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1 Introduction

HumanActivity Recognition(HAR)hasbecomea cornerstoneof
ubiquitouscomputing,with applicationsrangingfrom healthmon-
itoring and context-awareservicesto assistivetechnologiesfor
peoplewho aredeafor hard of hearing.While signi cant strides
havebeenmadein developingaccurateandrobustHAR systemsor
Activities of Daily Living (ADL),apersistentchallengehasbeencre-
ating solutionsthat areboth practicalfor everydayuseandcapable
of operatingin unconstrainedenvironments Smartwatchesyith
their array ofsensors an@onstant proximityto userspresentan
idealplatform for HAR. However,mostcurrent smartwatch-based
sensingsystemgaely on externaldataprocessingraising concerns
aboutprivacy, latency,andthe needfor constantconnectivity to
remote machines to o oad compute [2, 6, 8, 19].
On-deviceprocessinglirectly addressetheseconcernsby en-
suring real-timefeedbackand safeguardingsensitiveinformation.
Forexampleworkersin constructionor manufacturingoften oper-
atein areaswith limited connectivity;delayednoti cations dueto
relianceon remoteserverscanunderminesafetyor productivity.
Similarly, elder-caresystemaequire continuoustracking to detect
emergenciedn real-time.In suchcasesp oading sensitivehealth
datato externalinfrastructurenot only risks privacy breachesut
also increases response latency.
WatchHARaddressethesechallengesy introducing a novel
HAR systemthat operatesentirely on smartwatchesleveraging
bothaudioandinertial data(Figure2).We chose MU andaudiosen-
sorsasthey are universallyavailableon smartwatchesand provide
complementaryinformation audioprovidesdistinctive signatures
for audibleactivities butis power-intensivewhile IMUs arelight-
weight and cancapture ne-grained handmovementsut produce

less distinct signals. By eliminating the need for external data pro-

cessingWatchHARenhancegrivacy andreducedatencywhile
maintaining high accuracyacrossa wide rangeof activities.The
systememploysa two-stageapproacha lightweight IMU-basedac-
tivity detectorthat triggersa moreresource-intensivenultimodal
classi er only when necessaryThis strategyoptimizespower con-
sumptionwithout sacri cing performance(Section3.1).This is
enabledby WatchHAR’send-to-end trainablgreprocessingnod-
ule, which appliesa Short-TimeFourier Transform (STFT)and
approximatesamel- Iter bankasa 1D convolutionaloperationthat
runs e ciently on mobile neural processors.

Through carefuloptimization of eachcomponentof the pipeline,
WatchHARachievessompoundingperformancegains.The system
outperformsthe latestmodelsfor eventdetection(by 5.5%Tablel)
andevenachievesnodestimprovementsn activity classi cation
(by 0.7%vhile running entirely on the smartwatchwith process-
ing timesof 9.3msfor activity detectionand11.8msfor multimodal
classi cation.WatchHAR’snovel architectureuni es sensordata
preprocessingndinferenceinto asingle,trainablemodule,provid-
ing a 5x performanceboostwhile maintaining over 90%accuracy
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Figure 2: Our WatchHAR system running in real-time on an
Apple Watch Series7 (45mm), demonstrating activity recog-
nition acrossfour dierent contexts: brushing hair, hammer-
ing, washing dishes, and clapping.

acrosgmorethan 25activity classesTheseadvancementslemon-
strate WatchHAR’spotential to revolutionize on-deviceactivity
recognition,realizingthe full potential of smartwatchesasstan-
dalone devices with minimally invasive activity tracking.

Our main contributions are:

(1) A completemultimodal HAR systemrunning entirely on
commoditysmartwatchesvith real-timeperformanceg9.3msevent
detection, 11.81s activity classi cation);

(2) An end-to-endtrainableaudio preprocessingnoduleinte-
grating STFTandmel- Iter banksdirectly into the neuralnetwork
for e cient on-device execution;

(3)Comprehensive evaluatiodemonstrating 5 faster process-
ing and5-47 lower computationalcost(FLOPs}han state-of-the-
art while maintaining competitive accuracy;

(4) Open-sourcemplementationmodels,and evaluationscripts
to foster reproducibility and community adoptich

2 Related Work

HumanActivity Recognition(HAR) hasseensigni cant advance-
mentsin recentyears,particularly in the domainof wearabletech-
nology.A wide rangeof wearabledeviceshavebeenexploredfor
HAR, including wrist-worn sensors3 4, 18 20, smart rings R€,
earbuds[2§, and smartwatched8, 9, 17, 19, 27]. Thesedevices
haveprovene ective in identifying variousactivities,from tness
exercises to daily tasks.

Smartwatcheshousinga rich collection of sensorsncluding
IMUs and microphoneshaveprovenhighly e ective for activity
recognitionin everydaysettings.Forexample SAMoSA[19 and
Bhattacharyaet al. [8] highlight the bene ts of combiningaudio
and IMU data. SAMoSAachieved92.2%accuracyacrossvarious
contextsusing 1kHz audio and 50Hz IMU data, demonstrating
that evenlower-sampledaudio canenhanceactivity recognition
while preservingprivacy. They proposedan IMU-basedactivity
detector that activates the microphone onipon detecting an ac-
tivity, enablinge cient multimodal classi cation. Bhattacharya
etal.[8] showcasedobustmultimodal sensorfusiontechniques,

Lhttps://github.com/SPICEXLAB/WatchHAR
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performing well in bothcontrolled and real-world scenarioBe-
spitetheseadvancementanostsystemdreat smartwatchesnerely
asdatacollectorsando oad processingo smartphoneor desk-
tops[8, 19 26 27. This approachwhile computationallye ective,
compromises privacy and real-time responsiveness.

Somee orts have beenmadetowards on-deviceprocessing,
suchas Kim etal.'s [L5 exercise monitoringsystemusing natural
magnetismin exerciseequipment,and Zhanget al’'s[28 cough
detectionsystemthat usesIMU sensorvaluesto activatecough
detection.Kunwar et al.[17] alsoexploredrobustanddeployable
gesturerecognitionfor smartwatchesHowever,thesesolutions
primarily targeta limited rangeof classesand utilize IMU data,
avoidingthe power-hungryand computationallyintensiveaudio
processing despite its rich contextual information.

The key challengelies in developinga systemthat canlever-
agethe rich information from both audio and IMU sensorsto
supportthe delity of HAR while operatingentirely on resource-
constrainedwearabledevicesThis requiresnot only e cient algo-
rithms but alsonovel approacheso sensordataprocessinggating
andfusion. WatchHARovercomeghesechallengedy implement-
ing a1DconvolutionapproacHor generatingog-melspectrograms
and combiningit with e cient convolutionalclassi er architec-
tures,allowing the modelto run on smartwatchneuralaccelerators
in real-time.

3 Model Architecture

Building upon prior work, SAMoSA[L9Y, which introducedthe con-
ceptsof the IMU EventDetectorand Multimodal Activity Classi er,
we havesigni cantly improvedthe modelarchitectureto optimize
for on-deviceapplication.Our systemarchitecturemaintainsthese
two corecomponentsvhile balancingcomputationale ciency and
power consumptionfor real-time activity recognitionon smart-
watches (Figure 3).

To ensureour systemruns e ciently on smartwatchesye im-
plementseveraloptimizationtechniqueson the trainedmodels We
rst traced ourPyTorchmodels usingorch.jit.tracewith example
tensorsmatchingour expectednput shapeswith batchsizel for
simulatingreal-timeinference.This intermediaterepresentation
wasthenconvertedo CoreML[5] for optimizedexecutionon Apple
Watch hardware.We apply 16-bit oat quantization,which halves
the modelsizeandimprovesinferencespeedwith noimpacton ac-
curacy.All inferencerunsonthe Apple Watch Series? (45mm)GPU
via CoreMLfor optimal performanceWe carefullytune the window
sizesand hop lengthsfor both the eventdetectorandclassi er to
balancebetweenaccuracylatency,and computationalload. These
optimizationsenableour systemto run in real-timeon commodity
smartwatchhardwarewhile maintaining high accuracyacrossa
wide range of activities.

3.1 IMU-Only Event Detector

We usea lightweight IMU-basecdeventdetectorto trigger the more
resource-intensivenultimodal classi er. Our detectorusesa 1D
depthwiseConvolutionalNeuralNetwork (CNN)architecture[ 17,
processing3-secondvindows of 6-axisIMU data(3-axisaccelerom-
eterand 3-axisgyroscopepampledat 50Hz. The modelconsistsof
four convolutionalblockswith increasing Iter counts(64to 128)
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anddecreasindgernelsizeg(10to 5),interspersedvith maxpooling
layers,followed by fully connectedayers(512,256,128nodes)and
a nal sigmoidoutput for binary eventdetection(activity detected
or not).

To ensurerapid detectionof eventonsetwhile minimizing false
positivesfrom smallmotions,we usea 3-secondolling window
with a20mshop lengthandapply a 2-secondnoving averageto

Iter outspuriousdetectionsOur systemusesatwo-stagedetection
process to balanggerformance and power consumption. The IMU-
Only EventDetectorcontinuouslymonitorsfor the presenceof an
eventandtriggersthe Multimodal Activity Classi er, activating
the microphone,only when an eventis detected Otherwise,the
microphone remains o, conserving energy during idle periods.

3.2 Multimodal Activity Classi cation

Our Multimodal Activity Classi er (Figure3) processesoth IMU
andaudiodatato achievehigh-accuracyactivity recognition.Since
audioaddsa signi cant computationaloverheadwe useshorter
window sizes toenable fasteprocessing andeduce latency. Both
IMU andaudiodatausel-secondvindowswith a20mshop length,
allowing for ne-grained temporalresolutionin our classi cations.

Weimplementan end-to-endtrainableaudiopreprocessingnod-
ule directlywithin our neuralnetwork [11]. Our architecture con-
sistsof three main componentsa Short-TimeFourier Transform
(STFT)implementedusing a 1D convolutionallayer, a mel- Iter
bank designeds atrainable linear layerand an amplitude-to-DB
conversionusingalogarithmic activationfunction. The STFTlayer
usestwo separateconvolutionsfor the real andimaginary parts,
with kernel sizecorrespondingto the FFTsizeand stride deter-
mining the hoplength. Themel- lter banklayeris initialized with
triangular mel Iters but remainstrainable,potentially learning
optimized Iter banksfor our speci c humanactivity recognition
task.Thisis key, as Iters suitedfor HAR maydi er greatlyfrom
those originally designed for speech recognition tasks. Lastly, the
amplitude-to-DBconversionusesa logarithmic activationfunction
to producea spectrogranthat is then passedo the audiofeature
encoder.

Forthe audioencoderwe usea MobileNetV3[14 backbonepre-
trainedon the AudioSetdatasef 13, without any platform-speci ¢
modi cations. This choiceo ers a goodbalancebetweenmodel
size,computational e ciency,andaccuracyThe MobileNetV3ar-
chitectureincorporatesinvertedresidualblockswith squeeze-and-
excitationmodules platform-awareneuralarchitecturesearchfor
optimizedlayer design,ande cient last-stagedesignfor classi ca-
tion tasks.

Forthe IMU encoderwe adoptthe ConvBoostarchitecture[21].
This modelusesa standard3-layer2D CNN structureoptimizedfor
e cient processingdf multivariate time seriesdatasuchasIiMU
signals.Eachlayeruses5 1 kernelsto extracttemporalfeatures,
with maxpooling appliedafterthe rst two convolutionallayers.
Rel Uactivationsareusedthroughoutthe network for non-linearity.
Theclassi er consistsof two fully connectedayerswith dropout
(p = 0.5) regularizationto preventover tting. Thisarchitecturepri-
oritizessimplicity and computationale ciency while maintaining
e ective feature extraction for human activity recognition tasks.
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Figure 3: Overview of WatchHAR’s Multimodal Activity Classier. The model processesl-secondwindows of raw audio and
6-axis IMU data to predict activities. Audio preprocessing is integrated directly into the neural network as trainable layers.

To e ectively combineinformation from IMU andaudiomodal-
ities, we implementa GatedFusionmechanism[ 7] rather than
simplefeatureconcatenationBoth IMU and audioembeddingsre

rst projected into ashared 256-dimensional spagging separate
linear layers.Eachprojectedembeddings then passedhrough its
own gatingnetwork a linearlayer followedby asigmoid activa-
tion that producesa vectorof weightsbetween0 and 1. These
weightsare appliedto the projectedfeaturesthrough element-wise
multiplication, e ectively scalingeachfeaturedimensionby its
learnedimportance.The gatedIMU and audiofeaturesare then
summedogetherand passethrough an additionallinear layerto
producethe nal 256-dimensiondusedrepresentationThis fused
vectoris then passedhrough a nal classi er headto predictclass
probabilities.All componentsare fully di erentiable and jointly
trained with the rest of the model.

The gatedfusion mechanisnis trained end-to-endwith binary
cross-entropyloss,learning to weight modalitiesbasedon their
relevanceto eachactivity. This approachis particularly e ective in
the P-LOPGsetting (Section6) where somepersonalizatiordatais
available for user adaptation.

4 Datasets

To train and evaluateWatchHAR ,we utilize the following publicly
availablesmartwatchdatasetswhich were collectedin previous
studies.

SAMoSADataset[19]: TheSAMoSAdatasetvascollectedrom
20 participant{mean age3.3, alfight-handed) acros60 diverse
environments Datawasrecordedusing a FossilGen5 smartwatch,
capturingsynchronized®-axisIMU data(accelerometegyroscope,
and orientation) at 50Hz anduncompressedudioat 16kHz, later

post-processetb 1 kHz for privacy preservation.The datasetn-
cludes26activities performedin four contexts:kitchen, bathroom,
workshop,and miscellaneousEachparticipant performedevery
activity threetimesper context,resultingin 14.2hoursof datain

total 5.9hoursof labeledactivity dataand8.3hoursof transition

( Other")data.All activitieswere performedin participants’homes
usingtheir own appliancesaandtools, haturally incorporatingam-
bient background noise. Thidataset is used to train arelaluate
both activity detection and classi cation.

Semi-Naturalistic and In-the-Wild Dataset[8]: We usedtwo
complementarydatasetdrom Bhattacharyaet al. swork. First,the
Semi-Naturalistic dataset was collectedrom 15 participantg9
female 6 male,meanage43.6)representingdiverseprofessional
andsocioeconomibackgroundsDatawas capturedusinga Fossil
Gen4 smartwatch recordingaccelerometeand gyroscopedata
at 50Hz, andaudiodataat 22.05Hz. Participantsperformed23
activities twice acrosstwo sessionswith eachactivity lastinga
minimum of 30secondsDatacollectionwasconductedremotely
via video calls, and participantsknockedon a surfaceto mark
the startand endof activities.Continuousrecordingscaptured all
activities,includingin-betweenmovementsandmanualannotation
was performed using sensor data and video footage.

In addition,an In-the-Wild datasetwasgatheredfrom ve ad-
ditional participants(4 males,1 female meanage27).Thesepartici-
pantswore the samesmartwatchalongsidea smartphonemounted
on their chest,which captured25-secondgocentricvideo clips
everyminute usinga dedicatednobile application.Datacollection
for the in-the-wild studywasperformedwithout any prede nedac-
tivity scripts,allowing participantsto engagen their daily routines
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Table 1: Event Detection Model Performance Comparison between SAMoSA and WatchHAR on Apple Watch Series 7

F1 score (%) Processing Time (ms) Onset Latency (sec) O set Latency (sec)

Method
SAMoSA [IMU @ 50 Hz] 88.0 55.4
WatchHAR [IMU @ 50 Hz] 93.5 9.3

0.62 0.16
0.27 0.07

naturally overtwo separatesession®ach totaling 10in-the-wild
sessions.

5 Evaluation

We evaluateWatchHAR'sperformanceagainstprior smartwatch-
basedapproachesfocusingon aspect<ritical for real-timeappli-
cations: processing time, model size, and accuracy across di erent
settings.All modelswereimplementedusing PyTorchversion2.1.2
andconvertedto CoreMLformatusingcoremltoolsversion7.1with
0atl6 quantization forrunning on AppleDevicesConverting 32-

bit modelsto 16-bithadno impacton accuracywhile halving the
modelsize.On-deviceperformanceevaluationswere conducted
using an Apple Watch Series 7 (45mm) GPU via CoreML library.

5.1 IMU-Only Event Detector

We compareour DepthwiseCNN1DEventDetectionModelwith
SAMoSA'RandonfForesteventdetectionmodel,asshownin Table
1. WatchHARoutperformsSAMoSAacrossall metrics,achieving
higher F1scoreq93.5%s.88.0%)As notedin Section3.1,to ad-
dresspotential mispredictionsdueto dataskewnesswe applieda
2-secondnoving averageto the output probabilities,smoothing
predictionsandreducingspuriousoutputs.Thisimprovedour F1
scorefrom 92.5%o0 93.5%with negligiblecomputationaloverhead.

Comparedo SAMoSAWatchHARdemonstratesigni cantly
fasterprocessingimes (9.3msvs. 55.4ms). Processingime in-
cludesdatapreprocessingnd modelinferencefor a singleIMU
window. WatchHAR’sprocessinge ciency stemsfrom streamlined
GPUfeaturecomputation.SAMoSAcalculatesight statisticalfea-
tures meanstandarddeviation,max,min, medianvariance skew-
nessandkurtosis for eachof the nine IMU valuesrequiring 28.76
mson the Apple Watch Serieg (45mm).In contrast,our 1D CNN
only normalizesraw IMU data,completingin just 3 ms.We also
measurednsetlatency(i.e. the delaybetweenthe physicalstart of
an eventandits detectionby the model)ando set latency(i.e.,the
delayin detectingthe endof an event).WatchHARachievedower
onset(0.27s/s0.62s)ando set (0.07svs 0.16s)atenciescompared
to SAMoSA.

5.2 Multimodal Activity Classi cation

We compareour Multimodal Activity Classi er with two prior
works, SAMoSA[19 and Bhattacharyaet al. [8] on their respec-
tive datasetsassummarizedn Table2. All modelswere evaluated
usingaleave-one-participant-oufLOPO)cross-validatiorscheme
or Personalized-LOPQ@P-LOPO)which incorporatesa subsetof

25AMoSAoriginally reported4.8mson MacBookAir (M1).We measuredothmethods
on Apple Watch Series7 (45mm)for fair comparison WatchHAR'seventdetector
inference time is 2.1 ms on M1 hardware
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testparticipants’dataduring training to simulatepartial personal-

ization. In our P-LOPO evaluation, we use personalized data from

public datasetsthough future work could exploreon-device ne-
tuning to preserveuser privacy. For the In-the-Wild datasetwe
reportweighted-Flscoresvaluatedn aP-LOPQprotocol,aligning
with the evaluationprotocolfrom Bhattacharyeet al. [8]. We also
compareprocessingimes,measuredn an Apple Watch Seriesr?
(45mm)which re ects the total time to processa singlewindow of
audio and IMU data, from log-mel generation to prediction.

On the SAMoSAdatasetwe comparewith the authors’ pre-
trained modelcon gured for 1 kHz audioand 50Hz motion data,
matchingtheir primary evaluationsetup.We computethe context-
wise accuracyde ned asthe averageclassi cationaccuracyacross
four contexts:kitchen, bathroom,workshop,and miscellaneous.
WatchHARachievesslightly higher (92.34%s 92.2%gontext-wise
accuracywith 47 lower computationalcost(0.036GFLOPws 1.71
GFLOPs) and 5 faster processing time (11.8 ms vs 56.4 ms).

On the Semi-Naturalistiadatasetwe reproducedhe bestper-
forming architecturefrom their paper.CNN14[1§ for audioand
Attend&Discriminate[1] for IMU with concatenatioriate fusion
method sinceno pretrainedmodelwasprovided WatchHARachieves
slightly better LOPOaccuracy(90.4%'s 89.7%and comparableP-
LOPOaccuracy(93.8%s 94.3%)while requiring 11  fewer FLOPs
(0.9171GFLOPws 4.24GFLOPsandachievingé fasterinference
time (71.1msvs 438.3ms).Note that our FLOPsncreasedrom the
SAMoSAdataset(0.036GFLOPs)o the Semi-Naturalistidlataset
(0.917GFLOPs}ue toadjustingour CNN2DIMU encoder tchan-
dle the longer 10-secondnput windows comparedto 1-second
windows used for SAMoSA dataset.

On the In-the-Wild datasetwe followed Bhattacharyaet al.'s
evaluationprotocol:WatchHARwas rst pretrainedusingthe Semi-
Naturalisticdatasetandthen ne-tuned with within-sessiondata,
leadingto a personalizedeave-one-participant-oufP-LOPO}val-
uation. Similarto Bhattacharyaet al.,we augmentedhe training
datawith Semi-Naturalisticampledo addresslassimbalanceand
missinglabels WatchHARachievesigherweightedF1scorescom-
paredto Bhattacharyaet al. (56.7%<s 55.8%)This drop in accuracy

relative tothoseachievedon the Semi-Naturalistiddatasetover
90%) are expectedasthe In-the-Wild datasetcontainsnoisier
groundtruth labels dugo limitations in the video-based annota-
tion systemusedduring datacollection.Despitethesechallenges,
our systemachievesa higher F1scorewhile requiring11 lower
computationalcost.WatchHAR ,without any per-user ne-tuning
andusingonly the modeltrained on the Semi-Naturalisticdataset,
obtainsa weightedF1scoreof 28.5comparedo 26.8from Bhat-
tacharya et al. [8].

We refer readergto the Appendixfor per-activity confusionma-
triceson the SAMoSA, Semi-Naturalistic, arid-the-Wild dataset
acrosseachactivity context.All our models code,andevaluation
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Table 2: Multimodal Activity Classi cation acrossdi erent approaches and datasets.For SAMoSA & Semi-Naturalistic, their
evaluation metrics are LOPOor P-LOPO.Their values are classi cation accuracies (%).Note, for In-the-Wild dataset, their

evaluation metrics are weighted F1 scores.

Model Name Dataset Sampling Rate (kHz) LOPO P-LOPO Processing Time (ms) FLOPs (G)
SAMo0SA SAMoSA 1 92.2 N/A 56.4 1.71
WatchHAR SAMoSA 1 92.34 N/A 11.8 0.036
Bhattacharya et al. Semi-Naturalistic 22.05 89.7 94.3 438.3 4.24
WatchHAR Semi-Naturalistic 22.05 90.4 93.8 71.1 0.917
Bhattacharya et al.  In-the-Wild 22.05 N/A 55.8 438.3 4.24
WatchHAR In-the-Wild 22.05 N/A 56.7 71.1 0.917

scripts are publicly availableat https://github.com/SPICEXLAB/
WatchHARto foster community use and adoption.

6 Ablation Study

We analyzehow di erent architectural choicesa ect the accu-
racy and computationalcomplexity through an ablationon the
SemiNaturalisticdatasetWe exploreperformance-e ciencytrade-
0 s acrosgdi erent pretrainedaudio backbonemodels,|IMU en-
coder architectures,and multimodal feature fusion techniques.
Modelvariantsaretrained and evaluatedusing theprotocolsout-
linedin Sections3.2and5.2 respectivelyAdditionally, we report
modelsizeandcomputationakost(FLOPs)o assestheir suitability
for on-device applications.

We evaluated four publichavailable pretrained audio encoders

CNN14 ResNet-22ViobileNetV1andour choiceof MobileNetV3

all pretrainedon AudioSet[16. Of note, we excludedthe pre-
trainedVGGishmodelusedin SAMoSAasit ishard-codedor 96 64
spectrograninputs, makingit incompatiblewith the 690 64 dimen-
sionsof the Semi-NaturalistidlatasetAs Table3 shows,ResNet22
yieldsthe highestLOPOscore(79.8%}ut MobileNetV3attainsthe
bestP-LOPO(86.7%)vhile being 30 smallerand 13 lighterin
FLOPs.

We alsoevaluatedfour IMU backbonearchitecturesCNN1D
from SAMoSA[19, DeepConvLSTMZ21], Attend&Discriminate
[1], andour choiceof CNN2D[21]. Unlike the audioencodersall
IMU encoderswere initialized from scratch.As shownin Table
4, Attend&Discriminateachievedthe highest P-LOPOaccuracy
(90.8%);onsistentwith prior resultsfrom Bhattacharyeetal.[8],
while our CNN2D achievedthe bestLOPOperformance(85.5%)
with the lowest computational cost (0.13 GFLOPs).

Finally, wereproducedhe three late-fusion schemegproposed
by Bhattacharyaet al.[8]: (1) simple concatenationof modality
embeddings(2) cross-modaself-attention,and (3) softmaxaver-
agingof independentlassi cations.We comparetheseschemes
with our gatedfusion method,which addssmallgatedblock that
learnsper-samplemodality weights.As shownin Table5, softmax
averagingachievedhe highestLOPOaccuracy(90.5%bput lower
P-LOPOperformance92.8%)Our gated-fusionapproachnearly
matchedthe LOPOscorewhile improving P-LOPQaccuracyto
93.8%with minimal computationaloverhead<0.5Mparameters,
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negligibleFLOPsdncrease). Theseesultsdemonstratethat our fu-
sion methodparticularly excelsvhen user-speci cdatais available
for ne-tuning.

Model LOPO P-LOPO Params (M) FLOPs (G)
CNN14 74.5 824 80.80 14.54
ResNet-22 79.8 86.5 63.73 10.36
MobileNetvl 77.8 85.5 5.36 1.25
MobileNetv3 77.8 86.7 2.19 0.79

Table 3: Audio Model Ablation Study Results.

Model LOPO P-LOPO Params (M) FLOPs (G)
DeepConvLSTM 72.0 77.1 0.72 0.19
CNN1D 75.9 80.4 246.80 0.56
Attend&Discriminate  84.0 90.8 0.97 0.35
CNN2D 85.5 89.0 4.57 0.13

Table 4: IMU Model Ablation Study Results.

Fusion Method LOPO P-LOPO Params (M) FLOPs (G)

Concatenation 89.4 93.2 6.76 0.917
Self-Attention 89.8 93.3 8.53 0.918
Softmax Averaging 90.5 92.8 6.76 0.917
Gated Fusion 90.4 93.8 7.18 0.917

Table 5: Multimodal Fusion Ablation Study results.

7 Application Scenarios

WatchHARbroadenghe scopeof activity recognitionby running
entirely on-device gnablingreal-time,privacy-preservingand on-
the-goapplicationsacrossdiverseapplicationdomains(Figure4).
Forinstancejt canbeusedfor behavioralintervention. WatchHAR
caninstantly recognizegesturesuchasnail biting, deliveringagen-
tle vibration, logging the event,or prompting a brief intervention
- supportingreal-time behaviorchangewithout externaldevices
[22].

It canalsobe usedfor worker safetyin factory settings.Manual
tasksin industrial settings suchasdrilling, lifting, or assembly
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Figure 4: lllustrations of four representative application scenarios enabled by WatchHAR. Left! right: Behavior Interven-

tion recognition

of nail -biting triggers haptic nudges; Worker Safety real -time detection of over-the-shoulder lifting issues

on-the-spot warnings; Elder Care the watch tracks cough frequency and summarizes trends for clinicians or family; Lifestyle
Tracking an on-device diary reports time spent on daily activities, giving users actionable insights without exporting raw data.

producedistinctive motion and audio patterns.Early systemsec-
ognizedthesepatternsusing body-wornsensord 24, but required
specializechardwareand o ine processingWatchHAR brings
thesecapabilitiesto scaleusingonly o -the-shelf smartwatches,
enablingreal-timeproceduretracking,automatedasklogging,and
alerts for high-risk movements like over-the-shoulder lifts.
WatchHARcanalsobeusedfor healthsensingandeldercare.By
monitoring daily motionpro les [25 for actionssuchaswalking,
dressingor coughingentirely on the devicejt canpassivelytrack
digital healthbiomarkersovertime. Similarly, it canbeusedto turn
raw sensordatainto a daily activity journal [1( - capturingtime
spentin daily activitiessuch asooking,cleaning,exercisingand
many more - supporting actionable lifestyle insights [23].

8 Limitations and future work

While WatchHARdemonstratesigni cant advancementgn on-
devicehumanactivity recognition,our approachhasseveralimita-
tions that present opportunities for future research.

First, watchOSo ers limited accesgo microphonesampling
rate adjustmentsandfails to provide ne-grained battery usage
metricsfor third-party apps.In practice,this meanswe cannot
preciselyadjustthe samplingfrequencybasedn energyavailability.
Addressingheseconstraintsmayrequirekernel-levelmodi cations
or leveragingthe latesthardwarereleaseswhich might include
moree cient microphoneinterfacesor battery optimization APIs.

In addition, although thecurrent WatchHAR model is e ective,
it may notbefully optimizedfor the computational constraintef
smartwatchhardware.Userswith older devicesmay experience
slowerinferenceandincreasedatterydrain dueto limited process-
ing power,while newermodelsoftenincludehardwareaccelerators

suchasNeural ProcessindgJnits (NPUs)n recentApple devices

that cansigni cantly improveenergye ciency when properly
leveragedIn practical scenariosgnergye ciency could be im-
provedby enablingthe modelto reducesamplingrates,generate
fewer predictions,or skip sensomreadingsduring periodsof low
activity, such as sitting or resting.

Finally andmostimportantly our currentevaluationlacksa
longitudinal studyto assesthe model'sperformanceoverextended
periodsandin diversereal-world situations.Similarto prior works,
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our accuracieseea severeperformancedegradationgoing from
semi-controlleddatasetso in-the-wild datasetsSincethe modelcan
now run on-devicefuture work shouldplan passivedatacollection
studies over multiplelays or even weeksor months.A userstudy
focusedon long-term usewould not only validatethe system'’s
sustainedaccuracybut alsorevealnew opportunitiesfor dataset
collection, applications, and personalization.

9 Safe and Responsible Innovation Statement

WatchHARperformsall inferenceon-device soraw audioand IMU
stayon the watch, eliminating serversideleakagerisks. We train
and evaluatesolely on previously published,consenteddatasets
(SAMoSA SemiNaturalistic, In-the-Wild) and will releasecode,
weights,andevaluationscriptsto fosterreproducibility. Because
datasetdemographicsare limited, we report per-datasetresults
to reveal potential bias and encouragefuture work on broader
populations.Publicreleasesnustpreserveour privacy-by-design
constraint:no datastorageor exportfor secondarypurposesWe
seeno foreseeabldarmsbut will addressany reportsof misuse
promptly.

10 Conclusion

WatchHARrepresentsa signi cant leapforward in on-devicehu-
man activity recognitionon smartwatchedor activities of daily
living. By successfullymplementinga multimodal systemthat pro-
cessedoth IMU and audio dataentirely on-devicewith a novel
end-to-enddi erentiable preprocessinglus inferencepipeline,
we haveaddressedtey challengesn privacy, latency,and power
e ciency that havelong hinderedthe widespreadadoptionof con-
tinuous activity tracking. Our system’sability to maintain high
accuracyacrossa diverserange of activities while operatingin
real-timeon commoditysmartwatchhardwaredemonstrateshe vi-
ability of edge-baset AR solutions.Our implementationanddemo
applicationare openly availableat https://github.com/SPICEXLAB/
WatchHAR paving theway for further research andevelopment
in this eld, potentially leadingto new applicationsin healthmoni-
toring, context-aware computing, and personal analytics.


https://github.com/SPICExLAB/WatchHAR
https://github.com/SPICExLAB/WatchHAR
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