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Internet of Things and Empirics

= Data key to empirical research
» Traditionally based on scientific measurement tools calibrated for measurements
* Modern data increasingly collected using sensor-enabled devices

loT Drones (ground, Smartphones Dedicated Sensor
appliances aerial, underwater) and wearables Platforms
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Artificial Intelligence of Things (AloT)

= Al will inevitably start shifting directly to the devices (or the edge)
1. Resilience: Systems can function even without connectivity
2. Network Efficiency: Lower latency, lower bandwidth congestion
3. Privacy: data does not need to leave the devices
4. Numbers: more “edge” devices in the world than human users

= AloT refers to this integration of Al and Internet of Things
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Subject 1

Heart rate [bpm]

Subject 2

(B) Data inaccuracy in HR measurements

Network
Efficiency

Resilience Privacy
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=* HR (chest)
= HR (wrist)
A: Sitting

B: Stairs

C: Table Soccer
D: Cycling

E: Driving

F: Lunch

G: Walking

H: Working
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COMPARISON OF STATIONARY AND MOTORISED MODALITIES
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LLMs to SLMs: From the
cloud to the edge

= LLLMs among the most complex models and
represent the pinnacle of modern Al

» Small Language Models (SLMs) bring LLM
capacities from the cloud to edge/embedded P e e

g
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ABSTRACT The Internet of Things (IoT) has emerged as a technological comerstone, enabling highly
inter d systems that i hillions of diverse devices. The combined data output of these devices
is estimated at hundreds of exabytes per day. The rise of Large Language Models (LLMs} presents new
opportunities for managing these devices, processing the data they and adds g the

and societal challenges posed by IoT ecosystems. However, the integration of LLMs into [uT also introduces
vlgmﬁr:ml challenges. This article uffzn the most mmplzhznslve survey to date on the i integration of LLMs

the characteristics, challenges, and opportunities associated with LLM integration, this article serves as a

| ]
fcvundallona] resource for resemchem :md practitioners aiming to enhance IoT functionalities with LLMs
execution o o

INDEXTERMS  Large language models (LLMs), Internet of Things (I1oT), artificial intelligence, Al survey.

» < 10B parameters

= Often quantized to fit limited memory / storage

= Can also be compressed variants of larger models
= Best suited for tasks with a clear structure and

I. INTRODUCTION Large Language Models (LLMs), recognized for their
HE rapid proliferation of the Internet of Things (loT) advnm:,ed natural language processing capabilities [3], have
has led to the of highly interc d sys- d as powerful tools for facllm.tmg natural and canlext

tems that integrate a wide range of devices. These systems
pmw.d.z :lgmﬁcant be’neﬁls across various sectors, including
env , agriculture, and smart
living environments [1]. Current estimates suggest that the
number of connected IoT devices has surpassed 18 billion,
with forecasts predicting 37.1 billion devices by 2032 [2].
Managing the vast network of IoT devices and their data is
increasingly complex, especially in large-scale ecosystems.
Conventional computing methods often struggle to cope with
the diversity of loT devices, the sheer volume of data, and

aware i These sophi 1 neural
pre-trained on extensive datasets, can understand and gzn
erate human-like language. Their proficiency in processing
large datasets allows tasks such as text summarization, anal-
ysis, and generallon Thesecapabllmes open upnppoﬂu.nmes
for i m
tions, and enha.nced decision-making [4].

The integration of LLMs has the potential to enhance
loT ECOE}'ET.BI‘I‘I'% by managing device diversity, processing
g d data, and addressi hall within IoT envi-

the real-time d Is of these envil C ly,

there is a pressing need for advanced approaches c.':pable
of efficiently managing massive volumes of heterogeneous
IoT data while facilitating intelligent and context-aware

Byl LLM capabilities, loT systems can
achieve higher ]eve]s of intelligence and autonomy, leading
to more effective operations. For instance, LLMs facili-
tate natural human-machine interactions [5], improve data

interactions. interp ion through g [6], [7], and

© 2006 The Authors. This: work is bcensed under 3 Caeative Commons Afirbution 4.0 Licenss.
For more i i
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In-home Activity Segmentation and Recognition using
LLMs/SLMs

3. Contextual Enrichment

s o (N
gsngor Event Btreame ' Window
Sl ;| S=nsor §iate Bireame i o Window Descriptions
103423 Fridgs PIR Kitchan ON si{KRchen-FridgeDoorOpen, 10:34:23, 10:534:41) ! Descriptions roung 10-34 AM. & -
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Liu, J., Post, K., Kuchida, R., Zuniga, A., Sarhaddi, F., Flores, H., Nurmi, P., & Nguyen, N. T. (2026).
LLMSEG: Semantic Segmentation and Few-Shot Recognition of Human Activity Recognition Data
Using Large Language Models. In ACM/IEEE International Conference on Embedded Attificial
Intelligence and Sensing Systems ACM and IEEE. https://doi.org/10.1145/3774906.3802768
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In-home Activity Segmentation and Recognition using
LLMs/SLMs

» LLMSeg improves segmentation performance

= Qutperforms a statistical windowing baseline
(88.9% vs. 91.4%)

» Largest improvements for short and fragmented
activities (e.g., snacking 7.5% vs. 28.9%)

= Translates into better classification performance
= Improves on fixed-window (85.8% > 90.7%)

= Performs similarly to supervised approach
(89.9% - 91.4%) but requires no labels

= Modern Al techniques can bring clear benefits in

real-world tasks
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Activity CSD'W LLMSEG
Statistical Dynamic Semantic Dynamic
Leaving home 00039 02272
Persomal care 07345 05867
Preparing breakfast 05697 0.7450
Preparing lunch 06858 L0255
Relaxing on couch 09731 L9750
Showering 09112 09598
Sleeping 1 0ds0 1. AeBO
Snacking 00752 02591
Weighted F1 0_A%90 09140
LLM-based Supervised
Activity LLMSEG Fixed Sliding Oracle Bi-LSTM
Dynamic (60s/80%) (Tdeal Sep.) (60s/80%)
Leaving home 0.9655 L0000 L0000 1.0000
Personal care (LESTO 0.8675 0.9662 08782
Preparing breakfust 0.7273 0.6598 0.6970 0.5871
Preparing lunch 07586 06016 0.6514 06861
Relaxing on couch 049765 09666 0.9870 049861
Showering (LE182 06239 0.594530 0.9969
Sleeping (L9655 10000 10000 0.9916
Snacking 0.6667 0.5512 0.73356 05818
Weighted F1 0.9068 + 0.0045 | 0.8575 £ 0.0017 | 0.9343 £ 0.00997 0.8997
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In-home Activity Segmentation and Recognition using

LLMs/SLMs

* Deployable on end-user edge/embedded

devices

= Classification ~1.5 seconds on average, 90%

of windows done within 2.5 seconds
* 90% of windows segmented within 10

seconds

» Performance decreases as simpler model

used

= ~ 8 billion parameters sufficient for good
performance (see paper for details)

= ~ 2 billion limit for RPI level devices without

optimizations
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(a) Activity recognition.

a
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Responas time (seconds)

(b) Window segmentation.
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S
Activity Llama3.2 | Llama3.2
-1B | -3B
Leaving home 0.6000 0.6957 0.7059 03284 0.5373
Personal care 0.2564 04783 04086 03171 05612
Preparing breakfast 0.4557 | 07907 | 05316 0.4000 0.5739
Preparing lunch 0.5000 | 05882 | 03030 0.4412 0.5517
Rflﬂjring on couch 0.1667 0.7442 08060 04828 08112
Shﬂ-wering 0.2632 0.4138 0.2593 03571 03294
Sleeping 0.6897 | 06666 | 06486 0.529 0.8169
Sn.al:king 03333 LR 01739 0.1538 0.0526
Weighted F1 0.4048 | 0.6036 | 0.5571 | 0.3844 0.6201
, T 1.0 ! . .
Pa: B.18s i Ma: 17.60=
0s 5
1k
w 0.5 §
fa ;
] L
Yoa X
|
= = = Mean: 1.53x 0.2 | Mean: 7.65=
- BO% % 2.048 } v 8008 3.58
36 4 2.50% a0 | === G 9.2
¥ - |
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Murphy loves real-world data collection

* We established that Al can increasingly run on embedded devices
= However, real-world is the adversary for these models Missing data

Sampling time

full da 00:00 — 01:00 06.00 - 07.00 12.00-13.00 18.00-19.00
H 10.--- l
2

5
o o
w..-. ﬂ
= 2
o o
74
3
2

120/ — trainmean - RF 20
—-= LR MLR+RF 18
------ MLR ANN simple raw
1001 — svr ANN simple scaled[ 16
—:= XGB ANN deep 14
m 80 n
% 12§
=S =
Sea Turtle: 92% w 60 10 L
< g Y
=
40 6
14
20 o
. 2
L no of repetitions
- 0 0

0.4 -02 00 0.2 0.4 06 0.8

T | |see:Sea Turtles 1 autocorrelation
Hardware
Human Data Environment heterogeneity
Bottleneck diversity Hostility
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The Human Bottleneck

Video time (seconds)

= Tailoring SLMs to function well requires labeled Humpback Whale

data to fine tune performance
* This data is hardly free to collect
» Requires manual human effort
= Can require highly specialized expertise

= Without accurate ground truth data, we cannot
have accurate Al models

* Doesn’t matter where they run
» Garbage-in, Garbage-out

Source: https://www.fisheries.noaa.gov/national/science-data/sounds-ocean
HELSINGIN YLIOPISTO
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Labels aren’t perfect

SEA LIONS

(b) Small *  (c) Contrast ¥*  (d) Splash * (e) Aerial * (f) Multiple *  (g) Closeup 1*

(h) Distant * (l) Amblguous (j) Clear * (k) nght (I) Detailed *  (m) Glare §7* (n) Waves §t*

(o) Hindered §T (p) Waves §t* (q) Beneath §T (r) Distorted §1 (s) Mixed §F (1) Nonse § (u) Unknown §7

v - T
g - a o
Bz

.t

. n
v '

L IS
" '

(v) Luminosity § (w) Reflection § (x) Angle §T (y) Beneath § (z) Nearby §F (aa) Light §§  (ab) Aerial §
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Labeling Study

 We conducted a study where:

1.

2.

3.
4.

4 groups of users annotate video

samples (expert vs. regular, Al support

vS. w/out)

Accuracy of labels compared and
evaluated

Al models are trained on the labeled data

Accuracy of each Al model assessed
separately

« Used openly available videos and

proprietary video containing marine species

observations
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! 1l
: Data Collection 1! Objec
| Images (10010) |} Annotation (GT)
1 1"
D e (S
Ve we
! k Q’ N Bourdingb
N g box
: Videos (28) : : Labelling
.........................
“xpert
: Non-Ex
I: Expert + Al
NEALI: Non-Expert + Al
- Ground truth

and AT Label
i
i \ |
I = CNN I - ! I
H [!rE Vertical flip, blur, noise, MobileNet | h é E Classification
: hue-color s: (object d¢ ) :
"""""""""""""""" Al-assisted Ul Normal U i
E o @ @ o
' Videos (28) L. ] i
EALNEAl  E,NE [
........... S
New Al Model '
1
1
Ground truth videos (28) :
[
1
CNN 1
LeNet |
( ¢ classification)
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Key findings

« Main findings for annotation performance:

1. Al assistance helped improved non-experts, making their annotations almost as good as
those of expert users

2. Al assistance had minimal or slightly negative effect on experts due to disrupting them
from their habitual performance

3. The pace of video and the difficulty of the observations main factors affecting annotation
performance

Al
1 1 —
— Ground-truth || T Ground-truth
Al Al
0 o 1N
Experts

Ground-truth
— N/AI

>

2

z

£ —— Ground-truth
2 — N/AI

= — Al
£
4

N — Al
©

) ©
£
S Non Experts
=) —_
Getind-truth Ground-truth
N/AI N/AL
Al A
0 1
° 80 [) 20 120 140
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Key findings

« What about the effect these labelling paradigms have on Al models trained on
them?

1. Model training with expert + Al annotations had best overall performance
2. Al only annotations resulted in worst performance, hence human annotations required

3. For non-experts, Al improves labelling accuracy but not Al model performance, due to
variation in the labels

E - Accuracy = .828 EAI Accuracy = .867 NE Accuracy = .842 NEAI Accuracy = .841 GT Accuracy = .807 AT Accuracy = .784
0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5 0 1 P 3 4 5 0 1 2 3 4
01255 42 466 15 63 28 0183 36 378 10 33 29 0223 1 472 18 55 28 0175 60 480 17 33 31 0] 138 59 562 10 45 49 013497 19 8 45 33 92
1| 20 758 2 7 14 0 1 6 786 2 3 10 1 1 5 784 3 1 8 2 1 5 769 5 2 5 0 1 5 748 8 12 13 1 1 125 14 0 9 0 0
Tg' 21168 1 1967 2 5 3 21106 5 2197 0 1 0 2| 80 1 2086 1 ! 2 20 73 1 2128 1 1 1 2| 68 8§ 2088 1 5 8 2 o 2 0 0 3
‘E 3 2 2 0 244 3 3 3 3 3 1 240 4 8 3 3 5 3 229 4 9 3 4 9 3 214 12 8 3 4 3 17 219 8 9 3 50 0 0 149 0 1
4] 15 2 7 3 316 11 4| 20 3 7 0 334 12 4| 26 10 13 7 292 6 4112 11 23 0 326 13 4| 16 16 29 3 259 28 4| 65 o 0 0 124 0
5 2 0 1 0 0 740 5 0 2 0 0 2 739 5 2 2 5 0 0 737 5 2 3 1 1 2 733 5 3 0 7 0 0 718 5] 109 0 0 0 0 267
Predicted
HELSINGIN YLIOPISTO
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o NE28T

Haill [l Corridor

Data Challenge

= \We showed that :

1. Data labels are noisy and the noise affects how the
Al models ultimately perform | |
Zhang, J., Tang, Z., Li, M., Fang, D., Nurmi, P. T., & Wang, Z. (2018).
CrossSense: Towards Cross-Site and Large-Scale WiFi Sensing. In

2 . Re a I 'WO rld I ntrOd uces n OI Se to I abel S Proceedings of the 24th Annual International Conference on Mobile

Computing and Networking : MobiCom'18 ACM.
https://doi.org/10.1145/3241539.3241570

|

same site different site

Accuracy (%)

» Data variations multiply these effects

120/ — train mean =« RF 20 120, — train mean s RF r20
=—:= LR MLR+RF —= LR MLR+RF |
[ [ [ [} [} 18 18
= Spatial variations across locations / environments  « = ol AN Smle s . ANN Simpe s
100 __ syp ANN simple scaled| 16 1009 syp ANN simple staled| 16
_ —:= XGB ANN deep 14 _ —-= XGB ANN deep 14
] ] m 80 v M 80 / v
] £ 125 £ 12 §
emporal aepenaencies across time 3 £s g
% \ . - \_‘ g O E g B
W - ‘AAERR
4017 | k4 i N —\
A s = prm ey gy WAL 16
Vs fa e L4
20 i
. f2 t2
[ ] S Cal I n g g a p no of repetitions no of repetitions
t-)(Ul -0.2 0.0 0.2 0.4 0.6 0.8 0 [a,lS 0.25 0.35 0.45 0.55 0.65 o
autocorrelation autocorrelation

= Al assumes inputs align with training data o seament ek O seament e

Fig. 2. The accuracy of calibration varies as target variable’s (NO;) autocorrelation between training and
. . . . testing data changes. When the segment size of training and testing sets increases, i.e., the longer the con-
| Va rl at I O n d e I I la n d S l I I O re tra I n I n g d ata (a n d Ia b eI S) tinuous period of measurer.nents that i.s considf:red, mode! pre-dictiuns-tend.to reflect more gene-ral pollutio.n
levels than the actual required corrections, which results in higher calibration errors. The error in the y-axis
is mean absolute error.
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Data Diversity: Spatial Variations

g0 [ Hail [l Corridor
% 60
£ -

* Wireless sensing example where minor location changes * P Sameste dfferent sic

degrade performance significantly (up to ~80% loss) o

» Concept drift: need to retrain model when environment b— O e AR
changes %{ &

deployment site measuremenls

roaming
model

®

e The CrossSense Solution

« Roaming model used to bridge measurement locations 0 OOt MMM M M0 70
: : : : - ONSpOR] MR X Xl ~X( ~YAO
« Mixture-of-Experts approach for improving generality ™ O R O
T I RCROROROROTO
JRSORE I8 B IR B A -
s O™~ IRORCOIRCIROTRCOTROTNRO 161
 Modern RAG architectures similarly anchor Al responses

* MoE offers support for context dependency
« Data not just used for training but as anchor to align outputs

HELSINGIN YLIOPISTO _ _
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u ] | U . . T =
n ol Jwiiu - [T wiwh _
CrossSense: Selected Findings zo/mr-sic” a1 A1 4141,
2 60 |
£ 40
. . . e L 3 20/ |
- Evaluations using gait identification and gesture <" {[I [IFf [T 80 (0 TR 1y By Y Y
recognition as target prOblemS 51 5251 -5352- 5152 5353 5153 52 51-5251-5352-5152-5353-5153-52
« Selected findings:
1. Roaming model translates performance to new 100, (] Wiwho [l wiriU [l CrossSense
environments o)
2. Performance without roaming drops by up to 80% ;g
. . < 20"
3. MoE makes performance consistent as problem size = offlaolafaN Nl LR N
INcreases # Target users
4. MoE + roaming model overcome spatial variation
100 : : 100;_*_._4_;_;__;_
=> CrossSense reduces need for additional labels and £t~ 7™ a;gg%g _‘é 5
adapts model to new environments or larger problems  Sor—ciro o] EO =t LI
G20y -y T (e s et e
=20 40 &0 @0 100{ %50 15 20 25 30 35 40
# Target users # Target gestures
HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET Beyond the Lab: Reality Meets Prof. Petteri Nurmi
UNIVERSITY OF HELSINKI FACULTY OF SCIENCE

ri.nurmi@helsiinki. fi

Edge and Embedded Intelligence 18/09/2026 17


mailto:petteri.nurmi@helsiinki.fi

Data Diversity: Temporal Variation

» Real-world data often has temporal structures SHEN =l = | e e
= Weather today helps to predict how it will be N
tomorrow s I .

= Standard machine learning training ignores :

0 20 40 60 80 100 0 10 20 30 40 50 60

distribution difference distribution difference
te m po ral Stru Ctu re (b) Segment size=8 weeks

(a) Segment size=1 week

Fig. 4. The performance of calibration decreases as target variable’s (NO,) distribution in testing data differs
from the distribution in training data. The error in the y-axis is mean absolute error.

» Temporal structures easily result in overfitting

= Total error and ranking of models influenced by

how training and test sets constructed v o ooy [ i
| 00 W T ETH

10/03 21704 0206 13407 2408 05/10 1311 2712 O7/0DZ 20/03 10/03 21004 02ME 1307 24/08 0510 1511 ?-‘;1? l-Zl'l‘.'U? 20003

* Training model with apples doesn’t help detect e T
B 11 NI

1003 2104 02/06 13707 2408 0510 15711 F7717 0702 2003 1003 71/04 0206 1307 2408 0510 1571 27172 0W02 20M3

O ra | I g e S n= 4 BN troin period EE min .21 N mex O.F n a B troin period N min 2.2 N mex £63.0

1043 2104 0206 1307 2408 0510 1511 292 0n02 20003 10/03 2104 0206 1307 2408 05410 15/11 239M2 0702 20/03

n=4 n=

| m O -

10003 21004 0206 1307 24/08 0510 15/11 27/12 0902 20003 10003 2L/04 020 13/07 2008 051D 1511 2712 07,02 2003

= How we curate data affects Al performance o Actcomtation ) Dirbotion diference

W Urain period - rin .33 [T RN.L . fran period - min 5.0 . rnax 63.0
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Training Data Diversification

« Diversification overcomes temporal diversity and
improves consistency of Al models

* Training data constructed to ensure broader
distributional coverage to ensure better performance

« Selected findings on diversification:
* Helps test model generality

« Creates splits that align with requirements for field
testing

* Improves training performance by removing redundant
periods

* Provides better guarantees on model performance

HELSINGIN YLIOPISTO
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Find periods that had cumulatively the |
highest and the lowest pollution
__ concentration.
[ fmd max nod /[ B a s
ey, e W Xy MIN_ "\
.................. /WA ‘
by DATA ...... wﬁ?‘"" No 7 ik DATA WAX BNI(
a4 MlN, ) | 7
' / 1 mAx MIN MIN_ MINK
N Add periods to selected | |1 N ik P
subsets and clear them | |: - N B
from available data. s
|| Selected periods [MAX| MIN; | |:| Return MAXy MINy -- - - MAXc MID

original NO2 min = max
50| == smoothed NO2

ool /‘\/ﬂ ,fi..r*J”\”'& /’“\/mkvm\/f
so TR L “
ML

0

02/06/2004 traln test 07/08/200

cont. low high diverse

Training mean 1.5  0.88(-41%) 2.57 (+71%) 2.02 (+35%)
LR 097 0.55(-43%) 134 (+38%) 117 (+21%)

MLR 0.95 072(-24%) 13(+37%)  1.25 (+32%)

SVR 0.95 0.63(-34%) 144 (+52%) 1.3 (+37%)

XGB 1.07 061 (-43%) 1.57 (+47%) 1.29 (+21%)
RF 098 0.63(-36%) 1.39 (+42%) 1.25 (+28%)
MLR+RF 097 0.84(-13%) 1.24 (+28%) 1.21 (+25%)
ANN simple raw 096 088 (-8%) 147 (+53%) 1.45 (+51%)
ANN simple scaled | 098 1.11(+13%) 1.45 (+48%) 1.52 (+55%)
ANN deep 1.01  0.6(-41%) 154 (+52%) 1.24 (+23%)
AVG | 1.03 0.74(-28%) 1.53 (+49%) 137 (+33%)

4 months (2880 data points w/ 75:25 training-testing split
(a) CO (in mg/m3)
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- Concentration of Plastic Pollutants
e« - Datacentres

Environment Hostility

= Cloud data centres close to inhabited areas
= However, what if the cloud is not available?

= 71% of Earth’s surface is Ocean, cloud access
available only at coastal areas

= Counting underwater areas further reduces coverage

= Ocean not just difficult for connectivity
= Requires careful device designs
= Subiject to biofouling
= Highly varying environmental conditions

=» Hostile environments such as Oceans present ultimate
stress test for embedded / edge Al
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Bring Your Al

= Current loop: collect on device, analyse in lab
=» Substantial data-to-insight latency

= Embedding intelligence reduces latency but - ‘m T —,
. a) Closeup plastic oseup other c) Closeup m
iIntroduces hurdles e

= Do-no-harm: gathering input cannot disturb
ecosystem

= Expectation gap: people assume pristine data, Wb o u
reality highly diﬁerent (d) Distant plastic (e) Distant other (f) Distant metal

= Dynamic noise: turbidity, turbulence, temperature, '-

water characteristics actively corrupt signals
Radeta, M., Zuniga, A., Motlagh, N. H., Liyanage, M., Freitas, R., Youssef,

M., Tarkoma S., Flores, H., & Nurmi, P (2022). Deep learning and the
oceans. Computer, 55(5), 39-50.
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B R T

Wavelet denoising A

- m Approximations s L IR B
wo-stage underwater plastic = -
D B {é_:}‘¢ —> —>  (Coefficients TAIYP o
1 2 8
] ] | ‘_‘ 12 .
Video footage ~ Cleaning \ I:’ Plastic
and enhancing Plastic object cI§55|ﬁgd and
detected —> m identified
PHASE1 San:npling Light
stabilization sampling

SEAGULL research example of how to bridge PHASE2

these hurdles L U AVAVAVAVAVAYAY,
W b w -

W [RICS 3 i

+ d).. cerrererees

==

= &
= o=
= 2=

= Vision and optical sensing combined to
overcome visibility issues

| | | | b
= Convolutional sparse coding (CSC) used to C T ———
represent signals to improve generality E‘:i;‘;““"‘“““ir)l iy S et
i o X
(r,d) 83.0 83.1 90.8 90.4
Ice (r) 87.9 87.5 74.2 76.3
(r.l) 87.6 87.8 85.9 85.4
. . Turbulence (1) 84.8 86.2 63.5 63.5
" Selected findings B N ST
. . Y (r.l) 82t0 82:0 87:0 86:]
= ~ 85% accuracy detecting plastic types R R 350
Average (1) 84.542.2 85.112.5 76.118.1 77.448.4
. . . r,D) 84.942.8 85.5+3.1 85.4+1.9 84.941.5
= CSC improves generality by ~10 percentage points e 7 It o

Flores, H., Zuniga, A., Radeta., M., Yin, Z,, Liyanage, M., Motlagh, N. H.,
Nguyen, N. T., Tarkoma, S., Youssef, M., Nurmi, P. ACM/IEEE 10TDI 2025
HELSINGIN YLIOPISTO
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Bringing compute to underwater

* Where to get compute power for Al?

= Movement consumes significant power, difficult to
integrate with drones or divers

» Solution: bring your own edge
= Smartphone based opportunistic cluster

= Can also use repurposed eWaste
= Devices isolated from water = can use WiFi for

data transfer

= 2-4 smartphones can run 30+ fps object
recognition from video

HELSINGIN YLIOPISTO
HELSINGFORS UNIVERSITET
UNIVERSITY OF HELSINKI

FACULTY OF SCIENCE

Diode +
photoresistor

Dar, F., Liyanage, M., Radeta, M., Yin, Z., Zuniga, A., Kosta, S., S. Tarkoma,

P. Nurmi, & Flores, H. (2023). Upscaling Fog Computing in Oceans for
Underwater Pervasive Data Science using Low-Cost Micro-Clouds. ACM
Transactions on Internet of Things, 4(2), 1-29.
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Bringing compute to underwater

* As with plastics, multiple sensors can improve

robustness o
2 4 s f ] .
= \Water motion disrupts WiFi exchange N ———— -
g 9 N CiELEnaEly
= Accelerometers used to detect optimal = Bl
transmission periods L meias et
= Variance small = motion stable
» Hostile environments require designing for § ol i 5
intermittent connectivity " 3

Cloud often assumes “too perfect” communications

Dar, F., Liyanage, M., Radeta, M., Yin, Z., Zuniga, A., Kosta, S., S. Tarkoma,
P. Nurmi, & Flores, H. (2023). Upscaling Fog Computing in Oceans for
Underwater Pervasive Data Science using Low-Cost Micro-Clouds. ACM
Transactions on Internet of Things, 4(2), 1-29.
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Missing Data Bottleneck

= Temporal and spatial sparsity challenge Al training

= Unintentional biases in how data gathered

Diata Collection Daia ljlqdeIUpg
» SARF addresses sparsity through reconstruction = - 5&: B v
= Analyze sparsity of measurements e ‘piea=_snsass]

Data collection tensor C; ; 4,

= Dynamically adapt reconstruction based on sparsity i of the ares ofinferes

Sparsity Characterization Reconstruction Strategy Estimation

..................................................................

Cirese — : A%
: . - H f::"‘i = Temporal Sparsity :
= Data collection design can affect which data is .2 A R
b ) i e [ D cotecsedt SR 2 ¢+ Compressive sensing (CS),
. . (© 'S':m:j::,pms:!l" ¢ .+ convolutional sparse coding (CSC)
m : e i, % D ur analysis - learning (DL
I S S I n H Bmur) Lﬂt})dlnb for AVCTage Cross correlation ' Dccp —— (Dl )
: each Gy iy similarity a

m M|Ss|g ness a key deS|gn Crlte”a to CO”S'der (2026). SARF: Sparsity-Aware Reconstruction Framework for Large-

Scale Datasets. IEEE Transactions on Big Data, 12(2), 612-624.
https://doi.org/10.1109/TBDATA.2025.3639968
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The Data Volume Bottleneck

Stanford 2: Spike Map (0.04% active)

= Sometimes the opposite is true: too much data, Ee .l |
but signals of interest rare _rossa sok p 109 sive)_
= Event-based computing an emerging paradigm ; ot _:'_* =
for addressing this challenge e
» “Finding needles in a haystack” I N
= Spiking neural networks offer high volume TABLE I
red UCtion DETECTION PERFORMANCE COMPARISON BETWEEN CNN AND SNN ON

THE COMBINED DAS DATASET.

= But accuracy depends on nature of events CNN— 0842808145 0706707566 0915000850 08106,

SNN 0.8597 0.9167 0.6538 0.7633 09686 0.0314 0.8112

= Paves the way for neuromorphic computing
n But can be deployed on Commodlty hardware Khan, M., Sarhaddi, F., Zuniga, A., Tarkoma, S., Radeta, M., Flores, H., Rao, A.,

Heinonen, S., Kangasharju, J., & Nurmi, P. (2026). Through the Fiberglass: Scaling
Global Fiber Networks into Event-Driven Observation Systems. Manuscript
submitted for publication.
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Hardware Ecosystem

» Edge ecosystem not standardized
= CPU, GPU, NPU, TPU, QPU, ....
= Different software environments
= Different performance optimizations

= Research and teaching experience has shown that
translating code across platforms a bottleneck

= QoD
|

» |earning gap across platforms v patNom  Rel
= Current research looks into overcoming this 3 -#F QF — l
» Hardware agnostic optimization frameworks T e
= Software abstractions for emerging xPU families IIIII N HHHHH B HH
HELSINGFORS UNIVERSITET AT
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Education: Openly accessible resources

Course overview

i
1
Chaptor 2
Crapors
Introduction Software and Operating
Systems

:((.«r').)'

Chapter3 Chapter4

Sensing Layer Networking Layer

Pro-study survey 2022

|
E]
E

W . Oversl 6T undrtanding | -

a0 — c—
T an = IoTsppicstors | BN — — A
N — — 0% TR ol achiectre i —ce—
L ™ - sman atfects WK ————
L 1 Operating Sers | e — L ——
——— e Sensors and erpheras | AN —
N — L — 2% WU o Netwerkng | [ B e mum
O R 1 e 7 Oata Maragoment | x o —c———
—— b etaarmeey G AN s ——
—— L8 Wrangsecuny | L NN —
[ N U T adiogramnng | " am — i ——
90% 0% 70% 60% 0% 0% 0% 0% 10% O% 10% 20% 0% oW 0% 0% 40w 0% 20% 10w O 10% 20% 30% 40% 0% 0% 0% &% 0%
2ge of rcentage of responses
- owest) - 2 3 s - Oghesn
®
Pre-study survey 2023 Post-study survey 2023
—— W% Ol o undwstanting e a —
S e 0% SR loTapplaters N — ——— —
—— o architcture ® ax L ———
—— ™ sman abjects TN ———E
—— 7 Oparating Systerss = W ———
—— o Sensors nd serpheras W ————
—— o T hetwerking i e — i —
—— 2 17 Outa Wamigement = MR m—
—— 2% L 01 a0d vy NN ———
—c— o8 157 and Secury s e S mmom
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iot.mooc.fi
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Welcome to Understanding
Aquatic Ecosystems!

ience for Monitoring Aquatic Ecos

Chapter 2

Technologies for
Agquatic Monitoring

Chapter 3 Chapter 4

Data Quality and Data Analysis and
Feature Engineering Machine Learning

Chapter 5

Advanced Deep
Learning

aquaticds.mooc.fi

Beyond the Lab: Reality Meets iinki fi
Edge and Embedded Intelligence el et AL

°
°

- Welcome to the§
DevAloT Ecosystem!

» «Developing the Artificial Intelligence of Things MOOC
2026 -2027 ®

a
START COURSE

°

°
°
.
0
°
°
°

Chapter 1 Chapter 2

Foundations of the Al/ML Integration
Internet of Things for loT

Chapter 3 Chapter 4

Course Project Course completion

aiot.mooc.fi
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Education: Research

Lexical Semantic
_ Cosine ) BERT-like
s .
Student answers ; 0L ' i
{non-Al), 2023 * Rt R X
™ RN
\‘ T R
Studentanswers ;| 3 TN

(possibly Al), 2024 &

Studentanswers , .= l Rt o
{possibly Al), 2025 * 2

Al generated
answers

Syntactic

Parse Tree

Stylistic
Type-Token Ratio

Structural

Similarity Metric Description
Lexical Jaccard Measures shared unique items over total unique items.
Cosine Measures angle between text vector representation directions.
Scmantic Word2vee Leams word vectors from context in large text.
BERT Deep model generating context-aware sentence or word embeddings.
Syntactic Levenshiein Counts edits needed to change one string into another.
Parse tree Hicrarchical structure showing grammatical relations in sentences.
Structural Length ratio Compares lengths between two text segments quantitatively.
Sentenee length MNumber of words or tokens in a sentence.
Stylistic Type Token ratio Unique words divided by total words.
Punctuation frequency | Frequency of punctuation marks in text.
Tone Sentiment Owerall positive, negative, or neutral feeling expressed.
Emaotion Specific feelings like joy, anger, or sadness detected.

? TQRCG
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Al See What You Did There — The Prevalence of LLM-Generated
Answers in MOOC Responses

Petteri Nurmi Musfira Khan Zahra Safaei
University of Helsinki University of Helsinki University of Helsinki
Helsinki, Finland Helsinki, Finland Helsinki, Finland
petteri nurmi@helsinki fi musfira khan@helsinki fi zahra safaci@helsinki fi
Ngoc Thi Nguyen Fatemeh Sarhaddi Mika Tompuri
National University of Singapore University of Helsinki University of Helsinki
Singapore, Singapore Helsinki, Finland Helsinki, Finland
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University of Helsinki University of Helsinki University of Helsinki
Helsinki, Finland Helsinki, Finland Helsinki, Fm]a.m:l
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Abstract ACM Reference Format:

Large language models (LLMs) are reshaping the educational land-
scape, particularly in online learning environments where student
supcrvision is often limited. Early evidence and ancedotal reports
suggest that the usc of Al-gencrated content is highly prevalent
among students. However, definitive statistics remain clusive, pri-

marily due to th iated with distinguishing between
AL and h o ishing clear
evidence and effective for identifying AT

responses is crucial for understanding the significance of this chal-
kenge and for developing policics to address it. To tackle these
issues, we present a large-scale empirical study on the prevalence
of Al generated content in enline cducation. Our study analyzes
over 4045 student responses from an introductory MOOC on the

Petteri Nurmi, Musfira Khan, Zahra Safaei, Ngoc Thi Nguyen, Fatemeh
Sarhaddi, Mika Tompuri, Henrik Nygren, Paivi Kinnunen, and Agustin Zu-
niga. 2026. Al See What You Did There — The Prevalence of LLM-Generated
Answers in MOOC Responses. Tn Proceedings of the 57th ACM Technical
Sympastum on Computer Science Education V.1 (SIGCSE TS 2026), Febru-
ary 18-21, 2026, St Louls, MO, USA. ACM, New York, NY, USA, 6 pages.
https:/jdolorg/10.1145/3770762 3772602

1 Introduction

“The rise of oaline education, particularly through Massive Open

Online Courses (MOOCs), has transformed the educational land-

scape, enhancing accessibility and flexibility for students world

w|d.: [Zﬂ. 21]. ]Tow:v:r this shift has introduced challenges in
ity and ensuring the authenticity of stu-

Internet of Things, employing textual analysi iques to cval-

dent submissions. The of large language models (LLMs)

uate various metrics for identifying AL and
understanding their characteristics. Our findings reveal that a sig-
nificant majority of student responses {up to 90.1%) exhibit strong
similaritics to Al gencrated content in both wording and contex-
tual meaning, regardless of the specific LLM or similarity metric
emplayed. In terms LLMs usage, DeepSeck, Gemini, and Grok are
the three most popular LLMs uscd to gencrate respanses.

CCS Concepts

« General and reference —» Cross-computing tools and tech-
niques; « Information systems; « Applicd computing — Edn-
cation;

Keywords

internet of things, massive open online course, llms, text similarity

complicates these issucs, as modern Al tools can gencrate highly
human-like respomscs | 18] that may not aceurately reflect student’s
true understanding,

Despitc the increasing presence of Al in cducation, empirical
evidence an its p in online scltings remai While
carly studies and anecdotal reports suggest that many students
utilize Al gencrated content [4, 13], definitive statistics arc lacking.
This gap in reliable data hinders our understanding of the issuc’s
significance and the development of effective strategies to pro-
mote responsible Al use and mitigate potential misuse. Morcover,
rescarch indicates that over-reliance on Al can diminish copni-
tive cngagement among students [4]. Therefore, understanding
the prevalence of Al gencrated content is cssential for fostering
acadcmic integrity in online lcaming environments.

This pﬂpcr presents the first lurge scale empirical study on the

This wark ix licensed under 2 Creative Commons Altribution 4.0 nternational Livense.
SIGCSE TS 2026, St Louis, MO, USA

© 2026 Copyright held by the swnerfauhor(s).

ACM ISEN 979-8-4007-2256-1126/02

hitp=/edai arg 10. 114/ 3770762 3772602
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ated content in online cducation. Utilizing
daum:lnfcw:r 1000 student responses from an introductory MOOC
on the Internet of Things, we cmploy textual analysis techniques
to cvaluate various metrics for identifying Al-generated responses
and understanding their characteristics, Our analysis sheds light
on the extent of Al use and provides insights into the effectiveness
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Summary

1. The Edge is Inevitable
. Cloud-centric loops not possible for all real-world deployments.
. Pushing intelligence directly to the sensor necessary, especially for intermittent / hostile environments.

2. Reality is the Ultimate Adversary
. Human subjectivity, temporal drift, and extreme environmental hostility corrupt Al models.
. Systems must be engineered to expect heavily degraded inputs and system unavailability.

3. Isolated Solutions Cascade Issues
. Solutions targeting one part of the pipeline often cause issues elsewhere
. Improvements in one task can create biases in another task

4. Holistic Workflows are Mandatory
. Surviving the real-world requires optimizing the entire pipeline as a single, interconnected loop.
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Sampling time
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