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POP: From HPCto Al ?

* Al has become an even higher consumer of compute cycles than HPC

« HPCand Al ... speak a different language

— Task, architecture, performance, ... same words, DIFFERENT meaning

e But still, we should be able to ...
— ... build on HPC performance analysis tools and methodologies ...
— ... towards seamless analysis of Al apps from very small to very large scale

e ..Canwe’?

How efficiently are we using our resources?



Al

* Black matryoshkas

e Justleave itto us!! vendors,

App
Algorithm

* Our libraries, frameworks will do the BEST for you.

+  We “do not” offer mechanisms for you to take/steer our
Framework decision
*  Why would you want explicit control of ...
Kernel variant selected , #blocks, threads
GPU + In GEMMs, NCCLs, ...

CUBLAS

Assessments
* Important to understand my case

*  “no” visibility
* May be optimize it ?

— What are we really doing?
. * Abit more informed decisions than exhaustive exploration,
— How are we performmg ? somebody dixit, ...

* Evidences to discus with vendors, Als, ... el
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nsys2prv 009

 Can we leverage Nsight Systems’s acquisition capability ...
* ...and use Paraver to better squeeze the information in those traces ?

— Scalability: dynamic range from very coarse to extremely fine grain
— Analytics: timelines, histograms, correlations beyond profiles

M. Clasca et al. “NSYS2PRYV: detailed and quantitative analysis of
large-scale GPU execution traces with Paraver”. Cluster 2025
https://pypi.org/project/nsys2prv/

Towards microscopic insight ...

... from single GPU to “large” clusters
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A few tales and worries/doubts

000

Long, long time ago, ...
Common wisdom, real wisdom?
On Sparsity: concurrency, (a)synchronism, APls
Load imbalance in Al?
How important is communication?
— To overlap or not to overlap

— Computation interfering communication?
— How to measure bandwidth?
On pears and apples
— Gemm performance variability for large problem size?
— How many gemm variants exist?
— “Same” code, different frameworks?
Role of CPUs in a GPU centric world?



Long, long time ago

(24 months)

in a far, far ...



My first Paraver view ... 000

e ...of an LLM training (fine tuning)
e @4 GPUs

MVTX @ axo—jul-slowsample.sorted.prv

THREAD 1.1.1 ! | [ [ m B B B B |

8 us 38,643,441 us

CUDA API calls and Kernels @ axo—jul-slowsample.sorted.prv
THREAD 1.1.1

CUDA-DB.57

THREAD 1.2.1

CUDA-D1.57

THREAD 1.3.1

CUDA-D2.57

THREAD 1.4.1

CUDA-D3.57

CUDA-D3.516
® us K 38,843,441 us

O end

[ :peepspeedengine. backward
W :peepspeedengine. forward
[ | :steple

O :step11

M neeL:ncclGroupstart



API calls, launch lines and kernels 0009

CUDA API calls and Kernels @ axo—julsampleSek.sorted.prv.gz

THREAD 1.1.2
CUDA-DB.57

CUDA-DB.524
CUDA-DE. 528
THREAD 1.2.2
CUDA-D1.57

CUDA-D1.524
CUDA-D1.528
THREAD 1.3.4
CUDA-D2.57

CUDA-Dz.524
CUDA-D2. 528
THREAD 1.4.1

THREAD 1.4.2

CUDA-D3.57
CUDA-Dz.524
CUDA-D3.528

[ End

| ncclDeviernel_AllReduce_Sum_bfis_RING_LL(ncclDevComm #, unsigned long, ncclWork )

6,781,888 us

6,922,218 us

O end

0 cudaeventoestroy

] cudaEventQuery

O cudaLaunchkernel

O cudaMemcpyAsync

O cudaMemsetAsync

W cudastreamIscapturing_vieese
M cudastreamsynchronize

M cudastreamiaitevent

] sm38_xmma_gemm_bflsbfle_bflef32_faz_nn_n_tilesizel2sx128x64_warpgroupsizelxlxl execute_segment_k_off_kernel__Sx_cublas
O sm38_xmma_gemm_bflsbfle_bflef32_faz_nn_n_tilesize256x128x64_warpgroupsize2xlxl _execute_segment_k_off_kernel__Sx_cublas
[ | smae_xmma_gemm_bflsbfle_bfisfaz_faz_nt_n_tilesize2sex128xc4_warpgroupsize2xlxl_execute_segment_k_off_kernel__sx_cublas
] smoe_xmma_gemm_bfisbfle_bfisfaz_faz_tn_n_tilesizel2sx128xc4_warpgroupsizelxlxl execute_segment_k_off_kernel__sx_cublas

] sm38_xmma_gemm_bflsbfle_bfisf3z2_f3z_tn_n_tilesize256x128x64_warpgroupsize2xlxl_execute_segment_k_off_kernel__Sx_cublas



@ 128 GPUs ?

Kernels

SM active

SM instr.
Issue rate

Tensor
core active

% active
kernels

TASK
TASK
TASK

y
1.128

Average Active sMs @ \lama-aloebeta-metrics-32N.juntar.2ndustep.prv

APPL 1

5,237,818 us 10

34,856 us

Average SM issue rate @ llama-aloebeta-metrics-32N. juntar.2ndustep.prv

APPL 1

(PO bbb bt byt o

Read BW

5,237,818 us 18,834,056 uz

Average Tensor Cores active @ llama-aloebeta-metrics-32N.juntar.2ndustep.prv

LAl

5,237,618 us 18,834,856 uz

Average nb main streams executing kernel @ llama-aloebeta-metrics-32u. juntar.2ndustep.pry

L S

5,237,818 us 18,833,056 u=

Write BW

Average DRAM read BW @ llama-aloebeta-metrics-32W. juntar.2ndustep.prv

APPL 1

5,237,018 us 18

Average DRAM write BW @ llama-aloebeta-metrics-32M. juntar.2ndustep.prv

APPL 1

Read mix

5,237,8:

19,034,656 ux

Read Bu mix (%) @ Ulama-aloebeta-metrics-320. juntar.zndustep.prv

APPL 1

5,237,018 us 18




@ 128 GPUs ?

Kernels

SM active

000

CUbA kernels (task level) @ llama-aloebeta-metrics-32N.juntar.2ndustep.prv

TASK 1.1
TASK 1.17
TASK 1.33
TASK 1.49
TASK 1.65
TASK 1.81
TASK 1.97
TASK 1.113
TASK 1.128

6,845,877 us

i

i

7,292,307 us

Average Active sMs @ llama-aloebeta-metrics-32u. juntar.2ndustep.pry

APPL 1

SM instr.
Issue rate

LI

Average DRAM read BW @ llama-aloebeta-metrics-32H. juntar.2ndustep.prv

6,845,877 uz

7,292,387 us

Average SM issue rate @ llama-aloebeta-metrics-32N.juntar.2ndustep.prv

APPL 1

Tensor
core active

APPL 1

% active
kernels

6,845,877 uz

A,

7,292,387 us

Average Tensor Cores active @ llama-aloebeta-metrics-32N. juntar . 2ndustep.prv

NSV

7,292,387 us

Average nb main streams executing kernel @ llama-aloebeta-metrics-32u.juntar.2ndustep.prv

APPL 1

AR

[N NN

6,845,877 us

7,292,307 us

Lots of opportunities ... who to “blame”?

APPL 1

Read BW ﬂ ﬂﬂ W [ m M

6,845,877 uz 7,292,387 us

Average DRAM write BW @ llama-aloebeta-metrics-32M. juntar.2ndustep.prv

APPL 1

Write BW

M%Mﬂ,

5,845,877 uz 7,292,367 us

Read BW mix (%) @ Vlama-aloebeta-metrics-320. juntar. 2ndustep.prv

APPL 1

Read mix

6,845,877 uz 7,292,387 us



Common wisdom ... real wisdom?
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Common wisdom (l)

000

e “Al == communication bound” ?

CUDA Kernels @ axo—julsamplesek.sorted.prv

THREAD 1.1.2 L

CUDA-D&.57 NIl B E B ENCHIENCTIEC B S B B CEmrmmern
CUDA-DB.524 | | I [l | LI B | (ll
CUDA-DB.528 | H EEm in | I . 1n

THREAD 1.2.2
cyps-01.57 AHTIIEENEIESE H ENENNEIMENNETEE ' NS
CUDA-D1.524 | | I 11l | | I 1l
CUDA-D1.528 | 1 in | H 10
THREAD 1.3.4
cupa-0z.57 (|00 NN OB O O O N SRS OB O N D ] .

CUDA-D2.524 | | | (N Il | | | 111 11
CUDA-D2.528 Il NN b . Il NN I
THREAD 1.4.1

THREAD 1.4.2
cups-pz.57 (I ENETEE ' INNEEEOEE RN T e fErEnEn e

CUDA-D3.524 (I | N | I | I T I
CUDA-D3.528 I N N B EEE N

6,781,888 us 6,922,218 us
[ end

] ncclDevKernel_AllReduce_Sum_bflé_RING_LL{ncclDevComm #, unsigned long, ncclWork =)

] smoe_xmma_gemm_bflsbfle_bfisfaz2_faz_nn_n_tilesizel2sx128xc4_warpgroupsizelxlxl_execute_segment_k_off_kernel__sx_cublas
O smae_xmma_gemm_bflsbfle_bfisfaz2_faz_nn_n_tilesize25ex128xc4_warpgroupsize2xlxl_execute_segment_k_off_kernel__sx_cublas
[ | sm38_xmma_gemm_bflsbfle_bfisf3z2_fiz_nt_n_tilesize256x128x64_warpgroupsize2xlxl_execute_segment_k_off_kernel__Sx_cublas
] s.aa__a_ge-_bfi5bf15_hflsf:sz_f:sz_tn_n_t'iles'izeizsuzsxu_uarpgroups'izelnn_execute_seguen‘t_k_off_kernel__sx_:ub‘lns
] sm38_xmma_gemm_bflsbfle_bflef32_faz_tn_n_tilesize256x128x64_warpgroupsize2xlxl execute_segment_k_off_kernel__Sx_cublas

* *
"

ke
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Common wisdom (l)

e “Al==co

000

mmunication bound”

— ... but this training case is certainly NOT communication bound

compute kernels @ axo-julsamplesek.sorted.prv

THREAD 1.1.2
CUDA-DB.57
CUDA-DB.524
CUDA-DB.528
THREAD 1.2.2
CUDA-D1.57
CUDA-D1.524
CUDA-D1.528
THREAD 1.3.4
CUDA-D2.57
CUDA-D2.524
CUDA-Dz.528
THREAD 1.4.1
THREAD 1.4.2
CUDA-D3.57
CUDA-D3.524
CUDA-D3.528

6,781,860 us 6,922,218 us

Idle %:  3.56

*
**x —
= *
£
>3
S
S
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Common wisdom (ll)

000

¢ “Al == MxM”

compute kernels @ axo-julsamplesek.sorted.prv

THREAD 1.1.2
CUDA-DB.57
CUDA-DB.524
CUDA-DB.528
THREAD 1.2.2
CUDA-D1.57
CUDA-D1.524
CUDA-D1.528
THREAD 1.3.4
CUDA-D2.57
CUDA-D2.524
CUDA-Dz.528
THREAD 1.4.1
THREAD 1.4.2
CUDA-D3.57
CUDA-D3.524
CUDA-D3.528

— |
L__—-__I—--
0o/ -
Idle %: 3.56
JENENEESS @ SINENNEIE TS ' EEEEnnE e
| ETETEE E NN RN SO B R -
JTIECT A N BTN AN IEC B N BN ENEnTon
6,781,880 us 6,922,218 us
*

FALE

C* *3

Lo* *

= * oy * =



Common wisdom (ll)

000

¢ “Al == MxM”

— ... atleastin current platforms NOT the only/bottleneck

tensor gemm kernels @ axo—julsamplesek.sorted.prv

THREAD 1.1.2
CUDA-DB.5T 1 IHNEEE BN L Il § IENEES E . [ ] m

CUDA-De.524

CUDA-DB.528
Idle %:

THREAD 1.2.2
CUDA-D1.57 1 1NN . L Il |1 IS . u m
CUDA-D1.524
CUDA-D1.5z8

THREAD 1.3.4 Gemm %:

CUDA-D2.57 1IN . [ ] I § IEEEEE E. m I 1 Inm
CUDA-D2.524
CUDA-Dz.528
THREAD 1.4.1
THREAD 1.4.2
CUDA-D3.57 I NN Y. m m 1 1 NN E. ] m 8 in
CUDA-D3.524
CUDA-D3.528

6,781,688 us 6,922,218 us

Bl smoe_xmma_gemm_bfiebfie_bfief32_f32_nn_n_tilesizel2sx128x64_warpgroupsizelxlxl_execute_segment_k_off_kernel__Sx_cublas
] smoe_xmma_gemm_bfiebfie_bfisf3z_f32_nn_n_tilesizezsex128xe4_warpgroupsize2xlxl_execute_segment_k_off_kernel__sx_cublas
[ | smo6_xmma_gemm_bflebfle_bfisf3z_f32_nt_n_tilesize2sex128x64_warpgroupsize2xlxl_execute_segment_k_off_kernel__sx_cublas
] sm38_xmma_gemm_bflebfle_bflsf3z_f32_tn_n_tilesizel28x128x64_warpgroupsizelxlxl_execute_segment_k_off_kernel__Sx_cublas
(] sm38_xmma_gemm_bflebfle_bflsf3z_f32_tn_n_tilesize2Sex128x64_warpgroupsize2xlxl_execute_segment_k_off_kernel__Sx_cublas

3.56

49.95



Common wisdom (ll)

¢ “Al == MxM”

— ... atleastin current platforms NOT the only/bottleneck

000

Hon tenser kernels @ axo—julsamplesek.sorted.prv

THREAD 1.1.2
CUDA-DB.5T
CUDA-De.524
CUDA-DB.528
THREAD 1.2.2
CUDA-D1.57
CUDA-D1.524
CUDA-D1.528
THREAD 1.3.4
CUDA-Dz.57
CUDA-D2.524
CUDA-Dz.528
THREAD 1.4.1
THREAD 1.4.2
CUDA-D3.57
CUDA-D3.524
CUDA-D3.528

Non Gemm %:

6,781,688 us 6,922,218 us

Idle %:

Gemm %:

3.56

49.95

46.49

*

* Tk
[ *
F 1
C* *3
Lo* *
[
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On Sparsity: concurrency, (a)synchronism, APls

Barcelona

Supercomputing

Center

Centro Naciona/ de Supercomputacion



On Sparsity

y I{ e T 1 process
processes |-l e e ool | Afew (~25) threads
5threads [+=] SSSl BN e 1 stream

12 streams S 1GPU
4 GPUs ""‘.T’. m”l___ ' f’ﬂ'ﬁ' ﬁ"" w‘

1 process S CERs g A
Many (211) threads | "=~ e -t Lots of mechanisms to establish order:
40 streams . , ) N +  Processes, Pthreads,
4 GPUs SR e s *  “In order” within stream
* Host device synchronization

* Interstream syncs
*  HostFunctions
+  Shared memory (polling, barriers, ...)

“Lots” of distinct “agents”
« CPU threads, GPU streams

“Lots” of distinct resources

“poor” visibility of “dependences”

- The importance of tools aggregation and browsing capabilities !!!
- The importance of abstraction




Efficiency model
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Efficiency Model

Load
Balance

Parallel

Efficiency Serialization

Communication
Efficiency

Transfer

Global
Efficiency

Instructions

Freque_n_cy

Semantics: Fundamentals of (parallel) computing !!

M. Casas et al, “Automatic analysis of speedup of MPI applications”. ICS 2008.

J. Giménez, et al, ""Analyzing the Efficiency of Hybrid Codes" 2020 19th International Symposium on Parallel and Distributed Computing (ISPDC), 2020

000




TALP Device Metrics

N = num GPUs GPU,
T = Total elapsed time GPU,
G, = Useful time of GPU, GPU;

D, = Time waiting for data in GPU,

efficiency

Par.Eff.= Bima Gt _

TN T =N

L6
Ny
SR

computational scaling CompEff =

GPU activity

Useful G

| Datamove I}

%m

LB = 1— 1 Gi -/N

a max(Gl)*N max (I )

GPU,;

max(G;) _ >
max(Gj+Dj)) >

s COmm.L Ef f. =

max(G;+D;) = <«—»p
T - T

Orch.Eff.=



Load imbalance in Al?
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Is there load imbalance?

« Efficiency model for structure identification and global quantification

efficiency every 20ms (avg) SFT, Llama 8B, seq. len. 32K} 360 steps, 32 GPUs
17 GB trace
X
Par. Eff. o= I & I I !
0 efficiency for whole run
- “Bad” « Good

Original

i Total 0.723
Load Balance = WWWWWMMWMMWW / Par. Eff 0.723

LB 0.939
| _ _ Comm. Eff. 0.773
730,000, 000 us Orch. Eff.
= / Comp. Eff.

AR AR A | R s e /Good<—>“Bad”

Normalized total 1.00
Comm. Eff. Elapsed (us) 2702269532
Time based eff 1.00
o
X
g I T I ’ T |
Orch. Eff. .
&o

'E*
DS 2,730,000, 000 us 'r;*,,*., |
0 2730 s 24



Packing impact along time

* Root cause of the microscopic imbalance? flash_bwd_dq_...

flash_bwd_dq_... kernel duration (avg not null) flash_bwd_dq_... kernel duration histogram
¢
0 2730 s 0 85 ms

*
* Tk
Cw |
C 2

R
[

25 EuroHPC



Packing impact along time

* Where to improve? How? (Flash_bwd_dq_...? Elsewhere?)

flash_bwd_dq_... kernel duration (avg not null) flash_bwd_dq_... kernel duration histogram
¢
0 2730 s 0 85 ms

*
* *x
F *
C 1

R
[
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Packing impact along time

000

* Where to improve? How? (Flash_bwd_dq_...? Elsewhere?)

Original

Reordered

flash_bwd_dq_... kernel duration (avg not null)

X
TASK 1.1
TASK 1.9
TASE 1.17
TASEK 1.25
EAREIE D 0 us 2,730, 000,000 us
0 2730 s
X
TASK 1.1
TASK 1.9
TASK 1.17
TASE 1.25
TASK 1.32
0 us 2,730,048,560 us
Original
Total 0.723
Par. Eff 0.723
LB 0.939

Comm. Eff. 0.773
Orch. Eff.

Comp. Eff.
Normalized total 1.00
Elapsed (us) 2702269532
Time based eff 1.00

flash_bwd_dq_... kernel duration histogram

85 ms

Reordered Fixing microscopic load imbalance highly improves

0.970

0.925

(avoids circular waits @ global syncs)

Comm. Eff. (not necessarily only data transfer) still

communication metric

remains as main small inefficiency

1.34
2017510818
1.34

D «
e * o
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How important is “communication”?




000

To overlap or not to overlap

*
* X x
Eﬁ *

Lx *3
Barcelona =* *
. (S =i
Supercomputing
Center EuroHPC
Centro Nacional de Supercomputacién
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To overlap or not to overlap 000

TASKE

on Overlapping

GPU Il efficiency: 85.3 %
Load balance: 94 % Cre
Comm. Eff. 90.3 %
30 Eurt;HPC

Comp. Eff. 100 %



To overlap or not to overlap

» Different microscopic behaviors ... similar macroscopic duration !!!!

GPU Il efficiency: 91.2 %
Load balance: 96 %
Comm. Eff. 94.7 %

Comp. Eff.: 93.5 %

TAEK 1.
TAEK 1.
TAEK 1.
TASKE 1.
TASKE 1.
TASKE 1.
TASKE 1.
TASK 1.
TASK 1.1z8

TASKE 1.
TASKE 1.
TASK 1.
TASE 1.
TASKE 1.
TASKE 1.
TASK
TASK
TASK

on Overlapping  Overlapping

e
L
-
=

GPU Il efficiency: 85.3 %
Load balance: 94 %
Comm. Eff. 90.3 % e,

Comp. Eff. 100 % 3, Eurd



To overlap or not to overlap

» Different microscopic behaviors ... similar macroscopic duration !!!!

GPU Il efficiency: 91.2 %
Load balance: 96 %
Comm. Eff. 94.7 %

Comp. Eff.: 93.5 %

\ \ Histogram of duration of a specific kernel

TAEK 1.1
TASK 1.17
TAEK 1.33
TASK 1.43
TASK 1.85 |
TASK 1.BL
TASKE 1.97
TASK 1.
TASK 1.1z8 n2p

TASK 1.1
TASE 1.17
TASK 1.
TASKE 1.
TASK 1.65
TASK 1.BL
TASK 1.o7
TASK 1.113
TASK 1.13F

Non Overlapping  Overlapping

20 ms

GPU Il efficiency: 85.3 %

- O L] = = L] L]
'é%?ﬁrga;?ce' gg 30//‘; Communication overlap interferes in computation cost !!!

Comp. Eff. 100 % . DI




To overlap or not to overlap

000

Non Overlapping  Overlapping

Different microscopic behaviors ... similar macroscopic duration !!!!

GPU Il efficiency: 91.2 %
Load balance:

Comm. Eff.:

Comp. Eff.:

TAEK 1.1
TASK 1.17
TAEK 1.33
TASK 1.43
TASK 1.85
TASK 1.BL
TASKE 1.97
TASK 1.113 (N
TASK 1.1z8

X

TASK 1.1
TASE 1.17
TASK 1.35
TASK 1.43
TASK 1.65
TASK 1.BL
TASK 1.o7
TASK 1.113 l

TASK 1136 o0 opy o

9% %
94.7 %

93.5 %

| |

GPU Il efficiency: 85.3 %
Load balance:

Comm. Eff.

Comp. Eff.

100

94 %
90.3 %
%

X
19,238,620 us l sm98_xmma_gemm_bf16bf16_bf16f32_f32_nt_n_tilesizeassx
X
TS 12 ;-_— [ [ |
19,238,620 uz 19,241,007 uz
X
ask 1.2 | -_ JIICAT DR B [
Fiiy 19,238,626 us 19,241,007 us
X
752 || [EEEE) 111000 T 0 N T o |
& saseie e B= 16,225,156 s
X
meis| ] NN § [ | 1 _
19,238,628 us [ 19,291,007 us
X
moces| 00— 1
19,298,620 us 1= 19,202,617 us
X
N PSS e
A w20 15 19,292,007 s
X
e | | [ N ¥ [ |
A 19,238,626 us [ 19,241,617 us
X
TASK 1.1 | S
TASK 1.2 | — —
TASK 1.3 I S —
TASK 1.4 - —
19,238,625 uz 19,291,817 uz

M. Clasca et al. “NSYS2PRYV: detailed and quantitative analysis of large-scale GPU execution traces with Paraver”. Cluster 2025
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Computation interfering Communication?
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Fa 3
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Comp — Comm interferences ? 000

Tight zoom in fwd Compute kernels

X

NCCL kernels

THREAD 1.2.1

THREAD 1.2.2
THREAD 1.2.3

THREAD 1.2.4

First process
activity

cuna-n1.57 |

CUDA-D1.518

CUDA-DL.527

CUDA-DL.53L

34,814,221 uz 34,862,289 Uz

X

THREAD 1.4.1

THREAD 1.4.%

THREAD 1.4.3

LN

=

E S S
e, =
ST e

THREAD 1.4..

CUDA-D3.57

Fourth process
activiy

CUDA-D3. 527

CUDA-D3.53L

39,814,221 us 39,862,289 ux

*
FALE
B 03
[
EuroHPC
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Comp — Comm interferences ?

000

AAAAAAAAAAA

Compute

kernels
delayed till end
of i

kernels

NCCL
kernels
delayed till
“end” of
compute
kernels

communication i

Tight zoom in fwd

First process
activity

Fourth process
activiy

*
* Tk
Cw |
C 2

\L\\** * **)j
EuroHPC
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Not quite 000

e What “end” means ??

Further zoom
X
THREAD 1.4.1
THREAD 1.4.3

THREAD 1.4.4

CUDA-DO3. 5T

CUDA-D3.519

CUDA-DZ. 527

CUDA-DZ. 531

39,826,120 us ﬁ,u:z,:as us

... almostend !

Why?
Instrumentation timings bug ? > ask Nsight Systems. Not probable !
Synchronization ? With what ?
Missing data in trace? - Ask Nsight Systems, nsys2prv
Other ??

SM scheduling “features” + application “features” + ...

*
* *x
F *
r 3

Lx >3
Barcelona e
Supercomputing — * 5
Center EuroHPC
Centro Nacional de Supercomputacién
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Comp — Comm interferences ? 000

 (Call it communication ...
* ...mean SM scheduling .

AAAAAAAAAAA

Tight zoom in fwd

Compute
kernels
delayed till end

First process
activity

of
Actual communication |
Dependences kernels
Resource
contention !!!! -
NCCL
That may or may not move actual data kernels e
'\'\“--:-“'kw.-{_
transfer into the critical path ... delayed till RS Fourth process
“‘end” of activiy
... that may change the criteria of actual compute
communication bandwidth importance ... kernels
... scares TH%

>3
* *,,JJ
T T

38 EuroHPC
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000

How to measure bandwidth?

*
* X x
Ext o

Lx *3
Barcelona =* *
. (S =i
Supercomputing
Center EuroHPC
Centro Nacional de Supercomputacién
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Measuri ng BW? (p2pBandwidthLatencyTest)

000

e Measured PCle bandwidth

1 process

@

Original

2 GPUs

5 reps
delay
blocked issues

MemcpyPeerAsync

Delay kernel

X

THREAD 1.
CUDA-DB.
CUDA-DB.
CUDA-DZ.

CUDA-DZ.

1,368,537 us value 19 1,466,559 us

Insight based refactoring

5reps
no delay
interleave issues

X

THREAD 1.,
CUDA-DB.
CUDA-DB.
CUDA-DL.
CUDA-DZ.
CUDA-DZ.

1,219,549 us 1,256,546 us

Bidirectional P2P=Disabled Bandwidth Matrix (GB/s)

oND o 1

o e

0 1461.30 42.69
1 45.01 1460.43

2 50.53 50.99

3 51.72 51.65 51.05 1461.43

Reported BW improvement

Bidirectional P2P=Disabled Bandwidth Matri

oD 0 1
0 1446.78 60.82
1 59.87 1454.65

2 63.16 60.13 T

50.92 52.36
50.90 52.65

19%

i | 2

63.38 63.17
60.01 59.72

3 62.31 60.14 58.84 1457.85

GB/s)
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Comparability 000

* Probabilistic & non linear
recurrent algorithm

Difficult to ensure
+ —

“fair” comparison
* Black matryoshkas

App
Algorithm

Framework
CUBLAS

GPU

*
* X x
E* |

Lo *
42 EuroHPC



000

Gemm performance variability

for large problem size?

**
Fa 3
0+ *3
Barcelona =* *
. (S =i
Supercomputing
Center EuroHPC
Centro Nacional de Supercomputacién 43



Gemm kernels

o Case :

000

M =[13184, 13696, 14208, 14720, 15232]
N =[7168, 7680, 8192, 8704, 9216]
K= [16384]

®* | would expect:

High percentage of the peak of the device.
Very little difference across problem sizes

Not much variability along multiple runs of a given
problem size

®  Observed significant variability !!

Different kernels !!

Difference in Tensor core activity
Difference in frequency !!!!
Difference in Memory BW !!

Differences across instances of the same kernel

Weird
behavior?

. nvjet_tst_192x192_64x3_1x2_h_bz_coopB_NNN
. nvjet_tst_192x192_64x3_2x1_v_bz coopB_NNN
. nvjet_tst_256x128_64x4_1x2_h_bz_coopA_NNT

nvjet_tst_256x128_64x4_2x1_v_bz_coopA_NNT
. nvjet_tst_320x128_64x3_1x2_h_bz_coopB_NNT

[l rviet_tst_320x128_64x3_2x1_v_bz_coopB_NNT

TASK L3

Normalized FLOPS (to 4KA3)

20,133,734 x

TASK Lol

TASK 1.7 |

TASK Los

TASK L.t
A e 28,933,734 e

AN

Kernel seems to be “worse” ?
At least sometimes?

Problem size

Kernel

Tensor eff.

Read BW

Write BW

Frequency

3

*
* *x
* w?

IR R

* *
*

=
Kk

a4 EuroHPC



000

How many gemm variants exist?

**
Fa 3
0+ *3
Barcelona e
. *
Supercomputing
Center EuroHPC
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Number of gemm kernels ?

Sweep M,N,Ks

X

|

Problem size

Kernel

nvjet_tst_256x128_caxa_2x1_v_bz_cooph_WAT20, &

3

Pytorch & vLLM inferences

| vLLM | Pytorch |

27

Kind of weird
architecture ?
code explosion ?
“optimality” ?

Megatron MoE

X

RELTIRRRR I (00 T TR TR TR T DO R s TR TRV R T ]
Task 1oz | TN RO IR AR [ 0 | R O I R
REETISWER 11 LT O DRI T T i A 10 YW
TasK Lo JNNO01 0N 1A O 00 000000 0N 0 00 O T 0RO TR B0

13,726,963 us 41,162,888 us

X
& B 32 | <L @ | M| |H| I 2 % hDefauk v 2 %
|

)

000

EuroHPC
46



000

Same model, task ...

... different frameworks

**
Fa 3
0+ *3
Barcelona e
. *
Supercomputing
Center EuroHPC
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Pytorch vs vLLM inference ? 000

e Tried

000000

— offline execution of same prompts [ oo

f tokens_per_s
.

' "2

000 4

Llallla_3 1_88 (@] 1500.000 .

‘ - 1000.000
w12
500.000 II“ I|

000 = 1 ul ui6

PyTorch w2

meta-llama/Llama-3.1
Y =,/

— 111024, o0:256 ‘

model .Y Framework

LLLLLLLLL
8B

— Impact of varying batch size?

verage of tft_s

LLLLLLLLL

 VLLM “better” =] = “
B =l il :
— Tok/s: ~2.02 YY
— Ttft: ~0.73
— Tpot: ~0.33 bbbbb
— Difference slightly improves with batch size 5 ‘ “ :
| B | E—

0.030
0.020
0.010
0.000
model

-Hlam Sl
Y s 48 EuroHPC



Pytorch vs. vLLM: step

e Batch sizes 1 and 160

000

Application-level metrics

PyTorch PyTorch  vLLM vLLM
bs 1 160 1 160
tok/s 64.6  1797.8 86.2  3634.6
ttft 0.041 5.46 0.029 3.980
tpot 0.015 0.089 0.012 0.029
 Model:

* Describe/explain
* Question generator?

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

bs
Total Eff.
Par. Eff.
LB
Comm. Eff.
Orch. Eff.
Comp. Eff. (scaled by bs)

Normalized total

Model efficiencies

PyTorch
1
0.79
0.79
1.00
1.00
0.79
1.00

1.000

PyTorch
160
25.04
0.97
1.00
1.00
0.97
25.90

31.862

VLLM
1
1.12
0.89
1.00
1.00
0.89
1.25

1.420

vLLM
160
50.70
0.98
1.00
1.00
0.98
51.57

64.498



Pytorch vs. vLLM: step

000

e Batchsizes 1 and 160
Application-level metrics
PyTorch PyTorch  vLLM vLLM
bs 1 160 1 160
tok/s 64.6  1797.8 86.2  3634.6
ttft 0.041 546  0.029  3.980
tpot 0.015  0.089  0.012  0.029

@

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

Model efficiencies

PyTorch PyTorch vLLM
bs 1 160 1

Total Eff. 0.79 25.04 1.12
Par. Eff. 0.79 0.97 0.89
LB 1.00 1.00 1.00
Comm. Eff. 1.00 1.00 1.00
Orch. Eff. 0.79 057> 0.89
Comp. Eff. (scaled by bs) 1.00 p———2500—p1 1.25
Normalized total 1.000 31.862 1.420

vLLM
160
50.70
0.98
1.00
1.00
0.98
51.57

64.498

Partial improvement on two metrics




Pytorch vs. vLLM: step

000

e Batchsizes 1 and 160
Application-level metrics
PyTorch PyTorch  vLLM vLLM
bs 1 160 1 160
tok/s 64.6  1797.8 86.2  3634.6
ttft 0.041 546  0.029  3.980
tpot 0.015  0.089  0.012  0.029

@

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

Model efficiencies

PyTorch
bs 1

Total Eff. 0.79
Par. Eff. 0.79
LB 1.00
Comm. Eff. 1.00
Orch. Eff. 0.79
Comp. Eff. (scaled by bs) 1.00
Normalized total 1.000

PyTorch vLLM vLLM
160 1 160

25.04 1.12 50.70

0.97 0.89 0.98

1.00 1.00 1.00

1.00 1.00 1.00

0.97 -89 > 0.98

25.90 51.57
31.862 1.420 64.498

2x on computational scalability !!




Pytorch vs. vLLM: step 0009

e Batchsizes 1 and 160 Model efficiencies
PyTorch PyTorch vLLM vLLM
bs 1 160 1 160
Application-level metrics Total Eff. 0.79 25.04 112 50.70
Par. Eff. 0.79 0.97 0.89 0.98
PYTOI"Ch PYTOI"Ch vLLM vLLM LB 1.00 1.00 1.00 1.00
bs 1 160 1 160 Comm. Eff. 1.00 1.00 1.00 1.00
tok/s 64.6  1797.8 86.2  3634.6 Orch. Eff. 0.79 > 0.97 0.89 0.98
ttft 0.041 5.46 0.029 3.980 Comp. Eff. (scaled by bs) 1.00 »{ 25.90 1.25 51.57
tpot 0.015 0.089 0.012 0.029
Normalized total 1.000 31.862 1.420 64.498

Huge improvement in computational scaling !!
But should have been even higher ?

1
C 3
Barcelona Ex
Supercomputing *
Center
Centro Nacional de Supercomputacién



A bit deeper on Comp. Eff.

@

000

But still high level

Complementary metrics
e Hardware counters

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

bs

Total Eff.
Par. Eff.
LB
Comm. Eff.
Orch. Eff.
Comp. Eff. (scaled by bs)

scaled counts
TCops

Bytes read
Bytes written
SMissues

Model efficiencies

PyTorch
1
0.79
0.79
1.00
1.00
0.79
1.00

1.00
1.00
1.00
1.00

PyTorch
160
25.04
0.97
1.00
1.00
0.97
25.90

16.47
5.35
81.03
8.67

vLLM

1

1.12
0.89
1.00
1.00
0.89
1.25

0.20
1.00
0.52
0.36

vLLM
160
50.70
0.98
1.00
1.00
0.98
51.57

17.11
3.39
11.25
4.16



A bit deeper on Comp. Eff.

@

000

But still high level

Complementary metrics
e Reasonable?

* Hint on reasons for
reported efficiency

Barcelona

Supercomputing

Center

Centro Nacional de Supercomputacién

Model efficiencies

PyTorch PyTorch vLLM vLLM

bs 1 160 1 160
Total Eff. 0.79 25.04 1.12 50.70
Par. Eff. 0.79 0.97 0.89 0.98
LB 1.00 1.00 1.00 1.00
Comm. Eff. 1.00 1.00 1.00 1.00
Orch. Eff. 0.79 0.97 0.89 0.98
Comp. Eff. (scaled by bs) 1.00 25.90 1.25 51.57

Non proportional increment of TC ops and instructions
“small” increment in reads
“Large” increment in writes !!!

scaled counts

TCops 1.00 16.47 0.20 17.11
Bytes read 1.00 | 535 1.00 3.39
Bytes written 1.00 | 81.03 0.52 11.25
SMissues 1.00 8.67 0.36 4.16




A bit deeper on Comp. Eff. 000

e Butstill high level Model efficiencies

 Complementary metrics PyTorch  PyTorch vLLM vLLM
bs 1 160 1 160

* Reasonable ? Total Eff. 0.79 25.04 112 50.70

. . Eff. 0.79 0.9 0.89 0.98

* Hint on reasons for ParLBE 1.30 1.03 1.00 1.00

reported efficiency Comm. Eff. 1.00 1.00 1.00 1.00

Orch. Eff. 0.79 0.97 0.89 0.98

Comp. Eff. (scaled by bs) 1.00 25.90 1.25 51.57

REDUCTION in tensor core ops ?7?
Reduction in writes and instructions !!!

scaled counts

TCops 17.11

Bytes read 1.00 5.35 1.00 3.39
Bytes written 1.00 81.03 .| 0.52 11.25 e

Barcelona H g f * * jj
@ Supercomputing SMissues 1.00 8.67 0.36 416 e

Center

Centro Nacional de Supercomputacién 55




A bit deeper on Comp. Eff. 000

e Butstill high level Model efficiencies

 Complementary metrics PyTorch  PyTorch vLLM vLLM
bs 1 160 1 160

* Reasonable ? Total Eff. 0.79 25.04 112 50.70

. . Eff. 0.79 0.9 0.89 0.98

* Hint on reasons for ParLBE 1.30 1.03 1.00 1.00

reported efficiency Comm. Eff. 1.00 1.00 1.00 1.00

Orch. Eff. 0.79 0.97 0.89 0.98

Comp. Eff. (scaled by bs) 1.00 25.90 1.25 51.57

Similar tensor core ops
Less reads
LESS writes and instructions !!!

scaled counts

TC ops 1.00 16.47 0.20 17.11
Bytes read 1.00 5.35 1.00 3.39
Bytes written 1.00 81.03 [ 11.25| ("""
@ Barcetona SMissues 1.00 8.67 0.36 416) e
‘C:een'tzgelvrac/ona/ de Supercomputacién



And more detail

000

 Deeper level
* Batch size impact along time
* Efficiency, prefill/decode balance, noise, ...
bs = 1, one step
Par. Eff. every 50 us

E { B e e N s

@] o.50880

S

o

4574 s o
= Z. aaaaa rw Noisy ?

32285 =

—D
L
Barcelona
Supercomputing
Center

Centro Nacional de Supercomputacién

X
_C L
(&)
—
O  o.some
s
o
X
'
=
O ousoem
-
>

bs = 160, one step

Par. Eff. every 50 us

L |

22.887 s
4_—_

v

A

11.310 s

v

57



vLLM decode. bs=160

000

X
tpOt . Avg: 27.87 ms N
26,000 gy sz @42 us 95,1!2,‘ uz
Timeline of individual kernel duration
X
Histogram of kernel duration colored by id
Non Gemms [
Gemms [ | | [ |
0 800 us
% elapsed time EHE 1 | il | |
W device_kernel Il rviet smoo_tst 256x160_64x4 2x1 v bz coopA TNT

. nvjet_sm90_tst_128x80_64x8_1x2_h_bz_splitKk_TNT . nvjet_sm90_tst_256x160_64x4 _4x1_v_bz_coopA TNT

Generation of 3 tokens

X
APl calls and | ™0 fl e T M T e
kernels ‘“”"”"-_

X

Kernels in Bel000

flight s b T T T T T T

X

Tensor core 5
active (%) T A S A A

X
DRAM read Lo WWWWWWMWNWWWWWWWWWWW

BW (%) "

X

DRAM write &
BW (%) s s
e 55 481,555 us 5,573,226 us

X

Active SMs
Ve ) WWWWWMMW{WWMWWWWWMMWWMWWWWWM
e 55 481,555 us 5,573,226 us

.4

SMissuerate | **

1

55,481,555 us 55,573,226 us



Role of CPUs in a GPU centric world
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Life at “fine” granularities

When “kernel launch overhead” approaches kernel execution time

CUDA call
duration

Time btw. Kernel
launches

Kernel duration

vLLM, bs=1, generation of one token

Corresponding histograms

i IGBRBQ&NEIHHII z
dm”ﬂ{{ul& lLl | ,.‘rﬂ]lwl T.i\ |

~

.

: ‘LJ\NWWWWNWWM —

200 us

~3.5us

Stats : Time

*

* *x
[ *
r 3

Lo *,,JJ
60 EuroHPC



Life at “fine” granularities

When “kernel launch overhead” approaches kernel execution time

CUDA call
duration

Time btw. Kernel
‘ launches

Kernel duration

vLLM, bs=1, generation of one token

Corresponding histograms

’ \EIBEBQ)%IHHII z
\Mﬂf{'* lLl . ,.‘rﬂ]lwl T.i\ .

v

.

: ‘LJ\NWWWWMWWM S

200 us

~3.5us

Stats : # instances

*
* * %
S

Lo *,,JJ
61 EuroHPC



Life at “fine” granularities 009

e Struggle to ramp up and
fill the pipe

vLLM, bs=1, generation of one token

e (Can get something out of
the critical pat h? IZZETEJJ:'HJ;_:@ A W TR e e i O

|
Call and kernels AL TV LT L

J] cudaLaunchKernel v

X
1
B B WW
L] TH,EEB,AT2 us 168,672,912 us
X
3z
Kernels in flight | ws.se0m /\ M
£
L 78,EEB, 472 uz TB,E72,912 uz
X
1,588
Kernel latency | 7. } ]]]]ﬂﬂﬂ“l Min: ~5.3 us
B 78,EEB, 472 ue 16,672,912 us SRk —

62



Noise ?

Rea

Correlated to CPU activity ?

If so, can be taken out of the

Ill

nhoise” ?

critical path?

Cuda calls
and kernels

Par. Eff.

CUDA call
duration

Time btw. Kernel
launches

Kernel duration

000

vLLM, bs=1, one step

Par.Eff.

tpot

¢
fmrs
X
Slow token
X
wfﬁ:;» I‘HHJIHJI J(%\\Ilflll‘lf‘llu‘lul“u'lﬁ‘h}.n:ll!n
nnnnnnnn MM%MMM

S

A "

Fast token, same scale



Patterns? 000

« Short range, long range, ...

VvLLM, bs=1, 3 successive tokens PyTorch, bs=160, 3 successive inferences
X
X
Cuda calls

Cuda calls "
and kernels

and kernels
X
Par. Eff o W MW WMWWWW Par. Ef.
X
CUDA call . wr Mm ( Time btw.
duration R | CUDA calls
X
Time btw. .
Kernel launches Kernels in
A o T flight
X 45,804,510 us
Kemel duration | = | gy nwwwwww“ Nmmwwwwwm\wwwwwﬂ :
A omee : TEerS -
=
Kernels in flight | WMWM Y
Tk %
il AWMW\I"M MMHMNWWN\MMM“WMN\“MA 64 EuroHPC
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To conclude ...



Life in Al times

“My dear, here we must run as fast as we can, just to stay in place.
And if you wish to go anywhere you must run twice as fast as that.”

Lewis Carroll. Through the Looking-Glass

From when you say is your framework version?
Three months ago? ... ® ... update!!

R

232 16,923 s 5

TASK 1.32 KoptimizerstaticsbitastateBlockwise Very d |ffe rent Set Of kernels

01,378 us 1,767,801 us

]

But same fundamental behavior

|

Some global gain

Vindicate an HPC-ish view @ Al land

We can leverage HPC Performance
analysis tools, methodology and
background to get a lot insight on the
behavior of Al apps !
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POP 000

—— )
. . . . .
* Performance optimization and productivity COE
rror N IMization an roauctivi
FREE Services provided by the CoE 009
Tools and * Parallel Application Performance Assessment
methodology * Primary service
« Initial analysis measuring a range of performance metrics to assess quality of performance
and identify the issues affecting performance (at customer site)
« If needed, undertakes further performance evaluations to identify the root causes of the
issues found and qualify and quantify approaches to address them (recommendations)
* Second Level Services
« Second level services may follow after conclusion of an initial performance assessment:
* Proof-of-concept: explore the potential benefit of proposed optimisations by applying
them to selecteq] regions of the applications
* Correctng : evaluate the correctness of hybrid MPI + OpenMP applications
Assessment dy: investigate improvements of energy consumption or efficiency
services {ng consultancy for customers that choose to implement proposed
Qwn
our experts and customer!
10
Performance Optimisation and Productivity
HORIZON-EUROHPC-JU-202
wogin
*
F ** * *j| Services
r a demic AND industrial code(s)n a
C % * — pefomance sues. Wit ot rmary ustomes e codedevelopers & ownars o sncesare o sl o code
% * X Partners
The Services are free of  research or the U
_ In order to requestour services, use our Request ServiceForm.
Grant Agree
Services provided by POP
Rasourcesfor Co-Design
— « Parallel Application Performance Assessment
1 January 2024- 3,_dgecember 2026
 Intal analysis measuri .
S eeenesl - NEDS://pOP-CO€.eu/services A
and quantify approachq E* *3
Lo* *
[
EuroHPC
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@ 0 Performance Optimisation and Productivity 3

A Centre of Excellence in HPC

Contact:
& https://www.pop-coe.eu
(= pop@bsc.es
X @POP_HPC
o Youtube.com/POPHPC

This project has received funding from the European High-Performance Computing Joint Undertaking (JU) under grant agreement No 101143931. The JU receives

support from the European Union’s Horizon Europe research and innovation programme and Spain, Germany, France, Portugal and the Czech Republic.
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