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Al Inference Is Moving into the Computing reLecon |/ g

Continuum

Why is inference moving towards the Edge?

Latency Privacy (9 Bandwidth & Costs
Real-time decisions ‘ Keep sensitive ‘ A Streaming to the cloud is
cannot wait
DEVICE
[Eorsirined) {_} EDGE (Nearby) 4—} CLOUD (ELASTIC)

data on-device expensive and often infeasible

i, < Higher Latency
Lower Bandwidth
(wide-area)

Low Latency
High Bandwidth
(local)
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Inference in an Autonomous Vehicle

Decision in: 85 ms
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Inference in an Autonomous Vehicle
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Related Work
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Pipeline split Input split Filter split

[ You cannot ask: Which splitting strategy is best for MY setup? ]
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Our approach: Overview

1. Select pre-trained CNN model OTCheStrator

2. Choose partitioning strategies . . Provides

3. Build CC graph (topology, links) . Deplqys and coordinates partioned Profiling Data

4. Speci CNN inference g

. Specify placements (what runs 5
User « Handles inter-node transfers,
where) N b e « |Performance
merging, and control '

oy R B A R R B B e Loads models on nodes and !
4 \ manages execution i
| CC Graph O | !
I I Distribute ;
| | Workload oy
| |
l ) / \ / Partibench

S - - Computing Continuum (CC) (Profiling Tool)
@iﬁﬁﬁed) ) £DGE (Nearby) {mmmmmm—)p CLOUD (ELASTIC) « Runs locally on every node
« Measures execution latency,
memory usage , /0 and
Performance Lol
Metrics

" Collection
>

L)

Medium Medium High High
Qv CPU  Low Memory P Memory CPU Memoy \ /

Inference Outputs
Object Detection Classification Depth Estimation Decision Making

* pedestrian 0.92
.o 0.8
« cyclat 0.05
J + traffic ight 097

Brake / Slow Down / Go
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Benchmarking platform

/c Formal Model\ /e Orchestrator \ 6 Partibench \
@ Common Language [LL[UJLDH "‘ mmmmJ

. :=| Plan =
' i i i i y i Layer 1-6 -> Orchestrator - /f—s
grow: Device o ((()))

Layer. 1 6-19 ->

Cloud Latency
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D = Q = Memory
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All open source
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Formal Model: Blocks, Machines, and a Mapping

1. The NN model as blocks 2. The Computing Continuum 3. A mapping (Deployment)

2 l-network workload i ted The infrastructure is represented as a graph A deployment specifies which block runs on
w IS represented as of machines connected by network links. which machine. That choice determines the
blocks: groups of operators connected by Machines have compute, memory etc., links computation, communication and overall costs

data dependencies. Each block is an atomic

. . have bandwidth, latency etc.
unit we can place on a machine

wau

Example 50 Mbos/
1 Gbps/ ps
P 40 ms \
(8 ol s o]
Input Output 100 Mbps
5ms
—>

Dependencies

() Why this model?
General: works for any neural network architecture Portable: the same model can describe any setup

Compositional: build complex systems by connecting models
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Formal Model: Different Partitioning Strategies (1)

Pipelined Partitioning

n-0-0-0--0-0---0-0
N 0 N O O O O

[; [ Machinij

@ Blocks 1-6 run on A, blocks 7-15 run on B.
One transfer happens in the middle.

Machine A

Intermediate
activation

[ & Main cost: sending the intermediate result. ]
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Formal Model: Different Partitioning Strategies (2)

Filter Partitioning

Each machine computes

Merge channels
afterward
/

/
/

Output

(all channels)

—
H

-
| Merger

w
Cout

some output channels
* .‘ i q q |
'npm T e e e e e R Filter subset 1 Partial output
! One Convolutional Block E (channeis 1..Ky) (channels 1..K;)
e, I
o ' [
' |
: Conv | | 7 ZZ
I ” | e
4 ' Y = u —» MachineB |—» p—
1 _’ BN i e g
! + \
i | Filter subset 2 Partial output
- ' Filters RelU | 1 [ (channels K\+1.K;) (channels K,+1.K,)
ci : (out channels) :
n \ ]
GaphaRENy =~ o oanonokeusse . (7
es ‘E i
Filter subset 3 Partial output

(channels K,+1..K,4) (channels K,+1..Ky,)

(batch size = N)

The input is shared, but each machine
computes only part of the model’s width
(some filters / channels).

Main cost:

O

O

collecting and

combining partial channel outputs.

-
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Input Partitioning

IMachineA
—P} EPatt:h l_,m]—»BIocu-’ "BbCkL"@—W
: B - E— Glue partial results
Machine B B t:?ether
heg
| Eml;a:;:m‘ Block1 —» Block2 =» +++ = BlockL ;@—‘
Machine C

Patch Norm i
Emt ”"'9_’ Block 1 = Block2 =% «++ =» Block L

Each machine gets a slice of the input,

runs the same blocks, and the merger (m)
combines the partial outputs. :

Main cost: merging and
communication between
parallel branches.
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A Strategy-Agnostic Distributed Inference

Orchestrator
: Control / ( Node X
. D deployment [j Producer E] Block [:] Bndge | g o)
! components 256
\\ ___________________________________ TS'_ % spawn PI'OFC”;CGI' Brldge Block
r 093 ll: BRo BLo-7
Coordinator node
f
gg%h Node Y
] ----»| Orchestrator
Cﬁo spawn > Block Bndge
—_ - BL8 BR2
Deployment
plan Node Z
@ ——
@ ——
¥ —— spawn Block Bridge Block
" L = BLo-7 BR1 BLs
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PartiBench: Profiling CNN Segments

CNN

Profiling Neural Network Partitioning Strategies for
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PartiBench
Generate:
RL.II'I Execution Time
Inference
Instances:
Blocks Filter Partitioning * biatk
Create an F¥-sized filter partition . (sequence)
from each block (conv. layer) » partitioning
girategy
» partition
Input Partitioning factar F
Block Create an Fi-sized input partition
Sequences for each block (sequence)
Partition Factors
Node X Node Y Node £
PartiBench

PartiBench | E PartiBench e
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Experimental Setup: An Emulated Three-Tier TeLecon |/ g
Continuum s

t3.large
8 GB
33% x 1 vCPU

cloud edge A " jot_A2

t3.xlarge [ t3.large t3.large
16 GB 8 GB 8 GB
4 vCPUs 2 vCPUs \33% x 1 vCPU

t3.large
8 GB !
\33% x 1 vCPU / |




Profiling Neural Network Partitioning Strategies for = N =L | A
Jul 2026 Inference across theComﬁutinﬁContinuum IJE.E.E. EGE 26) 15
|

Where to Cut? Profiling Reveals the Cheap Split TELECOM

Points
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Data size (MB)
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Option

1600 -

1400 - 1345
1200 - /

1000 -

i  Execution
“ 7 Communication

800 -

600 -

Inference time (ms)

400 -

200 A

loT-only Edge-only Cloud-only Pipeline
(iot_Al) (edge_A) (cloud) (iot_Al+edge_A)
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Input Partitioning: Beware the Overlap Trap
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Input size per node (MB)

—e— F =25%
—o— F =50%
—— F =75%
--=-- Full input (0.57 MB)

2 < 6 8

10 12

Sequence depth (number of blocks starting from block 0)

17
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Changes Completely

]
| *~"_ Normal da
350 —e— Scenario A 'O' y

v ) N
300/
cloud 100%

—e— Scenario B 5 machines, 161 ms
Cloud takes the biggest share.

6 Cloud alone:
305 ms

edge_A 73%
iot_A2 27%

Té? 250 \ /
- edge_A 58% "= =
) iot_A2 21%
= iot_A3 21% Bad day
=200 3 /%7 Cloud link +80 ms,
cloud 61%0/ iot_A1: 15% source device slowed +200 ms
edge_A 39%
cloud 52% 5
edge_A 33% Best plan uses 4 machines,
150 iot_A1 15% cloud 46% Sloud 4% cloud kicked out entirely.
edge_A 29% edge_A 26%
iot_A113% iot_A3 10% 170 ms
iot_A2 11%
iot_A112% o> Edge alone:
T 334 ms
100 ; - : . | " y
1 2 | 4 5

Number of nodes
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Filter vs. Input Partitioning

501 B Latency - Filter split (25%)  —e— Memory - Filter split (25%) 200
W Latency - Input split (25%)  —=— Memory - Input split (25%) |

m
£ 40 _
) -150§
£ 30- =
+ -
c
) 100 g
S 20
S )
8 50 =
% 10 !

3 3 1

N = R
o 1 2 3 4 5 o6 7 8 9 10 11 12 13 14 15

Block
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Takeaways & Future Work

Key takeaways

1. Placement is context-dependent
The best split changes with the model,
hardware, network, and current load.

2. One neutral runtime enables fair
comparison
Stage, input, and filter partitioning can run
on the same infrastructure.

3. Profiling exposes hidden costs
PartiBench measures pieces, not just the
whole model: time, memory, data in, and
data out.

TELECOM| /- 425 -\ TS S
SudParis |- (NS «( k,\\,‘;e-' '

Future work |?

1.

4.

Automated placement
Use the PartiBench dataset as input to heuristics,
search, or learning-based optimizers

More model families
Extend beyond CNNs to Transformers, GNNs, and multi-
model inference pipelines.

Dynamic conditions
Adapt to load, jitter, failures, and time-varying bandwidth.

Richer resources
Support GPUs, accelerators, and energy-aware
deployment.
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Thank You! Questions?

Thank youl! ‘. DRG0
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