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® Nsight Systems

® DLFW Extensions

® Use Case: Optimizing a PyTorch Workload

® [Nsight Compute]
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Nsight Product Family

Optimization Workflow

Start here

l

Nsight Systems Nsight Systems
. . . . Re-check overall performance Comprehensive workload-level performance
Analyze application algorithm system-wide

Nsight Compute
Debug/optimize CUDA kernel

Dive into top CUDA kernels by using
metrics/counter collection

Nsight Graphics
Debug/optimize graphics workloads Nsight Compute

Detailed CUDA kernel performance
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Nsight Systems
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Nsight Systems
CLI - Example

$ nsys profile -t cuda,osrt,nvtx,cudnn,cublas \ <€ APIsto be traced

-y 60 \ < Delayed profile (sec)
-d 20 \ < Profiling duration (sec)
-0 baseline \ < Output filename
-f true \ <& Overwrite when it’s true
-w true \ < Display
python train.py < Execution command
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

6 <ANVIDIA. I



Nsight Systems
GPU Workload - A Closer Look

" check trace of GPU activity

N

= locate idle GPU time S . M) % chart for average CUDA kernel coverage
TR - (not SM occupancy)
\ i /
l_l J
NVIDIA A100-SXM4-40GB) -.. ,.J o 1 155 1 |-||l|i | |L| ] ||'|-"-r -|+ I

L.
L ] [ldcucoxdetapaeo

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

W

|
v V| [1513] pool-21- | |

‘I_— % CPU Core Utilization

CPU Core
r

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

[LLETITHERTITEE : Thread State
@ Running (currently in Running state)
OS runtime libral E] [® In OS runtime library function

: [ Time: 9.04951s

8 <ANVIDIA. I



Nsight Systems
CLI - Extended Example

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

https://docs.nvidia.com/nsight-systems/UserGuide/#cli-profiling
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~ GPU (0000:45:00.0 - NVIDIA |

* GPU Metrics [10 kHz] ey
GPC Clock Frequency 0to 2.01GHz GPU Clocks
SYS Clock Frequency 0to1.67 GHz
GR Active 0 to 100%
SMs Active 0 to 100%
¥ SM Instructions 0 to 100%
100% Instructions /AOCCUpPaNCY
» SM Warp Occupancy (incl. TensorCore)
0
r DRAM Bandwidth 0 to 100%
" NVLink RX Bandwidth e Bandwidths DRAM/NVLink/PCIE
r NVLink TX Bandwidth 0 to 100%
r PCle Bandwidth 0 to 100%
- Processes (35) i
~ [3596] python3 0 to 100% :
* CUDA HW (0000:45:00.0 - mous
Men:mw i Ll E!E Altocated-Mlemory
Static memory usage 0 to 250 kiB

Local Memory Pool

* =98.9% Kernels
¥ 21.1% indexFunclLargeln
¥ 16.7% indexSelectLarge

10.7% CatArrayBatched

8.5% sm90_xmma_gen CUDA Kernels & IMlemory: Trransfers
5.6% vectorized_layer_
5.5% _scatter_gather_e

5.1% sm90_xmma_gem

4.4% sm90_xmma_gen
4.4% elementwise_kern
2.5% reduce_kemel
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Nsight Systems

def my naive silu activation(x): def main():
return x * (1.0 / (1.0 + torch.exp(-x)) X = torch.randn(...)
class MySimpleNeuralNetwork(nn.Module): model = MySimpleNeuralNetwork()
def init (self): model = model.to(
super(). init () device="cuda",
self.linl = nn.Linear(512, 512) dtype=torch.half
self.lin2 = nn.Linear(512, 512) )

self.norm = nn.LayerNorm(512)
for _inrange(10):

def forward(self, x: torch:Tensor): X = model(x)
x = self.lin1(x) loss = x.sum()
X =my naive silu activation(x) loss.backward()

X = self.lin2(x)
X = self.norm(x)
return X
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Nsight Systems
A PyTorch Example — A First Profile

* GPU (0000:13:00.0 - NVIDIA L

~ GPU Metrics [10 kHz] "ﬁ'g"nﬁgg_w S e e
GPC Clock Frequency .10 252 GHz
SYS Clock Frequency 0 to 188
GR Active 0 to 100%
» Compute in Flight 0 to 100% |
SMs Active 0 t0 100% - |
» SM Instructions 0 to 100% B R i |
100% B r— e o P R, S
¥ SM Warp Occupancy L -. |
" . . .
» DRAM Bandwidth 0 to 100%
» PCle Bandwidth 0 to 100%
PCle Read Requests to BAF ~ 0 req
PCle Write Requests to BAF 0to 309 reg
v Processes(47)
* [1281] python3 0 to 100%
~ CUDA HW (0000:13:00.0 - kernel :
- =08.9% Kernels Rid at:n_.. . v... |ampera ympera_f voi.. (NI void at:native... .
} 39.2% vectorized_elem . |(¥eid St (¥oid at.:native.. (Void Bt (Void Gt | ¥oid .| Void at:native.., | Void atinative . [¥oid Bz, [¥oid Stnative.) : (voic @t void ot (void Bt [void . [void @t [¥void atnafive:..| _ . (U T T T
b 11.4% Kernel2 [void cutlas... [void cutles... (void cutiss...| |
» 10.3% ampere_fp16_s1¢ | [ ampers... ] (ampare_p...|
» 10.2% ampere_fp16_s1¢ (Smesre..) (amesre_fp..) (Smesre..)
¥ 6.3% reduce_kernel vo...] [voi... [void.. [voi...
12 kernel groups hi —+ - : : - _
» <0.1% Memory i

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

1 41ms +92ms +93ms +94ms +85ms +96ms +87ms +98ms +99ms +100ms +10

65 - +87ms +88ms +89ms +90ms

kernel
* CUDA HW (0000:13:00.0 -

(a3
L%

5 90.

Ca

memory

~ >99.9% Kernels : amp... N7« v... I void at::...
¢ 39.2% vectorized_elem

F 11.4% Kernel2

¥ 10.3% ampere_fpl16_s1f

dimpe...
B

1 I J

¥ 10.2% ampere_fp16_s1k

¥ 5.3% reduce_kernel

| nvtx [123.289 ms]
iteration-7 [12.2... iteration-8 [12.239 ms] iteration-9 [1
autngrad::engin...:: forward [3.906 ms] a :autngrad::engine::e... :aulngrad::engi...: :autngrad::engin...:aut...:al.rlngrad::engine::eua...::Elutugra...::i:mngrad::engi...:autngrad::engin... forward [3
Addm mEan:k...: :ate... ate... Iaten...Iaten...Iaten...Iaten...Iaten::m...::azten:...:aten...:a...: :NativELayerl‘JurmBa...: :Addm mE!an:...:: :MuIE!a:I::wardD, ...:MuI...:Heciprn:alﬂa:kwardﬂ...: :ExpEan:...::Neg...:aten::a... ::A-:Idm mBack... atE ate... Iater
NVTX - aten:...laten::...: [E :a?:en:...:aten...: :aten::natiue_layer_n...: :ate...laten::...: :aten::...laten::m...::ate...::iaten...Iaten...laten::m...::aten::m...:aten...: :aten:...laten::...: ate...
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Nsight Systems
A PyTorch Example — NVTX Annotations

6s v +87ms +88ms +89ms +90ms At 6s 91.508ms E¥uS +93ms +94ms +95ms +96ms +97ms +98ms +99ms +100ms

kernel
v CUDA HW (0000:13:00.0 -
memory

v >99.9% Kernels

» 39.2% vectorized_elem:

» 11.4% Kernel2 -

» 10.3% ampere_fp16_s1¢

» 10.2% ampere_fp16_s1¢ -

» 6.3% reduce_kernel .

12 kernel groups hi — +

nvix [123.289 ms]

fteration-7 [12.2... | . iteration-8 [12.239 ms] : | iteratior
autograd::engin... | : ~ forward [3.906 ms] : |a...| autograd:-engine::e... | autograd::engi... |autograd:engin...  aut... lautograd:engine::eva...|autogra... [autograd:engi...| autograd:-engin... | forwa
AddmmBack...I...Ta'te...late...latén...Iaten..]afen...Iaten..]aten::m...Iétaen:...laten.;..la.._.][Na.t‘ivei.ayerNormBa...w[Addr_ntac...I...][MUIBackwardO, .| Mul...|ReciprocalBackwardo...|ExpBac...|Neg...| aten::a... IAddmmBéck...I...][ate...Iéte...
NVTX A aten:...Iaten::...] .at'e... [aten:...latén; :;esns::layer_nonn,seq =226, op_id = '__aten::.... [aten::...Ia‘tén::m...Ia'te...'Ia;t'en..lat'en..léten::m...Laten::m... éten..;] [aten:...laten::...] J_ate...]
|Begins: 6.09122s
|Ends: 6.091625(/(413 us)
.w Thread-: 1281

U

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

65 +87ms +88ms +89ms +90ms +91ms +92ms 6s 92.731ms 8 +94ms +95ms +96ms +97ms +98ms +99ms +100ms +1
v CUDA HW (0000:13:00.0 -
_ ===
v >99.9% Kernels - . =lg o8 void... A48 |void at::...|void at::

» 39.2% vectorized_elem:

¥ 11.4% Kernel2

» 10.3% ampere_fp16_s1¢ A%

» 10.2% ampere_fp16_s1¢

¥ 6.3% reduce_kernel

12 kernel group:—+ 1

» <0.1% Memory

G ~ nvix[123.289 ms]
iteration-7 [12.2.. I _‘ iteration-8 [12.239 ms] [ iteration-9 |
autograd: engln | forward [3.906 ms] Ia éutograd"engin 'I'aut Iéutograd"engihe"eva Iautogra Iautograd"engi 'I‘éutograd"engin ~ forward [:

L | ate Iate Iate

AddmmBack... | ... ate...I_ate..laten..J?ten..J?ten..l?ten.iaten::m.ﬂéhen:..}ten.;_; a | | sl
aten:..‘.lgten::... ;_'ate_..." '_'aten:..i.Iéten... ten::native_l: Nat'vel_ayerNomBackwa"’o seq = ]gten..m... ate Iaten Iaten Iaten..m...[aten..m... aten [?ten:...'Laten::..J &
|226, op_id =114

s egins: 6.09185s
|Ends: 6.09322s (+1.367 ms)
| Thread: 1407

autograd"engi '

correlate forward and backward kernels by matching sequence IDs
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== CUDA GPU Kernel Summary (cuda_gpu_kern_sum):

Time (%)
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47258383
2571625
42131662
23991474
18723388
184 76868
15854264
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fH3BATS
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481346
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413346
634946
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48352
238592
512882
583713
414849
414625
414945
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719331
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2044
23872
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185516.
151719.
2474.
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vold at:

vold cutla

Nsight Systems

Mame

native:
5: :Kernel2<cutlass

:vectorized_ HlvmvnfﬂiJ _kernel=(int)4, at::native::BinaryFunctor<cl®::Half, cl@::Ha—
_B8_tensorop_f16 s16B160emm_ rHlu f16_64x256_32x4 nt_alignB=(T1l::Params)

ampere_fplt s1688gemm fplE 12 Bx12 '8 _ldgB_relu_f2f _tn
ampere_fplt_s1688gemm TplE 128x128 ladgB_f2f_nn

vold
vold
vold
vold
vold at
triton__
void at:

vold at:
vold at:
vold at:
triton__
vold at:
vold at:

vold at:
vold at:

vold transformer_englne::

vold at:

vold transformer_engine::

triton__

void cublasLt:
vold transformer_engine::
vold at:
vold at:
vold at:

rtnative:
rtnative:
rnative:
rtnative:
rnative::

cvectorized_ elementwise FHFHHLullﬂfJ4, at::native::neq_kernel_cudalat::Tensorlterat—
r<Unnamed:: hamnmﬂm¢aﬂacknardEUDAhHrnHl 32x32<c1@: :Half, float=(long, long, const T-
r<unnamed=: : Layer_norm_grad_input_kernel_vectorized=cl@::Half, float>(const T1 %, c-
:vectorized _elementwise_kernel<(int)4, at::native::AUnaryFunctor<cl@®::Half, cl8::Ha-
reduce_ kernel<(int) 12 8, (int)4, at::native::Reducelp<cl@::Half, at::native::func_w-
8d1ld2d3id4d5a6did

:native: :vectorized_elementwise_kernel<(int)4, at::native::CUDAFunctor_add<cl@::Half=, at::-
:native: :<unnamed=: :vectorized_layer_norm_kernel=cl@::Half, float=(int, T2, const T1 %, con-
:native: :reduce_kernel=(int)512, (int)1, at::native::Reducelp<cl@®::Half, at::native::func_w-
cnative: :vectorized_elementwise_kernel<({int)4, at::native::<unnamed=::silu_backward_kernel(_
gdld2d

:native:
tnative:
:native:
:native:

:vectorized elementwise P FHEL{ithJ4, at:
:UHcfurltvd_HLHmanﬂla <(int)4, at:

cnative: :CUDAFunctorinSelf _add=cl@::Half=>_
:native: :reciprocal_kernel _cudalat::Tenso—
:vectorized _elementwise_ pl=(int)4, at::native::exp_kernel_cudalat::Tensorlterat—
cvectorized_elementwlise <(int)4, at::native::<unnamed=::silu_kernel(at::Tenso-
lEfPF norm: : Ln_ h'd_g:n&raL_kerneL:transfunmen_&ngin&::lay&n_nunm::H&rn&L_t_
relementwise_kernel<=(int)128, (int)4, void at::native::gpu_kernel_impl_nocast<at::n-
layer_norm:: Ln_fwd_general_kernel<transformer_engine:: layer_norm::Kernel_t.

native:

gdld2did

:splitKreduce_kernel<(int)32, (int)16, int, _ _half, _ _half, float, __half,

layer_norm:: ln_hhd_rlnall;v_gvnvraL_kernel;__half, float, (unsigned int)4,-
_kernel=(int)4, at::native::FillFunctor<cl@::Half>, at::deta-

_kernel=at::native: :direct_copy_kernel_cudalat::Tensorlterator-

e_kernel=(int)4, at::native::FillFunctor<float>, at::detail::-

(bool)l, (-

:vectorized_elementwlse
runrolled_ elementwise
uHcfurltvd_HleanﬂlJ

‘native:
native:
native:
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Nsight Systems

Distributed Workload — Single Entrypoint

$ nsys profile ... torchrun --nproc-per-node 2 train.py

18 <ANVIDIA. I



Nsight Systems
Multi-GPU Profile

~ GPU (0000:81:00.0 - NVIDIAF
~ GPU Metrics [10 kHz] Kl
GPC Clock Frequency .10179GHz e
SYS Clock Frequency ..01.52 GHz
GR Active
SMs Active

¥ SM Instructions

¥ SM Warp Occupancy

DRAM Bandwidth 0 to 100%

:
¥ NVLink RX Bandwidth 0 to 100%
¥ NVLink TX Bandwidth 0 to 100%
¥ PCle Bandwidth 0 to 100%
* GPU (0000:01:00.0 - NVIDIA F
+ GPU Metrics [10 kHz] memory
GPC Clock Frequency Jo179GH ————— T —

SYS Clock Frequency ..01.52 GHz
GR Active
SMs Active

¥ SM Instructions

» SM Warp Occupancy

DRAM Bandwidth
MVLink RX Bandwidth
MNVLink TX Bandwidth
PCle Bandwidth

b . . .

19 <2 NVIDIA.




Nsight Systems
Distributed Workload — Many Entrypoints

$ mpirun -n 2 nsys profile ... <application>

20 <ANVIDIA I



Nsight Systems
Network Analysis — NIC/HCA Metrics Sampling

= Timeline View

+850ms +900ms +950ms 7s +50ms +100ms +150ms +200ms +250ms +300ms +350ms +400ms

+800ms

bs '|. l+?5{]m5

4

b

* Threads (10)

NIC-0
IB Bytes received
IB Bytes sent
IB Send waits
NIC-1
NIC-2
NIC-3

CPU (96)

CUDA HW (0000:44:00.0 - NVI

* [21004] MPI Rank 18

MPI

* UCX

Start & End
» Categories
NVTX

CUDA API
Profiler overhead
[21348] async
8 threads hidden... - <

UCX

21 <A NVIDIA. I



Nsight Systems

* Remote Ul 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
e use “recipes” to aggregate information from all these reports
* Nsys recipe [<args>] <recipe name> [<reclpe_args> |
* runtime summaries, utilization heatmaps, communication analysis, and many more

22 NVIDIA.



Use Case
Optimizing a PyTorch Workload
But First
Intro in “DLFW Extensions”




apex (

DLFW Extensions

)

* 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 (

* 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)

import cupynumeric as np

# instead of numpy

)

24

NVIDIA.


https://github.com/NVIDIA/apex
https://docs.nvidia.com/deeplearning/transformer-engine/index.html
https://github.com/nv-legate/cupynumeric

DLFW Extensions

* PyTorch torch.jit.script / torch.compile
* previously, e.g. torch.jit.script with nvFuserin the backend
* now TorchDynamo / Torchinductor in the backend which generates Triton kernels

* jdea: 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

Pretraining Llama 7B (H100, batch=1, bfloat16)
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DLFW Extensions

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

OpenAl Triton ( )
* pythonic way of writing lower-level GPU code on a thread-block level
* JIT compiled

nvFuser ( )

* 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
* Warp

26
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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

DLFW Extensions

BLOCK SIZE = 512

@jit
def add(X, Y, Z, N):
pid = program 1id(9)
idx = pid * BLOCK SIZE + arange(BLOCK_ SIZE)
mask = 1dx < N
X = Lload(X + 1dx, mask=mask)
vy = Load(Y + 1dx, mask=mask)
store(Z + 1dx, X + vy, mask=mask)

grid = (ceil _div(N, BLOCK_ SIZE),)
add[grid](x, v, z, X.shape[0O])
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DLFW Extensions

with nvfuser.FusionDefinition() as fd:
t0 = fd.define tensor(
shape=[-1, 1, -1],
contiguity=[True, None, None],
dtype=DataType.Float

tl = fd.define tensor(3)

cO = fd.define scalar(3.0)

t2 = fd.ops.add(t@, tl)

t3 = fd.ops.mu,(t2, cO)

t4 = fd.ops.sum(t3, [-1], False, DataType.Float)
fd.add output(t4)

torch_out = fd.execute(|[torch _tensorl, torch _tensorl])[9]

28 NVIDIA.



Use Case
Optimizing a PyTorch Workload




Optimizing a PyTorch Workload

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.linl = 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 nhaive silu activation(x)
X = self.lin2(x)
X = self.norm(x)
return x
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SiLU(x) = x *

1+e™*

exp(x1)
1+ x2

x3
1 xx4

X * X5

Optimizing a PyTorch Workload

Naive Sequence of Elementwise Operation

kernel
+ CUDA HW (0000:45:00.0 - _

memory

 218% vectored_lom e S ) o e )

¥ 10.6% triton__0d1d2d3.

¥ 10.3% sm90_xmma_ge!

¥ 10.0% sm90_xmma_ge!

13 kemel groups hi — +

b 0.3% Memory
example-nvtx [37.829 ms]
iteration-5 [3.684 ms]
forward [1.076 ms]
aten::lin...] [aten::neg, seq =182, op_id = 68... ][aten::exp, seq =183, op_id = EBB...] [aten::add, seq = 184, op_id = 68... ] [aten::reciprucal, seq =185, op_id ...Iaten::mul, seq = 186, op_id = EBE...][ aten::mul, seq = 187, op_id = 687 [131.838 pus] Iaten::linear,
NVTX - aten::a... 1 aten::addm...
: x1l =—x x2 = exp(x1) x3 =1+ x2 x4 x5 =1 *x4 x6 = x * x5 [

" X3

* CUDA HW (0000:45:00.0 -

- 99.7% Kemels sm90_..

kF 21.8% vectorized_elem:e

¥ 10.6% triton__0d1d2d3

b 10.3% sm90_xmma_ge!

b 10.1% sm90_xmma_ger

13 kemel groups hi — 4+ -

b 0.3% Memory
example-nvtx [37.829 ms]
_ iteration-5 [3.684 ms]
aut-::g...] :autugrad::engine::eualuate_fu n: MulBackward0, -:Jp...::autugrad::engine::...:aut%:lgrad::enginez:evaluate _function: ReciprocalBackward0, op_id = ?E1...::amngrad::engine::eualuate_.. Futograd::engine::evaluate_function: NegBackwa...]:amngr...
aten::...] MulBackward0, seq = 187, op_id = 755 [257.502 ps] ::MuIEackwardU, se ReciprocalBackward0, seq = 185, op_id = 762 [322.205 us] :ExpBa::kwardD, seq = 183, n...INegBa ardQ, se...Iaten::add_, op_id =774 [13...]: Addm...
NVTX - :aten::mul, op_id =756 [12...][aten::mul, op_id = 757 [13!1..: :aten::mul, op_id = ...::ateh::mul, op_id = ...Iaten::neg, op_id = ... Iaten::mul, op_id = 765 [131....:aten::mul, op_id =770 [131....Iaten::neg, op_id = ] aten::...
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Optimizing a PyTorch Workload

Native “Fused” SiLU Activation in PyTorch

kernel - - - @@ = '\ ] 5 4 [ | T
* CUDA HW (0000:45:00.0 - -. - I ., - : - | . .

memaory
* 99.7% Kemels
r 21.8% vectorized_elems
¥ 10.6% triton__0d1d2d 3.
' 10:5% smB0_xmma.ge sm90_x... sm90_x...
¥ 10.1% sm20_xmma_ger

¥ 10.0% sm90_xmma_ge!

13 kemel groups hi — <+

¥ 0.3% Memory

terati...| ] |
auto... || funuard [560.283 us] |ate... |autogra I Iiteration-

H— -si...| aten:lin... |aten:-layer_norm, se...|ate..|  Nat T[autngrad::engine::ewaluate_fun..: [autnfgrad:...Iautngrad::Engine::ﬁaluate_fun..: I[ forward |
aten:ad... [aten::silu, seq = 298, op_id = 2246 |N-- | a - [Ad:lmmEa-:kwardD, ...Iaten::su..: I EiIuEack.. ‘ AddmmBackwardg, ... ‘aten::su..: [aten::lin... Iai
‘ ‘ |Begins: 8.85361s - : : = ‘ - - *
|Ends: 8.85371s (+98.207 ps) aten:... [ aten:m... Iaten::mm...] 5i|uga.=kw,-..-d 0, seq = 298, op_id = [atenad]
| Thread: 1517 - ~ i |2314
| aten:... |Begins: 8.856265
X — |Ends: B.855389s (+127.966 us)
LI | Thread: 1679
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Optimizing a PyTorch Workload

Fused SiLU from torch.compile

3
M <90 xmm...| sm90 xm.. sriton. 0. w::idat::...- tri’t...ltr'rtnn_ﬂd1-:|2d sm90_xm... sm90_xm... R{(em

I , !
trton_0d...

sm90_xmm... sm90_xmm...

sm90_xm... 190_xm... sm90_xm...

>ompile [2.583 s]

I

iteration-7 [6.335 ms]

angine:-evaluate_function: Compile... aten...{ unctionBackward, op_id = '"?921 [4.383ms] ‘ |[
“unctionBackward, seq = 492, op_i... aten...{ 494, op_id = 10922 [4.383 ms] | | [ Torch-Con
Jaten::mm, u...laten::mm, u...l trit... ] raten::cn..."tritnn_p n:mm, u...l trit... ][tritnn_anfu se...laten::mm, u...Iaten::mm, u...I trit... [Eum piledFu
L " - y : : —_—
[aten::addm... triton_po...| aten::addm... Itritun_per_f...] aten::clo... | triton_poi_fused_add_exp_mul_neg_reciprocal_5, 'ﬂ

. hr : |op_id =10938

i : - : P--. |Begins: 11.4737s

lom e rgo0s  amexp-mul_neg.reciprocal 0. |Ends: 11.4742s (+534.075 ps)

|Begins: 11.4694s | Thread: 1679

Ends: 11.4698s (+363.165 us)

E.Thraad: 1817
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Optimizing a PyTorch Workload

SILU - Summary

PyTorch — Naive SiLU 615 1025
PyTorch — Native SiLU 100 128
PyTorch — Naive+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= ,

train=True,

download=True,

transform=ToTensor(),

)

# Download test data from open datasets.
test data = datasets.CIFAR100(

root= ,

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 = DatalLoader(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)

- 144s 1465 1485  15s 1525 154s 156s 158s  16s 1625 164s 166s 168 175 172s 174s 176s 178  18s  182s 184s 186s  188s 192s 1945 196s 1985  20s  202s 204s 206s 208s @ 21s 2125 214s 216s 218 < 22s = 22375 224s < 226s 22Bs 2 23s = 2372s
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» GPU Active .to 100%
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100%

¥ SM Warp Occupancy
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» DRAM Bandwidth .10 100%
» PCle Bandwidth .10 100%

PCle Read Requests to BAR’
PCle Write Requests to BAR | |
» CUDA HW (0000:65:00.0 - NVID| , Kermel

1 1 1 1 30 J = = ¢ 1 1 1 1 1 =L LI 1 4 =41 1 a3 =11 123213 a3 14 a3 =111419J 13 = a3 d = =113 3L ¢l 1 13 a3 3 =«# =« L =« =0 LI 3 3 = aa 1 3 =L I 13 414 =113 13 3 a324c1l1 1 144 =11T1HM4133 13 =«==9L01T1 1 1 1 13 =1L I 1 13 = = a3g5cv il Il g =143 3 3 LL L I 1 a3 3501 3L I 1 1 1 4v1 1 i3 =« ==L I 1 11 13 s =« L v =114 =211 =11H14121121 1 1 1 i3 =114 L = o = a L ¢l 1 1= =1T1:11H21mu3u I_

e | ey |
M— e | |l I | e | | P [

emory
~ Threads (26)
~ || [1719] python3 - Sl — = - - e - - — - - —— . - - - . _
05 runtime libraries i i
NVTX 1!
| s mnnnnnnlonnnnnnlosnnnnnnnl lannnnnllannnnnnnlnnnnlannnnnnnnnnnlonnnnnnnlonanlinnnanloanllannnnnnnlallannnnnnnnnnlannal palunannnnnnnnannnnnnnnnlonnnalonnnnnsnannnlonannlnuwnnllllannls :

» CUDA API !

| poflerowetend Boon 3355000 (8757 i

Thread: 1719

- [1?5?] pt_ﬁutﬂgrad_ﬂ - 1o 100% Il T 113 a el Tl eblill b owitltacl ol rael il dakldaescllaliellltaaawel swtlidsedaaeslbsddlelstdaastrlret it tlasaeelliil il letrtlltaeasallllawri Il cr1 1 1l 11 wllililldgewelieellwrel sl TP 1Tl il l e waeelill ol 11 .................................................................................................
................................................................................................. !

0S8 runtime libraries 8- 22222 22202 22202 222 2222222 2222202020202 2202 2202222 202202 22202222 2222 2222z 22z 2222222 222z 22 22020202020 2222 2222 222 222 2 b2 22202 22222 222222020202 2202 2222z 22z 2222020220202 22020 iz Tl pihmad_cond_wait :

: i

» CUDA API | ﬂ h [ h ﬂ |
Profiler overhead i i

* 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

+45I;'I ms . +45.5 ms . ﬂﬁi;'l ms . +~4&.5 ms . +4?i;'l ms . +4?l5 ms . +43i;'l ms . +43l5 ms . +49i:'l ms . +49l5 ms . +5mg ms

+5I]l5 ms

+51 I;'Ims

+51 lﬁms

+52i:'l ms

+52.5 ms

+53i:'l ms +53.5 ms

» CPU (16)

~ GPU (0000:65:00.0 - NVIDIA Gel
+ GPU Metrics [10 kHz]
~ GPCClock Frequency
SYS Clock Frequency
» GPU Active
» Compute in Flight
SMs Active
» SM Instructions

» SM Warp Occupancy

» DRAM Bandwidth
» PCle Bandwidth
PCle Read Requests to BAR®
PCle Write Requests to BAR’
» CUDA HW (0000:65:00.0 - NVIDI
~ Threads (26)

= v [1719] python3 -

0S runtime libraries
NVTX

» CUDA API

Profiler overhead

- |v! [1757] pt_autograd_0 -
0S5 runtime libraries
¢ CUDA API

Profiler overhead

Activ
e mni

I;'Ims . +42.5 ms . +43I;'I ms . +43.5 ms . +44Il]ms
Lo 100% I

i " ey Y YN
-

.44 GHz
1o 100%
1o 100%
e 100%

1o 100%
100%

0
1o 100%

1o 100%

Kernel
Memory

1o 100%

1o 100%

* Huge gaps between batches

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

We have to keep the GPU busy
-> |ncrease the number of workers!
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Optimizing a PyTorch Workload

Nsight Systems profile for num_ workers=2
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* 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
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* Way better usage of GPU
* Only few “computation gaps” left

* Runtime of about 2.6s per epoch
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Optimizing a PyTorch Workload

Timings for different number of workers

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:

RuntimeError: Dataloader worker (pid 2123) is killed by signal: Bus error. It i1is possible that dataloader's workers are out of shared memory. Please try to raise your shared memory limit.
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Instance Normalization

Mean and Variance based Normalization

Batch Norm Layer Norm Instance Norm Group Norm
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Instance Normalization
Similar to other normalization methods,
but applied on a different "slice” of the tensor.
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Super Resolution Network
Model Architecture

SR Architecture Block
Repeating blocks of Conv + InstanceNorm + Swish + Conv




Instance Normalization

Initial Profile

+100ms +150ms +200ms +250ms +300ms +350ms +400ms +450ms

» [All Streams]

* 96.0% Stream 530

* >09.9% Kernels
35.8% bn_fw _tr 1C11 _kernel NCHW
22.4% smB80 xmma fprop implicit gemm f16f16_ .
18.1% permutationKernelPLC3 ]
9.0% generatedNativePointwise I
7.2% sm80_xmma_fprop_implicit gemm_f16f16 f:
3.1% nhwcTonchw
2.9% sm80_xmma_gemm_f16f16_f16f16 f16 nn1 [ 0 0 0

0.8% sm80 xmma_fprop_implicit_ gemm_indexed_

Ilnstance NG[’]T]‘

Overhead ‘

v v v - - w - - b

0.5% sm80 xmma_fprop_implicit_ gemm_indexed_ I
5 kernel groups hidden... -— e ]
» <0.1% Memory

T TensoD D ) o) ) ) ] ) ) ) ) ) o) )| ) o)) )] ) [f ) ) e
» 2.4% Stream 529

» 1.4% Stream 531 @
35 streams hidden... — 4
» Threads (5)

One Iteration: 390 ms

43  <ANVIDIA I



Instance Normalization

Zooming In: More Detail

4s < +40ms +45ms +50ms +55ms +60ms +65ms

» [All Streams]

v 96.0% Stream 530
v >099.9% Kernels
» 35.8% bn_fw _tr 1C11 kermel NCHW
» 22.4% sm80 xmma_fprop_implicit gemm _f16f16_

T YT e R T

» 18.1% permutationKernelPLC3 “oid C...] }r lns‘igr?cr‘éNN'gfr'::L ] |

» 9.0% generatedNativePointwise _ XMMA Kernel | | "fake" Batch Norm op

» 7.2% sm80_xmma_fprop_implicit_gemm_f16f16_f: T;?:;;égf;tgz';\;?luwﬁ'&n ; operating in NCHW | ‘ E
» 3.1% nhwcTonchw NHWC8 data format b alieg

It can consume any
} 2.9% sm80_xmma_gemm_f16f16_f16f16_f16_nn_t data format, kernel XMMA Kernal

is built on demand Tensor core convolution

expectingtensor with
NHWCS8 data format

» 0.8% sm80 xmma_fprop implicit gemm_indexed_

» 0.5% sm80 xmma_fprop implicit gemm_indexed_

5 kernel groups hidden... - - Reformat Kernels
| | Convert to and from between NHWC8 « NCHW

¢ <0.1% Memory

NVTX (TensorRT)

Refor... [PWN(PWN...|/input_blocks.1/input_blocks.1.0/in_layers/i... _blocks. 1/input_blocks.1.0/out_layers.0/Inst...| PWN(PW... [Reformatt...|/input_blocks.1/input_blocks.1.0/out_layers...

» 2.4% Stream 529
» 1.4% Stream 531
35 streams hidden... - +
» Threads (5)
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0,0

0,1

1.0

0,H-1

0,W-1

H-1,W-1

0.0

0.1

1.0

0.H-1

0,W-1

H-1,W-1

C=0

TensorR1 Data Formats

0,1

0,W-1

H=1,W-1

T = n -

A I ﬂ~#1l 1.0 ‘ ‘H-I-W-' 0.0 ... | HLWA 0.0 | |H-1.w-1‘ 0.0 0.0 0.0 0.1 0.1 0.1 AW | AW | B W | 0.0 0.1 ‘ 0.W-1 1,0 ‘ ‘H".'..I-r

NCHW
Channel-first data format,
spatial elements store linearly.

NHWC
Channel-last data format,
elements interleaved by channel.

NHWCS
Channel-last data format,
elements interleaved by channel.
The channel dimension is
aligned and padded to 8
(128-bit alignment).

Standard for most TensorRT
operations.

Tensor Core FP 16 specific.
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Instance Normalization
Optimized NHWCS8 Kernel

25 = +980ms +985ms +990ms +995ms 3s +oms +10ms

» [All Streams]

v 93.8% Stream 530
* >99.9% Kernels

» 27.6% smB0 xmma fprop implicit gemm f16f16 °
» 25.5% instanceNormFwd
» 19.8% sm80_xmma_fprop_implicit gemm_f16f16
» 15.9% generatedNativePointwise | Iﬁgf;ﬁ;}g:rﬂTpKﬁg?ﬁ:
» 4.6% permutationKernelPLC3 performed on
» 4.4% sm80 xmma_gemm f16f16 f16f16 f16 tn n NHWC8 data format
» 1.3% sm80 xmma_fprop implicit gemm_indexed

XMMA Kernel

XMMA Kernel

Myelin Kernel

» 0.8% sm80 xmma_fprop implicit gemm _indexed
» 0.1% copyVectorizedKernel

4 kernel groups hidden... — 4+

Everything stays in NHWC8 data format
» <0.1% Memory

NVTX (TensorRT) ... bectonContextienqueve[255799ms]

input_blocks.1/in...|| PWN(PWNI... | finput_blocks.1/input_blocks.1.0/out_layers.3/Conv .. | finput_blocks.2/in... [PWN(PWN(/inp... | /input_blocks.2/input_blocks.2.0/in_layers/... | finput_blocks.2/input... |[P..
» 3.8% Stream 529 )
» 2.2% Stream 531
35 streams hidden... — 4+
» Threads (5)
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Instance Normalization
Optimized Profile

+200ms

+900ms| '+100ms_ | | v+150ms' l+250ms '+300ms

|

» [All Streams]
v 93.8% Stream 530 |
v >99 9% Kernels
27.6% sm80_xmma_fprop_implicit -gemm_f16f16_'-
25.5% instanceNormFwd

|68 6 6 &
l__!_l__!_l_!_!_l e !___! L_l
19.8% sm80 xmma fprop implicit gemm f16f16 ° . . .

15.9% generatedNativePointwise l l . " l l l l I I l l . I . l .
| i i

4.6% permutationKernelPLC3 . l
4.4% sm80_xmma_gemm_f16f16_f16f16 f16 _tn_n 0 0 W 0
1.3% sm80_xmma_fprop_implicit_ gemm_indexed _

Instance Norm l

Overheaad I

0.8% sm80 xmma_fprop_implicit gemm_indexed _ .
0.1% copyVectorizedKernel :

w. Y vV Y W 1Y 9V Y w

4 kernel groups hidden... — +
» <0.1% Memory

NVTX (TensorRT)

» 3.8% Stream 529
» 2.2% Stream 531
35 streams hidden... — -
» Threads (5)

One lteration: 256 ms
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Instance Normalization

Results

Implementation End-to-End Runtime Reformatting

Original Implementation 390 ms 139 ms 71 ms

NHWCS8 Format Optimized 256 ms 65 ms 12 ms

RTX 3090, BatchSize 1, TensorRTFP 16

Reformatting largely reduced.

A better suited kernel for this type
of data format and operation type

1.5x Total Speedup
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Nsight System Tricks

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

1f torch.distributed.get rank() == 0 and conditionl:
torch.cuda.cudart () .cudaProfilerStart ()
1f torch.distributed.get rank() == 0 and conditionZ2:

torch.cuda.cudart () .cudaProfilerStop ()

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

nsys profile [nsys args]
+ -—-capture-range=cudaProfilerApi
bash script.py [script args]

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

49
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Nsight System Tips

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| 50 NVIDIA.
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