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Motivation: Accelerating
Computation at Edge

* Lower latency
* Energy efficiency
* Privacy benefits

NVIDIA Jetson Thor

Google Pixel

NVIDIA Jetson Orin Nano



Motivation: Accelerating Computation at Edge
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Motivation: Accelerating Computation at Edge

Morton

Remove Build Edge Prefix Sum Build
Encoding

Sorting Duplicates Radix Tree Count Octree

Floating Point Irregular Data parallel Hard to Parallelize Mixture of both

1/
// Encode
1

[[nodiscard]] constexpr uint32_t morton3D_SplitBy3bits(const uint32_t a) {
auto x = static_cast<uint32_t>(a) & 0x000003ff;
x = (x | x << 16) & 0x30000FFf;
x = (x | x << 8) & 0x0300f00f;|
x = (x | x << ) & 0x30c30c3;
x = (x | x << 2) & ©x92u92uU9;

return x; I I I I I I
}

‘ [[nodiscard]] constexpr uint32_t m3D_e_magicbits(const uint32_t x,
const uint32_t v,

const uint32_t z) {
return morton3D_SplitBy3bits(x) | (morton3D_SplitBy3bits(y) << 1) |
(morton3D_SplitBy3bits(z) << 2);

- Bottleneck

H

D eve lo p e r [[nodiscard]] constexpr uint32_t xyz_to_morton32(const glm::vecd &xyz, I I I I I I

const float min_coord,
const float range) {

constexpr auto bit_scale = 1024;

const auto i = static_cast<uint32_t>((xyz.x - min_coord) / range * bit_scale);

const auto j = static_cast<uint32_t>((xyz.y - min_coord) / range * bit_scale); ‘ P U
const auto k = static_cast<uint32_t>((xyz.z - min_coord) / range * bit_scale);

return m3D_e_magicbits(i, j, k);
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PU Profiling
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Efficient Pipelined Scheduling
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Efficient Pipelined Scheduling
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Efficient Pipelined Scheduling
Little Core CPUs - [ Stage 1 I Stage 2 I Stage 1 I Stage 2 ]
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Efficient Pipelined Scheduling
Little Core CPUs - [ Stage 1 I Stage 2 I Stage 1 I Stage 2 I Stage 1 I Stage 2 ]

.45_;
o Medium Core CPUs 1 [ Stage 3 I Stage 4 I Stage 3 I Stage 4 I Stage 3 I Stage 4 ]
g
o N\

Big Core CPUs 1 [ Stage 5 I Stage 6 I Stage 5 I Stage 6

GPU - [ Stage 7 ]
0 2 4 6 8 10 1|2 14 16 18 20

Time
15




Efficient Pipelined Scheduling
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Efficient Pipelined Scheduling
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Efficient Pipelined Scheduling
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Efficient Pipelined Scheduling
% Intra-application
Interference
Little Core CPUs - [ Stage 1 I Stage 2 I Stage 1 I Stage 2 I Stage 1 I Stage 2 Stage 1 I Stag
Z:a""‘*di“'“ Core CPUs | [ Stage 3 I Stage 4 I Stage 3 I Stage 4 Stage 3 l
Big Core CPUs 1 [ Stage 5 I Stage 6 Stage 5 I
GPU - All PUs being utilized Stage 7

Time
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* Mobile systems are prone to intra-application

interferences

* E.g.,wethink 4.95 ms, butreal measurementwas 7.77

ms, ~57% slower

Execution Timeline

CPU
(a) Expected

GPU

CPU

(b) Measured

GPU

(unutilized)

)

36.3%
difference

Fully utilize
PUs

20



Challenge I: Interference

* When PUs fully utilized

X1

 Slowdowns and Speedups* due to
* Resource contention
* Dynamic voltage and frequency scaling (DVFS)

A78

* Thermalthrottling LA -1.1

« Power management 2

. -1.0
2 -0.9
T .

Red = Slower down

*We consulted with engineers from a major mobile vendor, whose insights were consistent with our observations21



Finding the Optimal Schedule is Hard

* Schedule = mapping from program stages to appropriate PU

Application Stages

Affinity Map

S1

Morton Encoding

S2

Sort

S3

Build Radix Tree

S7

Link Nodes

[ 4x Little Cores (PU1) ]

2X Medium Cores (PU2)

2x Big Cores (PU3)

[

1x iGPU (PU4)

]

—)

's1]s2|s1]s2 ]
S3 S4 S3| sS4
S5

Baseline (GPU-only)

S5

| s6 [s7] s6

57

's1|s2 | s3 | 4

|

S5

22



Challenge II: Portability

e Lar

ge design exploration space

e.g., 9 stage AlexNet 5°=21.9M
potential schedules

» ~37 years for Google Pixel 7a

* Schedules are not portable

Optimal schedule on Pixel does not
work on NVIDIA Jetson

NVIDIA Jetson

6 E-cores

Apple A18 SoC

8 NPU-cores
2 P-cores
4 E-cores

Google Pixel 7a

The scheduling framework need to
be portable and flexible, and
suitable for rapid development

1 TPU

2 P-cores
2 M-cores
4 E-cores

23




We present BetterTogether

* A performance modeling approach that
accounts for intra-application interference

OpenMP  €y/giican

A

CUDA

User provides multiple

NVIDIA.

Profiling on the target system

kernel implementations (BT-profiling)

T ] ( )

! l Target System I

C++ OpenMP (e.g., Google Pixel)

CUDA _ )
Stage X Vulkan ( N

Implementation NNAPI Target System II

(e.g., NVIDIA Jetson)

L] _ J
] Other Backends ... ~10 mins (tunable)

BT-Optimizer

<50 ms

Optional i
Autotuning

A

~200s (tunable)
]

{

Optimized Schedules

Upto 7.59x speedup
w/ Avg 2.14x speedup
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We present BetterTogether

* A performance modeling approach that R
accounts for intra-application interference B sendimpemenaion

CUDA

QFM tVl.l IKan nvioa

Profiling on the target system

(BT-profiling)
| | ( )

. . . l l Target System I
* An end-to-end static pipeline generator that Lol e Googte i |
works across a variety of devices StageX | Vulkan 0 )

Implementation NNAPI

— Other Backends

&

Target System II

(e.g., NVIDIA Jetson)
J
~10 mins (tunable)

Optional .
Autotuning

A

~200s (tunable)

BT-Optimizer

‘L Optimized Schedules

<50 ms

Upto 7.59x speedup
w/ Avg 2.14x speedup
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We present BetterTogether

* A performance modeling approach that R
accounts for intra-application interference B sendimpemenaion

CUDA

QFM tVl.l IKan nvioa

Profiling on the target system

(BT-profiling)
| | ( )

. . . l l Target System I
* An end-to-end static pipeline generator that Lol e Googte i |
works across a variety of devices StageX | Vulkan 0 )

Implementation NNAPI

— Other Backends

&

Target System II

(e.g., NVIDIA Jetson)
J
~10 mins (tunable)

* Consists of 3 major components Optional -

A

~200s (tunable)

Autotuning
BT-Optimizer

‘L Optimized Schedules

<50 ms

Upto 7.59x speedup
w/ Avg 2.14x speedup
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We present BetterTogether

* A performance modeling approach that
accounts for intra-application interference

* An end-to-end static pipeline generator tha
works across a variety of devices

* Consists of 3 major components

* BetterTogether Profiling
» Attack Challenge |l (Interference)

Part I: BT-Profiling |

User provides multiple
kernel implementations

Profiling on the target system

Stage X
Implementation

(BT-profiling)

| ( A

l Target System I

C++ OpenMP (e.g., Google Pixel)

CUDA S J
Vulkan ( A

NNAPI Target System II

» (e.g., NVIDIA Jetson)

S Y,
Other Backends ... ~10 mins (tunable)

BT-Optimizer

<50 ms

]
‘L Optimized Schedules

Upto 7.59x speedup
w/ Avg 2.14x speedup

27
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Deploy
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We present BetterTogether

* A performance modeling approach that

QFM lVl.l IKan nvioa

User provides multiple

CUDA

Profiling on the target system

accounts for intra-application interference A Kemel implementations _ ®Tprofiling
. . . l l Target System I
* An end-to-end static pipeline generator that G+ Openhie (e.2. Google PixeD)
. . - J
works across a variety of devices StageX | Vulkan ( )
Implementation NNAPI Target System II
. (e.g., NVIDIA Jetson)
L] N J
| Other Backends ... ~10 mins (tunable)—‘
* Consists of 3 major components optional 2005 (tumable)
* BetterTogether Profiling v | Deploy
° BT-Optimizer 1
Attack Challenge I (Interference) —> { S
» BetterTogether Optimizer Part ll: BT-Optimizer

* Attack Challenge Il (Portability)

Upto 7.59X Speedu

w/ Avg 2.14x speedup
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We present BetterTogether

* A performance modeling approach that

QFM lVl.l IKan nvioa

User provides multiple

CUDA

Profiling on the target system

accounts for intra-application interference B sendimpemenaion

* An end-to-end static pipeline generator that
works across a variety of devices Stage X

Implementation

(BT-profiling)
| ( ~
l Target System I
C++ OpenMP (e.g., Google Pixel)
CUDA Y )
Vulkan ( A
NNAPI Target System II

&

Other Backends

(e.g., NVIDIA Jetson) _‘
J

... ~10 mins (tunable)

* Consists of 3 major components
* BetterTogether Profiling

Part lll: BT-Implementor

* Attack Challenge I (Interference) L@—» {

<50 ms
* BetterTogether Optimizer
* Attack Challenge Il (Portability)

* BetterTogether Implementor
* Efficient static heterogenous pipeline execution

h 4

|

|

Optimized Schedules

Upto 7.59x speedup
w/ Avg 2.14x speedup
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This Work: Betterlogether Overview

Affinity Map

[ 4x Little Cores (PU1) ]
2X Medium Cores (PU2)
2x Big Cores (PU3)
| 1xiGPU(PU4) |




This Work: BetterTogether Overview
Affinity Map

 4x Little Cores (PU1) | User deCOmpOSG

‘2X Medium Cores (PUZ)‘ the workloads into

2x Big Cores (PU3) Sta ges
1XiGPU (PU4) |

- (0]
- Lo
- '., 2 L
7 g 5 R { =
P :
ke - u . i
- ‘“‘"‘x‘z" % 3
i % 7 L AV
Decompose g
into Output: octree data structure
5 2 Stage 3 ‘Stage4 ~ Stage 5 Stage 6 ‘Stage 7
emove ui e ui
ortin
uplicates a oun ctree
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This Work: Betterlogether Overview
Affinity Map

: 4x Little Cores (PU1) User decompose

2xX Medium Cores (PU2) the workloads into

" 2xBig Cores PU3) | Stages
p——— =3 =

User provide
iImplementations
- e foreach PU

void run_stage_1_cpu(in, out, N) {
#pragma omp parallel for
for (int i = 0; i < N; ++1)
out[i] = morton32(in[i]);

2

L T T

CPU Code (e.g., OpenMP)

__global  woid run_stage_1l_gpu(in, out, N) {
int idx = threadIdx.x + blockDim.x * blockIdx.x;
int stride = blockDim.x * gridDim.x;
for (int i = idx; i < N; 1 += stride)
out[i] = morton32(in[i]);

L= T L

32
GPU Code (e.g., CUDA)



This Work: Betterlogether Overview

Affinity Map

: 4x Little Cores (PU1)

2X Medium Cores (PU2)

[ 2x Big Cores (PU3) ]
1x iGPU (PU4)

2

[ T R TCR R

L= T L

— v - L Y

void run_stage_1_cpu(in, out, N) {
#pragma omp parallel for
for (int i = 0; i < N; ++1)

out[1] = morton32(in[i]);

CPU Code (e.g., OpenMP)

1
g
K“" 7 Rezgnc::rngion

User decompose
the workloads into
Stages

Input: 3D point cloud

L
Lo
L
L _&

u i

1 2405 74

Decompose L Iy
into Output: octree data structure

Stage 1 Stage 2 | Stage3 Stage 4 Stage 5 Stage 6 Stage 7
Morton Sortin Remove Build Edge Build
Encoding g Duplicates Radix Tree Count Octree

Interference-aware
User provide Profiling Table
iImplementations S1 | S2 §7
for each PU PU0| 2.6 |33 5.8 [
PU1| 0.8 | 1.5 1.9
PU2| 06 | 1.4 2.1
0.8 9.0 1.5

__global  woid run_stage_1l_gpu(in, out, N) {
int idx = threadIdx.x + blockDim.x * blockIdx.x;
int stride = blockDim.x * gridDim.x;
for (int i = idx; i < N; 1 += stride)
out[i] = morton32(in[i]);

Interference aware

BT-Profiling

GPU Code (e.g., CUDA)

33



BT-Profiling - /nterference aware profiling

* While profiling each {PU x Stage} pair:
* Concurrently execute similar stages on other PUs
 Simulate whole-application execution to capture resource

contention
Execution Timeline >
(a) Isolated e G 60% difference
profiling GPU (unutilized)
(b) BT- cof | Fullyutilize
Profiling GPU PUs

Overcome
More Accurate




9b83uflb medium

9b03uflb CifarSparse None
9b83uflb | CifarSparse None

.56
9b03UF1b little .35
9b03uf1b Llittle .37
o o 9b03uf1b Llittle NE
9b03UF1b medium .52
9b03uf1b medium .52
- 9be3uf1b little .825
9b03UF1b little .838
9b03uf1b Llittle .975
9be3uf1b medium .212
9b03UF1b medium .201
9b03uf1b Llittle .6
a W 9be3uf1b little 7
9b03Uf1b little .13
° ° ° 9b03uf1b medium .86
9be3uf1b medium .43
. ° ° 9b03uflb | CifarDense ® | None 31.8
9b03uflb | CifarDense | None 1.08
9be3uflb | CifarDense | None 0.886
9b03uflb | CifarDense | None .12
° ° 9b03uUf1b | CifarDense | None 0.837
9b03uflb | CifarDense | None 5.34
9b03uflb | CifarDense | None 7.98
reS u S 9b03uf1b | Ci | None 5.64
9be3uflb | None 0.91
9b03Uf1b | None 3.68
9b03Uf1b a None | 1e.
9be3uflb ifarSpa None 22
9b03uf1b | Ci a None | 8.
9b03uf1b | Ci a None | 1.
9be3uflb i a None | e.
. . . . 3D Visualization of T_{i,r,k} (Execution Times) CIEUAD || @it (Lo | 8-
d N d D V bl . - 9b034f1b 2 None | 1.
otation an ecision variaov.es. 9603415 | Cifarsparse Hone |1
| 8.
0.

Total number of pipeline stages

The pipeline stage i, with i € N = {0,...,N—1}
PU classes: C = {c1,...,¢cm}

Profiled latency of stage ¢ on PU c

ie Decision variable: z; . € {0,1};

Z;. =1 < stage ¢ runs on PU c

a2z

Interference-aware
Profiling Table

S1(s2| . |S7
PUO| 2.6 | 3.3 58 [
PU1| 0.8 1.5 1.9
PU2|06 1.4 2.1
PU3| 0.8 [9.0 1.5

BT Profiling Table

8 S+
ke

Execution Time (ms)

* We propose a three-step
optimization approach

Solver
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BT-Optimizer Step 1 - Minimizing Pipeline Bubbles
X

* Improve utilization by reducing idle gaps (pipeline bubbles) across PUs

* By reducing bubbles, we keep all PUs busy and improve pipeline
throughput.

Execution Timeline

>
cPU The Gap (Bubbles) Bubbles _____
D e
(a) Schedule L
with large GPU
bubbles

(b) Schedule ¥ ' |
without bubbles cru
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BT-Optimizer Step 2: Optimizing Latency

* High utilization # low latency

* Generate K schedules (e.g., k= 20),

* each with a different assignment of
stages to PUs.

* Minimize latency

ID-3 ID-4 ID-5 ID-6

ID-0 ID-1 ID-2

37



BT-Optimizer Optional Step 3: Autotuning

Optional ~200s (tunable)
Autotuning
Deploy
I

Ly BT-Optimizer

Optimized Schedules

<50 ms
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BT-Optimizer Optional Step 3: Autotuning

S 4 .

f Optional ~200s (tunable)
Autotuning
Execute on target - |
|
BN BT-Optimizer |
Foreach Optimized Schedules

<50 ms
J ™I
ID-0 ID-1 ID-2
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Workloads Evaluated

» Three edge compute vision tasks Gt
1. AlexNet-dense Wz . M
2. AlexNet-sparse
3. Octree Construction

e Common in resource-constrained
environments

* AlexNet-dense * AlexNet-sparse * Octree
* Dense linear algebra * Sparse linear algebra * Tree traversals
* CIFAR-10 dataset * Pruned w/ CONDENSA* * Irregular memory access
e Stored in CSR e Sorting

* Prefix Sum

*https://github.com/NVlabs/condensa 40



Platforms Evaluated oeme aiian 2

CUDA

Platform Backe CPU CPU Integrated
nd Frequency GPU
Google Pixel 7A Vulkan 2x Cortex-X1 2.85 GHz Mali-G710
2x Cortex-A78 2.35 GHz MP7
Less Powerful GPUs 4x Cortex-A55 1.80 GHz
Mix CPUs OnePlus 11 Vulkan  1x Coretex-X3 3.2 GHz Adreno 740

2x Coretex-A715 2.8 GHz

2x Cortex-A710 2.8 GHz

3x Cortex-A510 2.0 GHz
NVIDIA Jetson Orin CUDA 6xCortex-A78AE 1.7GHz Ampere GPU
Powerful GPUs Nano Vulkan

Little ARM CPUs *NVIDIA Jetson Orin  CUDA  4x Cortex-A78AE  ~0.85GHz Ampere GPU
Nano (low-power mode) Vulkan

*In low-power mode, 2 cores are shutdown, and overall CPU frequence is reduced by half

41



Results Overview

8 - 7.59
7.23

Speedup (x)

Google Pixel
~4.75X

OnePlus
~3.61x

Bl CIFAR-dense (vs. GPU)
E== CIFAR-sparse (vs. GPU)
EBEE Octree (vs. CPU)
Bl Octree (vs. GPU)

Jetson Jetson (Low Power)
~1.09x ~1.15x

Geomean speedup of 2.14x across all workloads, w/ peak of 7.59x

In 1 case, slowdown

42
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BT-Profiling

W 40{ --=-- Predicted

S
c 32| —— Measured (mean)

BetterTogether o4
produces predictions | ©
that closely match

measured execution

time

1 2 3 45 6 7 8 91011121314151617 1819 20

45
‘v 40! -=- Predicted

&
. 351 —4— Measured (mean)
Without BT show S 30.

discrepancies 5 25
© 201
15
D101
2 10

=3
predicted and measured execution O 12 34 5 6 7 8 010111213 141516 17 18 19 20




We have additional insights in the paper

* Preliminary results on
* Using Google’s EdgeTPU
* Implemented using nnapi
 Showing a 1.25x speedup for AlexNet-dense application on top of existing results
* Showcasing the flexibility and extensibility of BetterTogether
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Conclusion

* We propose BetterTogether

* Aninterference-aware profiling method that produce accurate profiling tables
by accounting for intra-application interference

* an end-to-end static pipeline generator for edge SoCs
* Using BetterTogether, we implemented 3 class of applications
* Evaluated across 4 diverse devices, achieving up to 7.59x (geo. 2.14x)
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Profiling-guided approach (isolated benchmarking)

‘ * Given N stages
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Profiling-guided approach (isolated benchmarking)

‘ * Given N stages

- « Given M types of PU

Developer '

Benchmarking each {PU x stage} pair
on the target system

Geta N x M profiling table
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BT Implementor * Using concurrent Queue to pass
« We define Task Tasks around stages.

* light weight, pointing to CPU/iGPU shared

memory Each chunk process the incoming

tasks in respective type for Cores

struct Task {
uint32 t uid;
float* u_input;

float* u_output; _

size_tn;
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0oee voee Ty
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* BetterTogether
yields higher
correlations

Betterlogether

CIFAR-D
CIFAR-S

Tree
Avg.
OnePlus

CIFAR-D

0.8668

0.8283

0.8814

Jetéon

0.9548

0.9749

0.9180

0.8886
0.9120

Jetson (LP)

0.9229

Avg.

CIFAR-S 0.8887 0.7005 0.7325 0.8224
Tree 0.8220 0.6532 0.6839 0.7852
Avg. 0.8868 0.7673 0.7879 0.8541

OnePlus Goégle Jetéon Jetsoh (LP) A\)g.

Il.O
0.9

-0.8

Correlation (0.0-1.0) between predicted and actual times across all applications and platforms. Higher is better.
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