“ACOYEARS

Scalable visualization of
Nsight Systems traces
with Paraver

Marc Clasca Ramirez
marc.clasca@bsc.es

nsys2prv

October 2025 POP 3 Webinars




Contents of the webinar

1. Our analysis methodology and strategy

2. How nsys2prv works

3. Analysis with Paraver
a. Relevant metrics for accelerated workloads

b. Efficiency model
c. Following the lead of inefficiencies with applied examples

4. Useful links and resources
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System level parallel
performance analysis
Timestamped events,
configurable semantics
CUDA support improving
in progress

Requires MPI for
distributed memory

Tools overview
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Configurable visualizations
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NVIDIA Nsight
Systems

Comprehensive
workload-level
performance

System level information:
different runtimes and
hardware metrics

Typical behaviors to study:
synchronization,
parallelization, data
movement

Trace visualization
integrated, usable up to

~8 processes
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NVIDIA Nsight
Compute

Detailed CUDA kernel
performance

Isolated kernel execution
information: requires
replaying

Typical behaviors to study:
GPU utilization, kernel
implementation, memory
access
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How we understand performance analysis

2. Comparison and

1. Navigating through scales quantification of differences

@ xshells.par.mediun-1N withmetrics-tr

I I I I ) I I I

CUDA Activity.cl @ xshells.par.medium-1N withmetrics-translated.prv
| | | / | | | | o || T ——
" CUDA Activity.cl anslated.prv
0 THREAD 1.1
CUDA-D2.51€ (o oo o
CUDA-D2.51! vl €l @ xsl 11
CUDA-D2.5Y° HREAD 1.1.1

LI s‘lIw_IFFWI— Tm

dynamic range allows to add up across different traces (how does a tuning
knowledge from different scales of mechanism affect my execution?), or
time, resources, and data - in very within the same trace (how does the

large scale runs microstructure of my application change

during time? or across processes?)
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Enabling “large-scale” GPU analysis

* Large scale also means big “range” of scales

Time

Macroscopic visualization
and aggregation of
metrics

Microscopic runtime
behavior

All in the same timeline
Very long runs or trace
chops
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* Large scale also means different scale dimensions

Resources

Merging multiple reports
from multi-node
executions, only limited
by final trace size.

Filter and select which
objects do you want to
see during analysis.

1 GPU -> 100s

Data

Performance information
can be combined,
aggregated,

filtered,

operated with...
e different arithmetic and
semantic functions



Application execution

Application

op

g@% Extrae Y

What we propose

Trace

Application execution

CUDA
Application
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“XCOVEARS

=

Nsys report

Translate

A\

.nsys
-rep

J

Trace analysis

@ rarner
q

I

U

7E

W,

Performance metrics

1 other tools )




What does nsys2prv currently support?

[0 Translate performance data acquired by Nsight Systems into Paraver timestamped records.

e CUDA API calls

» Kernels and memory copies (and related parameters)

 CUDA Graphs (node & graph level), instantiation and execution

* NCCL kernel execution and payload data (reduction operation, root rank, transfer size)
* GPU hardware counters

* NVTXregions

* OpenACC and MPI runtime calls...

* Operating System library calls

* POSIX pthread calls

[0 Merge multiple .nsys-rep reports, coming from a multi-node execution, into a single trace.

[0 And we provide all predefined configuration files for Paraver within the package to display all metrics
described in the article and in this presentation
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Installing the translator

$> python -m venv analysis-venv
§> source analysis-venv/bin/activate
S§> python -m pip install nsys2prv
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exported from nsys export
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How does it work?

Expandable
to other info!

1. DMport using type

definitions

Def. Def.
Type Y Type X

2. Merging and alighing

Type X; >

4. Event types and values

Type X Type Y

BWN -
B W -

5. Communications and relationships

Type X Type X'

correlationID

B WN -
B WN -

]

3. Build the process model

!

Tasks set Devices set
PIDs, TIDs, GPUs, streams,
hostname PIDs,hostnam

/

6. Timeline record serialization

/ ————— —.
Type X Type Y |
| 1 1
2 2
| 3 3
4 4
e )

Leverages Paraver /

trace format




How do we translate a trace?

§> source analysis-venv/bin/activate
$> module load nsight-systems/2025.3
$> nsys2prv -t nvtx_pushpop_trace,cuda_api_trace, gpu_metrics \

-m ./1llm_6.nsys-rep ./llm_1.nsys-rep ./11m_2.nsvs—rep‘g\&iﬂliranslated

Multi-report flag Information to be translated
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CUDA API calls

THREAD 1.1.1
THREAD 1.5.1
THREAD 1.9.1

THREAD 1.13.1
THREAD 1.16.4

CUDA kernels

CUDA-DB.S7

CUDA-D3.518
CUDA-D2.522
CUDA-D1.526

CUDA-DB.538
CUDA-D3.538

MPI calls

THREAD 1.1.1
THREAD 1.9.1
THREAD 1.17.1

THREAD 1.25.1
THREAD 1.32.1

“XCOVEARS

1,357,866,234 ns

70,691,727 ns

262,388 us

Basic visualizations

CUDA API calls + kernels @ 128 GPUs

IHKEAD 1.1.1 Y

THREAD 1.33.1

THREAD 1.65.1

THREAD 1.97.1

Metrics GPU3 ;4 358 507,644 ns

1311
THREAD 1.1.2

1.1.3
THREAD 1.1.4
CUDA-DB.57
CUDA-DB.518
CUDA-DB.522
CUDA-DB.526
CUDA-DB.S38

496,224,884 ns 514,547,168 ns
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Relevant metrics

Kernels in-flight 2DH @ aloebeta-V3.04_0.juntar.prv

Kernels in-flight

Kernels in flight 2DZoom range [52.03,62.236) @ aloebeta-V3.04_0.juntar.prv

TASK 1.1 TASK 1.1 | immm——_aa = . i et
TASK 1.5 TASK 1.5 = ¢

TASK 1.9 TASK 1.9 % o -

TASK 1.13 TASK 1.13 - e i

TASK 1.16 TASK 1.16

- -
78,691,727 ns 1,293,823,801 ns 78,691,727 ns 1,293,823,861 ns

2.D histogram: paint frequency — 2D Zoom range: spot metric
(in time spent)of each value of patterns in the timeline
metric

GPU gap duration 2DH @ aloebeta-V3.04 0 .jaiitar.prv

| |l
(- 1
GPU usage gap duration @ aloebeta-V3.04 0.juntar.prv [1H I GPU usage gap duration 2DZoom range [5.87713e+06,8.17686e+06) @ aloebeta-V3.04 0.junthr.prv
TASK 1.1 |2 = y orims | Bl | TASK 1.2 -
AL A = Wl | s
TASK 1.5 : : Il | TASK 1.7
TASK 1.9 [ — Y (Hl |
ek 113 fi — L iiEs II.III 11 ll TASK 1.12
TASK 1.16 —— — e == 11 | TASK 1.16 =
1,293,823,601 ns i T 78,691,727 ns 1,293,423,601 ns
111
GPU usage gaps H
[} |
| |
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Communication and

Relevant metrics

Profile of time,

percentage of

time wrt comms volume

Overlap time percentage

compute overlap
TASK 1.1
TASK 1.2
TASK 1.3
TASK 1.4 46.08%| 38.95%
Concurrency of computation during NCCL @ aloebeta-V3.64_0.juntar.prv | TASK 1% e 4109 %
TASK 1.1 o Lk kg s B or o o= Lo TASK 1.6 17.10% 41.57 %
TASK 1.5 —:EEEE%E%EEEEE RIUSRA 1758% 40.53%| 41.89%
TASK 1.9 e e =P TASK18 15-80% 43.46 %
TASK 113 == E=—== = == =i bl 2200
R - LA HT e e et SI—— e e I /= - " 3 49A37 35.96
SR A:28 70,691,727 ns 1,293,823,601 ns T7A5K1 10 -
TASK 1.11 BRLEL % 41.01 %
: . TASK 1.12 43.48%| 42.17%
O e Legend. Number of kernels, including the Ui | 43.48%
.. i . LEISREY 18.47% 42.91%| 38.62%
. 1 Communlcatlon, running at the same time. TASK 1.14 . 34.41%
02 > 1 means overlap; 0 means no comm. going on; TASK 115 45.89%| 41.00%
B3 1 means no overlap “TASK 1.16 45.85%| 39.42%
Total | 229.50% 743.64 % 626.86 %
Average 14.34%, 46.48%| 39.18%
Maximum | 18.47%  58.95%  44.59%
Minimum | 6.64% 40.53%  29.23%
StDev 3.05% 5.58% 3.66%
A@ VEARS Avg/Max | 0.78 0.79 0.88

TASK 1.1
TASK 1.2

TASK1.4

Profile of time, percentage of
time wrt trace time

New Histogram #1 @ aloebeta-V3.04 0.juntar.prv

TASK 1.3

TASK 1.5
TASK 1.6
TASK1.7
TASK1.8
TASK 1.9
TASK 1.10
TASK 1.11
TASK 1.12
TASK 1.13
TASK 1.14
TASK 1.15

TASK 1.16

13.82%
14.13%

13.88%

15.23%

Average | 11.37%
7ﬁdmum : 15.23%
‘Minimum |  4.94%
 stDev | 2.62%
Avg/Max | 0.75

28.62 %
29.25%
21.74%
30.33%
36.54 %
33.58 %
33.659
36.13 %
30.83 %
27.27
33.519
33.99%
31.84%
25.64 %
32.32%
30.63 %

35.88%
33.79%
33.39%
32.56 %
33.87%
35.29%

w
0 O | O =
S| &[S S

)

36.53%

30.99%
43.92%| 36.54%

21.74%
3.76 %
0.85

32.56 %
3.23%
0.83
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s GEMM nt 128x128x64
Tensor core usage Relevant metrics
per GEMM kernel flash bwd dot do o

Timeline of kernels, only GEMMs and flash

flash bwd convert dq

TASK 1.1 H S iU S e 11 218 e v
TASK 1.5 ::2:..2:".:'E flash_fwd
TASK 1.9 . i S S . i GEMM tn 256x128x64

TASK 1.13

TASK 1.16
70,691,727 n

1,293,823,0881 ns

Tensor core usage in %, sampling

1SS0 COTE atlive @ alucpeLla-vd.Us U. juniar.prv
TASK 1.1

TASK 1.5

TASK 1.9

TASK 1.13

TRl ltem—m—m—/—Y—/]! —/omomo——m—m mmmm——m70DD0DD0D0D0D0D0D0D0D0omiei em m m4 4/ / ——0mDm0D0m0mom0 0 0 — 7777/ oo/ / 0 —————m—m—m—m——————
70,691,727 ns 1,293,823,601 ns
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e GEMM nt 128x128x64
Tensor Core usage Releva nt mEtrlcs GEMM tn 128x128x64
GEMM nt 128x256x64

per GEMM kernel flash bwd dot do o

Timeline of kernels, only GEMMs and flash

TASK 1.1 llI:.l. IIIIlllllllllll'l=='llllll LLAR LY ll::': Rl

flash bwd convert dq

HE
]

TASK 1.5

flash_fwd
GEMM tn 256x128x64

TASK 1.9

TASK 1.13

N1 NUEESUIME WIEEELD UDIE (SNSRI NSO T
70,691,727 ns 1,293,823,601 ns

TASK 1.16

Tensor core usage in %, sampling Tensor core usage in %, averaged across GPUs

1SA30T COTE atlive (@ alocReELa=-va.U4_U. juntar.prv e AR A W WY W g rr s s w

TASK 1.1 — pL:L:]

TASK 1.5

.>se

TASK 1.9

TASK 1.13

TRl ltem—m—m—/—Y—/]! —/omomo——m—m mmmm——m70DD0DD0D0D0D0D0D0D0D0omiei em m m4 4/ / ——0mDm0D0m0mom0 0 0 — 7777/ oo/ / 0 —————m—m—m—m—————— :
70,691,727 ns 1,293,823,0881 ns 70,691,727 ns 1,293,823, 661
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e GEMM nt 128x128x64
Tensor Core usage REIE\Ia nt metrlcs GEMM tn 128x128x64
GEMM nt 128x256x64

per GEMM kernel flash bwd dot do o

Timeline of kernels, onlinEMMs and flash T

N RN T TN TN NN T} L o Ty T e A A
e meamionn L nEruE = L

TASK 1.1

TASKL. 50 |4 agn e CICIULER (UTIOTRIE LT E
PR

flash_fwd

TASK 1.9 GEMM tn 256x128x64

TASK 1.13
70,691,727 ns 1,293,823,801 ns

Tensor core usage in %, sampling Tensor core usage in %, averaged across GPUs

1SA30T COTE atlive (@ alocReELa=-va.U4_U. juntar.prv e AR A W WY W g rr s s w

TASK 1.1 100

TASK 1.5

TASK 1.9 >

TASK 1.13

B T 9 -
76,691,727 ns 1,293,823,601 ns 70,691,727 ns 1,203,823, 60!

Averaged tensor usage in GEMM kernels l

TASK 1.1

TASK 1.5

TASK 1.9 | o= — — — — S e——

TASK 1.13 . . .

s = Profile in next slide...
70,691,727 ns 1,293,823,681 ns
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e Relevant metrics

Profile of average tensor core
per G EMM kernel utilization wrt pgeak, in %

| GEMM nt flash bwd flash bwd GEMM tn

(P2 GVAYGZE 128x128x64 dotdo o convert dq flash fwd 256x128x64
TASK 1.1
TASK 1.2
TASK 1.3
TASK 1.4 3. Very different behavior of
TASK 1.5 specific GPU in some kernels
TASK 1.6 (usually lower, sometimes
TASK 1.7 .

higher)
TASK 1.8
TASK 1.9
TASK 1.10
TASK 1.11
TASK 1.12
TASK 1.13
TASK 1.14
TASK 1.15
TASK 1.16
[Average 47 44 58,68 30,05 18,29 49,93 68,18 0,91 30,09 7,01 64,09
Maximum 50,14 60, 3flo7 29,73 52,47 72,83 1,03 41,82 45, 68,27
I\S/Imlmum 45,18 56,42 28 12,71 48,26 57,67 0,81 13,5 6,31 56, 6% 1. High variability between
tDev 1,39 1,11 0,78 4,24 1,36 3,56 0,06 7,13 9,92 2,75 ,

Avg/Max 0,95 0,98 0,97 0,62 0,95 0,94 0,88 0,72 0,6 04| GPUsin flash_attn kernels

YEARS 2. Different usage depending -

on GEMM type...



Efficiency model for GPU traces

\ /o Computation/\

WIP communication
e Tensor Core overlap (stream
usage? level)
e Occupancy e Inflight kernels
Quantifies how Quantifies how Quantifies how SAC?C',ab"'tV' ¢ rcelizA?Graphs
. . . [ ] B
much time the much time the much time the ctive warp Y
: : . : . scheduling? e Hardware
devices are idle devices are busy devices are idle e Executed metric
due tg one dev1c?e due to data because.there is instructions? aggregation
spending more time movements. no pending work o S s e e Tensor usage in
in useful work to do. ° GEMMs

than others. \ / ko Data exchange/
“XCOVEARS 18




Efficiency model for GPU traces

CUDA Activity @ M_128x4 1024 sn_profile-osrt.prv

THREAD 1.1.5

THREAD 1.1.9 rﬁ
CUDA-D3.537

272,198,576 ns

Case M_128x4_1024 sn

Configuration files GPUs 2
| Device Parallel Efficiency
| I:> - Device Load Balance

LB_eff.cfg - Device Comm. Efficiency
- Device Orchestration Efficiency |

548,464,741 ns
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Applied examples

Useful time and load Load imbalance in backward phase

balance

GPU Load Balance
| |

1

GPU Useful Time @ aloebeta-V3.84 0.juntar.prv Total | 16,634,897,517 ns

TASK 1.1 = " Average | 1,039,681,094.81ns

TASK 1.5 = Maximum | 1,126,654,021ns

TASK 1.9 T Minimum | 941,880,722 ns

TASK 1.13 =3 T 7

TASK 1.16 = ‘ ' e Il Sthv | 40,713,047.98 ns
o i Avg/Max | 0.92

Addition of all “useful” time
(compute kernels). Avg/Max is a
metric for Load Balance

GPU 13 shows higher kernel
duration times steadily across
the training step
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Putting the pieces all together

* Microscopic behavior
* Tensor core utilization differences
» Specific GPU shows worse performance in for some GEMMs and for the flash attention
kernels
* Macroscopic effects
* 92% of Load balance efficiency. Not bad but considerable in only 16 GPUs run, could go

worse when scaling up
* Impacts communication phase at the end of the step (other GPUs have to wait)
* We see a higher execution time for the same specific GPU observed earlier

« w7 Research currently in progress with HPAI group @ BSC

“XCOVEARS
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Applied examples

Are all GEMMs born equal?

Histogram of kernel duration for
different GEMM kernels

Bimodal? |

?OO”L ms  2.7ms

B GEMM nn tilesize: 256x128x64 Bl GEMM tn tilesize: 128x128x64

[2.6,2.8]1 ms

One mode

“XCOVEARS

. GEMM nt tilesize: 256x128x64 . GEMM nn tilesize: 128x128x64

200ps 2.7ms

2 75”:0‘,8 2.7ms

Multimodal?

Bimodal?
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stream
stream 2

stream 7
stream 22
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Applied examples

Are all GEMMs born equal?

Timeline 1: green longer

———— ] —

13,598,941,509 ns
imeline 2: blue longer
_ I

13,604,545,336 ns

16,296,876,385 ns

O Idle

@ NCCL AllReduce

B GEMM nn tilesize 128x128x64
B GEMM nt tilesize 256x128x64

16,296,474,212 ns
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) Applied examples
[] Idle

NCCL AllReduce Are all GEMMs born equal?
BH GEMM nn tilesize 128x128x64

B GEMM nt tilesize 256x128x64

............. Timeline 1: green longer

Kernel * — _

Timeline 2: blue longer

13,598,941,569 n s, E : : 13,604,545,336 ns 16,299,878, 3858ns : \-{ ' 16,296,474,212 ns
NVLink Acuvxty'Throughput Agg: gb ! . ] NVLink Amvity ‘I’Ilrowhput Agg: bg @ axo- )ulsnleSO nt.metrics. pr|v
NVLink act. |mms N T I !!! | : 4 1.
13,508, 941,509 ns} ' E E 13,684,545,336 ns 16,209,870, 3850ns ! ' E 16,296,474,212 ns
Tensor core acti.ve: gb E . . Tensor core l:ctive: I;ﬁ @ axo-julsmleso.nt.letr:ics.prv E
L —— 2 A 2| SO S S
Te nsor aCt 13941.599 s} : I 13,664,545,336 ns 16, 2957:.34;“"5 ' : s 16,296,474,212 ns

DRAM bandnd{h throuﬂnput bg @ axo-julsample50. nt metrics.prv

DRAM BW # I S .

13,598,941,569 nst " 13,604,545,336 ns 16,299,878, 365|ns : ' ' 16,296,474,212 ns
[}
instructions ,nsued t;rl kernel: bg @ axo- ]u’lsd)lese nt.metrics. prv

instructions ispued ctrl kernel: gb |

INST issued :

13,508,941,569 ns' ~ """ "ooocssses! 13,664,545,336 ns 16,299,876,385n0s = TTSsssssssses 16,296,474,212 ns

Green longer Blue longer
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Putting the pieces all together

 Comparing the microscopic behavior at different moments on the trace
e HW metrics show internal kernel behavior, at us level
* Gives insight about the effects of overlapping communication with compute

« w7 Research currently in progress with HPAI group @ BSC

“XCOVEARS
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Useful links

* Package repository: https://gitlab.pm.bsc.es/beppp/nsys2prv

e« Documentation: https://gitlab.pm.bsc.es/beppp/nsys2prv/-/wikis/Home

* Basic usage
* Feature status
* Troubleshooting
* CFGs for the presented metrics included in the repo!
* And don’t miss the opportunity: if you have a use case, apply for a POP
assessment! :)
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https://gitlab.pm.bsc.es/beppp/nsys2prv
https://gitlab.pm.bsc.es/beppp/nsys2prv/-/wikis/Home




