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Computing continuum

Lecture

13: Al on
the EDGE
Tomi¥ CLOUD LAYER
Bita (Centralized Data Centers)
Computing ‘
continuum
g
i
3
A : FOG LAYER 3
Network suitches (Decentralized Fog Nodes & Gateways) wetwork swirches
e Medium Latency / Data Aggregation & Filtering
iy
(g

EDGE LAYER
(Distributed IoT & End Devices)
& Low Latency / Real-time Sensing & Action
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Edge layer
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Baka
R SENSORS CLOUD/FO6
continuum ) COMPUTING
F— ® Low latency — data process at the source = Temperature
Compression ® Reducing bandwidth — sending post-processed )  Sensor
Techniques data to the Fog or Cloud ~—
Aedamiog ® Real-time decision making : EDGE COMPUTING
PEFT . . Yj Video |, DEVICE

® Better security — the data might not leave the h? -~  Feed /

— ® Offline-capable =
CC o D»)) Motion Local
o ® Scalable Sensor Processing
Vrgian) & Analytics

Localization

Task
execution

References
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Edge constraints & Trade offs

Connectivity
® (or) the lack off it
® bandwidth )
Price
® as always
v
Size
® usually defined quite well Size
v
“GPU power”
® for running the models
v
CPU power
® for other data-handling, controls, etc.
v

Toma$ Ba¢a (CTU in Prague)
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| Major Edge constraints
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NVIDIA Edge computing ecosystem

Lecture
13: Al on
" NVIDIA Jetson lineup
Baca ® Between 30 and 300 TOPs
fouﬂ"m"'j ® Between $300 and $2200

® Between 4 and 64 GB of memory

Constraints

@y ® small (and large) compute modules

Techniques .
® require custom mother boards

Accelerators

EER
Nvdia Jetson's

Al in drone

ice:

=

research

Control

Computer
vision

mk e o o

Mapping and

Localization size - . CPU Pawer

Task
execution
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GPU Power

4% Ba¢a (CTU in Prague) Lecture 13: Al on the EDGE



Lecture
13: Al on
the EDGE

Tomas
Bata

Computing
continuum

Constraints

Compression

Techniques
Accelerators
PEFT

Al in drone
research
Control
Computer
vision

Mapping and
Localization

Task
execution

References

NVidia Jetson Ecosystem

Jetson AGX Orin series Jetson Orin NX series Jetson Orin Nano series
Jets:rl;:ﬁx Jetson AGX Jetson AGX Jetson AGX Jetson Orin Jetson Orin :‘:t:: ;:”: Jetson Orin Jetson Orin
- Orin 64GB Orin Industrial Orin 32GB NX 16GB NX 8GB per Nano 8GB Nano 4GB
Developer Kit Developer Kit
Al 275 TOPS 248 TOPs 200 TOPS 157 TOPS 17 TOPS 67 TOPS 67TOPS 34 TOPS
Performance
1792-core S’Lirchlif
. . NVIDIA 1024-core NVIDIA Ampere 1024-core NVIDIA Ampere

GPU OIS Eale WY 1P e el e ) i Ampere c GPU architecture GPU with 32 Tensor architecture GPU with 32 Tensor AT""“

Tensor Cores architecture
with 56 Tensor Cores Cores 3
GPU with 16
Cores.

Tensor Cores

GPU Max 13 GHz 12 GHz 930 MHz T73MHz 1173MHz 1020MHz 1020MHz 1020MHz

Frequency
8-core Arm® 8-core Arm® 6-core Arm®
Cortex®- Cortex®- Cortex8-
cpU 12-core Arm® Cortex8-A78AE v8.2 64-bit CPU ATBAE V8.2 ATBAE vB.2 ATBAE vB8.2 6-core Arm® Cortex®-A78AE v8.2 64-bit CPU
3MB L2 +6MBL3 64-bit CPU 64-bit CPU 64-bit CPU 15MBL2 + AMB L3
2MB L2 + 4MB 2MB L2 + 4MB 15MB L2 +
L3 L3 4MBL3

Figure 1: Jetson lineup: from the smaller Orin Nano to the large Orin AGX

Toma$ Ba¢a (CTU in Prague)

: Al on the EDGE
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NVIDIA DGX Spark

Lecture
13: Al on

the EDGE

e NVIDIA Jetson lineup

Bita GB10 Superchip

® Very new player on the market
Computing
continuum ® 1000 TOPS
High-Bandwidth nified Memory
Constraints ® Up to 128 GB of memory for models ’
Compression
Techniques ® $4000 USD )
Accelerators
e Early adopters burn
Al'in/drone NVdia DGX Spark
research John Carmack & & -
@il @ID_AA Carmack Frice
Computer DGX Spark appears to be maxing out at only 100 watts power draw, less 8
vision
A than half of the rated 240 watts, and it only seems to be delivering about j
iz tEriem half the quoted performance (assuming 1 PF sparse FP4 = 125 TF dense »
Task BF16) . It gets quite hot even at this level, and | saw a report of size =T - GPU Power
crecutien spontaneous rebooting on a long run, so was it de-rated before launch?
References
4:28 PM - Oct 27, 2025 - 135K Views
o
GPu;mr
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Microcontrollers, Internet of Things devices

Lecture
13: Al on
the EDGE

Tom33

Baka
) Embedded hardware (Microcontrollers)

omputing
. E<pan
Constraints. ° STM32F7
Compression
|;m:)nqm ® Arduino ) Figure 2: ESP32 cam
Accelerators
PEFT
N Why? Embedded microcontrollers

in drone
research ® embedded, tiny packages, can be soldered Prcs
Control directly to a custom board f

i ® very small, very low power (under 1 Watt) 9

4

Cmioon ® fast startup time, easily part of a physical 2

:j(s:mmn product Sizie = ~— rv CPU Power
References ® few GOPS at best )

GPU Power
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Making smaller models

® reusing models is cheap and
useful (if they serve the
purpose)

® training larger models is
easier

® you usually don't know
how big it really should be
to cover the domain

® searching for a
critically-sized model is a
job on its own

® somebody has spent the

resources already
(HuggingFace)

&a (CTU in Prague)

LARGE CLOUD MODEL

Lecture 13: Al on the EDGE

EDGE MODEL
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Knowledge distillation [1]

Training Data
(Input Images/Text)

(CTU in Prague)

Teacher Model

(Frozen, Large Capacity)

Pre-trained, High Aceuracy

Student Model

(Trainable, Small Capacity)

>

Target for Deployment

Ground Truth Labels
(Hard Tangets)

Lecture 13: Al on the ED

Student "Hard"
Predictions

£~ (e.g. Cross-Entropy)

Backpropagation L Weight Update

1

/
+7 Student Loss

A

SoPtmax with Soft Targets
Logits T i T
‘emperature ’9 (Probability Distributi
(Ras Scores) ? LED) ey
N

A\
\

Distillation Loss

1 le.gy KL Divergence)
!

&
T e 4
Predictions
Total Combined Loss =

o+t + -0+t

January 6th,




Pruning [2]

Lecture
13: Al on
the EDGE
Tomas
- By
Bsta Original Model PRUNING PROCESS Pruned Mdel
(Dense) - i (Sparse)
Computing Weights y 1. Identify . Wity Activatior
continuum (e.g., 3.14159, Unimportant Connections| (eg..2,0,5)
=0 D67890) (e.g., Low Magnitude)
Constraints.
Compression
el e 2. Remove Connections 4
P— Before &Neurons 7| /) Sparsify
Dense Activations | Pruning (Sparsify) 3 X | )& Compress|  sparse Activations
o (@ Wefgg(;‘f}f . 0.02..) s = Weights & (eg.0,5,.)
e.9.,0.001,35,-0.02.. 9.,0,35,0.)
Al in drone = J \(eo )
esearch
Control
Computer
v e Unstructured pruning Structured pruning
Localization
Task ® zeroes weights and biases ® removes neurons, or layers, etc. — makes
o e smaller memory footprint, but same matrices smaller during computation

computation burden ® computational speedup

Toma$ Ba¢a (CTU in Prague)
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Quantization

Lecture
13: Al on
the EDGE 0.1100101...
Tomag y /2bit)
Béta i S
Computing (" FP32 Model ) O R ATIEOBlERC e [ INT8 Model )
continuum (High Precision) Tt (Low Precision)
Weigh : FP32 o
Constraints 9. s, \ [ (Scaling & Zero-point) | — = af,;k,vﬂ'f;?
: B e q=round(s * (r-2)+2) INTB range:
Compression — [-128,127]
Techniques eg., Map [-1, 1] to [0, 255] or [-128, 127]
AR 2. Rounding & Clipping
PEFT Before 1 e Compress
Weights Activations |Quantization 25-1,03->0,28>3,313 . & Convert i ivati
L0 L Y e G - e
P —— L . ), ) Reduce precision, clip outliers L
Control
Computer
Mapping and
= Post-training quantization
. ® taking high-fidelity model and quantizing the Quantization-aware training
References . .
weights and biases ® simulation of low-precision during training
® used by HW accelerators (e.g., Hailo Al)

Toma$ Ba¢a (CTU in Prague)
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TinyML

All-the-above
Distillation 4+ Pruning 4+ Quantization

Embedded hardware (Microcontrollers)
® ESP32, STM32F7, Arduino, Raspberry Pi, etc.

TinyML [3]
® Edge Impulse [4], [5]
® TensorFlow Lite [6]
® X-Cube-Al (for STMs) [7]

TED Talk about TinyML

Video: https://youtu.be/bZIKVaD3dRk

https://www.youtube.com/watch?v=rfFgiglLLaAo

Toma$ Ba¢a (CTU in Prague)
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https://youtu.be/bZIKVaD3dRk
https://www.youtube.com/watch?v=rfFg1gLLaAo

Accelerators

Lecture

13: Al on
the EDGE .

o Hailo Al

Baka

® around 13 TOPS or more

Computing o ~ 1 5 Watts
continuum .

® HailoRT ecosystem

Constraints

Compression ® Models are post processed: the inference is split
Techniques into batches that are sent to the module to be
Accelerators computed

PEFT °

Performance of the quantized models:
Alin d;\OﬂC https://hailo.ai/products/
\ hailo-software/model-explorer-vision/

Control

Computer
vision

wes s Google Coral

Localization

e ® Old (essentially dead)
References ® ~ 2.0 Watts
® 4 TOPS (int8) (MobileNet v2)

Toma$ Ba¢a (CTU in Prague) Lecture 13: Al on the EDGE
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Accelerators

Computer
vision
Mapping and
Localization
Task

execution

RoboFly 4 HailoAl 8L

RoboFly
® QOur own miniature drone for
research and Al research
® Raspberry Pl 4+ Hailo Al 8L
® GNSS-denied flight using VIO

® ROS2 for control, estimation,
planning, etc.

® https:

//flyAfuture.com/robofly/

~ $4000

Toma$ Ba¢a (CTU in Prague)
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RoboFly 4 HailoAl
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iddte-Clck: vove 71

Video: https://youtu.be/BLriMEv_jFM

Toma$ Ba¢a (CTU in Prague) Lecture 13: Al on the EDG|


https://youtu.be/BLriMEv_jFM

Fine tuning

Lecture
13: Al on
the EDGE i H ? FINE-TUNED
Why flnetunlng f SPECIALIZED
Toma¥ DETECTION
n P MODEL 1
Bita ® optimizing model for a downstream task: (Quaity Contro)
- ® Example for an LLM:
omputing i
continuum ® tooling SPECIALIZED
° - DETECTION
st summarization MODEL 2:
° N . FINE-TUNING Medical Imaging
sentiment analysis PROCESS &
C essior . . TRANSFER LEARNING
Er Gy ® domain Adaptation
* style tuning wEBRESTAT: .
Accelerators V. SPECIALIZED
o ¥ 4 DeECTION
PRE-TRAINED PSSt MODEL 3:
PEFT VISUAL DETECTION MODEL s satelite Imagery
(General Objects)

snaone  Full-parameter fine-tuning

research

® intractable: requires the same resources as the

Control . . . .
— original training Parameter-Efficient Fine Tuning
Mppd ® memory requirements are prohibitive ® models are usually overparametrized
Localization . . .
o ® back propagating through the entire network is ° s.elec.t.lvely tuning just 1% Of the parameters can
slow significantly alter the behavior
e ® making a copy of the whole model for a ® can be done with consumer hardware even for
downstream task is costly large models
v

4 Ba¢a (CTU in Prague) Lecture 13: Al on the EDGE



Bias-only Fine-Tuning (BitFit) [8]

Lecture
13: Al on
the EDGE

Tomas

Bag: . . .. G B\

aca ® fine-tuning by only training @ PRE-TRAINED TRANSFORMER MODEL (e.g., BERT)
Computing the biases and, (7
) . - N
o e affine shift of the activations EYCOPERICAYERS
Constraints L . SELF-ATTENTION FEED-FORWARD
® faster training (storing [ NETWORK (MLP)
C e . . Q K Ve
e gradients only for biases) Fevar o ] ) [ w )
. . INPUT DATA &
Accelerators ® changes only tiny portion of (S;Al»lcmef)w = e e s
BT the parameters (< 1%) se s
Al'in dlﬂmt (Fn:w w;-ghts) (Tmrolok B{s) (Tmmng Bms) - c
Adding new head = 44 (T
\ (Frozen Weights) (Trainable
Control BitFit: Fine-tune ONLY bias terms )
Computer ® relying on the original 2
architecture v

T DOWNSTREAM TASK HEAD
e ® adopting it to new output  ekeor o (e.g, Classifier) Sl

execution (new classes, labels) (Updotes ONLY Bias Terms

T ikeante \_/

OUTPUT

(CTU in Prague) Lecture 13: Al on the ED January 6th,
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Low-Rank Adaptation (LoRA) [9]

The future?

® Devices (phones first)
shipped with a single
foundation model
® Vendors LoRA adapters will
alter it to different use case
® summarization, chat,

LTminable Matrix A}
Low-Rank (r x k)
Frozen Pre-trained Weights (W)
Large Matrix (d x k)
Tmmal-:le Matrix B

Low-Rank (d x r)

computer vision, etc. ‘
® 3rd party apps could provide
their own LoRA adapters to

fulfill their needs

[Ou‘tpu‘t h = Wx + BAX)]

Toma$ Ba¢a (CTU in Prague) Lecture 13: Al on the EDGE
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Al in robotics — Moravec's paradox

Lecture
13: Al on
the EDGE
T ® Moravec's paradox is the observation that
Baca learning sensorimotor and perception skills is
Computing more challanging than reasoning.
o ® Formulated by Hans Moravec, Rodney Brooks,
Cereieiis Marvin Minsky and others in 1980s.
C .. . o .
o ® Original formulation: ‘it is comparatively easy to
R make computers exhibit adult level performance
- on intelligence tests or playing checkers, and
difficult or impossible to give them the skills of a
Al in drone i i
ot one—.yclear—old when it comes to perception and
mobility’ [10].
Control

Computer
vision

LS5 [10]H. Moravec, Mind children: The future of robot and
Tt human intelligence. Harvard University Press, 1988J

execution

References
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Autonomous Aerial System Navigation Pipeline

Classical navigation pipeline

End-to-End navigation

Hardware

Drone

( Sensors ]

Hardware

G o)
SoftwareJL l

(Localization}»( Mapping H Planning H Control ]

® Separation of individual autonomy sub-tasks.

® Modularity with respect to changes in individual
parts.

® Modular to changes in hardware.

v

Toma$ Ba¢a (CTU in Prague)

Lecture 13: Al on the EDGE

Software

® Replacement of some parts or entire navigation
autonomy by learned policies.

® Usually specialized to certain scenarios and
hardware.

® Learning need training environment (simulation)
or data.

January 6th,
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ML in control for aerial robotics

® In many areas of the pipeline used for the aerial robots.
® | ocalization and Mapping can be summarized as Perception.

Learned Perception

Hardware

Software
Planning H Control I—»‘ Drone

Sensors

® |earned perception is very common in even
standard navigation pipeline.

® Basically application of Computer Vision tasks
in robotics.

® Examples: detection of landmarks for
localization, detection of humans to follow in
cinematography, semantic segmentation for
scene understanding.

(11]

Learned Control

Hardware Software
| Sensors HPerceptionH Planning

® Replaces the low-level control algorithms like
PID or MPC by a learned policy that follows
given trajectory.

® Can be faster than optimization-based solutions
such as MPC.

® Can optimize more complex objectives, e.g.,
specified as reward in Reinforcement Learning.

D. Hanover, A. Loquercio, L. Bauersfeld, A. Romero, R. Penicka, Y. Song, et al., Autonomous drone

racing: A survey, 2023. [Online]. Available: https://arxiv.org/abs/2301.01755

)

Toma$ Ba¢a (CTU in Prague)
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Reinforcement learning for minimum-time collision-free flight

® Learned Planning and Control for minimum-time
flight in cluttered environment for drone racing.

® Uses Reinforcement Learning to learn policies in
simulation that avoid collisions while minimizing
the time of flight.

® Only a global guiding path is given and the policy
outputs directly the body rate command and
collective thrust of the UAV.

TOPFLIGHT Project (Junior Star GACR) J ‘

https://mrs.fel.cvut.cz/projects/topflight

Video: https://youtu.be/wRiniZvI3pl

[12] R. Penicka, Y. Song, E. Kaufmann, and D. Scaramuzza, “Learning minimum-time flight in cluttered
environments,” |EEE Robotics and Automation Letters, vol. 7, no. 3, pp. 7209-7216, 2022 J

Toma$ Ba¢a (CTU in Prague) Lecture 13: Al on the EDGE January 6th, 2026


https://mrs.fel.cvut.cz/projects/topflight
https://youtu.be/wR1niZvI3pI

Traditional pipeline + Computer vision

Lecture
13: Al on
the EDGE
T
Tomas - £
Béata
Object detection
® Vision is simple
on its own
® Computational
resources are
limiting as always
® Nowadays: such
models can be
@apraz executed directly
vision
Vrgian) on cameras
Localization (OAK—D)
Task

s¢a (CTU in Prague) Lecture 13: Al on the EDGE


https://youtu.be/slhJRZx26Ew

Traditional pipeline + Computer vision

Lecture
13: Al on
the EDGE

Tomas
Bata

Structural failure
detection

® FOG approach

® Drone flies using
traditional
pipeline

® |Images are
processed on a
laptop

® All data is
gathered for
further offline
processing

www.yzuplzen.cz

Toma$ Ba¢a (CTU in Prague)
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www fly4future.cz
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Al and ML in Aerial Robotics Research — our current funding and motivation

Lecture

13: Al on
the EDGE B : "
o SPRIN-D Autonomous Flight Challenge e ——
Bata ® GNSS-denied environment exploration o GNSS-denied fixed-wing localization
Computing ® GNSS-denied object semantic localization

continuum

® Camera-only global localization and
® GNSS-denied person following relocalization

® https://www.sprind.org/en/actions/ ® Semantic scene understanding

challenges/ . . . .
® Diff I Is f
funke-fully-autonomous-f1light-2.0 ifferentiable models for wind prediction
v
PEFT
siwaoe TOMSNAV Project — Junior Star GACR
(g,,‘:,,, ® Semantic hierarchical localization and mapping
Gz ® Semantic map understanding
AR ® Efficient map sharing
S ® Human-explainable actions

References

Mapping, planning and mission execution without the knowledge of precise location

https://mrs.fel.cvut.cz/projects/gacr-tomsnav

Toma$ Ba¢a (CTU in Prague)
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https://www.sprind.org/en/actions/challenges/funke-fully-autonomous-flight-2.0
https://www.sprind.org/en/actions/challenges/funke-fully-autonomous-flight-2.0
https://www.sprind.org/en/actions/challenges/funke-fully-autonomous-flight-2.0
https://mrs.fel.cvut.cz/projects/gacr-tomsnav

Mapping — traditional

Lecture
13: Al on
the EDGE
Tom33
Baka
® marking occupied
and free space
into a map
® projecting
colored image
into the map
® post-processing
the map for
i planning
Mapping and purposes

Localization

Task

execution

Link: https://youtu.be/JtxhlhZRs1A
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GNSS-denied Localization — traditional

Factor-graph SLAM

chicken-and-egg problem of
building a map while
localizing

relying on sparse and
low-level image or
geometrical features

dense representation of the
robot’s motion
optimization-based: shaping
the factor graph to fit the
observations

poor scalability, does not use
semantics

Toma$ Ba¢a (CTU in Prague)
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Semantic Topometric Localization

data

prior

Find the red car
parked in the
parking lot next
to the stadium

3
©
o
K
k=i
o
£
=
3
=

4§ Ba¢a (CTU in Prague)

and Mapping

B Y L0

So
@)
O

set of relevant
objects

SkyGraph C
Miss Explainable
reasoning actions

Scene-graph
matching

drift correction for
geolocalization
without GNSS

use the spatial
relations of the
semantic objects

!

text/image

=

objects

¥3qo2o3a
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Mapping and
Localization
Task

Semantic mapping (current research)

® Storing
embeddings
directly in the
map's voxels

® Temporal and
spatial smoothing
and filtering of
embeddings

® Clustering of
embeddings

® Similarity search
over the map

Toma$ Ba¢a (CTU in Prague)

T

—7 8 9 [0

*t@ "megabedng"—m™M™@8M
semantic_map_analyzer.srv.SetPrompt_Response(success=T
rue, message="prompt set to 'wall’', text embedding upd
ated”)

michal@megabedna:~/git/semantic-map-analyzer/tmux_unre
al$ ./set_prompt_ service.sh car
requester: making request: semantic_map_analyzer.srv.$
etPrompt_Request(prompt='car’')

response:
semantic_map_analyzer.srv.SetPrompt_Response (success=T
rue, message="prompt set to ‘car’', text embedding upda
ted")

michal@megabedna:~/git/semantic-ma aly r’f.mux_unre
al$ ./set_prompt_ service.sh wall
requester: making request: semantic_map_analyzer.srv.S
etPrompt_Request(prompt="'wall’)

response:
semantic_map_analyzer.srv.SetPrompt_Response (success=T
rue, message="prompt set to 'wall', text embedding upd
ated”)
michal@megabedna:~/git/semantic-map-analyzer/tmux_unre
1$

= 12:prompt_service 10/12 [10:57:28 megabedna
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Semantic mapping (potential research)

Spatial reasoning

® Map populated with
embeddings (SigLip)

® Birds-eye view of the
scene expressed in
embeddings

® The BEV image fed
behind and encoder of
an LLM (Gemma)

® Circumventing the
language interface
when possible
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DENSE SEMANTIC VOLUMETRIC MAP BEV IMAGE GEMMA MODEL
(FOREST) (PCA-Reduced SigLip Features) (Bypassing Encoder)
Siglip o L A DIRECT
CLS Features . 3 FEATURE INPUT

(No Image Encoder)

(@
|
o
Featuresto | @
Gemma Input .‘

(Per Voxel)

Transformation
(Ray-casting /
Projection)

,
@]

DIRECT

o F [ty FEATURE INPUT
(No Image Encoder)
If,.

SigLip CLS Features

(Per Voxel)
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Task execution — creation of behavioral trees

Lecture
13: Al on
the EDGE

o Prompt
Fly to the position (4, 3, 3, 0) in the world
frame. If the action fails, fly to the position
(0, 0, 0, 0) in the world frame and land. If
there is a house, fly to the position (5, 4, 0,
0) in the FCU frame and hover; otherwise,
land at home.

Properties

® understands if-statements

Computer

® Fallback behaviour in case that any

Mapping and .

Locatzation component of the system failed

Task e . . .

execution ® Verified in simulation as well as on real e —
hardware
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