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Abstract

Mobile text-entry systems play an important role in various smart
devices in real-life scenarios, including working, communication,
studying, and entertainment. However, existing text-entry meth-
ods either require both hands to operate or have specific target
operational requirements, making them impractical and prone to
privacy leakage for interactive interfaces, smart appliances, and
AR/VR scenarios without touch-based keyboards. In this paper,
we propose and implement a singular wearable rotating smart
ring text-entry system named RingByte. The key idea of RingByte
lies in its rotating interaction design, featuring a rotating outer
ring and a stable inner ring, which enables the creation of a novel
text-entry method for enhancing practicality. Additionally, we pro-
pose a cross-domain attention neural network combined with a
weighted allocator to address domain adaptation challenges, ac-
counting for variations in both different individual and different
finger characteristics. Through extensive experiments, we demon-
strate that RingByte achieves user-friendly operation, relatively fast
input speed, low error rates, and broad applicability across multiple
scenarios. Meanwhile, RingByte outperforms four baseline methods
and exhibits high accuracy input performance in both cross-person
(96.9%) and cross-finger (96.8%) scenarios. These results highlight
the excellent practicality, privacy-preserving features, and versa-
tility of RingByte as a text-entry interaction system, making it a
promising solution for diverse contexts.

CCS Concepts

« Human-centered computing ! Ubiquitous and mobile com-
puting; Interaction design.
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Figure 1: Illustration and architecture of RingByte with an
unfolded view of the T9 keyboard layout.

NEADE

1 Introduction

The rapid development of smart interactive technologies, including
wearable devices, smart appliances, intelligent projection systems,
and augmented/virtual reality devices, has become increasingly
prevalent in our daily lives [31, 43]. While these interactive meth-
ods have undoubtedly enhanced our quality of life, their text entry
capabilities still lag behind those of physical keyboards, particularly
noticeable in scenarios including text input in augmented reality
environments, command execution for smart appliances, and in-
teraction with wearable devices—contexts where both speed and
accuracy are essential. Fortunately, mobile text entry, as one of
the most direct and essential interaction methods, has garnered
considerable attention, leading to the design and development of
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Table 1: Comparison with ring-based text entry systems (! -Low," -Medium, # -High). RingByte is the only ring-based text entry
system that doesnot require usageposition and !Inger, is portable, privacy-preserving and practical, basedon aring.

Related Works One-Ring Position-Adaptive

Finger-Flexible Portability Privacy Practicality

TypingRing[32 !

# " #

QwertyRing[15 ! #

TypeAnywhere[5]]

#
DRG-Keyboard25 # !
RingVKB[24 !

|

WritingRing [17] !

| H|F|H®

RingBytg(Our System) ! !

severalinnovative text-entry methodsbasedon smartwatch-based
gestureqg 14 20 42 527, capacitivecircuits [29, headrotation [50,
andring-basedgestureq24,25,32,4Q.

Despitemobiletext-entry methodsbasedon smartwatchesca
pacitive circuits, or headrotation, while innovative,faceseveral
limitations, particularly in termsof costandthe intricacy of the
interaction methods Firstly, the specializechardwarerequiredfor
thesesystemssuchasadvancedsensordor headtrackingor smart
watch interfacesNcardrive up devicecosts,makingthem lessaf-
fordablefor a wide audience Secondlythe interactive methods
themselvesanbecomplexanddilcult to masterUsersmustlearn
new, non-intuitive operationswhich canbe physicalexertion,es
peciallyin headrotation-basednethodsthat may causeneckstrain
during prolongeduse.Therefore while thesemethodshold promise,
signi“cant improvementsare neededo addresghe cost,usability,
andtechnologicakhallengesSmartrings, however,couldprovidea
promisingalternative.By integrating compactforms, high portabil-
ity, low-costsensorsand o#ering a simpler,moreintuitive method
of interaction,smartrings canbridgethe gapbetweenhigh-cost
devicesandpractical,user-friendlytext-entry systemsHowever,
prior ring-basedext-entry methodspredominantlyemployedmul-
tiple rings to simulatea physicalkeyboard which is impractical
andvulnerableto privacy breachesn our everydaysettings,such
asTypeAnywhere[5]], PinchType[11], FingerText{21], andDRG-
Keyboard[29. Although therearesingle-"nger-basedpproaches
like QwertyRing[15 andRingVKB[24], they arenot user-friendly
asthey both needto "x their wrist in onelocationandrequirea
touch surfaceto "nish onetext entry operation.Sowe aska ques
tion: doeghereexista noveltextentry interactionparadigmthat has
the potentialto enhancehe accessibilityf text entry on mainstream
interactivemethodsithin the contextof our daily routines?

To addresshis query, we proposea creativeinteraction text
entry systemnamedRingBytewhich usesonly onering, including
onelow-costIMU sensorbasedon the miniature thumb-to-"nger
interactionmode.Fig. 1 showcaseshe diagramof RingBytewith
an unfoldedview keyboardlayout, providing a visual representa
tion of its designand con"guration. PreciselyRingByteconsistsof
two independentand separatdayers:a generalwearablering layer
and arotating processindayer. The generalring, servingasthe
inner layer, is designedo provide comfortabledaily wearability.
Theouter rotating layer,aring with embeddedMU, capturestime
seriesdatato facilitate typing operationrecognitionand ensure

correctcharacterinput. The keyboardlayout follows the T9 key-
board(9-keyinput method),which is dividedinto eight equalparts,
eachspanning45degreestaking into accountboth the rotational
structureinteraction designandthe typing accuracyrequirement
comparedwith the sequentiakcharacterdayout.

Tab.1showsthat our systemo#ersseveratistinctiveadvantages
comparedo prior ring-basedext-entry systemsFirstly, one-ring
meansRingByteonly utilizesan a#ordableandlow-power IMU sen
sorfor text entry. SecondlyRingBytds convenientto be deployed
in variousscenariosasit requiresno designated'nger, no "xed
restriction,andnowearingpositionrequirementsmakingRingByte
position-adaptiveand "nger-$exible. Thirdly, RingByteds portable
asits sizeandweight arecomparabléo that of aregularring. Lastly,
RingByt®privacy and practicality lie in its architecturaldesign
andits ability to enableusersto directly touch input on the T9
keyboardlayout intuitively. However,developingsucha low-cost,
private, and practicalring-basedtext-entry systempresentsthe
following challenges:

¥ Challenge 1: Limited Interactive Surface. Unlike wristbands
andsmartwatchesa singlesmartring presentsalimited typing
surfacefor building a text-entry system.
¥ Challenge 2: Continuous Signal Segmentation. It is neces
sary to proposea robust typing signal processingmethodto
segmentvery continuousgesture.
¥ Challenge 3: Cross-domain Applications. Overcomingvaria-
tionsin the sametyping signalsacross'ngers, positions,andindi-
vidualswith consistentrecognitionresultsis crucialin designing
aposition-adaptive;'nger-$exible,and person-adaptivesystem.
RingBytecapitalizeson variousopportunitiesto e#ectivelyad
dressthe aforementionedcchallenges(i) To realizea singlering
text entry systemwe havedeviseda rotating ring with two lay-
ers,allowing for randomand smoothrotation of the outer layer.
This designenhancemensigni“cantly improvesthe privacy and
practicality of the systemand o#ersusersa highly versatileand
user-friendlytyping experience(ii) To enhancethe segmentation
of typing signals,we have developeda novel signal processing
techniquethat enablesnore accuratesegmentationespeciallyfor
continuoustyping operations(iii) Leveragingthe successfuappli-
cationof domainadaptationin the "eld of IMUs, RingBytedesigns
a cross-domairattention mechanisncombinedwith aweighted
allocatorto mitigate signalvariationsarising from di#erent"ngers,
positions,or personsgnablingseamlessext input without con+
straints.By harnessinghe power of domainadaptation,our model
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Figure 2: lllustration of four COTSsmart rings: Samsung Galaxy
Ring, Oura Ring, RingConn Ring, and Amovan Ring.

allows RingByteto adaptandlearnfrom user-specilcpatternsand
preferencestesultingin enhancedaccuracyandpersonalizedyp-
ing experiences.

In summary,we presentthe following contributions:

¥ Novel Interactive System.To our knowledge RingBytdas
the Irst text entry systemto employ a singlering with a
rotating structure,presentingboth privacy and practicality.

¥ Novel Signal Processing Method. We introducea novel
typing signalprocessingnethodthat e"ectively segments
continuousdata,which is crucialin further improving the
typing accuracyof RingByte

¥ Robust Domain Adaptation Model. We proposea novel
modelthat combinesa cross-domairattention mechanism
with aweightedallocatorfor domainadaptation.This model
tackleschallengeselatedto position-adaptiveinteractions,
Inger-#exible inputs, andvariationsacrossusers.

¥ Comprehensive Evaluations. We conductthorougheval
uationson a sizabledatasetcollectedwith real-world sce
narios. The experimentalresults show that RingBytenot
only hasanexcellentperformancen cross-persomndcross-
Inger situationsbut alsoachievesa high input speedof 222
WPM andreceivesa high acceptance.

2 Preliminary Study

2.1 Primer on Smart Ring

Smartrings arecompactwearabledeviceghat combinesophisti
catedtechnologywith elegantdesignto integrateseamlesslynto
users@aily routineswhile deliveringa diversearray of intelligent
functions.At the coreof their architectureareintegratedmotion
sensorssuchasaccelerometeesd gyroscopesvhich areutilized
for tracking andinterpreting the userOBandmovementsandop-
erations.Someadvancednodelsincorporatemagnetometerfor en
hancedspatialawarenessgnablingmore nuancedmotion tracking
andoperationrecognition.Thesesensorsapturea wide rangeof
motions,from simple!nger tapsto complexbodygesturesenabling
the smartring to executecommandr interactwith other smart
devicesThedeviceCsleekexterior, typically craftedfrom premium
materialssuchasaerospace-gradéanium, scratch-resistanteram
ics,or medical-gradegolymers serveshoth aestheticandfunctional
purposeslt housesa miniature battery, a low-power microcon-
troller, andwirelessconnectivity moduleslike Bluetoothor NFC,
allowing it to communicatewith smartphonestablets,or 0T de-
vices.Fig.2 showcase$our commercialo"-the-shelf (COTSsmart
ring products highlighting the industryOsdesigndiversity andtech-
nologicalprogressionThe selectionincludesSamsung®scently
launchedGalaxyRing alongsideother premiummodelsfeaturing
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Figure 3: A running example of typing operations in RingByte
with asingle smart ring on the index !nger.

distinct materialcompositionsandadvancedunctionalities. Thede-
signemphasizegrgonomiccomfortand subtleaestheticsgnabling
continuouswearwhile providingintelligent functionality, including
activity monitoring, discreetnotilcations, andgesturerecognition.

2.2 Feasibility of RingByte

Unlike existing smartrings limited to basicfunctionalities like
sleepmonitoring, stepcounting,and heartrate measurementour
RingBytesystemimplementsadvancedapabilitiesjncluding text
entry asa keyboardintermediary.We will now presenta detailed
feasibility analysisof RingByte

RingByte Architecture. Its double-ringstructurewe proposed
consistsof two layers:the inner layer is a generalring similar to
thosewe wearcomfortablyin our daily life, while the outerlayeris a
ring with embeddedensorsanda batterythat canrotate smoothly
with the inner ring asthe base The outerring with embeddedMU
incorporatesa 3-axisaccelerometga 3-axisgyroscopeanda 3-axis
magnetometeto captureraw data.By synergizingthe attributesof
both layers,RingBytenot only maintainsthe primary function asa
stylish adornmentbut alsointroducesa new text entry method.

Mapping Angle. To associatéhe rotation anglewith the key-
boardcharacterflayout angle,we usethe Eulerangle (also360
degreescorrespondingo the rotation planeof the embeddedMU)
to establishan absolutemappingrelationshipbetweenthemone
by one.Fig.1 givesthe specilc distribution of keyboardlayout and
characterdayoutin relation to the rotation angle,which is divided
into eightequalparts,eachcovering45degreesThisdivision aligns
seamlesslyith therenownedT9keyboardayout,e"ectively trans-
forming the ring into anintuitive ande$cient input devicegiving
areasonablesolution for the double-ringkeyboard.

RingByte Typing. Fig. 3 illustratesa running examplethat
representghe typing operationsof the RingBytevhenworn on the
index!nger. To input aword typing on RingBytering, auseronly
needgo follow three steps:

¥ Tap the desiredcharacterOzone onceyou selectit after
rotating the outerring.

¥ Selectyour desiredword by waving ringed!nger down.

¥ Pinchthe Ingertips of your thumband!nger wearingthe
ring to con!rm your entry word.
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Figure 4: System overview of RingByte: 1) Train an adaptive model basedon cross-domain attention and pseudo-label methods.
2) Train alanguage model astext entry decoder. 3) Text entry basedon the trained system.

Furthermore,we have integratedthree additional gesturesinto
RingByteto enhancehe overallinput experienceThesegestures
provide convenientshortcutsandactionsfor users.! Doubletap-
ping allows usersto elortlessly switch betweeninput languages,
punctuationmarks,or other symbols cateringto their typing pref-
erencer speci’ccommunicationneeds:’ Waving up the "nger
adornedwith the ring slightly servesasa quick ande!ective way
to deleteunwantedcharactersstreamliningthe editing process
andminimizing errors.# We haveimplementedanothercustomiz
abledouble-pinchinggesturethat canbe programmedo activate
speci'cfunctionsbasedn the contextor userpreferencesvhen
composinga messagesuch as screenlocking, copy-pasteoper
ations,or other application-speci“cshortcuts.By allowing such
speci“cfunctions,the RingByteprovidesa#exibleande$cient way
to interactwith the devicewhile maintaining privacy andadapting
to dilerent userneedsgnhancingproductivity ande$ciency. In
summary,this combinationof structural designand subtle,precise
interactionallowsthe systemto not only maintaina high level of
privacy becausef its miniature operations protectingthe userOs
datafrom prying eyesin publicor sharedspaceshut alsoto provide
anintuitive ande$cient userexperienceenhancingits practicality.

3 System Design

3.1 System Overview

The objectiveof RingBytds to developatext entry systemusing
only onelMU-equippedsmartring and overcomethe ring-based
text entry limitations of sensitivity to wearingposition,dependency
on speci“c"nger, the requirementfor physicaltouch surfacesdur-
ing typing, and degradedperformancefor new target users.As
illustratedin Fig.4,the systemarchitectureoperateshrough two
distinct phasestraining andtext entry phases.

Training Phase.Forthe training phasepur raw IMU dataaf-
ter typing signalprocessingwill gointo a domaindiscriminator
basedon a cross-domairattention mechanismwhich facilitates
the captureof domain-speci'cpatternsbetweensourceandtarget

Gx Gy Gz

Maximum Point

10 Maximum Point

Amplitude

Time (s)

Figure 5: Compare the sum of the twenty data points preced-
ing and following the maximum value point.

Amplitude

0 0.5 1
Time (s)

Figure 6: A consistent bimodal gesture segmentation process
involving left further or right further scenarios.

domains(e.g.adilerent personor dilerent "nger) to calculatethe
domainlossesandone classi"er basedon pseudo-labeto solve
unlabeledargetdomainproblemusingthe predictionsmadeby the
classi"erto calculateclassi“cationlossestespectivelyFurthermore,
the lossesareinputted into a weightedallocator,which utilizesthe
lossedo calculatesampleweightsto assigndilerent importanceto
individual samplesdasedn their relevancebetweensourceandtar-
getdata,guiding the modelin prioritizing andleveragingthe most
relevantandinformative datato makeaccurateyping classi“cation
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results.Meanwhile,we trained alanguagemodelcombiningword-
level and character-leveh-gram methodswith autocorrectionand
edit distancelltering for accurateT9 input prediction.

Text Phase.In the text entry phasewe directly input the raw
operationdata,capturedirom the userOspecilctyping actions,into
our system.Thedatathenundergoesignalprocessingfollowed by
analysisthrough a trained adaptivemodeland!ne-tuned language
decoderwhich processethe input to output the correcttext results
basedon the userOactions.

3.2 Typing Signal Processing

Standardization and Segmentation. Typing datacollectedfrom
IMU contains3-axisacceleratiomlata,3-axisgyroscopéata and
3-axismagnetometedata.Gyroscopalataare usedto segmenges
ture signalsbecausef their more distinguishablesignal patterns
than accelerationand magnetometedata. To makean accurate
segmentwe !rst standardizeddatathrough z-score[35, which
preserveshe datadistribution andemploysthe thresholddetection
methodto approximatelydetectthe start point of the gesture Then,
we searchfor the maximumpointsin the vicinity of the previously
identiled start pointsto re!ne the determinationof gesturestart
time by eliminating redundantpointsidentiled through the thresh-
old method,which hasgoodperformancefor tapping,waving,and
pinching operationshamedunimodaltyping operations However,
this methodis not suitablefor typing operationswith multiple
peaksin continuousoperations suchasdouble-tappinganddouble-
pinching, namedbimodaltyping operationsshownin Fig.3.
Unimodal Typing. Usingthe maximumpointsidenti'led above,
we caneectively segmenthe databy applying an experimentally
determinedwvindow sizeof sixty samplesAfter segmentinghe data,
we calculatethe sumof the Irst tenandlastten datapointsin each
segmento eliminateo"set data.Segmentsvith a calculatedsum
belowthe thresholdwe havesetempirically,indicating a notable
datadeviation,arediscardedBy employingthis approachwe can
relne the segmentationprocessand ensurethat only segments
with relatively consistentdataare retainedfor further analysis.
Bimodal Typing. Bimodalsegmentatiorintroducesmoreun-
certainty asthe maximum point may occur at the secondpeak,
makingthe segmentatiorandrecognitionprocessmorechalleng
ing. To ensurethe quality of the segmentediata,we incorporatean
additionalcondition to calculatethe sumof the twenty datapoints
precedingandfollowing the maximumvaluepoint identi'led above
simultaneouslyrespectivelylf the sumof the precedingpointsis
lessthan that of the following points,we will fetchanadditional
twenty datapoints backwardfrom the maximumpoint comparing
anotherside.Converselywe will fetch anadditionaltwenty data
points forward from the maximumpoint comparinganotherside.
This approachaddressethe issueof bimodalpeakdetectionwhere
the peakmay befar from the starting point, which is acommon
occurrencein continuoustyping operationdetection.Fig.5 and
Fig.6illustrate how to calculateand comparethe sumandsegment
further basedon the comparisorresults.Additionally, we setthe
window stepequalto eighty experimentallywhich is largerthan
sixty of the unimodalsegmentationOncethe segmentediatais
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Algorithm  1: Typing SignalProcessingf RingByte

Input: A : standardizedlatawith maximumpoints! ;! :
standardizedlata;" 1: detectionthreshold;",: !lter
threshold;# segmentatiorength; &: middleclips.

Output: G: generatedsignalclips.

1 for eachmaximumpoint! ! A do

2 | $%& = $%E(I " 20:1),$%& = $%&(! 1! + 20)

3 if $%& > $%& then

4 if $%&&(:10)) > ", and$%& & (" 10:)) > ", then
5 | &# [ #2000 +4)]

6 end

7 end

8 elseif $%& & (: 10)) > ", and$%& & (" 10:)) > ", then
9 | &# [ # +#+20)]

10 end

11 end

2[4 2 L 1# O ) (6)

B[ . E DR L 2 ]

14 G# ['1, 2., ]

15 Output generatedsignalclips G.

obtained we employa methodsimilar to that of unimodalsegmen
tation to calculatethe sumof the Irst ten andlastten datapoints
in eachsegmento eliminateo"set data.

Interpolation and Augmentation. After obtainingthe segmented
gyroscopedata,we apply the sameoperationsto acceleratiordata
to align the windowOstarting and endingpoints. Then,we apply
alinear interpolation[4] methodto ensureall the segmenthave
the samedimensionequalto 6 $ 10Q preparingfor the domain
adaptiveneuralnetwork. Furthermore asa result of dividing our
rotating planeinto eight equalsegmentsthe signalcharacteristics
exhibit variations acrossthesedistinct angle zones.Our experk
mental!ndings revealthat the signalpatternof the samegesture
remainsconsistentyith the only dilerencebeingthe corresponding
rotation planeaxis,whichimplieswe canuserotationmatrix [39 !
to generatehe otherseverangles@atabasedn oneanglezonedata
wecollectedAccordingto the rotation plane,we de!ne the rotation

matrix asfollows:
A 0 0 %
9= cos' "sin"§ (1)

® sin"  cos"

where" representghe rotation angle comparedto the original

angle # meansthe angleat which we collecteddata,and$ means
the targetanglewe wantedto generate Additionally, we introduce
arandomparameterbetween0.5and 1.5to enhancehe diversity

of our data,which is multiplied by the rotation matrix, further

increasingthe range of possiblesignal patterns.By combining
the rotation matrix with this randomparameterwe cane"ectively

capturethe variationsin signalcharacteristicacrossi"erent word

anglezonesproviding a more comprehensiveepresentatiorof the

gesturegperformed.Alg. 1illustratesthe detailedsignalprocessing
work#ow of RingByteusingthe bimodalsignalasan example.
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3.3 Typing Adaptive Model

This sectionis divided into three parts to introduce our cross-
domainattention in domainadaptivemodelwith weightedallocator
(CaDAW):1) Adaptation problemde!nition in RingBytescenar
i0s,2) Cross-domairattention discriminator,and 3) Classiler and

weightedallocator.

Adaptation Problem Delnition. In RingBytesetting,both cross-
personandcross-!ngerscenariosare consideredo prove our sys
temOsobustnessSpecilcally, the collecteddataset  containsdata
from di"erent personswith di"erent Ingers, encompassingpotal

" classesvith label# . Subsequentlywe separatehe dataseinto

cross-persorand cross-!ngerscenariosForthe cross-persorsce
nario, we sequentiallyselectoneuserto serveasthe targetdomain,
denotedas! g = {(%)}. And remainingportion of the datasetde-
notedas! 1# = {($,#)},is usedasthe sourcedomain.Similarly, for

the cross-Ingerscenariowe chooseone!nger asthetargetdomain

in turn, representedas! ;A’: {($)}, while the restof the dataset

becomeshe sourcedomain denotedas! = {($,#)}. Meanwhile,
we assigna domainlabelof % = 0to the sourcedomainand% = 1
to the targetdomainduring the training process.
Cross-domain Attention Discriminator. Traditional domain
adaptationmethodsmainly usethe CNN network to makediscrim-
inators, which is not adequateor complextasks.We proposea
novel cross-domairattention discriminatormethodbasedon the
self-attentionmechanismto solvecross-persorand cross-Inger
scenariosln termsof the original self-attentionmechanismit con
sistsof three vectors:query &, key' , andvalue( getting from
the sharedquery weight) &, key weight) ' andvalueweight
) ( [41]. Unlike the self-attentionmechanismpur cross-domain
attention mechanismincorporatesthe query vectorsfrom onedo-
main to calculateattention over anotherdomainOkey-valuepairs
enablinga dynamicinteractionbetweenthe sourceandtargetdo-
mains,allowing themto exchangenformation and enhancetheir
respectiverepresentationsSpeci!cally,the modelemploysthe tar-
getdomainOguery vector&g to calculateattention overthe source
domainOkey-valuepairs (' 1,(1). This allowsthe modelto iden
tify the relevantsourcefeaturesthat align with the targetquery,
generatingfeaturesthrough the source-to-targetlomainattention
mechanism:

* — &' $)

++-+./- (0,9 =1/ 2+34$(—!7)($. 2

0

whereQ, K, andV representguery, key, andvaluevectors,0 means
sourcedomain,+meanstargetdomain,%representghe dimension
of latent features,and5 representsa transposeoperation.Fig.7
showcaseshe detailedinferenceprocesf the cross-domairatten
tion mechanisnfrom sourceto target. Converselywe canemploy
the sameprinciple to calculatetarget-to-sourcedlomainattention.
By integrating both source-to-targeindtarget-to-sourcedomain
attentionmechanismsthe modelcreatesa bidirectionalinteraction
that enhancegshe representatiorof both domainsjmproving the
overallgeneralizationability of our CaDAW model.
Classiler and Weighted Allocator. Regardingclassilers,we
Irst usea CNN neural network to extractthe latent featuresin
sourceand targetdomaindata.Meanwhile,featuresare fed into
afully connectedayerto getthe predictedlabelcomparedwith
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Figure 7: Inference processof cross-domain attention mech-
anism from source to target domain.

the truth labelto calculatesourcedomainclassi!cationlossL :,
However,the targetdatais unlabeledvhenfedinto the classi'er
to improve the modelOadaptationability. Pseudo-labgbroduced
by the classiler basedon sourcedomaindata,therefore,is usedto
calculatetargetdomainclassi!cationIossL)+ , to train the adaptive
model.To mitigate noisy datacausedy pseudo-labelve employ
amaskandintroduceathresholdparameterdenotedas6, based
on the classilcationprobability 74 ;0 . Overall,we cancalculate
the classi!cationlossconsideringboth the accuratdabelsfrom the
sourcedomainandthe reliable pseudo-label®btainedfrom the
targetdomainto optimizethe parameterof the featureextractor
andclassileras:
1!
Le1(8n8) =— 9(8%8)
"=1
" 3)

: 3 %(8%8.),

+
1

21, +13 2221 +1

where8y,and8; representhe parametersetscorrespondingo the
featureextractorandclassi'er, respectively. + is the numberof
samplesfrom training users; is the total numberof samplesrom
training usersandnew users,and3 ; is the maskvalueof the j-th
targetsample.

The weightedallocatormainly generatessampleweightsand
outputstwo weighteddomainlossego optimizethe domaindis-
criminatorOgparametersThe normalizedsampleweight ; +(8)
obtainedfrom the weight allocatorcanbe calculatecthrough the
equation:

<(8&)
31<2(8) + =( 51 <2(8))
where8; representshe parametersetsof weighteddomainalloca
tor, > representdhe batchsize,and= is a constantthat prevents

computationerrorswhen all <,(8; ) arezero.The sampleweight,
denotedas<-(8; ), canbeexpresseds:

<(8)=) (F(8%8)" 9(848):8&), (5)

where§ representghe parametersof the domaindiscriminator,
" representsthe concatenationoperation,and) is a function
that takesd (8, 8.) asinput from the classiler andd (8,8 ) from

(@) = @
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the domain discriminator, with the weighted allocator parame
ters!, . Therefore the weighteddomainallocatorloss,denotedas
L™ (14,!+;! ), canbecomputedasfollows:

1$
Lo (et )= s #0800) (6

%1

To summarizethe modelOsarametersreoptimizedby considering
four main lossedistedin Fig.7: sourcedomainclassi!cationloss

L 5&0 ,targetdomainclassi!cationlossL ,*() , sourceweighteddomain

lossL& andtargetweighteddomainiossL ., . Basedon these
optimization processesa trained classiler basedon the pseudo-
labelcombinedwith aweightedallocatorpresentsobustdomain

adaptationin both cross-persorand cross-!ngerscenarios.

3.4 Text Entry Decoder

Euler angle and characters layout mapping. After the typing
recognitionresultsare obtained RingBytewill providethe text con
tent basedon the mappingrelationshipwith the charactedayout
anglecorrespondingo the Euleranglementionedabove Specif
ically, we partitioned the Euleranglerangeinto eight equalseg
ments,eachspanning45degreesThe segmentsvere mappedo
correspondingcharactersasfollows: 0" P45 to "ABC,"46 £90 to
"DEF,91 P135 to "GHI,"136 BL80 to "JKL,'andsoon. In addition,
userscanrecon!gure the mappingto their preferredlayout, such
asQWERTYhpecauseur systemutilizesabsoluteinputs with !xed
anglemappingrelativeto the outerring. We adoptedthe T9-based
layout becausét provedmoreintuitive andaccessiblgiven our
novel hardwaredesignand interaction method.To calculatethe
Euleranglealigning the rotation plane,we utilize the 9-axisIMU
to achievemore accurateEulerangleestimationby avoiding static
error anderror causedy gravity sensorghroughtheir complemen
tary capabilities Basedon the rotation relationshipbetweenthe
sensorcoordinatesystemandthe geographicatoordinatesystem,
we canusedirection cosinematrix [26 36 andKalman!lter [3§
to calculatethe Euler angle.Speci!cally, we usequaternion[3]
directly accordingto the equationbelow:

;?/00 ;:0(* 22+ +,- ), 1! 2(+2+,2))°o
mE=7 (. /0112#, ! -+)) , @)
5 H) (20 ++,),11 2(,2+-2)

where?2, & and' correspondto the roll, pitch, andyaw angles.
3,,,-,and# arethe quaternionreadingfrom the IMU sensor.
Oncewe obtainthe correctEuleranglesafter rotating the outer
ring, we canmapthemto the correspondingcharactersaccording
to the keyboardlayout. To illustrate this process|etOsonsideran
examplewherewe want to input the word UIST Firstly, we rotate
the ringO®uter layer to the angleposition correspondingo the
charactersT UV. Then,we tap the surfaceof the outer layerto input
the desiredcharactersNext,we performsimilar operationsto input
charactersGHI, PQRSand TUV. As we input eachcharacterzone,
our input boxwill simultaneouslydisplayseveralcandidatewords
for selectionbasedon our text decodedanguagemodel.If the Irst
suggestedvord is not what we intended,we canwaveour Inger
downwardsto browseandchoosethe desiredword from the options
provided.Finally,to con!rm our input, we pinch the Ingertips of
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Figure 8: RingByte data collection on dilerent "ngers and
positions: FlIndex "nger, F2Middle "nger, F3Ring "nger.

our thumbandindex!nger together.By following thesestepswe
cane"ciently input the desiredword using RingByte

Text decoderlanguage model. Totrain alanguagemodelfor aT9
input systemwe implementeda hybrid approachcombiningword-
level and character-leveh-gram methodsbasedon KenLM[1§,
followed by anintegratedautocorrectionprocessinitially, we col
lecteda large corpusof T9-compatibletext datafrom NUSSMS
Corpus[7] and SMSSpamCollection[1]. Thesedatasetconsistof
real SMSmessagefrom the erawhen T9 wasprevalent,making
themshort,informal, and naturally alignedwith the T9 keyboard®s
characterset.Then,we standardizedhe text by convertingit to low-
ercaseand!ltering out characterdeyondthe T9vocabulary(a,0-9,
andbasicpunctuationlike commasand periods).Forthe character-
level model,we trained a 5-grammodelto capture!ne-grained
patternsin keypresssequencege.g. OABCAABCQIKLEANdODEFO
mappingto Ocake@nablingprecisecharacter-by-charactepredic
tions. Simultaneouslywe trained a 3-gramword-levelmodelusing
avocabularyof 100kcommonEnglishwords,leveragingcontextual
relationships(e.g. Owant toOpredicting Obake(jjhe training data
waspreprocesseffom Wikipedia,ensuringcompatibility with the
T9input constraints Forautocorrectionwe combinedboth models:
the character-leveb-gram!rst generatesandidatesequenceffom
ambiguouskeypressege.g. OABC@QABC@JIKL@nd ODEFgeld-
ing OcakeObake Obase@hen the word-level 3-gramscoreshese
candidatesasedon contextualprobability (e.g. favoring Obakein
Owant to bakeOAn edit distancellter [22 further relnes the out-
put by correctingminor keypresserrors,ensuringthe Inal result
alignswith both statisticallikelihood and userintent. This hybrid
training andautocorrectionpipeline e#ectivelybalancegprediction
accuracyanderror correctionfor T9 inputs.

4 Evaluation 1: Typing Accuracy

4.1 Experimental Setup

Data collection of typing operations. To evaluateRingBytetyp-
ing operationperformancewe recruited21 participants(8 females,
13males)agedfrom 20to 32.Eachparticipantwasinstructedto
performsix typing gesturescorrespondingo the RingBytetyping
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operationamentionedabove Consideringour experimentarequire-
ments,we collecteddatafor eachgesture100times,resultingin
600timesper Inger. Meanwhile,we randomlydividedthe partici-
pantsinto threegroupsto collectdi"erent Inger datato evaluate
the robustnesf our modelin both cross-!Ingerandcross-person
scenariosDatawascollectedusingan IMU module(ICM-42607)
with a samplingfrequencyof 100Hz. It is worth noting that all
the datacollectionwas performedon the participants@ight hand,
andthere are no specilc limitations on where to wear the ring
onthe Inger collectingdata,which is determinedby the wearing
comfort of di"erent personsMoreover,the datacollectionis re-
strictedto the wordOsingleof collectionbetween0 and45degrees,
representingthe !Irst characterzone.Overall,our datacollected
not only includesdi“erent personsanddi“erent Ingers but also
hasno limitations on the wearing positions,shownin Fig.8.

After completingthe dataprocessingoutlined above,we ob-
tained gesturedatafor all eightinput zonesfrom 21individuals
andthreedi"erent Ingers. Consequentlyyve createdtwo datasets
to evaluatecross-persorand cross-Ingerscenariosthe RingByte
cross-person-basg@®P-CroPandthe RingBytecross-Inger-based
(RP-CroFjlatasetsThe RP-CroRlatasetcomprise21individuals,
eachproviding datafrom two !ngers containing approximately
9.6ktyping operations.The RP-CroFdatasetconsistsof datafrom
threedi"erent Ingers, with each!nger correspondingo datafrom
14di"erent individuals,which containsapproximately67.2kop-
erationsof text input. Then,we implementexperimentsbasedn
thesetwo datasetgo evaluatethe performanceof CaDAWin both
cross-persorand cross-!ngerscenarios.

Training Details and Metric 1. We implementthe CaDAW
modelusingthe PyTorchframework[34] andtrain the neuralnet-
work on a desktopequippedwith an NVIDIA RTX3090GP Ufea-
turing 24 GB of memoryandan AMD RyzenThreadripperPRO
3955WX16-Coreprocessororthe CaDAWtraining processAdam
optimizerwith aninitial learningrate of 0.008wasusedfor opti-
mization,andthe maximumnumberof training epochswvassetto
150 Thetwo datasetsBatchsizeequals512 andthe pseudo-label
thresholdwas setto 0.2 basedon our experimentalsetting. Re
gardingdomainadaptationevaluationin our experimentswe use
the leave-one-person-out-cross-validationethodwith reference
to [28. Meanwhile,we randomly split the sourcedatainto training
andvalidationdatasetsn a 80%to 20%atio. As for the targetdata,
we split it into adaptiveandtestingdatasetsn the ratio of! and
1! 1, respectivelywhere! takesthe valuesof 0.1, 0.3, 0.5, and
0.8. The model,therefore,trains on the training data,combines
adaptivedata,tuneson the valuationdata,and!nally evaluateghe
targetdomaintestingdata.We usethreerandomseedso reportthe
averageperformanceasthe!nal resultfor the fairnessof theresults.
We useAccuracyPrecisionRecalland F1-Scorasthe evaluation
metricsthat comprehensivelevaluatethe CaDAWOperformance.

4.2 Typing Operation Overall Performance

In the contextof RingBytethe precisiorof typing operationglirectly
relectsthe performancef text entry,aseachoperatiorcorresponds
to a speci“cinput commandTherefore,in the following experk
ments,we focuson typing operationsperformancedivided into
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cross-persorand cross-!Inger scenariosyhich re#ecttext entry
performancein real-world applications.

Table 2: Performance of CaDAW in cross-person scenario.

Metrics Accuracy  Precision  Recall F1Score

0.1 96.0% 95.6% 93.4% 94.3%

oo 0.3 96.3% 95.7% 93.7% 94.6%
P 55 96.4% 95.0%  93.9%  95.0%
0.8 96.9% 95.5% 94.7% 94.8%

Overall Average 96.40% 95.45%  94.15%  94.68%

Cross-Person Scenario. To evaluatethe convenienceof our Ring-
Bytesystemfor new userswe initially employthe RP-CroRlataset
combinedwith our CaDAW model.The running resultsfor each
new userare aggregatedo calculateaverageperformancemea
suresin the RP-CroRlatasetomprising2lusersgeachindividual is
consideredh new useronce,servingasthe targetuserto verify our
modelOmbustnessandthe remainingdatais utilized asthe source
datafor training. Another signilcant aspecbf our evaluationis the
impactof the adaptationratio size,denotedas" xge Thereforewe
graduallyassesshe in#fuenceof adaptationratio size rangingfrom
10%0 80%The comparisorresultsaredepictedin Tab.2,demon
strating our modelOmbustnesevenwith a minimal adaptation
ratio size.Speci!cally,evenwith only 10%adaptationratio size,our
modelachievesa goodaccuracyof 96.0% andit achieveghe best
accuracyof 969%whenthe " «ug44s up to 80%Additionally, we
comparedhe resultswithout adaptation(" -xgegequalto 0) with
the resultswhen" «49,g£qualsl0%of the adaptationcondition and
found that they are both 96.0% Overall,theseresultsillustrate that
our CaDAW model can give satisfactoryaccuracyto new users
evenwith aslight adaptationratio size.

Table 3: Performance of CaDAW in cross-Inger scenario.

Metrics Accuracy  Precision  Recall F1Score

0.1 94.9% 93.2% 95.8% 94.5%

| oo 0.3 95.2% 937%  96.2% _ 94.9%
% T8 96.0% 939%  96.6%  95.2%
0.8 96.8% 94.7% 97.4% 96.1%

Overall Average 95.73% 93.88%  96.50% 95.18%

Cross-Finger Scenario. To further enhancethe adaptability of
our RingBytesystemand caterto the diverseneedsof individuals,
we conductexperimentsusing the RP-CroFdatasetto evaluate
the robustnesf our modelin di"erent Inger scenariosLike the
cross-persorsituationsdiscussecarlier,we employa similar ap-
proach,using two out of the three Ingers asthe sourcedomain
andtreating the remaining!nger asthe targetdomainfrom the
RP-CroFlatasetTheresultsarehighly promising,with the average
accuracyconsistentlyexceeding®4.9%acrossvarying adaptation
ratios. Forinstance whenthe adaptationratio sizeis setat 10%the
modelachievesanaccuracyof 949%which progressivelyincreases
to 96.8%whenthe adaptationratio sizereache80%Theselndings
indicatethat evenwith a smallerproportion of adaptationdata,the
CaDAWmodelcanadapte"ectively to di"erent Inger scenarios,
showcasingts robustnessandversatility. When comparingthese
resultswith the performanceobtainedwithout adaptationwherein
the accuracystandsat 935% we observea signilcant improvement
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Figure 9: Accuracy comparison performance of CaDAW and
four SOTAmethods in the cross-person scenario.

of 3.3%in the cross-Ingercondition. And the detailedresultsare
shownin Tab.3.In conclusionour CaDAWmodelnot only exhibits
exceptionalperformancen addressingross-persorthallengesut
alsodemonstratesa remarkablecapability to adaptto di"erent
Inger scenarios.

4.3 Comparison with SOTA Methods

To assesshe performanceof our CaDAW model,we conducta
comprehensiveeomparisonwith severalstate-of-the-art(SOTA)
methodsthat addresghe domainadaptationproblem.The methods
we selectfor comparisorincludeclassiddomainAdversarialNeural
Network (DANN)[13, Weighting Allocator-basedSWL-Adapt{19,

GenerativeAdversarialNetwork-basedHMGAN [ 6], andarecent
source-freedomainadaptationmethod MAPU_SFDAS37. Toen
surea fair and consistentcomparisonwe re-implementall target
adaptationsettingswithin our frameworkwhile maintainingthe

samebackbonenetwork architectureandtraining strategiesThis

ensureghat any di"erencesin performancecanbeattributedto

the specilc approachemployedandnot to variationsin implemen
tation details.Eachof thesemethodsbringsits uniqueapproachto

the problem:

¥ Domain-Adversarial Training of Neural Networks (DANN)
utilizesa gradientreversallayer to train a domaindiscriminator
network to distinguishbetweendomainsadversarially.

¥ Domain adaptation model with sample weight learning
(SWL-Adapt) employsa parameterizechetwork to calculate
sampleweightsby consideringthe classi!cationlossanddomain
discriminationloss.

¥ Hierarchical Multi-Modal Generative Adversarial Network
(HGMAN) comprisesseveralmodalgeneratorsa hierarchical
discriminator,anda classiler.

¥ MAsk and imPUte for source-free adaptation (MAPU_SFDA)
randomly masksand capturestemporalfeaturesin sourcedo-
mainsandguidestargetadaptations.

We thoroughly evaluatethe comparedmnethodsby calculating

their averageaccuracyprecision recall,and F1-scorevaluesacross
di"erent adaptiveratio rangesranging from 10%to 80% These

Figure 10: Accuracy comparison performance of CaDAW and
four SOTA methods in the cross-Inger scenario.

performancemetricsarethen comparedwith our CaDAWmodelto
assesds e"ectivenesswhich is presentedn Fig.9 andFig.10.No-
tably, our CaDAW modelachievedanimpressiveoverallaccuracy
of 96.4%in the cross-persorsituation and 95.7%in the cross-!nger
situation,respectivelyThe classidDANN methodachievesanaccu
racy of only 69.9%and 788%for the cross-persorand cross-!nger
situations,respectivelyfalling signi'cantly shortof the required
accuracylevels.On the other hand,SWL-Adaptand MAP U demorn
strate higher overall accuraciesabove90%for the cross-person
scenarioyet they still lagbehindCaDAW by 1.9%and3.7% respee
tively. In the cross-!ngerscenarioSWL-Adapiachievegnexcellent
overall performanceof 94.6% alsotrailing CaDAW by only 1.1%
However, MAP UOsverall performancefor the cross-Inger sce
nario is merely 839% which is insu#cient for accuratehuman
activity recognition.Furthermore HMGAN showsexceptionalac
curacyof 97.3%and 97.1%for the cross-persorand cross-Inger
situations,respectivelywhen! -4g0is setto 80% Theseresults
slightly outperformCaDAWOsorrespondingaccuracyof 96.9%and
96.8% However,it is worth noting that HMGANOgerformance
deterioratessigni!cantly asthe! -4gogdecreasegraduallyfrom 80%
to 10%or both cross-persormndcross-!ngerscenariosln practical
applicationsasmaller! ;-4g,indicatesbetterandfasteradaptation
to new usersmakingit acritical factorto considerConsequently,
the superiorperformanceand robustnessf our CaDAW model,
surpassinghe comparedmethodsin both scenariosemphasizéts
e"ectivenessandsuitability for our RingBytesystem.

4.4 Ablation Study

Below, we presenta comparativeanalysisof the e"ectivenessof
eachsystemmodulein CaDAW.We designthree systemvariants
to assessheir impacton typing recognitionby removingspeci'c
functional modulesfrom the model architecture.To accurately
evaluatethe e"ect, we setthe value of ! |-4g9,t0 0.8. The three
variantsof CaDAW are asfollows:

¥ CaDAW-D: This variantis obtainedby removingthe domain
adaptiveparts.
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Figure 11: CaDAW model ablation study.

CaDAW-S

¥ CaDAW-S: This variantis obtainedby removingsampleweight
learningfrom the targetsamples.

¥ CaDAW-C: This variant is obtainedby removing the cross-
domain attention discrimination lossesfrom the input of the
weightedallocator.

Theresultsof our analysisare presentedn Fig.11.Firstly, the com-
parisonbetweenCaDAW-D and CaDAW highlights the elcacy of
our domainadaptationpartsin both cross-"ngerandcross-person
scenarioswith almost23%mprovementsin accuracySecondly,
the comparisonbetweenCaDAW-Sand CaDAW provesthe e! -
cacyof the weighting allocatorcomponentwhen consideringtarget
sampledn both cross-"ngerand cross-persorscenariosFinally,
the accuracyof variantsCaDAW-Cand CaDAW demonstrateshe
importanceof the cross-domairattention componentwhich en
courageghe systemto learnfrom di#erentdomainsandenhances
its adaptationability, particularly in scenarioswith alimited num-
berof domainssuchasthe cross-"ngerscenario.

5 Evaluation 2:Online Text Entry

5.1 Experimental Setup

Prototype. WeimplementRingByteon acustom-builtdouble-layer
smartring, which is basedn the DA1458% hipsetlt includesaBLE
chipandan MU module(ICM-42607yvith a 3-axisaccelerometer,
a 3-axisgyroscopeand a 3-axismagnetometechip. The sizeof
thering is22! | 28! | andthe weightis approximately12.7g
in total, including a 6.4gsensorboardand a 6.3gring structure
with arotation function. In our future work, we will designa better
double-layercustomizeding with the outerring embeddedvith a
$exibleIMU sensorandwell integratedinto the outerring structure.
We usethe smartphone(rootedOnePlusAce2Pro)asour terminal
for the edgedeviceto displayreal-timeinput characterdataand
typing operationsFig.12(a)showsthe prototype scalewe used.To
provideaclearerillustration of the RingByteoperation,we alxed
white tapeto the designatedetter regionson the outer ring of the
device,asshownin Fig. 12 (b), therebyfacilitating participants®
understandingof the systemOfsinctionality andthe corresponding
letter-mappingrelationshipsduring datacollection. Thesevisual
aidshaveno impacton the coreoperationof the systemandare
solelyintendedto help new usersgetfamiliar with RingBytemore
quickly; usersmay freely customizethe markingsaccordingto
their personalpreferencessuchasapplying decorativestickers,
engravingsymbolsor opting to leavethe surfaceunaltered.
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Figure 12:RingByte prototype: (a) Scaleof RingByte. (b) Char-
acter zonesare marked with white tape.

Data collection of text entry. To evaluatethe text entry perfor-
manceof RingByteandour languagedecodersystemunderrealistic
working conditions,we conducteda four-dayin-olce studysimu-
lating daily workplaceusageWe recruited8 additionalparticipants
(3femalesb malesyaged22-28to performtext entry tasksin acom-
monolce environmentdesignedo simulateeverydaycomputing
tasksshownin Fig.14(a).Participantsself-reportecthat they were
familiar with the T9-basedeyboardlayout andalwaysusedit on
their smartphonedlaily. Eachparticipantwasaskedto transcribe
20phrasegandomly sampledrom the MacKenziephraseset[3(
asquickly andaccuratelyaspossible Beforecollectingdata,there
wasa 30-minutefamiliarization phaseaboutthe keyboardlayout
of RingByteandthe positionsof di#erent charactersEachday, par-
ticipantstranscribed20phrasedn two sessionswith a"ve-minute
restperiodafter eachsessionMeanwhile,we evaluatedRingByt®s
performancein di#erent usagehabitsby having participantsin-
put the samephraseausingtheir index, middle,andring "ngers,
respectivelyNotably, datacollectionin all three conditionswas
conductedexclusivelyon the right index, middle,andring "ngers.

Metric 2: Words Per Minute and Total Error Rate. We as
sessedhe text entry speedusingthe metric of Words PerMinute
(WPM)[2] with this formula:

I%n 1
&

1
# 60# . 8)

where |% denotesthe length of the transcribedstring, including
blank spacesand& representghe total time takento transcribe
the string. To evaluatetext entry speedunderdi#erent habits,we
initially computedthe averagespeedfor three di#erent "ngers.
Subsequentlywe employedtheseindividual resultsto derivethe
overallaveragespeedacrosdi#erentindividuals,alongwith the
standarddeviation(SD) which servedasanindicator of the overall
performanceacrossdi#erent people.Additionally, we reported
the Total Error Rate(TER)[47], a metric calculatedasthe sumof
correctedanduncorrectecerrorsin the "nal output phrasedivided
by the total numberof referenceunits (e.g. wordsor characters)
through the equation:

" s =

) +)H*

e

©)
where)* (incorrect-"xed) representsall backspacedharacters
correctedduring text entry, )+ * (incorrect-not-"xed)denotesall
erroneouscharactergemainingin the "nal transcription,and,
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Figure 13: Performance of text entry speed.

(correct)representsall accuratelytranscribedcharactersin the
output text. TERaccountdor insertions,deletions substitutions,
and shifts, providing a comprehensiveneasureof systemaccuracy.

5.2 Text Entry Performance.

Text Entry Speed.Through our experimentalscenariosetting
above the speedobservedver a spanof four daysare presented
in Fig.13.The!gure illustratesa noticeableincreasen text entry
speedasthe numberof daysof deviceusageincreasesteachinga
peakof 222 WPM (SD= 2.63) on the fourth day,which is higher
enoughcomparedwith ring-basedext entry methodTipText[49
133 WPM. It is worth noting that evenindividuals with limited
exposureto RingBytewere ableto operateit e"ortlessly, achiev
ing atext entry speedof 1960WPM (SD= 3.25 on the Irst day,
which is alsohigher enoughcomparedwith ring-basedext entry
methodQwertyRing[15 1375WPM. Thus,RingByteacilitatesan
easylearningprocesawvith minimal costs.Overall,the speedcurve
exhibiteda non-convergingpatterntowardsthe endof the study,
which impliesthat text entry speedmay continueto improvewith
prolongedusage.

Text Error rate. RingByteachievedalow total error rate of 2.8%
in our experimentswhere eight participantscompletedaround
6,400to0tal trials (20phrases/day 10words/phrasel 4 days! 8
users)overfour days,evaluatingtext entry performancen seated
scenarios.This performancewas enabledby our optimized ro-
tating hardwaredesignsupportingbidirectionalrotations (clock-
wise/counterclockwisepand a robustlanguagedecodingsystem
providing real-timefeedbackhat e"ectively compensatedor mo-
tion artifacts.Post-studysurveysdemonstratedaround 90%user
satisfactionfor comfort,with no reportedfatigue- con!rming Ring-
ByteDseliability for extendedwearableuse.

5.3 Practical Scenario Applications

To comprehensivelyevaluatethe rotating smartring RingByt®s
robustnessand practicalutility, we conductedreal-worldtesting
acrossanothertwo distinct usagescenariodesideshe seatedsce
nariosmentionedabove:(1) mobileinput while walking, assessing
performanceduring physicalmovementand(2)subwaycommuting
conditions,evaluatingfunctionality in vibration-intensivepublic
transit environments.This multi-scenarioapproachrigorously ver-
iles RingByt®sadaptabilityto diversereal-life situationswhile
maintaininginput accuracyandusercomfort. In termsof the latter
two scenariosye adoptedan e#cient testing protocol by focusing
on Inal-day performancedatato validatereal-world practicality
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Figure 14: Application scenarios of RingByte.

rather than conductinga full four-day longitudinal study.All three
scenariosverecollectedusingthe sameprototypementionedabove,
with thering connectedvia Bluetoothto a smartphonerunning our
custominput application.Fig. 14 showedthe applicationscenarios
of RingByteandthe detailedresultsof eachscenarioare described
below.

Walking Scenario. In the walking condition shownin Fig.14
(b), participantsusedthe rotating ring input systemwhile walking
at a natural pace(1.2-1.4n/s) along a 30-meterindoor test path
without obstaclesaandturns. The systemmaintainedstableperfor-
mancewith an averagetext entry speedof 186 WPM (838%of
seatedscenarioland a moderateTERincreasefrom 2.6%to 4.2%
comparedwith seatedstationaryscenariosgdemonstratingremark-
ablerobustnesgo walking interference.

Subway Scenario. The RingBytesystemwastestedunderreal
subwayconditionsduring 0"-peak hours(9:00-10:08M)with mod-
eratepassengedensityshownin Fig.14(c).As subwaysoperated
at30! 50" /# with normalbrakingstop,the systemachievedl81
WPMwith 3.9%TER- demonstratingintermediateperformance
betweenthe two other experimentscenariosComparedto the
seatedcondition (222 WPM, 2.6%TER),subwayoperationshowed
18%slowerinput speedand 33%higher error rates,re$ectingthe
challenge®f transit environments However,it outperformedwalk-
ing conditions(186 WPM, 4.2%TER)with 7%betteraccuracyand
comparablespeedThis performancecon!rms the RingByt®se-
silienceto transit-environmentchallengeswhile outperforming
mobilewalking scenariosn input accuracy.

#

Hello UIST

Input Area

.

UIST virus visual virtual l
l----------_

Candidate Words

-] abc def
ghi jki mno
pars tuv wxyz

Figure 15: RingByte terminal Ul.

5.4 Terminal Ul

Asillustratedin Figurel5,the RingBytevisualterminal integrates
aT9-basedkeyboardlayout, a candidateword selectionarea,and
a dedicatedinput zoneto deliver a seamlessand intuitive user
experienceTheinterfaceis designedo provide clearvisualfeed
back,enhancingusabilityandengagementJsersavigatecharacter
zonegby rotating the outerring, selectingthe highlightedcharacter
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with a singletap on the ringOsurface For candidatecharacters
or words, a simpledownwardwave of the ring !nger highlights
the desiredoption, 0"ering immediatevisual conlrmation of the
selection.Theinput is Inalized through a precisethumb-to-ring
Ingertip pinch gesturewhich providesvisualfeedbacko ensure
con!dent operation.This multimodalinteractiondesignnot only
supportse#cient single-handedperationbut alsoachievesan
impressivetyping speedof 222 WPM in a seatedscenario.The
systemmaintainsa recognitionaccuracyexceeding@6%or typing
operationsgensuringreliableperformanceTheresponsivdeedback
mechanismsNcombiningisual cuesandintuitive gesturesNcreate
a $uid and comfortabletyping experiencemaking the interface
accessiblande#cient for prolongeduse.

5.5 User Study

In additionto the aforementionedxperimentsye conductedauser
study by inviting participantsto completea questionnaireregard
ing their experiencewith RingByteassessing from six di"erent
aspectsEachaspectvasevaluatedisingascorerangingfrom 1to 5
in Fig.16,indicatingthe levelof satisfactionwith RingByteThe!rst
aspectprivacy, hasgainedwidespreadacceptancéor its e"ective-
nessin privacy protection,with the rotating structuraladvantages
contributing to an averagescoreof 4.30 Portability, anotherkey
aspectplaysa crucialrole in the overall usageexperienceWith
animpressiveaveragescoreof 4.28 RingBytedemonstratestrong
potential for seamlesintegrationinto users@aily lives. The third
aspectregardingRingByteasa replacemenfor other text entry
methodson mobilecomputersalsoreceiveda favorableaverage
scoreof 4.00 Furthermore gaseof useandthe learninge"ect are
identiled asimportant factorsthat contribute to expandingthe
rangeof usagescenariosand usergroupsfor RingByteTheseas
pectsreceivedaveragescoresof 4.19and 3.93 respectivelyLastly,
we requestegarticipantsto providean overallscorebasedn their
usageexperienceaswell asconsideringfactorssuchassize weight,
practicality,andthe aforementionedaspectsThe majority of partic-
ipantsexpressea preferencdor RingBytegiving an averagescore
of 3.99 They expresse@n interestin incorporating RingBytanto
their daily livesandwearingit consistentlyasits sizeis comparable
to that of a generalring. Theseuserstudy Indings demonstrate
positive feedbackandindicatea high level of acceptancandin-
terestin RingByteasa practical,privacy-preservingandwearable
text entry solution.

6 Related Work

Text Entry without Physical Keyboard. Virtual keyboardshave
gainedsignilcant attentionin variousforms,rangingfrom acoustic,
capacitivecircuits,and smartwatchego head-mountedperations.
Magiclnput[33 usesacoustic-basedD !nger tracking technol
ogy to realizeatext input systemDigiTouch[46, basedon glove
devicesp"ers anintuitive ande#cient methodfor inputting text
by reimaginingthe keyboardlayout andincorporatingthumb-to-
Inger touch. In terms of smartwatch-basedeyboards,a novel
approachthat utilizes the vibrations capturedby an IMU sensor
on standardsmartwatchego enablepreciselnger interactions,
ViWatch[8], canrealizea T9 keyboardwriting systemwith com-
modity smartwatchesHandpad[29 utilizes capacitivesensingto

Wu etal.
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Figure 16: Rating scoresresults of user study. 1-strongly dis-
agree,5-strongly agree.

convertthe humanhandinto atouch-sensitivesurfacefor direct
interaction.However,unlike thesesystemswhich are not portable
and practicalfor everydayroutines, RingByteusesa ring-based
designdueto its portability, practicality,and compactdesign.
Ring-based Text Entry. Smartring servesasan excellentmedium
for collectingraw dataandtransmitting it to aterminal, enabling
awide rangeof inputs and applications[40, 48. WritingRing [17,
which relieson ring-basedhandwriting mappedto a 2D handwrit-
ing datasetfor input. RotoSwype[1§ tracks wrist rotation for
word-leveltyping. TypingRing[37 allowsusersto input charae
ters by selectingzonesthrough handmovementsandtappingthe
desiredkey with their index, middle,or ring !nger on the touch
surface TypeAnywhere[5]] utilized ten rings to detect!nger taps
correspondingo specilc keyboardpositionson the touch surface.
Intuitively, it would be more user-friendly and more accessible
to operateusingfewer Ingers to achievethe samefunctionality.
DRG-Keyboard25 enablesa!ngertip gesturekeyboardusingtwo
rings by measuringrelative attitude, mappingit to 2D !ngertip
coordinatesand detectingthumb touch eventsusing combined
data.QwertyRing[15 andRingVKB[24] both needto keeptheir
handsin one!xed positionto type. Unlike thesedesignsgither
needingto !x their wrist in onelocationor requiring atouch sur-
face,RingByten"ers a position-adaptive!nger-$exible, one-ring,
and privacy-preservingsolution to achievecharacter-levelnput
andensureuser-friendliness.

Domain Adaptation. Domain adaptationhasindeedgarnered
signilcant attention asa transferlearning methodto tackle the
domainshift problem[5, 44, 45 53. More recently,it hasstarted
to beappliedto time seriesdatato addresshe challengeposedby
heterogeneouslatadistributions,particularly in scenariosvhere
deeplearningmethodsexhibit poor performancd 10, 19. Thegoal
of domainadaptationis to leveragdabeleddatafrom a sourcedo-
main andunlabeleddatafrom atargetdomainto adaptthe modelOs
performanceto the target domain. To addressthesechallenges
comprehensivelyywe proposea domainadaptiveneuralnetwork
incorporatinga weightedallocatorcombinedwith a cross-domain
attention mechanisnto enhancethe modelOadaptationability in
our text entry RingBytesystem.This approachtacklesthe domain
adaptationobstaclesy consideringpersondiversity, Inger diver-
sity, andpositiondiversity, all of which arecrucialfactorsto realize
the practicality of mobiletext entry.



RingByte:EnhancingText-EntryPracticality via A SingularWearableRotating SmartRing

7 General Discussion

7.1 Application Scenarios

Thedevice,consistingof a singlering, haspotentialapplicationsin

variousscenario®f our daily lives.Besidesit canserveasacon
venienttext input medium,easilytransitioning from a decorative
accessoryo atemporaryalternative keyboardwhen traditional

input methodsareinconvenient.Forinstanceijt is invaluablewhen

walking on the roadand needingto respondto a messageirgently
or while travelingin spacesvhere physicalkeyboardsareimpracti-
cal,suchason airplanesor high-speedrain seatsandsoon. This

allowsusto electively handlesuchsituationswhile maintaining
user privacy. Moreover,dueto its one-ringdesignjt hasthe po-

tential to serveasan alternativetextinput methodfor individuals
with limited Inger mobility, suchasthosea"ectedby strokeor amy-
otrophiclateral sclerosi¢ALS)[12 27]. To further enhancenput

speedjconic characterssustomizedy yourselfcanbeengraved
aroundthe outerring, providing assistanc&uring texting.

7.2 Functional Extension

Beyondtext input, the rotating ring RingBytecanfunction asan

AR/VRcontroller, allowing usersto seamlesslynanipulatevirtual

objectsandnavigateenvironmentsusingintuitive rotationaland
tappinggesturesFor professionabpplicationsjt canalsoenable
precisepresentationcontrol with bidirectionalrotation for slide
navigation(with speed-sensitivadjustmentsindaudioengineer
ing taskslike scrolling through mixer channelswhile pressingto

adjustEQbands Additionally, we canintegrateit with smarthome
systemsgnablingcontrol of lights, appliancesand security sys
temswith simpletwists or tapsNeliminatingthe needfor multiple

remotesor smartphoneappswhile providing a streamlineduser-
friendly interface.Ultimately, the IMU-poweredsmartring not only

excelsin text entry but alsounlocksversatileinteractionsacross
entertainment professionalandsmarthomeenvironments thanks
to its rotational input and compactwearabledesign.

7.3 Future Work and Limitations

While RingByteenablegportabletext input through its compact
single-ringdesign,severallimitations mustbe addressedo opti-
mizeits usability acrossdiversescenariosThe current T9-based
keyboardlayout, while familiar, may not beideally suitedfor rota-
tional input, potentially compromisinginput speedandaccuracy.
Investigatingalternativelayoutsspeci“cally optimizedfor circular
input couldsigni“cantly improve both designergonomicsandtyp-
ing e#ciency for a broaderuserbaseTo further enhancehe user
experiencedevelopingan advancedext input decoderdeveraging
state-of-the-artanguagemodels(e.g. BERT[9], GPT-4[23) ises
sential. Suchmodels which haverevolutionizednatural language
processinggouldbe'"ne-tuned to betteraccommodatéhe unique
constraintsandopportunitiesof rotational input, therebyimprov-
ing predictionaccuracyand$uency.In termsof domainadaptation,
the experimentsconductedsofar haveonly utilized datacollected
from the right hand,disregardingthe mirror relationshipbetween
gestureof the left andright hands.To improvethe generalization
ability of the model,collectingmore diversedataandtraining a
robust modelcan enablethe systemto adaptbetterto dilerent
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usagescenariosFinally, realizingthe systemGapplicationsbeyond
text inputNcapitalizingon its portability, compactform factor,and
recon"gurableinterfaceNwill unlockits full potential.

8 Conclusion

In this paper,we proposeRingByte a novel, position-adaptive,
"nger-$exible,and person-adaptiveext entry systemby utilizing
only onering with arotating interaction structurethat addresses
the practicality and privacy requirementsgspeciallyfor text en
try in interactionwith wearabledevicesandreal-world environ-
ment applicationsNcontextsvhere both speedand accuracyare
essential Additionally, our domainadaptivemodel,incorporatinga
cross-domairattention mechanismand a weightedallocator,e!ec-
tively tackleschallengegelatedto position-adaptiveinteractions,
"nger-$exible inputs, andvariationsacrosddilerent usersander-
vironments.Through comprehensivesvaluationsof a substantial
self-collecteddatasetwe have demonstratedthe robust perfor-
manceof RingByten cross-persor{96.9%) and cross-"nger(96.8%
typing operations Meanwhilethe text entry systemRingBytecan
achievea high averagespeedf 222 WPMandalow total error rate
2.8%acrosshree"ngers. By bridging the gapbetweenpracticality,
privacy,andaccessibilityRingBytehasthe potentialto signi“cantly
improvethe text entry experienceor awide rangeof users.
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