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INTRODUCTION

Integratmg heterogeneous devices for MLcomputing

e Deep Learning Applications

Object Machine Recomm_ » Object detection
Detection Translation endation J
» Speech cognition
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e Heterogencous Processors
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INTRODUCTION

Performance Interference 1s not negligible

2
\&/ - é‘ 1.0
EREEEEEEN e—— 5
Carmel CPU || =2==zz2z= || NVDLA 1S Gk s
1 @)
Bl mm|  VoltaGPU I DN a
B || ZESEIZIEE || nvoua o SR © 0.5F-——--
21 41 2 !
L1/L2/1L3 Cache L1/L2 Cache © H I GPU
= ! B DLA
Memory Controller Fabric S5 0 ¥
© '01.0 1.2 14 16 18 20 22 24
3GB DRAM Interfered Latency / Isolated Latency
In 50%mappings,
Example ofheterogeneous edge device: €0 tasks: 24% perfermonce degradation
NVIDIA AGXJetson Xavier IBFA tasks:22%71 perfermonce degradation

3/14



MOTIVATION

What are the sources ofthe interference?

“Memory bandwidth utihzation” “Limitation of DLAcapability”
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MOTIVATION

Related work

o Heterogeneous ML Schedulers

e Noneofthese schedulers supports interference modeling

MOSAIQ SLO-PMAEL 2] Gavel[3] Our work
Heterogeneity support v v v v
Multi-modelsupport X v v v
Customizable goal X X v v
Inference Tasks v v X v
Interference Modeling X X X v

[1]M. Han et al, Mosaic: Heterogeneity-,communication-,and constraint-aware modelslicing and execution for accurate and efficient inference, PACT 20 19.
[2]Seo et al., SLO-aware Inference Scheduler for Heterogeneous Processors in Edge Platforms, TACO2021.
[3]D.Narayanan et al, Heterogeneity-aware cluster scheduling policies for deep learning workloads, OSDI2020.
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DESIGN

. Training Inference
Interference Modeling Randomly h | B e
generated models models
e Foreach co-located application, l l Input features
» Memorybandwidth utilization —
GPU fsgste
» GPUutilization Profiler N Interference
. DLA {ZZE model
» Average layer execution time on GPU e
» Latencyslowdown by stress Input features l
Interference Expected
_ model Slowdown
o Consist of 4 submodels:
Model 1 Model2 Model3 Model4
Interfered processor GPU DLA GPU DLAO
Co-running Processor DLA GPU DLAO,DILAI DLAIL GPU
Accuracy 97.8% 94.3% 974% 94.0%
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Interference Modeling

e Interference models are built with Multi-Layer Perceptron (MLP).

» MILP models show the highest accuracy among severalregression models.

Model Model 1 Model 2 Model 3 Model4
MLP 97.8% 94.3% 97.4% 94.0%
Kneighbor 97.7% 91.8% 95.6% 912%
Random forest 98.5% 92.7% 92.7% 88.5%
Decision Tree 97.5% 92.0% 874% 77.6%
SVR 92.8% 92.7% 94.6% 86.5%
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(Goal-Independent Scheduling Framework

e Overview

Interference models

Best allocation

Fairness | [Throughput Scheduling iﬂ! Runtime , B=4 6pu
- Simulation Scheduling s
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Possible allocations

“Interference- Aware, Goal-Independent Scheduling Framework”
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(Goal-Independent Scheduling Framework

e Search forthe best scheduling policy

Possible Allocation Matrices With 1,000 samplethere exists an allocation with

Em Em cee E 99% performancef the best allocation. [1]

“Best” —— Device Time ——
Use;sopaeigified — Simulator I E _ GPU| A0.6) |B(0.4)
DLA | B(0.4 _
T Allocation (0.4) C(0.6)
| Matrix
Profiles of l i } Expected
model A,B,C Latency

[1] P. Radojkoviet al.“Optimal Task Assignment in Multithreaded Processors: A Statistical Approach,” ACM SIGPLAN Notices
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(Goal-Independent Scheduling Framework

e Priority-based scheduling

‘Best”™ .y
ﬁ e Priority score
A Al : 0.2 Priority S B Allocation Ratio
B h(jlzcl‘?t'lon 0.1 PIOTRY SCOTC = Consumed Allocation
1§),¢
C | 0
C ' 0 e Routes requests to different devices
. 1 Allocate!
is_idle()>» [ A 1.6 TN d di .y
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Evaluation Setting

e Nvidia AGXJetson Xavier

EVALUATION

GPU

512-Core Volta GPUwith Tensor Cores

DLA

(2x)NVDLA Engines

e TensorRT API

e Benchmarks

» 40 @x5)application scenarios with 14 DNNmodels from the torchvision

» consist of 8 application sets,foreach set we use 5 different request ratios

e Metrics

» Goodput, Throughput with SLO99% Throughput,Fairness
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EVALUATIO

Performance comparison

e Goodput: Throughput which satisfy target SLO.

[ Base I w/o itf pred B W/ itf pred 1 Perfect pred

= N
Ul o

Norm. Throughput
[
o

o
o
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Applications Set

Compared to /LRSI, KB B FIEeL shows 18.1%average improvement
Compared to /Base thpt , R/E#§JEl shows 40.0%average improvement

12 /14



Performance comparison

e Throughput under SLOsatisfaction rate 99%

[ Base B w/o itf pred I W/ itf pred 1 Perfect pred

2.0

Norm. Fairness
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Applications Set

Compared to QLR E I, KB BRI shows 33%average improvement
Compared to Base thpt , R/B#§SEN shows 36.1%average improvement
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CONCLUSION

Conclusion

e Develop an M[P-based interference model, trained from randomly generated layers.

e Propose agoal-independent scheduling mechanism with sampled simulation.

e Achieve 40.0%higher goodput compared to baselne.
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Thank you for listening!

Q&A

CASYS KAIST
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