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• Nsight Systems

• DLFW Extensions

• Use Case: Optimizing a PyTorch Workload

• [Nsight Compute]

Agenda
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Nsight Product Family
Optimization Workflow

Nsight Systems
Analyze application algorithm system-wide

Nsight Compute
Debug/optimize CUDA kernel

Nsight Graphics 
Debug/optimize graphics workloads
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Nsight Systems
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NVTX Profile Ranges

CUDA API Trace

Sortable Events View

Thread/Core Util & State

Processes, 
GPUs & 
Threads

GPU Occupancy

CUDA Kernels & Memory Transfers
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Nsight Systems
CLI - Example

cuda  - GPU kernel
osrt   - OS runtime (e.g pread, pthread, etc)
nvtx   - NVIDIA Tools Extension
cudnn  - CUDA Deep NN library
cublas  - CUDA BLAS library

https://docs.nvidia.com/nsight-systems/UserGuide/#cli-profiling

 $ nsys profile –t cuda,osrt,nvtx,cudnn,cublas \   APIs to be traced
            -y 60 \                    Delayed profile (sec)
            –d 20 \                    Profiling duration (sec)
            -o baseline \                Output filename
            -f true \                  Overwrite when it’s true
            -w true \                  Display
            python train.py              Execution command
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Nsight Systems
GPU Workload - A Closer Look

▪ check trace of GPU activity

▪ locate idle GPU time % chart for average CUDA kernel coverage
(not SM occupancy)

% chart for average no. of memory operations
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Nsight Systems
CPU Thread Activities

% CPU Core Utilization

CPU Core

Thread State
(currently in Running state)
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Nsight Systems
CLI - Extended Example

https://docs.nvidia.com/nsight-systems/UserGuide/#cli-profiling

 $ nsys profile ...                      \                    
            --cuda-memory-usage true \      
            –-gpu-metrics-device all \  
                  --nic-metrics true       \
                  python train.py             
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Allocated Memory

Instructions / Occupancy
(incl. TensorCore)

CUDA Kernels & Memory Transfers

GPU Clocks

Bandwidths DRAM/NVLink/PCIE
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Nsight Systems
A PyTorch Example

def my_naive_silu_activation(x):
return x * (1.0 / (1.0 + torch.exp(-x))

class MySimpleNeuralNetwork(nn.Module):
def __init__(self):

super().__init__()
self.lin1 = nn.Linear(512, 512)
self.lin2 = nn.Linear(512, 512)
self.norm = nn.LayerNorm(512)

def forward(self, x: torch:Tensor):
x = self.lin1(x)
x = my_naive_silu_activation(x)
x = self.lin2(x)
x = self.norm(x)
return x

def main():
x = torch.randn(...)

model = MySimpleNeuralNetwork()
model = model.to(

device=”cuda", 
dtype=torch.half

)

for _ in range(10):
x = model(x)
loss = x.sum()
loss.backward()
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Nsight Systems
A PyTorch Example – A First Profile

just a sequence of kernels

where are they stemming from? 

what is forward, what is backward?
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Nsight Systems
A PyTorch Example – NVTX Annotations

def main():
x = torch.randn(...)

    
# automatic emission of nvtx ranges for each module

with torch.autograd.profiler.emit_nvtx(): 
model = MySimpleNeuralNetwork()
model = model.to(

device=”cuda", 
dtype=torch.half

)

for _ in range(10):
# manual ranges via push/pop
torch.cuda.nvtx.range_push(f”iter-{it}”)
torch.cuda.nvtx.range_push(“forward”)
x = model(x)
torch.cuda.nvtx.range_pop()
loss = x.sum()
loss.backward()

         torch.cuda.nvtx.range_pop()
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Nsight Systems
A PyTorch Example – NVTX Annotations
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Nsight Systems
A PyTorch Example – NVTX Annotations

correlate forward and backward kernels by matching sequence IDs 
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Nsight Systems
A PyTorch Example – NVTX Annotations

correlate forward and backward kernels by matching sequence IDs 
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Nsight Systems
Don’t want GUI? Use ‘stats’

> nsys stats baseline.nsys-rep
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Nsight Systems
Distributed Workload – Single Entrypoint

 $ nsys profile ... torchrun –-nproc-per-node 2 train.py             
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Nsight Systems
Multi-GPU Profile

Kernels on GPU0

Kernels on GPU1
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Nsight Systems
Distributed Workload – Many Entrypoints

 $ mpirun –n 2 nsys profile ... <application>             
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Nsight Systems
Network Analysis – NIC/HCA Metrics Sampling 

Kernels only from Local Rank

Network Metrics
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Nsight Systems
Recently Added Features

• Remote UI Streaming

• Jupyter Notebook / Lab Extension (profile individual cells)

• Multi-Node Profiling
• most of the times, no single point of entry, i.e. need to profile on each process independently
• use “recipes” to aggregate information from all these reports
• nsys recipe [<args>] <recipe_name> [<recipe_args>]
• runtime summaries, utilization heatmaps, communication analysis, and many more
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Use Case
Optimizing a PyTorch Workload 
But First
Intro in “DLFW Extensions”
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DLFW Extensions
Extension Libraries that make Deep Learning FrameWorks faster

• apex (https://github.com/NVIDIA/apex) 
• collection of different primitives, unstructured but still occasionally useful 
• historically things like a FusedLayerNorm, a Fused Adam optimizer, AMP, etc. which eventually ended up in PyTorch
• apex/contrib some fused operations like MHA, Triton kernels e.g. for OpenFold

• TransformerEngine (https://docs.nvidia.com/deeplearning/transformer-engine/index.html) 
• mainly layers useful for training transformers in lower precision (FP8 and FP16) like fused attention layers, LayerNorm, fused 

linear+norm layers and support for model-parallelism  
• wrappers for both JAX and PyTorch

• cuDNN Frontend
• besides using cuDNN as a potential library of many “NN” operations in C++ codes, now also a Python frontend
• however, often already used by other libraries like TransformerEngine or PyTorch already

• Other NVIDIA Libraries
• RAPIDS as a whole ecosystem of accelerated primitives 
• cuDF (“pandas on the GPU”), cuML (“scikit-learn on the GPU”), XGBoost, cuVS (Vector Search & Clustering), and many more
• cuPyNumeric (drop-in replacement for NumPy) https://github.com/nv-legate/cupynumeric

 

https://github.com/NVIDIA/apex
https://docs.nvidia.com/deeplearning/transformer-engine/index.html
https://github.com/nv-legate/cupynumeric
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DLFW Extensions
Just-in-Time Deep Learning Compilers

• PyTorch torch.jit.script / torch.compile
• previously, e.g. torch.jit.script with nvFuser in the backend
• now TorchDynamo / TorchInductor in the backend which generates Triton kernels
• idea: fuse operations together to avoid storing/loading intermediate results, especially useful for memory-bound operations

• Lightning Thunder
• effort by lightning.ai (team behind PyTorch Lightning)
• don’t use Triton exclusively for code generation, but also include other tools like nvFuser or kernel libraries like cuDNN
• currently in Alpha Stage 
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DLFW Extensions
Manual CUDA / PTX Code  and JIT Compilers

• CUDA
• always an option ☺ but usually more effort
• large number of math libraries, like cuDNN, cuFFT, cuTensor, cuSparse, etc, 
• CUTLASS as open-source header-only library for GEMM kernels

• OpenAI Triton (https://triton-lang.org/main/index.html) 
• pythonic way of writing lower-level GPU code on a thread-block level
• JIT compiled 

• nvFuser (https://github.com/NVIDIA/Fuser) 
• Fusion Code Generator for NVIDIA GPUs
• Python Frontend and C++ Frontend
• higher-level language which defines operations to be fused within a FusionDefinition

• Other
• Numba https://numba.pydata.org/numba-doc/latest/cuda/ 
• Warp https://github.com/NVIDIA/warp

https://triton-lang.org/main/index.html
https://github.com/NVIDIA/Fuser
https://numba.pydata.org/numba-doc/latest/cuda/
https://github.com/NVIDIA/warp
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DLFW Extensions
OpenAI Triton Example

BLOCK_SIZE = 512

@jit
def add(X, Y, Z, N):
    pid = program_id(0)
    idx = pid * BLOCK_SIZE + arange(BLOCK_SIZE)
    mask = idx < N
    x = load(X + idx, mask=mask)
    y = load(Y + idx, mask=mask)
    store(Z + idx, x + y, mask=mask)

grid = (ceil_div(N, BLOCK_SIZE),)
add[grid](x, y, z, x.shape[0])
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DLFW Extensions
nvFuser Example

with nvfuser.FusionDefinition() as fd:
    t0 = fd.define_tensor(
        shape=[-1, 1, -1],
        contiguity=[True, None, None],
        dtype=DataType.Float
    )
    t1 = fd.define_tensor(3)
    c0 = fd.define_scalar(3.0)
    t2 = fd.ops.add(t0, t1)
    t3 = fd.ops.mu,(t2, c0)
    t4 = fd.ops.sum(t3, [-1], False, DataType.Float)
    fd.add_output(t4)

torch_out = fd.execute([torch_tensor1, torch_tensor1])[0]
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Use Case 
Optimizing a PyTorch Workload 
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Optimizing a PyTorch Workload
A PyTorch Example

def my_naive_silu_activation(x):
return x * (1.0 / (1.0 + torch.exp(-x))

class MySimpleNeuralNetwork(nn.Module):
def __init__(self):

super().__init__()
self.lin1 = nn.Linear(512, 512)
self.lin2 = nn.Linear(512, 512)
self.norm = nn.LayerNorm(512)

def forward(self, x: torch:Tensor):
x = self.lin1(x)
x = my_naive_silu_activation(x)
x = self.lin2(x)
x = self.norm(x)
return x
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Optimizing a PyTorch Workload
Naïve Sequence of Elementwise Operation

𝑆𝑖𝐿𝑈 𝑥 = 𝑥 ∗
1

1 + 𝑒−𝑥

𝑥1 = −𝑥
𝑥2 = exp 𝑥1
𝑥3 = 1 + 𝑥2

𝑥4 =
1

𝑥3
𝑥5 = 1 ∗ 𝑥4
𝑥6 = 𝑥 ∗ 𝑥5

𝑥1 = −𝑥 𝑥6 = 𝑥 ∗ 𝑥5𝑥5 = 1 ∗ 𝑥4𝑥4 =
1

𝑥3
𝑥3 = 1 + 𝑥2𝑥2 = exp 𝑥1
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Optimizing a PyTorch Workload
Native “Fused” SiLU Activation in PyTorch



33

Optimizing a PyTorch Workload
Fused SiLU from torch.compile
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Optimizing a PyTorch Workload
SiLU - Summary

Kernel Runtimes [mus] Forward Backward

PyTorch – Naïve SiLU 615 1025

PyTorch – Native SiLU 100 128

PyTorch – Naïve+torch.compile 90 128
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Optimizing a PyTorch Workload
Typical dataloading setup

# Download training data from open datasets.
training_data = datasets.CIFAR100(
 root="data",
 train=True,
 download=True,
 transform=ToTensor(),
)

# Download test data from open datasets.
test_data = datasets.CIFAR100(
 root="data",
 train=False,
 download=True,
 transform=ToTensor(),
)

# Create data loaders.
train_dataloader = DataLoader(training_data, batch_size=batch_size, pin_memory=True, num_workers=num_workers)
test_dataloader = DataLoader(test_data, batch_size=batch_size, pin_memory=True, num_workers=num_workers)
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Optimizing a PyTorch Workload
Nsight Systems profile for num_workers=0 (default value)

• GPU barely active

• Computation seems strangely sparse

• Runtime of about 8.8s per epoch
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Optimizing a PyTorch Workload
Nsight Systems profile for num_workers=0 (default value)

A more detailed look

• Huge gaps between batches

• GPU only active during computations in batches, is idle during data loading

We have to keep the GPU busy

-> Increase the number of workers!
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Optimizing a PyTorch Workload
Nsight Systems profile for num_workers=2

• GPU a little more active, still mostly inactive

• Computation sparsity becoming better

• Runtime of about 4.9s per epoch
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Optimizing a PyTorch Workload
Nsight Systems profile for num_workers=8

• Way better usage of GPU

• Only few “computation gaps” left

• Runtime of about 2.6s per epoch



40

Optimizing a PyTorch Workload
Timings for different number of workers

Epoch Runtimes [s] Relative speedup Efficiency

num_workers=0 8.8 1.0 1.0

num_workers=2 4.9 1.8 0.9

num_workers=4 3.0 2.9 0.725

num_workers=8 2.6 3.4 0.425

• Can we do this indefinitely? No, because…

• Limited by number of threads/cores

• Limited by “computation gaps”

• Limited by memory:
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Nsight System Tricks
FAQ

• How to profile a multiple process application

• One report for each process：horovodrun –np 8 nsys profile –o report_name_%q{HOROVOD_RANK} ./xxxxx

• One report file for 8 processes：nsys profile –o report_name horovodrun –np 8 ./xxxx

• Using conditional flag to capture only one process

• How to minimize your report file

• Try to control report file size <100MB to speed up your analysis work.

• using flags like“–y 60 –d 60 –s none”

• using nsys launch + nsys start/stop style commands

Parameter Default Functionality Example

-y, --delay 0 delay the collection after certain time (in seconds) nsys profile –y 60 ./appname # delay collection

-d, --duration N/A duration of collection nsys profile –d 30 ./appname # only 30s are 
collected

-s, --sample process-tree control the collection of CPU info nsys profile –s none #do not record CPU trace

if torch.distributed.get_rank() == 0 and condition1:

    torch.cuda.cudart().cudaProfilerStart() 

if torch.distributed.get_rank() == 0 and condition2:

    torch.cuda.cudart().cudaProfilerStop()

nsys profile [nsys_args] 

  --capture-range=cudaProfilerApi

  bash script.py [script_args]
+
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Nsight System Tips
FAQ

Continued…

• No GPU info contained in the file

• Check if you have included the tracing flag

• Adding nsys profile commands right before the python when you are using nested scripts.

• using --trace-fork-before-exec flag

https://docs.nvidia.com/nsight-systems/UserGuide/index.html
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