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Where Hardware Matters
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Compilation Overhead

THE #1 PROGRAMMER EXCUSE
FOR LEGITIMATELY SLACKING OFF:

“MY CODE'S COMPILING.”

— — —

HEY! GETBACK Y
TOVORK!

]
]

OH. CARRY ON.

https://xkcd.com/303/

C,@

CUDA Driver
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Compilation Overhead

Just-in-time (JIT) compilation is central to all GPU execution pipelines

THE #1 PROGRAMMER EXCUSE
FOR LEGITIMATELY SLACKING OFF:

“MY CODE'S COMPILING.”

HEY! GETBACK
TOVORK! ’
11

G emron-!

https://xkcd.com/303/

Persist JIT caches
- CUDA_CACHE_PATH

- JAX_COMPILATION_CACHE_DIR

<A NVIDIA



Function Call Overhead
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Function Call Overhead
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Function Call Overhead

pure Python

[a[1] + b[1] for 2 + b
1 in range(N)]
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Function Call Overhead

With any GPU library, function calls (kernel launches) must cross hardware boundaries

- Fuse kernels (cupy.fuse, torch.compile)
- Hide kernel latency

Pure Python NumPy CuPy

[a[1] + b[1] for

3000 ns}
)\ 4

30 ns

1 ns
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GPU Execution is Asynchronous
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GPU Execution is Asynchronous

Once a kernel is launched, the CPU can keep working

- Launch kernels while GPU is working
- Keep both CPU and GPU always busy

<A NVIDIA



Memory Hierarchies and Migration

CPUs have deep memory hierarchies that are almost entirely automatically managed

L1 Cache
L2 Cache

L3 Cache

Main Memory
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Memory Hierarchies and Migration

GPU memory transfers must be managed explicitly

L1 Cache
L2 Cache

L3 Cache

Main Memory

CPU

PCle

HBM
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Memory Hierarchies and Migration

GPU memory transfers must be managed explicitly

- Stage memory transfters, kernel
launches, and other CPU work

L1 Cache

L2 Cache
- For kernel authors: use special memory

: L3 Cache
spaces like shared memory

Main Memory

CPU

PCle

HBM
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Latency vs. Throughput

CPUs and GPUs take different approaches to managing latency

Low Latency
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Latency vs. Throughput

CPUs and GPUs take different approaches to managing latency

High Throughput
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GPUs Optimize for High Throughput
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GPUs Optimize for High Throughput
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Why Do GPUs Really Work

CPU GPU
Memory bandwidth 100 Gb/s 5Tb/s
Latency 100 ns 400 ns

Bytes per latency 10,000 2,000,000
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Why Do GPUs Really Work

CPU GPU
Memory bandwidth 100 Gb/s 5 Tb/s
Latency 100 ns 400 ns
X + % Bytes per latency 10,000 2,000,000
Memory efficiency 16e-3 8e-6
Threads required 625 125,000

Threads available 200 300,000

<A NVIDIA



Parallel Algorithms Reveal the Limits of Floating Point
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Parallel Algorithms Reveal the Limits of Floating Point

Floating point arithmetic is not associative, so parallel algorithms produce different results

- Use deterministic algorithms (torch.use_deterministic_algorithms,

tf.config.experimental.enable_op_determinism)
- Do not expect equivalence across hardware

3.6000001 3.5999999

Ve N a+(b+c) = (a+b)+c Ve N

0.3/1';0\0.7 1.1/2‘;6\1.5 0.3/1({0.7 1.1/2;'6\1.5
NN N N SN SN N N

.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 .1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
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Summary

Property of GPU Execution Ways to Handle
JIT compilation Persistent JIT caches
Kernel launch overhead Kernel fusion, multi-stream workflows, queuing
Memory transfer overhead Sequencing memory and compute operations, CPU/GPU pipelining

Floating point error Use deterministic algorithms, only compare identical hardware

NVIDIA
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