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Challenges Behind Modern Day Earth Systems: Scale

• Simulation requires: 

• Physics at a variety of levels 

• Increasing detail (resolution) and 
complexity (process representation) 

• Creates vast output (e.g., 10-100TB/simulation, ~10PB for CMIP6) 

• Arctic simulation at 1-2 km resolution takes >7 million core hours, 1.1PB 
output, running on ~10,000 cores 

• “Pancake Earth” 

• High resolution in X and Y axis, not much Z



Challenges Behind Modern Day Earth Systems: Data

• Real-world data is extremely sparse and heterogeneous. 

• Given both incomplete observations and simulations, how can we derive 
useful results, like 
• Casual, dynamical attribution 
• Detection of small, residual signals in noisy system 
• Computing comprehensive uncertainties 
• Informing efficient observing strategies



Challenges Behind Modern Day Earth Systems: Models

• Significant uncertainties remain, including: 
• Uncertain inputs (initial and boundary conditions) 
• Parametric and structural model uncertainties (requiring calibration) 
• Remote influences limiting regional simulations



Challenges Behind Modern Day Earth Systems: Models

• Differentiability enables powerful algorithms to analyze models (inverses)  
• Differentiate w.r.t. boundary conditions => explore forcing sensitivites. 
• Differentiate w.r.t. initial conditions => produce optimal forecast.  
• Differentiate w.r.t.  parameters => calibrate the model to data. 
• Substitute parameterized schemes with a surrogate neural network.



Challenges Behind Modern Day Earth Systems: Code

• Big existing codebases: 
• MITGCM: 800k LOC (Fortran) 

• Developed by entire institutions (DOE, NASA, 
Max Planck Institute, etc) 

• Experts in scientific side of simulation, less 
on computation front 

• Sweeping changes are hard
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• Data 
• Models 
• Code 

• How can we make this work?
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Challenges Behind Modern Day Earth Systems

• Four big challenges that make running simulations hard: 
• Scale 
• Data 
• Models 
• Code 

• How can we make this work? 
• By combining domain science with computational & computer science 
• By building a compiler to automate the computational domain expertise



Outline

• Differentiating Existing Code 
• Memory Usage (Checkpointing) 

•  Performance Portability 
• Mapping to Accelerator ISAs 
• Distributed + Low Precision



       Differentiation: Connecting Science and AI
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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)
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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 AD Approaches (1/3)

• Differentiable DSL (TensorFlow, PyTorch, DiffTaichi)


• Provide a new language designed to be differentiated


• Requires rewriting everything in the DSL and the DSL must support all operations in original 
code


• Fast if DSL matches original code well import tensorflow as tf 

x = tf.Variable(3.14) 

with tf.GradientTape() as tape: 
  out = tf.cond(x > 0, 
           lambda: tf.math.pow(x,3), 
           lambda: 0 
        ) 
print(tape.gradient(out, x).numpy())

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

Manually 
Rewrite



Existing AD Approaches (2/3)

• Operator overloading (Adept, JAX)


• Differentiable versions of existing language constructs (double => adouble, np.sum => jax.sum)


• May require writing to use non-standard utilities


• Often dynamic: storing instructions/values to later be interpreted

// Rewrite to accept either 
//    double or adouble 
template<typename T> 
T relu3(T val) { 
  if (x > 0) 
    return pow(x,3) 
  else 
    return 0; 
}

adept::Stack stack; 
adept::adouble inp = 3.14; 

// Store all instructions into stack 
adept::adouble out(relu3(inp)); 
out.set_gradient(1.00); 

// Interpret all stack instructions 
double res = inp.get_gradient(3.14);



Existing AD Approaches (3/3)

• Source rewriting


• Statically analyze program to produce a new gradient function in the source language


• Re-implement parsing and semantics of given language


• Requires all code to be available ahead of time => hard to use with external libraries

Tapenade

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

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

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

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



Existing Automatic Differentiation Pipelines

AD

CodeGen

Optimize

Lower

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 (n2) 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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Optimization & Automatic Differentiation
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AD
for i=n..0 { 
  d_res = d_out[i]… 
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}

O (n2)
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Optimization & Automatic Differentiation
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Optimize
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Optimization & Automatic Differentiation

Differentiating after optimization can create asymptotically faster gradients!

Optimize

O (n2) O (n)

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

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)

O (n2)O (n2)
for i=0..n { 
  out[i] /= mag(in) 
}

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

O (n2)
Optimize

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

Optimize

CodeGen

Optimize

       Enzyme Approach

Performing AD at low-level lets us work on optimized code!
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Case Study: ReLU3

entry

cond.true

%result = phi [%call, cond.true], [0, entry] 
ret %result

cond.end

%cmp = %x > 0 
br %cmp, cond.true, cond.end

%call = pow(%x, 3) 
br cond.end

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

define double @relu3(double %x)

double diffe_relu3(double x) { 
  return __enzyme_autodiff(relu3, x); 
}

C Source LLVM 

Enzyme Usage
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Case Study: ReLU3

entry

cond.true

%result = phi [%call, cond.true], [0, entry] 
ret %result

cond.end

%cmp = %x > 0 
br %cmp, cond.true, cond.end

%call = pow(%x, 3) 
br cond.end

define double @relu3(double %x)

Active Instructions

30



entry

cond.true

%result = phi [%call, cond.true], [0, entry] 

; deleted return 

%result’ = 1.0 
br reverse_cond.end

cond.end

alloca %result’ = 0.0 
alloca %call’   = 0.0 
alloca %x’      = 0.0 
%cmp = %x > 0 
br %cmp, cond.true, cond.end

%call = pow(%x, 3) 
br cond.end

define double @diffe_relu3(double %x, double %differet)

Allocate & zero 
shadow memory for 

active values
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entry

cond.true

%result = phi [%call, cond.true], [0, entry] 

; deleted return 

%result’ = 1.0 
br reverse_cond.end

cond.end

alloca %result’ = 0.0 
alloca %call’   = 0.0 
alloca %x’      = 0.0 
%cmp = %x > 0 
br %cmp, cond.true, cond.end

%call = pow(%x, 3) 
br cond.end

define double @diffe_relu3(double %x, double %differet)

%tmp_res’ = load %result’ 
%call’ += if %x > 0 then %tmp_res’ else 0 
store %result’ = 0.0 
br %cmp, reverse_cond.true, reverse_entry

reverse_cond.end%df = 3 * pow(%x, 2) 
%tmp_call’ = load %call 
%x’ += %df * %tmp_call’ 
store %call’ = 0.0 
br reverse_entry

%0 = load %x’ 
ret %0

reverse_entry

reverse_cond.true

Compute adjoints 
for active instructions
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entry

cond.true

%result = phi [%call, cond.true], [0, entry] 

; deleted return 

%result’ = 1.0 
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%call’ += if %x > 0 then %tmp_res’ else 0 
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br %cmp, reverse_cond.true, reverse_entry
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Compute adjoints 
for active instructions

33



entry
%cmp = %x > 0 
br %cmp, reverse_cond.true, reverse_entry

define double @diffe_relu3(double %x)

%3 = 3 * pow(%x, 2) 
br reverse_entry

%0 = phi [%3, reverse_cond.true], [0, entry] 
ret %0

reverse_entry
reverse_cond.true

Essentially the optimal hand-written gradient!

double diffe_relu3(double x) { 
  double result; 
  if (x > 0) 
    result = 3 * pow(x, 2); 
  else 
    result = 0; 
  return result; 
}

Post 
Optimization
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Speedup of Enzyme 
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Enzyme is 4.2x faster than Reference!
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Differentiation of Shallow Water Equations

36

• Partial differential equations that describe 
fluid flow (derived from Navier Stokes)


• Start at some initial condition for some grid, 
integrate it forward in time


• We want to perform a sensitivity analysis: 
how does a given quantity of interest (QOI) at 
the end change if I perturb the field at the start


• J (QOI) represents kinetic energy, u/v 
represent momentum
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Checkpointing: Avoiding Asymptotic Memory Costs

• Checkpointing is a technique for trading off 
memory and compute time in the derivative

 
cache = malloc N x f32 
for i = 0:N { 
   x = foo(x) 
   cache[i] = x 
} 
 
for i = N:0 { 
   x = cache[I] 
   dx = grad_foo(x, dx) 
}



Checkpointing: Avoiding Asymptotic Memory Costs

• Checkpointing is a technique for trading off 
memory and compute time in the derivative

 
cache = malloc M x f32 
for i = 0:N/M { 
   for j = 0:M { 
     x = foo(x) 
   } 
   cache[i] = x 
} 
 
for i = N:0 { 
   x = cache[I/M] 
   for j in 0:i%M { 
      x = foo(x) 
   } 
   dx = grad_foo(x, dx) 
}



Differentiation of Shallow Water Equations

40



Computing Hardware is No Longer For Everybody



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



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


• BIG (MFEM library alone is 737K LOC)  



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


• BIG (MFEM library alone is 737K LOC)  


• Templated



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


• BIG (MFEM library alone is 737K LOC)  


• Templated


• Not in Python
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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> 
{ 
   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); 
   } 
};



Looking More Deeply at Scientific Code

function stencil_kernel(y, x) 
  i = threadIdx().x + (blockIdx().x - 1) * blockDim().x 
  if i <= length(x) - 2 
    y[i] = x[i] - 2 * x[i + 1] + x[i + 2] 
  end 
end 

function model(...) 
  @cuda threads=... blocks=... stencil_kernel(y, x) 
  @cuda threads=... blocks=... stencil_kernel(x, y) 
end

> 277 such kernels
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CUDA to Accelerator IR (StableHLO)

• New framework for raising and optimizing the 
structure within existing kernels to stablehlo!


•  	1) Compile Kernels to LLVM


• 	 2) Raise the underlying structure in MLIR


• 	 3) Multi-dimensionalize it into tensor operators


• 	 4) Optimize


• Compiled single-node CUDA version of code to 
execute on thousands of distributed TPUs and 
GPUs

function stencil_kernel(y, x) 
  i = threadIdx().x + (blockIdx().x - 1) * blockDim().x 
  if i <= length(x) - 2 
    y[i] = x[i] - 2 * x[i+1] + x[i+2] 
  end 
end 

function model(...) 
  @cuda threads=... blocks=... stencil_kernel(y, x) 
  @cuda threads=... blocks=... stencil_kernel(x, y) 
end 

Compilation

define void @julia_difference_kernel_890({}* %y, {}* %x) { 
top: 
  %3 = call i32 @llvm.nvvm.read.ptx.sreg.tid.x() 
  %4 = add nuw nsw i32 %3, 1 
  ... 
  br i1 %.not, label %common.ret, label %L31 
}

func.func @kernel(%y : memref<100xf64>, %x : memref<100xf64>) { 
  affine.parallel %arg1 = 0 to 100 { 
    %x1 = affine.load %x[%arg1] 
    %x2 = affine.load %x[%arg1 + 1] 
    ... 
    affine.store %sum, %y[%arg1] 
  } 
}

%x1 = stablehlo.slice %x[1:98] 
%x2 = stablehlo.slice %x[2:99] 
%mul = stablehlo.multiply %x2, tensor<2.0> 
%add = stablehlo.add %x1, %mu

res = stablehlo.convolve %x, tensor<[1.0, -4.0, 6.0, -4.0, 1.0]>
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LLVM to StableHLO

llvm.call @__nv_fabsf(%arg0) 

llvm.br

LLVM/NVVM Dialect Arith + Control Flow SCF (While) SCF (For)

Affine StableHLO

%0 = math.abs %arg0 

cf.br

scf.while %arg = %c0 { 

  %arg < %c10 

} do {  

… } 

scf.for %arg = %c0 .. %c10 { 

   … 

}

affine.for %i = 0 to 10 { 

   affine.store out[%i] = … 

}

%x = stablehlo.slice … 
%y = stablehlo.abs %x 
%z = stablehlo.dynamic_update_slice %z0[...] = %y 

http://cf.br
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Affine to StableHLO

parallel.for (%tx, %ty, %tz) = (0,0,0) to (5,7,9){ 

   %A1 = load x[%tx, %ty, %tz] 
       
   %A2 = sin(%A1) 
 
   store y[%tx, %ty, %tz] = %A2 
 
   … 
}

• Represent permissive, device-
agnostic parallelism 
• Legal to re-order and interchange 

instructions 
• One execution (lock-step), runs all 

of A1, then all of A2, etc 
• Lets us form efficient tensor 

(stablehlo) versions of kernels
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Affine to StableHLO

%A1 = stablehlo.slice %x[0:5, 0:7, 0:9] 

%A2 = stablehlo.sine %A1

%Y2 = stablehlo.dynamic_update_slice 
                     %Y[0:5, 0:7, 0:9], %A2 

parallel.for (%tx, %ty, %tz) = (0,0,0) to (5,7,9){ 
   … 
}

• Represent permissive, device-
agnostic parallelism 
• Legal to re-order and interchange 

instructions 
• One execution (lock-step), runs all 

of A1, then all of A2, etc 
• Lets us form efficient tensor 

(stablehlo) versions of kernels



StableHLO … to better StableHLO

%x1 = stablehlo.slice %x[1:98] 
%x2 = stablehlo.slice %x[2:99] 
%mul = stablehlo.multiply %x2, tensor<2.0> 
%add = stablehlo.add %x1, %mu 
…

• The direct vectorization of the code 
works, but may not be efficient. 
• We will lost the convolution! 
• Perform tensor-level optimizations 

on stablehlo to recover and 
optimize higher-level structures

%y = stablehlo.convolve %x, tensor<[1.0, -2.0, 1.0]> 
 
%z = stablehlo.convolve %y, tensor<[1.0, -2.0, 1.0]>

%z = stablehlo.convolve %x, tensor<[1.0, -4.0, 6.0, -4.0, 1.0]>



StableHLO … to better StableHLO

%x1 = stablehlo.slice %x[1:98] 
%x2 = stablehlo.slice %x[2:99] 
%mul = stablehlo.multiply %x2, tensor<2.0> 
%add = stablehlo.add %x1, %mu 
…

• The direct vectorization of the code 
works, but may not be efficient. 
• We will lost the convolution! 
• Perform tensor-level optimizations 

on stablehlo to recover and 
optimize higher-level structures

%y = stablehlo.convolve %x, tensor<[1.0, -2.0, 1.0]> 
 
%z = stablehlo.convolve %y, tensor<[1.0, -2.0, 1.0]>

%z = stablehlo.convolve %x, tensor<[1.0, -4.0, 6.0, -4.0, 1.0]>

56% speedup on 
JaX ML workloads



CUDA to Accelerator IR (StableHLO)

function stencil_kernel(y, x) 
  i = threadIdx().x + (blockIdx().x - 1) * blockDim().x 
  if i <= length(x) - 2 
    y[i] = x[i] - 2 * x[i+1] + x[i+2] 
  end 
end 

function model(...) 
  @cuda threads=... blocks=... stencil_kernel(y, x) 
  @cuda threads=... blocks=... stencil_kernel(x, y) 
end 

Compilation

define void @julia_difference_kernel_890({}* %y, {}* %x) { 
top: 
  %3 = call i32 @llvm.nvvm.read.ptx.sreg.tid.x() 
  %4 = add nuw nsw i32 %3, 1 
  ... 
  br i1 %.not, label %common.ret, label %L31 
}

func.func @kernel(%y : memref<100xf64>, %x : memref<100xf64>) { 
  affine.parallel %arg1 = 0 to 100 { 
    %x1 = affine.load %x[%arg1] 
    %x2 = affine.load %x[%arg1 + 1] 
    ... 
    affine.store %sum, %y[%arg1] 
  } 
}

%x1 = stablehlo.slice %x[1:98] 
%x2 = stablehlo.slice %x[2:99] 
%mul = stablehlo.multiply %x2, tensor<2.0> 
%add = stablehlo.add %x1, %mu

res = stablehlo.convolve %x, tensor<[1.0, -4.0, 6.0, -4.0, 1.0]>

RaisingRaising

Multi-DimensionalizationMulti-DimensionalizationMulti-Dimensionalization

Optimization



Performance Results

• Successfully ran single-node Oceanangians.jl on 
thousands of distributed accelerators 
• Alps (2688 nodes x 4 NVIDIA GH200 GPUs) 
• Perlmutter (1536 nodes x 4 NVIDIA A100 GPUs) 
• 8,192 Google TPUs v7 (4614 F8 TFLOPS each)  

• Good Single-Node Perf (CPU) 
• Vanilla Model: 272.0seconds 
• Tensor Optims:  11.5seconds



Performance Results (Alps / NVIDIA GPU)



Performance Results (Google Cloud / TPUs)

• At peak utilized of 97% of the TPU cluster, containing 36 FP8 exaFLOP! 
• 1.493 PiB of HBM to store fields! 
• 8x128 registers created some additional comms existing patterns don’t yet  

                                                                                                  handle (in progress)



Distributed + Numerical Optimizations

• Novel distributed optimizations improve perf by 
orders of magnitude (distributed fusion, comm-CSE) 

• Can we automatically determine how to map high-level computation to low-
precision arithmetic without losing either speed or accuracy?

# Perform all rotates in a single communication [extending the halo] 
%left1, %left2, %left3 = enzymexla.multi_rotate_left %x, 3 
 
%result = %left1 + %left2 + %left3
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Conclusions

• Earth system models have four key challenges: scale, data, model, and code 
• Compilers are a promising route to automatically resolve all four challenges 

without requiring the domain scientist become an expert computer scientist 
• Demonstrate promising automated compiler rewrites for: 
• Differentiation (Enzyme) 
• Performance Portability (Reactant) 
• Works generically on LLVM/MLIR, all open source (GitHub.com/EnzymeAD) 
• Lots more problems to solve together, if interested, please reach out!

http://GitHub.com/EnzymeAD

