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Julia

• Dynamic language

→ needs some kind of runtime environment to enable arbitrary types at runtime

• Goal: Speed and convenience

→ Just-in-time (JIT) compilation
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Julia — Compilation
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• Avoid dynamic multiple dispatch

• LLVM
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• Platform independence

• Dynamic code where it’s convenient
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Julia — high-level features and idioms

1. Memory management

2. Array bounds checking

@inbounds to circumvent

3. Operators and Functions on complex types

A\b ⇔ Ax = b

[3,3,12]+[2,4,10]

4. Multi-threading and vectorization

@threads, @simd
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Julia — Accelerator programming

• Accomplished through packages

• GPU-specific packages eg. CUDA.jl, AMDGPU.jl, . . .

• Hook into compilation process through extension interfaces (e.g. disallow exceptions)

• Different LLVM backends to produce GPU code

• API uniformity
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Compute bound — miniBUDE

• Molecular dynamics based application

• Predict structure of an arrangement of 2 molecules (“docking”)

• Trigonometric function evaluations, square roots, absolute values

Highly compute bound
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Memory bound — BabelStream

• Vector operations

• Simple computations

• Number of array accesses much more significant

procedure MUL(A[n],C [n], scalar , n)

for i ← 0, n do

C [i ]← scalar ∗ A[i ]

Taken from [LM21] Memory-bandwidth bound
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Inter-node communication — ReproMPI

• Message Passing Interface (MPI): Inter-node communication standard

• ReproMPI

• Varying message sizes
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Compute bound — miniBUDE: GPU
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Memory bound — BabelStream: GPU
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Inter-node communication — MPI

• Open MPI C and MPI.jl (Julia) performed almost identically, across message sizes

• Exception: MPI Allreduce

13Taken from [HS20]
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Discussion



Performance

• Julia generally not lacking far behind in intra-node workloads

• Communication performance for inter-node workloads basically identical, except

for the MPI Allreduce anomaly
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Lines of code

• CUDANative.jl, example kernels:
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Portability

• LLVM and JIT compilation make portability easier to implement, hopefully

future-proof

• Single-source portability on GPUs constrained to the individual GPU packages

• Manual porting between GPU packages relatively easy, often simple API call

substitutions
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Conclusion

• JIT, LLVM, and compiler extensions mean speed, portability, code reuse

• Convenience through dynamic code and high-level idioms

• Julia is competitive in HPC, but porting still requires some manual effort

• Performance itself is quite good across architectures and nodes
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GPU Kernel API Cross-Refrence i

CUDA.jl AMDGPU.jl

Global size blockDim().x *

gridDim().x

gridDim().x

Group count gridDim().x gridDimWG().x

Group size blockDim() workgroupDim().x

Adapted from [LM21]



GPU Kernel API Cross-Refrence ii

Taken from [LM21]



All BabelStream Kernels

procedure COPY(A[n],C [n], n)

for i ← 0, n do

C [i ]← A[i ]

procedure ADD(A[n],B[n],C [n], n)

for i ← 0, n do

C [i ]← A[i ] + B[i ]

procedure

TRIAD(A[n],B[n],C [n], scalar , n)

for i ← 0, n do

C [i ]← A[i ] + (scalar ∗ B[i ])

procedure MUL(A[n],C [n], scalar , n)

for i ← 0, n do

C [i ]← scalar ∗ A[i ]
procedure DOT(A[n],B[n], scalar , n)

for i ← 0, n do

R ← R + (A[i ] ∗ B[i ])
return R

Taken from [LM21]



ReproMPI

• MPI Bcast: Push data into network from one source (rooted)

• MPI Allreduce: Reduce data from all sources into one result (non-rooted

collective)

• MPI Alltoall: All processes exchange data with all other processes (non-rooted

collective)



Platform details

Taken from [LM21]



@threads vs. OpenMP

Taken from [LM21]
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