation is Expensive

Derivatives are the most costly and 

difficult to use algorithms

Reconstructed image of M87 

~1 week on cluster 

Majority runtime is derivative

With Enzyme differentiation: 

1 hour on 1 thread

100x resolution increase



Existing Automatic Differentiation Pipelines

AD

CodeGen
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AD

AD

AD
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Case Study: Vector Normalization

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

//Compute norm in O(n^2) 
void norm(double[] out, double[] in) { 

  for (int i=0; i<n; i++) { 
    out[i] = in[i] / 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(double[] out, double[] in) { 
  double res = mag(in); 
  for (int i=0; i<n; i++) { 
    out[i] = in[i] / res; 
  } 
}
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Optimization & Automatic Differentiation

Optimize

O (n
2) O (n)

AD

res = mag(in) 
for i=0..n { 
  out[i] /= res 
}

d_res = 0.0  
for i=n..0 { 
  d_res += d_out[i]… 
} 
∇mag(d_in, d_res)

O (n)

for i=0..n { 
  out[i] /= mag(in) 
}
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AD

for i=n..0 { 
  d_res = d_out[i]… 
  ∇mag(d_in, d_res) 
}

O (n
2)
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Optimization & Automatic Differentiation

Differentiating after optimization can create asymptotically faster gradients!

Optimize
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Lower Enzyme   .

Optimize

CodeGen

Optimize

       Enzyme Approach

Performing AD at low-level lets us work on optimized code!

16



Enzyme CPU Speedups [NeurIPS’20] 
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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.


• Enables differentiation of a combination of GPU (e.g. CUDA, ROCm), CPU (OpenMP, Julia 

Tasks, RAJA), Distributed (MPI, MPI.jl), and more
18



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

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



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

• Allocation for result of x*x


• Matmul computation


• Allocation for result of second x*x


• Matmul computation


• No allocation of transpose (yay types!)


• Allocation for result of add


• Add computation

function f(x: Symmetric) 
  return x*x + transpose(x*x) 
end
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The Code I Want To Write != The Code I Want To Run

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

function f2(x: Symmetric) 
  return 2*x*x 
end

function f3(x: Symmetric) 
  out = similar(x) 
  mul!(out, x, x, 2, 0) 
end

• 3 x Allocs; 2 x Matmuls; 1 x Add


•  

• 2 x Allocs; 1 x Matmuls; 1 x Mul


•  

• 1 x Allocs; 1 x Matmuls



Why Can’t the Compiler Fix this for Me?

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

@code_typed f(x) 

CodeInfo( 

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

│   %2 = invoke Main.:*(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} 



Why Can’t the Compiler Fix this for Me?

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  = φ (#1 => 'N', #23 => %47)::Char 
│    %6  = φ (#1 => 2, #23 => %48)::Int64 
└───       goto #13 if not true 

3 ┄─ %8  = φ (#2 => 'N', #12 => %26)::Char 
│    %9  = φ (#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 

└───       goto #7 if not %15 

6 ── %17 = Base.sle_int(%9, 3)::Bool 

└───       goto #8 

7 ──       nothing::Nothing 

8 ┄─ %20 = φ (#6 => %17, #7 => false)::Bool 
 

… 

 

24 ─       goto #26 

25 ┄       goto #26 

26 ┄ %55 = φ (#24 => false, #25 => true)::Bool 
└───       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} 

└───       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} 

└───       goto #37 

37 ┄ %69 = φ (#32 => %62, #36 => %67)::Matrix{Float64} 
└───       goto #38 

38 ─       goto #39 

39 ─       return %69 

) => Matrix{Float64}



Reactant: Automatically Synthesize Efficient Code for All Devices

26

Reactant Compiler 
(C++, Julia, Python)

Domain specific optimizations & 
analyses (linear algebra, Enzyme, etc) 

Generate MLIR

Optimization passes

Distributed Hardware-Specific 
Codegen + Optimization

for i in axes(A, 1) 

  tmp[i] = 0 

  for j in axes(A, 2) 

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

  end 

  for j in axes(A, 2) 

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

  end 

end



Multi-Level Intermediate Representation (MLIR)

27

• 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 @set(%arg0: memref<?xi32>, %arg1: i32) { 
    affine.for %arg2 = 0 to 10 { 
      affine.store %arg1, %arg0 [2 * %arg2] : memref<?xi32> 
    } 
    return 
  } 
} 



Linear Algebra Optimizations
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Wrote >200 different patterns!


Simplify code where possible

  x + 0 -> x 

  transpose(transpose(x)) -> x 

  transpose(matmul(a,b)) -> 
     matmul(b, a)

Often require program context

  transpose(convert(reshape(x))) 
   <-> reshape(convert(transpose(x)) 

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

  mul(pad(x, 0), y) -> 
   pad(mul(x, slice(y)), 0)

x, y : tensor<100000xf32> 

a = dot(x, y) 

b = mul(a, z) 

c = add(b, 4) 

return c[0:10]



Linear Algebra Optimizations
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x, y : tensor<100000xf32> 

a = dot(x, y) 

b = mul(a, z) 

c = add(b[0:10], 4) 

return c

Wrote >200 different patterns!


Simplify code where possible

  x + 0 -> x 

  transpose(transpose(x)) -> x 

  transpose(matmul(a,b)) -> 
     matmul(b, a)

Often require program context

  transpose(convert(reshape(x))) 
   <-> reshape(convert(transpose(x)) 

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

  mul(pad(x, 0), y) -> 
   pad(mul(x, slice(y)), 0)



Linear Algebra Optimizations
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x, y : tensor<100000xf32> 

a = dot(x, y) 

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

c = add(b, 4) 

return c

Wrote >200 different patterns!


Simplify code where possible

  x + 0 -> x 

  transpose(transpose(x)) -> x 

  transpose(matmul(a,b)) -> 
     matmul(b, a)

Often require program context

  transpose(convert(reshape(x))) 
   <-> reshape(convert(transpose(x)) 

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

  mul(pad(x, 0), y) -> 
   pad(mul(x, slice(y)), 0)



How Does Raising & Tensor Transformations Impact AD?



How Does Raising & Tensor Transformations Impact AD?

• Biggest impact in three primary areas: 

• Work-Reduction + Fusion 

• Checkpointing 

• Communication



Performance Engineering a Toy LLM
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• Introduction of linear-algebra specific optimizations 
made a significant impact on training performance

– 53% speedup of a run with 32x accelerators

– 14-18.5% speedup for single accelerator

Step: 2 loss: 12.880576133728027 

Step: 3 loss: 12.785988807678223 

Step: 4 loss: 12.652521133422852 

Step: 5 loss: 12.482083320617676 

… 

Step: 19 loss: 9.190348625183105 

Step: 20 loss: 8.928218841552734 

Step: 21 loss: 8.660679817199707 

Unopt: 0.479 samples/sec

Step: 2 loss: 12.88175106048584 

Step: 3 loss: 12.786417007446289 

Step: 4 loss: 12.652612686157227 

Step: 5 loss: 12.482114791870117 

… 

Step: 19 loss: 9.189879417419434 

Step: 20 loss: 8.929146766662598 

Step: 21 loss: 8.659639358520508 

Opt: 0.736 samples/sec 



EnzymeMLIR in Julia (via Reactant.jl MLIR Frontend)

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)

CUDA KAN network



EnzymeMLIR in Julia (via Reactant.jl MLIR Frontend)
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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)

CUDA KAN network

2.14x speedup 

(Primal)

13.57x speedup 

(Derivative)



Work Reduction Benchmark: Jaxley
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1.15x speedup on CPU
1.33x speedup on A100
3.92x speedup on TPU v6

[1] Deistler, Michael, et al. "Jaxley: differentiable simulation enables large-scale training of detailed biophysical models of neural dynamics." Nature Methods (2025): 1-9.
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Lingua Franca of Scientific Computing 

__global__ 
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* fx_elem,  
                                    const Real_t* fy_elem,  
                                    const 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_i = 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_i]=fx;  
      fy_node[g_i]=fy;  
      fz_node[g_i]=fz; 
    } 
}

• Scientists do not write TPU* code
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• BIG (MFEM library alone is 737K LOC)  
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Lingua Franca of Scientific Computing 

__global__ 
void AddNodeForcesFromElems_kernel( Index_t numNode, 
                                    Index_t padded_numNode, 
                                    const Int_t* nodeElemCount,  
                                    const Int_t* nodeElemStart,  
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      { 
          Index_t pos=nodeElemCornerList[start+j]; // Uncoalesced access here 
          fx += fx_elem[pos];  
          fy += fy_elem[pos];  
          fz += fz_elem[pos]; 
      } 

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

• Scientists do not write TPU* code


• BIG (MFEM library alone is 737K LOC)  


• Templated


• Not in Python


• Sometimes* in CUDA

template <> 
struct RajaCuWrap<3> 
{ 
   template <const int BLCK = MFEM_CUDA_BLOCKS, typename DBODY> 
   static void run(const int N, DBODY &&d_body, 
                   const int X, const int Y, const int Z, const int G) 
   { 
      RajaCuWrap3D(N, d_body, X, Y, Z, G); 
   } 
};



How do we write ML Accelerator code now?
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http://GitHub.com/EnzymeAD
http://enzyme.mit.edu

























































