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Overview +%¢ DAPHNE

DAPHNE Local Runtime Schedulin +*+ DAPHNE Results CC, Broadwell, 20 threads .
€ Local DaphneSched: Queue Layout DAPHNE Takeaways
Load imbalance

+* DAPHNE
DaphneSched: Design and Inner Working
(@ Work Partitioner:
+ 12 schemes: STATIC, SS, MFSC, GSS, TFSS,
FAC2, TFSS, FISS, VISS, PLS, PSS, “AUTO"
(@ Worker Manager for heterogeneous devices.
. iler decides target device type/pipeline
« Initiates worker (thread) to execute or interface
with the devices.
*  2interfaces: Initialize or Update, Get Task
(@ Queue Management: # tasks > # workers.
+ Tasks are stored in queues
« Centralized work queue per type of

DaphneSched: a versatile,
. extensible, high performing, and
] » STATIC ! I

g
for IDA pipelines (local, di

Queue layout: tug of war
between management of
parallelism and locality,
across schemes.

No “global best” configuration

for any factor & combination.
resource; need as many queues as device types; s e

‘employs self-scheduling
+ Partially distributed work queues across groups of
‘workers; suited for |

e g e needed.
Nk KT e DAPHNE achieves = Daphnext proposal
stoaing Bpseepbueege
+ Fully distributed work queues across indvidual £2¢ ¥
workers;

‘employs work stealing

performance comparable
+ 1 interface: Dequeue Task and execute

to other languages with
" lower i tation effort

pending.

DAPHNE Distributed Runtime Scheduling +*s DAPHNE Results CC, Broadwell +*s DAPHNE
Local & Distributed DaphneSched
Coordinator (MPI Rank 0) VS. e
Cool ) o . DAPHNE outperforms Python and S—
I et Ch+,Python, Julia  “lieera e e
partitioning strategies and sends them to all ‘seamless effort from s TN 0,
local DaphneSched instances
+ Employsa C icator M
e e b . . e ———
instance > . . et -
+ Vi different message type: &l 3001 N
- BM: Broadcast Message (Data) A e 20042 "
+ CM: Compute Message (MLIR) g 5. ¢ .y 232e., .. - By
- DM: Distribute Message (Data) § oo sptr i dad ool a8 b0 + cencemm
+ RM: Ready M s, ] j R RO OB OO
1o send dala and gpo;ﬁ%my:aom“ ° o o - daph (AUTO)
Workers (MPI Ranks 1.. P-1)

S0__100__150 % 100 150 0 100
Deg/ee of parallelism (number of compute nodes x node-level parallelism)
+ Each local worker actively listens for
incoming messages from the coordi

X Python and Julia outperform
via the communication manager Communication primitives DAPHNE for smaller inputs
* MPI broadcast and MPI Send/Recv "

Local scheduler still relevant
even on distributed




Motivation & Challenges (1/5) +*« DAPHNE

Computation Data processing Training
Application HPC code Data preprocessing Machine learning code
Scientific simulations code Training ML model

Middleware -
Parallel environments

Mathematical libraries
MPI/OpenMP/BLAS/MKL

Data processing frameworks ML frameworks

PyTorch/TensorFlow N. Ihde et al.
A Survey of Big Data, HPC and

Machine Learning Benchmarks,
TPCTC 2021, Copenhagen,
Denmark, August 2021
Open Access here

Spark/Flink

Cluster Resource allocation and mana,
Management Slurm/Mesos

Compute node

Hardware
infrastructure

| Compute node
High speed Computational
interconnection Storage
network System

GPUs FPGA

CPUs

Local storage High speed network interface

* Integrated data analysis (IDA) pipelines comprise data management, query processing, high performance
computing, complex simulations, training and scoring for multiple machine learning models.

* |IDA become increasingly common in practice, share compilation,
runtime techniques, and converging cluster hardware




Motivation & Challenges (2/5) +*« DAPHNE

Different

e system libraries

* programming models quﬁ(\z CliEREED OpenMP O PyTorch

@ % kafka ' MPI OpenBLAS
Flink
.=..

kubernetes

N @Xnet
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Motivation & Challenges (3/5) +*« DAPHNE

* Data exchange between various
components is a disaggregated

. . HPC code Spark PyTorch
pipeline

Large-scale
simulation

Feature reshuffling ML model training

Data store Data store




Motivation & Challenges (4/5)

Generate a GROMACS topology

e Data exchange between various gmx pdb2gmx

components is a disaggregated ﬁf—gm
Enlarge the box

p i p e I i ne gmx editconf topol.top

\g:f. gro

Solvate protein
gmx solvate

* Example: Typical GROMACS MD é,nf_gr}opol_top
run of a protein in a box of water Generate mdrun input file

gmx grompp

topol.tpr

\

Run the simulation (EM or MD)
gmx mdrun

ﬁu xtc / traj. %ner edr

Analy31s P y31s
gmx energy

Source: https://manual.gromacs.org/current/user-guide/flow.html

+*s DAPHNE

eiwit.pdb

Data store

grompp.mdp

Data store

Continuation
state.cpt

Data store




Motivation & Challenges (5/5)

Various

 data types

* data representations
* input sizes

Dense vs Sparse
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FP32, FP64, INTS,
INT32, INT64, UINTS,
BF16, TF32, FlexPoint




Overview of the DAPHNE System +"« DAPHNE

“An Open and Extensible System Infrastructure for IDA Pipelines”

System Architecture

) Python API w/ lazy evaluation

DAPHNE (

Application C [ ] , ; c Ag )

@ MLIR DaphnelR (MLIR Dialect)

Optimization Passes

DAPHNE -
- MLIR.Bafed New Runtime Abstractions
Compilation Compilation for Data. Devi 0 .
Chain or Data, Devices, Operations

Hierarchical Scheduling

r
&

Patrick Damme et al.: An Open .
and Extensible System Infrastructure for Daphr.1e GitHub
Integrated Data Analysis Pipelines repository:

[CIDR 2022] Open Access

(CPU, GPU, FPGA, Execution Engine Buffer/Memory

System Storage) (Fused Op Plpellnes) Managemel‘lt

Runtime ([ Device Kernels ) { Vectorized } { Sync/Async I/O

-

Local (embedded) and Distributed Environments
(standalone, HPC, data lake, cloud, DB)

Deploy-
ment

-

Distributed and local vectorized execution

- Coarse grained tasks and cache-conscious data binding
- Fused operator pipelines on tiles/vectors of data
- Device
- Integration of (e.g., eBPF programs)
DaphneSched
(e.g., for ops on sparse data)
Daphne Runtime
- Different (e.g., gRPC, OpenMPI)




DAPHNE Local Runtime Scheduling

DaphneSched: Design and Inner Working
(D Work Partitioner:

12 schemes: STATIC, SS, MFSC, GSS, TFSS,
FAC2, TFSS, FISS, VISS, PLS, PSS, “AUTO”

(2) Worker Manager for heterogeneous devices

Compiler decides target device type/pipeline
Initiates worker (thread) to execute or interface
with the devices

2 interfaces: Initialize or Update, Get Task

(3) Queue Management: # tasks > # workers

Tasks are stored in queues

Centralized work queue per type of computing
resource; need as many queues as device types;
employs self-scheduling

Partially distributed work queues across groups of
workers; suited for NUMA-domains; employs work
stealing

Fully distributed work queues across individual
workers; employs work stealing

1 interface: Dequeue Task and execute

Local DaphneSched

______________

Manager

+%¢ DAPHNE

from compiler

#worker
#average task
execution time
per worker

Create/initialize #worker per type
7

Worker

CPU threads

Enqueue Task
il
o
(@)
j

4
-------------- 3 e
= I'axi Axn H
[0 tx 1 |
=) 1
> H op 1
3 b1 b |
______________ 4 g N
AV4 )
@Queue \

from compiler

Centralized queue
for all CPU cores

Partially distributed queues
per group of CPU cores

- -
- -

Fully distributed queue for
\ individual CPU cores

Centralized queue
for all GPUs

Partially distributed queues
per group of GPUs

- -
- -

Fully distributed queue
per individual GPUs

Centralized queue

Partially distributed queues

808
- -

Fully distributed queue
per individual FGPAs )

management

for all FPGAs

per group of FPGAs

A. Mohammed, J. H. Miller
Korndorfer, A. Eleliemy,

F. M. Ciorba.

“Automated Scheduling
Algorithm Selection and
Chunk Parameter
Calculation in OpenMP”.
|IEEE TPDS'22.
https://ieeexplore.ieee.org/
document/9825675/

A. Eleliemy, F. M. Ciorba
DaphneSched: A
Scheduler for Integrated
Data Analysis Pipelines.
ISPDC’23.

Best paper award
https://ieeexplore.ieee.org/d
ocument/10272434




DAPHNE Local Runtime Scheduling

Task formation in DaphneSched
(by Vectorized Execution Engine)

-
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Self-scheduling

+%¢ DAPHNE

Task = Data and Operators

b ————

—— |

c,
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—»>

¢ — ) —

Tasks of fixed size
1 task = 1 row

Cm-1 . .
™ Chunks of variable size

1 chunk = 1 task

WOrk C ntl'o/ of
V
ar)’lng ch U/ir/[y by
S/Ze

Matrix B

—
o

Co

-

tm_1|_+_| |_+_|

Tasks of variable size "™

1 task = 1 row

C

Chunks of fixed size
1 chunk = 1 task

Wo,-k C ntrO/ of
Vary,ng Z/arlty by

Sizag

10




DAPHNE Local Runtime Scheduling +"« DAPHNE

Work Partitioning Schemes

Partitioning‘
schemes*
Nonadaptive Adaptive L Automatic

Selection

1 ) b}
Without Profiling L Decreasing LVariabIe . ‘
profiling based chunk size S&':;?oodn pacrg:qr:;er

Fixed Variable L Fixed Variable AWF, AF
chunk size chunk size chunk size L chunk size AW;-E, C,
Bl | — 7 . S S .
SS, mFSC L Increasing L Decreasing L Random FSC Decreasing LExhaustive LRandom LExpert L RL Expert
mSTATIC -
Al A
L FISS, GSS, FAC2, L RND
VISS TSS, TFSS, FAC, BOLD,
WE2 . PLS, PSS
Supported In progress

* Work partitioning employs the chunk calculation formulae of the various DLS schemes




DAPHNE Local Runtime Scheduling

Work Queues Organization

« Employs Work-sharing to fill queues

Centralized
WorkerCPU/GPUY/...
WorkerCPU/GPUY/...
WorkQueue
WorkerCPU/GPUY/...
WorkerCPU/GPU/...

Employs: self-scheduling assignment

Per Device

WorkerCPU/GPUY/...

WorkerCPU/GPUY/...

WorkerCPU/GPUY/...

WorkerCPU/GPUY/...

WorkQueue

WorkQueue

WorkQueue

WorkQueue

+"« DAPHNE

Per Device Group

WorkerCPU/GPU/...

WorkerCPU/GPU/...

WorkerCPU/GPU/...

WorkerCPU/GPU/...

> WorkQueue
> WorkQueue

Employs: work stealing assignment




DAPHNE Local Runtime Scheduling +"« DAPHNE

Work Assignment - ‘
* Work sharing Work w Work
+  Self-scheduling Queues | Filling
* Work stealing 1 \ E—
i e Static
Centrallzed} Distributed Work Sharing }
| . | | | \
: . Assignment: Assignment:
Assignment: Non-orioritized* >,
B -prioritized Prioritized
SeIf-SchedullngJ Work Stealing J i Work Stealing J

| |
I | I |

| \ |

Sequential} Random J Sequential} Random J

* Prioritization: here device locality 13




DAPHNE Distributed Runtime Scheduling +"« DAPHNE

Distributed DaphneSched

Coordinator (MPI Rank 0)

. » Calculates appropriately sized set(s) of
operators and data items based on various

partitioning strategies and sends them to all

\ "_______________I

Coordinator

local DaphneSched instances

. Emplo_ysa Cqmmunlcator Manager to om| omev| !Rv oM cm| BM iR om| om| Bu| ! Rw
coordlnate Wlth eaCh |OC3| DaphneSChed Communication Communication Communication
instance Manager Manager Manager

» Via different message types
- BM: Broadcast Message (Data)
+ CM: Compute Message (MLIR)
« DM: Distribute Message (Data)
* RM: Ready Message (Sync)
to send data and operators to the workers
Workers (MPI Ranks 1.. P-1)
» Each local worker actively listens for
incoming messages from the coordinator

via the communication manager Communication primitives
* MPI broadcast and MPI Send/Recv 14

'’ )

® © O
il = =
roal DaphneSchey @cal DaphneSchey

\ Local DaphneSched/

Worker 1 Worker2 Worker P-1




DaphneSched: Factorial Experiments

Algorithm:
Connected Components (CC)

Implementations:

C++ (Eigen, MPI, OpenMP), ~120 LOC
Python (Numpy, Scipy), ~100 LOC
Julia (MatrixMarket.jl) ~100 LOC

DAPHNE ~10 LOC

Computing system:
Broadwell: 2 sockets x 10 Core
Intel Xeon E5-2640 v4 2.40GHz

CPU, 64GB DDR4 2133MHz

DAPHNE scheduling options

Partitioning: STATIC,
MSTATIC, MFSC, GSS,
TSS, FAC2, FISS, VISS,

PLS, PSS, AUTO
Queue Layout: centralized,
distributed
Victim selection: SEQ,
RANDOM, SEQPRI,
RANDOMPRI

+%¢ DAPHNE

Experiment 1

Implemeﬁtation(s): DAPHNE
DAPHNE scheduling options: ALL
System config.: 1 node, 20 threads

Experiment 2

Implementation(s): C++, Python, Julia,
DAPHNE
DAPHNE scheduling options: STATIC,
AUTO | Centralized queue
System config. DAPHNE: 9 nodes, 1
rank per node, 20 threads per rank
System config. Others: 9 nodes, 20
ranks per node.
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balance

Im

Load

Queue Layout

Density

Size

Matrix

Results CC, Broadwell, 20 threads

Local DaphneSched

e _E_*___E

;_ Ml

--l!nlu

< e

N tatllli

185

[ _7!—__7_7—7_4._

o T _.

A ”_”__ﬁ__é__;_A_v_A__i
“1 o _milllilr

O .
T

o

|
4
____“__,___, — S
|
|
|

..... il
1o il

w ——= -

L _i_f_i_;_f_i_i___;_a

» MFSC

Il
ifillih

<L sl

_g_
|

65

il

tealillle
Ll
.g_*_i_*_i__*__ |

oramsno~©a oramTno~®o

i |
I _*_i_i_A_f_f_ﬁ_E_e__ ol

o

» »

CENTRALIZED
* s L OI1VLS
Q (7]
| ° 3 )
[ ] .
amu 1 00 nuuv 40\ i
— 1 ~ oﬂ N
N ¢ X 2, | SSd
3 " 2 PN
—/. . . o%. |W|_n_
2 _ 5 g
M._v c ! ] ov.Q - COvd ©
o 1 ) m/ —
% m. ! ] “6. LSS1L @
3 3 ! 2 & 2
1 ° i
.,6 m ; “ mJAWNV |wmn_._. c
- 3 _ %, Louvisws
1 m " “ o\@%/ I .m
sw| § _ °e, Loy o
® = 1 $ KN
o5 =3
M % 1 “ 6%/ |mw_n_
o 2 2
=« £ . “6,  LSSIA
2 5 B
& ® °s. L OS4IN
m .
o o o o o
< ™ N -

[s] swny uonnoax3

16



Execution time [s]

Results CC, Broadwell, 20 threads
Local DaphneSched: Queue Layout

Matrix Size Density
Wikipedia- 1'634'9892 7.38 * 10°
20051105

Connected components

40
Baseline------------------- & -
30+
e
P @o® L] L 4 )
® @
20 A ® ® ®o
WorkerCPU
WorkerCPU
WorkQueue
10 WorkerCPU
WorkerCPU
oo o oo ,o° o0 oo oo oo oo oo oo
TSN - R R . - T R S
»n 3 /,gb /,gb /,,;b P /,3> /,3> ISR
O-
T T T T T T T T T T T T
O o u O O u u N u u 0 O
D VO E E H H O J DD E
S o L - < o
s > L2 2k - e O <
‘é’ ()

Partitioning strategy

d3zZIMvd1N3D
Execution time [s]

Increased parallelism

management
Connected components
40
oF
Baseline---------- - ®----- -1
30 A ®» o
& o p
Ll <@ ep @ 00
201
WorkerCPU
> WorkQueue
WorkerCPU
WorkerCPU
107 > WorkQueue
WorkerCPU
oe o o o\e o\o oo o\o oo oe oo . oo
9 L0 0 N LY D N o a w4 o
BT BT DR w7 A 7 A A
o-

MFSC
VISS
FISS

AUTO

TFSS
TSS
FAC2 "
PLS
PSS
GSS

MSTATIC 7|

Partitioning strategy

STATIC |

IlHdO3S—-dNOYHYH3d

+%¢ DAPHNE
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Execution time [s]

Results CC, Broadwell, 20 threads
Local DaphneSched: Queue Layout

Matrix Size Density
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Improved data locality
Fewer locks, less contention

Connected components

40
Baseline-------- --=-=----=-=---- -+
30 1
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GE.) L d
£ o 8o
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c 204 i .‘ ® = oo ™ ®
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3 WorkerCPU — WorkQueue
x
W, WorkerCPU — WorkQueue
WorkerCPU — WorkQueue
o\ o\e oe oe oe oe o oo oo oo oo o\d
° D9 .9 9 AN v
){V /"bg. /‘g_’. /‘5%' /Q,Q,. /‘bq). /‘bcb. /%0 /Q)Q /Q)b‘. /‘b\ ;L R
0-
T RN EEEE R
n O v = — 9p] n QO - w o _
L >E 2 EFETe0g
9] n
=
Partitioning strategy
18

I1HdD3S-NdoYd3d



Results CC, Broadwell
Local & Distributed DaphneSched

VS.
C++, Python, Julia

DAPHNE outperforms Python and
Julia for larger input sizes with
seamless effort from developers

amazon0601 wikipedia-20070206
— 15T 200
‘» +
]
o | T o# @ L | 150
2 ¥ s
E 100 * u
- 4
S sfa b8 L WA
3 EERE R 4. K ST
Q
X
LIJ 0- ] ] ] O- ] ] ]
50 100 150 50 100 150

Deg'ee of parallelism (number of compute nodes x node-level parallelism)

Python and Julia outperform
DAPHNE for smaller inputs

Local scheduler still relevant

g
++ DAPHNE
amazon0601 403’3942 2.08 * 103
wikipedia- e £ 1
50070206 3'566'9072  3.54 * 10*
liournal-2008 5'363'260%2  2.75 * 10
ljournal-2008
Languages
400 -
cpp
300 - .
+ jl
200 -
- . —=py
- A | ]
100 5% 4 * —— daph (default)
0- ! ! ! daph (AUTO)
50 100 150

even on distributed executions
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Takeaways +"« DAPHNE

DAPHNE Local Runtime Scheduling +*s DAPHNE DAPHNE Distributed Runtime Scheduling '« DAPHNE

DaphneSched: a versatile,
extensible, high performing, and
large-scale scheduling infrastructure
for IDA pipelines (local, distributed)

Results CC, Broadwell, 20 threads

Queue layout: tug of war st et
between management of e
parallelism and locality, Pl SR Himsamnrs,
across schemes. s

+*s DAPHNE

No “global best” configuration
for any factor & combination.
Runtime adaptation needed.

DAPHNE achieves \Llc;(.:al&DistributedDaphneiched _ Co—— 9 Daphnext proposal

. DAPHNE outperforms Python ipede
C++, Python, Julia Julla for larger input sizes with  wors  *% 134710"
seamless effort from

lounal2008 53632600 275* 10

performance comparable _ - — pending.
to other languages with Jpeeiing

50___100 150 50 100 150 5 100 1
Deg ee of parallelism (number of compute nodes x node-level parallelism)

lower implementation effort e ™ """

even on distributed

i L Y "

daph (AUTO)
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