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Figure 1: SketchGPT introduces a multimodal interaction that enablescommunication with large language models through
sketches and speech.lIt e ectively interprets users' open-ended and abstract interaction intentions within context, supporting

direct and unrestricted expression at the system level.
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Abstract

Humaninteractionwith largelanguagemodels(LLMs)is typically
con ned to text or imageinterfaces.Sketches er a powerful
mediumfor articulating creativeideasand user intentions, yet
their potential remainsunderexplored We proposeSketchGPT,
a novel interaction paradigmthat integratessketchand speech
input directly over the systeminterface,facilitating open-ended,
context-awarecommunicationwith LLMs. By leveragingthe com-
plementarystrengthsof multimodal inputs, expressionsare en-
richedwith semanticscopewhile maintaininge ciency. Interpret-
ing userintentions acrossdiversecontextsand modalitiesremains
akey challengeTo addresshis, we developedh prototype based
on a multi-agentframeworkthat infers userintentions within con-
text andgenerateexecutableontext-sensitiveandtoolkit-aware
feedbackUsing Chain-of-Thoughttechniquesfor temporaland
semanticalignment,the systemunderstandsmultimodalintentions
andperformsoperationsfollowing human-in-the-loopcon rma-
tion to ensurereliability. Userstudiesdemonstratethat SketchGPT
signi cantly outperforms unimodamanipulation approachesf-
fering more intuitive and e ective means to interact with LLMs.

CCS Concepts

" Human-centered computing !
teractive systems and tools.

Interaction techniques; In-
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1 Introduction

Largelanguagemodels(LLMs) are increasinglyintegratedinto
varioustasks,from recording[11, 47 andreading[3( to health-
care[32 71, 74, voice processind 54, dataanalysis[87, 88 97,

Huang et al.

Thesemodalitiesare limited in conveyingricher and more abstract
semanticsuchasspatial relational,symbolic,andgraphicaldetails,
which are also di cult to articulate clearly through text.

Sketchingis regardedasan accessiblande cient way to ex-
pressideas [1296]. However, previousvork has con nedthe use
of sketchedo speci ¢ applicationsor sketchvocabulariessuchas
handwritten notes,drawing, pengesturesand handwriting recog-
nition, without integrating them into broadersysteminterfaces.
Understandingsketchesandtheir contextwas previouslylimited,
but the adventof multimodallargelanguagemodels(MLLMs)has
openedup new possibilitiesfor sketchinteractions.Googleintro-
ducedthe Circle to Search feature[29, which allows usersto
searchwithin designatedareasThis interaction method,initially
appliedto imagesearchesand other speci ¢ tasks[37, 5¢, has
now beenexpandedo the systemlevel. Yenet al. [106] conducted
an exploratory study on codeediting using sketchedayeredon
the codeinterface.Expressinguiserintentions at the systemlevel
through sketching across broaderapplicationscenariosnvolv-
ing moregeneral and complegontexts remains a promisingyet
underexplored research direction.

Pushingsketchego system-levebnd open-endedcenarioof-
fersa exible language to communicatewith LLMs.However,
the inherent ambiguity [4, 6] and input ine ciency of sketches
posechallengesAlthough sketchescanfreely conveyarangeof
intentionsandaddresgapsin LLM interaction,the samesketch
canindicatedi erent intents in di erent contexts,for example,
anarrow may indicatepointing to an element,upwarddirection,
or movement.To disambiguatdheir intent, usersoften resortto
supplementaryhandwritten text, which further constrainsinput
e ciency. Text constitutesan e ective supplementto sketches
[81, 117; giventhat users'handsarefrequently occupiedduring
sketching,speech widely employedin intelligent assistaninter-
faces servesasa crucialmodality for disambiguatingntent and
conveying supplementary information.

In this paper,we proposeSketchGPTa novel interaction par-
adigm with LLMs that enablesusersto communicatethrough
sketchesand speechdirectly on top of systeminterfacesThe core
conceptof SketchGPTs to supportconcurrentmultimodalinten-
tion expressiorby leveragingthe tight couplingbetweencontext,
free-formsketch,and speectfor morenaturalande cient interac-
tion, asshown inFigure 1(a). ANizard-of-Oz studywas rst con-

etc. As these models evolve into capable agents handling complex ductedunderthe assumptionof fully capableLLMs,to investigate

challenge§104, moregeneralAl agentshavebeenemergingre-
cently[3, 58 90. Text prompting servesasthe major language
for human-LLMinteraction,which providesan indirect meansof
conveyingintentions. Achieving alignmentbetweenhumanintent
andmachineunderstandingequiresprecisecontextualarticulation
[1059 a processlemandingoothdeliberatee ort [7§ andexper-
tise[109. Consequentlywhen expressingntentions and context
proves di cult, users tend to favor more direct interactions [34].
Recentesearchhasexploredmore seamlesinteractionswith
LLMs.To supportnatural intention expressionnon-verbalcues
suchaseyegazeg 11,49, gesture§111, touch[2§, anddirectinter-
facemanipulation[59 havebeenemployedto leveragecontextual
cuesfor target reference reducing ambiguity and streamlining
communication Moreover,directinteractionswithin the GUlare
constrainedby the availableinterfaceelementso expresdntent.

how individualsexpresgheir intentionsin open-endedcenarios.
Theformativeinsightson patternsandpreferencesighlight the po-
tential of the conceptandfurther inspire the subsequenprototype.
The SketchGPBystemwasdevelopedn a multi-agentframework
with three stagesintention interpretation, feedbackgeneration,
andusercon rmation. The multimodalintentions aredynamically
interpretedbasedon the contextandtemporal-semanticorrela-
tions through multiple Chain-of-Thought(CoT)agents(Figurel(b)).
Another agentgenerategesponsedgrom userintentions and,us-
ing an extensibletoolkit, producesa concretelist of operationsto
bridge userinput and systemexecution(Figure 1(c)).Following
this, the useris engagedn the loop where con rmed intentions
are automatically executed (Figure 1(d)).


https://doi.org/10.1145/3746059.3747598

SketchGPT: A Sketch-based Multimodal Interface for Application-Agnostic LLM Interaction

SketchGPTcomplementsexisting interactions by enabling
higher-level,more natural intention expressiorrather than replac-
ing them. The evaluationof our conceptand systemfocuseson
modality in uence in this novel interaction setting-ather thandi-
rectbaselinecomparisonsWe conducteda userstudy comparing
SketchGPTwith unimodalinteractions(speechor sketchonly),
demonstratingthe advantage®f multimodal intention expression
in termsof comprehensioraccuracygxpressiore ciency, anduser
experienceln exploratoryscenariossimilar to daily tasks,users
reportedhigh satisfactionhighlighting the valueandacceptancef
the system.Our ndings from observationsandinterviewsfurther
revealedvaluableinsightsinto SketchGPTThe studiesreceived
ethical approval from the ethics board of our institution.

In summary,our contributionsare asfollows: (1) We propose
SketchGPTa multimodal interaction paradigmthat integrates
sketchesand speecHor open-endedsystemlevelinteractionwith
largelanguagemodels enhancingthe e ciency andnaturalnessof
intention expressiorby leveragingthe strengthsof both modalities.
(2) We implement aprototype systemwithin a multi-agentframe-
work that interprets ambiguousiser intents in contexts and allows
usercon rmed executionthrough ahuman-in-the-loopmechanism.
(3)Insightsand ndings from our userstudy underscorehe advan-
tages of our multimodal interaction over unimodal interactions.

2 Related Work

2.1 Interacting with LLMs

Theincreasinguseof LLMshasbroughtthe optimizationof human-
LLM interaction to the forefront of academiaiscoursePresent
researchpredominantly centerson improving this interaction
through three principal approaches.

Oneline of researchfocuseson optimizing the user'sinitial
prompt [8, 98 104, designingprompt work ows [103 or multi-
agentprocesse§l113 to enhancetaskperformanceThesemethods
do not require active userinvolvementduring the prompt process,
makingthemwidely adoptedn LLM-basedystemsWe apply such
techniquesin the SketchGPTrameworkfor key stepslike parsing
user intent and executing manipulations.

Another group of studiesdesigngraphicaluserinterfaces(GUIs)
tailoredfor speci c tasktypesto improve LLM interaction.By in-
troducing GUI operations[40, 59 83 99 1074 and visual designs
[41, 83, these methodgnhance promptuality and thepresenta-
tion of LLM outputs.TaskscoveredncludeLLM chaindesign[103,
prototypedesign[ 40, multi-stepretrosyntheticroute planning[83,
text writing [21, 41], imagegeneration[99, andelementmanipula-
tion [59. While improving interactione ciency anduserexperi-
encefor speci ¢ tasks,theseapproachedacescalabilitylimitations
for broadertask types. Additionally, human-LLMinteraction in
theseworks still relieson text-basedprompts,with GUl operations
servinga supplementaryrole. As aresult, representingsemantics
like spatial or shape-related concepts, remains challenging.

Thethird direction examinesncorporatingmodalitiesbeyond
textin human LLM interaction,including eye-tracking[49, speech
[54, gestureq 1117, sketch[106 107 andsensordata[1§. Thein-
troduction of thesemodalitiesenhanced LM's understandingof
environmentalcontext[16 49 111, aswell asimproving the natu-
ralnesq 16 49 117 ande ciency [54 of interactions,or providing
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alternativeinteraction methodsfor traditional tasks[106 107. A
few studieshaveexploredmultimodal fusion for human-LLMin-
teraction,combiningeye-trackingwith speech 11, 49 or speech
with touch[26. However,the potential of integrating sketchesand
speech for LLM interaction remains unexplored.
Currentresearchon LLMshaspredominantlyfocusedn speci ¢
taskscenariosywherethesemodelshaveprovene ective in solving
challenges thatraditional methodsstruggle with. However, exist-
ing works generallyrestrict LLMsto individual applicationswith-
out consideringtheir integration into broadermulti-application
work ows. Although e orts havebeenmadeto simplify LLM inter-
actionsthrough point-and-clickandreferentialactionscombined
with text input [59, using hand-drawnsketchestogetherwith
speech to convey user intent to LLMs has yet to be investigated.

2.2 Sketch Interactions

Sketchinteraction,valuedfor its ability to supportcognitive pro-
cessesand foster creative expression has beenextensivelyre-
searched and applied across a varietydigciplines. For example, it
hasbeenusedin taskssuchasdrawing [46 119, retrieving images
[69, 3D models[ 72, audio[22, codeediting[70,80, 106 107, doc-
ument annotation p1, 52 101, image generation§2, mobile ma-
nipulator teleoperation 39 andvideocontentgeneration[57. The
applications inthese elds demonstrate the capabilityf sketches
in expressing various semantics.

Despitesigni cant advancementsxisting sketch-baseéhterac-
tion methodsfaceseveralimitations. Onechallengeis the limited
optionsfor stylusinput modes Somestudiesenablemanualswitch-
ing betweenmodes suchastoggling betweensolid and dashed
lines to represent3D modelvisibility [72, or allowing usersto
alternatebetweendrawing andmanipulationmodeq 93. Although
the work by [39 allowsfor free-formsketching,switchingbetween
the modesfor controlling manipulator movementand grasping
still requiresan explicit togglevia a Ul element.A more exible
approachis foundin RichReview 108, which automaticallyadjusts
penmodesbasedon stroke characteristics angbosition. However,
this still relieson prede nedrulesratherthaninterpretingtheuser's
intent basedon the semanticof the sketch.Furthermore when
the task involves understandingthe intent from a sketch,most
systemgrely on prede ned gestureswhich limits the exibility of
interaction.Forinstance severalworks focusingon sketch-based
documenteditingandannotation[51, 52 107 designed/ariouspen
gesturedor commoninteractionbehaviorsin documentscenarios.
However,usersneededo memorizethesegesturesbeforeusing
the system rather than beingableto apply their own preferred
sketchingmethodsfor immediateuse.Additionally, sketchesof-
ten containmultiple elementswith distinct meaningsyet many
approachedreatthemasa singleentity, resultingin alossof im-
portant nuancesSomemethodsrely on recognitiontechniquego
identify prede ned units or treatindividual strokesasbasicprede-

ned elementg14 31, 11(. Cambeetal. [13] proposednterpreting

groupsof strokesasreusableslementghat canbeassembledhto
CAD objects.However,this is only a conceptuaimethodfor the
future and has not been implemented yet.
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Leveragingthe capabilitiesof MLLMs, SketchGP Tacilitatesa
morecomprehensiveinderstandingdf sketchsemanticdy incorpo-
rating speecthinput. This enableghe systemto distinguishbetween
di erent typesof strokes suchasthoseusedfor writing, drawingor

annotation, without relying onprede ned gestures or input modes.

2.3 Multimodal Interface Input

Multimodal interaction allows usersto engagewith computers
through variousinput methods suchasspeechgeyegaze gestures,
touch, and sketchesCombininginput modalitieso ers bene ts
like disambiguationyobustnesscontextualadaptability[65 66,
conveniencenaturalnessande ciency [9, 67]. Early systemdike
"Put-That-There'[9] and QuickSef18 427 demonstratedhe ad-
vantagesof integrating speechwith gesturesor peninput. How-
ever,thesesystemausedprede nedor referentialgestureslimiting
their expressivenesandrangeof applications.Incorporatinggaze
tracking into mobile devicesoften requiresadditional hardware
[15 24 61, 69, and built-in camerasolutionsstill lack accuracy
[4g. Touchinteractionon thesedevicess limited by "fat nger"
imprecision and di culty in targeting speci c elements [86].

Sketching carsimplify language andeduce ambiguityin com-
munication[11§, but relying solelyon sketchesnay lead tomisin-
terpretation[6]. Verbal expressioan enrichthe symbolic nature
of sketchesand provideclarity [25. Thesemodalitiesare comple-
mentaryand often usedtogetherin varioussettings[5, 6, 25 44.
Recentwork by Rosenberget al. [79] developeda sketchingand
speakinginterfacefor storytelling andinteractiveworld creation,
but did not parsesketchsemanticsaandrelied on traditional natural
languageunderstandingmethodsfor speechprocessingExisting
researchs dedicatedo developing multimodal interfacefor spe-
ci ¢ applicationsor scenariossuchasfor conversationow control
[73, 3D modelretrieval [ 2§, handlinguserquerieson tablets[45,
makeuptutorial assistancé97, robot navigation[114, andim-
agegeneration[53. Theseinvolve inputs from variousmodalities,
including gestureq 73, language[28 45 53 73 92 114, touch
[45 73, and sketch 28 45 53 114. In multimodal processing, re-
searcherdiavealsoproposedmethodsto align brushstrokeswith
audio inpainting tutorials [62 and developed a framework tan-
derstanduserintent from multimodal contexts[33. Userstendto
provide redundantspeechalongsidesketched5, 6], with atem-
poral correlationbetweenthe two [2, 44). Existingsystemsalign
speechand sketchedbasedon temporaland spatialrelationships
[25,43].However,current studieson people'sbehavioralpatterns
when using speechandsketchego expressdeasprimarily focus
on human-to-humancommunicationin whiteboardscenariosThe
main emphasif thesestudiesis on the temporalrelationshipand
content redundancyetween speech ansketches. There is stilk
lack of systematic researchn how people tendo use speech and
sketches to expregheir intentions, what types ofntentions they
expressandwhat kinds of contentare includedin sketchesand
speech respectively when interacting with LLMs.

3 Formative Study

Existingresearcton speech andketchexpressiorpredominantly
focuseson human-to-humancommunication.There remainsa
knowledgegapregardingthe context,content,and userpatterns
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of speechand sketchinteractionbetweenhumansand LLMs. This
study focuses on the following research questions:

RQ1:In which contextsdo userspreferto usesketchandspeech
for interacting with LLMs?

RQ2: What featuresand patternsemergeduring multimodal
interactions between users and LLMs?

RQ3: How do userspreferto initiate the interactions,and how
should the system respond?

3.1 Study Design & Procedure

We employeda Wizard-of-Ozdesign[77] to investigatehow users
would naturally interactwith a system-leveLLM on atablet,envi-
sionedasan advancedgentcapableof understandingand execut-
ing diverseintentionsfor daily tasksbeyondcurrent capabilities.
Through sketchand speechparticipantsinteractedfreely across
22commonapplications(Fig.2 suppl.)aswell assystemfunctions,
without prede ned constraints.This setupencouragedhemto ex-
presgheir intentionsopenly,capturingauthentic,diversebehaviors
aligned with real-world scenarios.

The studywasconductedn a private roomwith only the partic-
ipant and experimentermresentwhile two authorsjointly actedas
asinglewizard outside. The wizard monitoredthe tablet andlis-
tenedto the voiceto interpret intents, then remotelycontrolledthe
deviceto executecommandsand provide instant feedbackhrough
on-screerdialogs. To handleinexpectedr complex requestshe
wizard studiedthe appsandleveragedGPT-4candweb searchto
ensure responsive and realistic interaction.

Beforethe study,participantswerebriefedonits backgroundand
goals,emphasizingexplorationof diverseinteractionintentsrather
thanevaluationof LLM performanceAfter practicingandreceiving
proceduraluidancetheywereencouragedo fully engagewith 5 8
di erent apps,with the experimenterinterveningonly during app
transitions.The study concludedwith a semi-structurednterview
to gatherinsightson interaction scenariosand methods Jasting
approximately 1 to 1.5 hours.

3.2 Apparatus & Participants

We useda SurfaceBook2 (15-inch)with a SurfacePen,setin View
Mode on atable,allowing participantsto adjustits positionand
angle.A oating button toggledintention expressionactivatedby
touch or stylus. Participantscould simultaneouslysketchon the
interfaceoverlayandspeakywhile interactionwith underlyingapps
wasdisabled The interfacewasimplementedusingthe Windows
Presentation Foundation (WPF) framework.

We recruited 10university students(aged20-25years M=21.96
femaleand4 male)from diversemajors,referredto asFP1 FP10n
the remainderof the paper.All participantsregularly usedtouch
devicesand a stylus, and had prior LLM experiencewith some
involvedin relatedresearchThey providedinformed consentand
received$10/hourcompensationDetailedparticipantbackgrounds
are provided in Sec. 2.2 suppl.

1AnyDesk: remote control software, https:/anydesk.com/en
2The SurfaceBookcanfunction asa powerful tablet,with View Modebeingan o cial
con guration for tablet use; see https://tinyurl.com/yck9v4b.
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3.3 Analysis

We adopteda mixed-methodapproachto understancthe contexts,
patterns,and preferencedor multimodalinteraction,combining
thematicanalysisof recordedstudyvideoswith studyandinterview
notes.The analysiscontainedtwo codingphases(1) Exploratory

phase:two authorsindependentlyconductedopencodingon each
modality until saturation,followed by discussionsamongthree
authorsto re ne codesvia axial codingandthematicanalysis(2)
Formal phase:threeauthors rst jointly coded20%data,resolved
discrepancieshrough discussionand thentwo authors codedn
additional 10%to achieveinter-coderagreementOneauthor sub-

sequently coded the remaining data using the nalized codebook.

In total, we collected215intentions across251interactioniter-
ations,amountingto 332minutesof interaction time. Although
omissionsmay exist, subjectivity was carefully minimizedthrough
iterative discussion and multi-stage review.

3.4 Dimensions of Intention Expression

Fromthe precedinganalysiswe identi ed coredimensionsthat
summarizefundamentalmodesof intention expressionasshown
in Figure2. Foreachcode we providea de nition, occurrencefre-
qguency,andillustrative examplesNote that eachintention expres-
sion may be compositeandencompassnultiple codesMore case
examplesare providedon the projectwebpagehttps://zaynehuang.
github.io/SketchGPT/.

3.4.1 Intention Scopeand Context.Userintentions range from
global settingsadjustments(e.g.,display con guration, window
managementjo ne-grained, in-application operationsThese in-
tentionsunfold acrosn-screerelementshbackgroundapplications,
andthe broaderconversationabnvironment.In practice,speech
naturally bridgesbetweenthesecontexts while sketchegendto
anchordirectly to the currentinterface providing immediatevisual
linkage to on-screen targets (see Figure 2(a) (b)).

3.4.2 SketchandSpeeclContent.Sketchesand speechexhibit dis-
tinct contentcharacteristicsSketchegnablerapid visual external-
ization of ideasthat aredi cult to articulateverbally,including
referencedo on-screenelements spatial arrangements|ogical
structures,and creativeannotations. Speecim contrast,o ers ef-
ciency andlinguistic precisionfor specifyingdetailedrequests,
clarifying steps, andcquiringinformation, andwasoften consid-
ered fasterthanwriting (FP10)Togetherthesemodalitiesreduced
the needfor manualoperations supportedcontinuouscognitive
ow, andcomplementecachother to facilitate rich and exible
intention expression (see Figure 2(c) (d)).

3.4.3 Modality Temporabnd SemantidkelationshipThe temporal
andsemanticnterplay betweensketchesandspeechs centralto
e ective multimodal interaction. As shownin Figure2(e),these
modalitieswere mostoften usedconcurrently,enablingusersto ex-
pressintentions uidly andmaintaincognitive ow; in other cases,
they appearedsequentiallyin a exible orderdependingon context.
Semantically, ouanalysis wasnformed by the CARE mode[2(,
asshownin Figure2(f). We found that sketchesand speecHfre-
quently workedtogetherto producea more completeand nuanced
expressiorof intentions,eachleveragingits distinct strengths At
times,onemodality fully conveyedheintent while the otherserved

asoptional or supportive,re ecting exible redundancypatterns.
In our casewe did not observepure assignmentasany incomplete
modality input wasalwayscomplementedy the other. This combi-
nation reducedmanualoperations(FP5FP9)supported creative
expression{FP1, FP3, FP1@nd allowed intentions tdeconveyed
more naturally and completelyFP6).

3.5 Dynamics of Multimodal Interaction

Beyond intention expression, we focus on thgnamic process of
multimodal interaction.

3.5.1 IntentGranularity. Participantsfound multimodalinput to
bea natural andintuitive way to expressntentions (FP3FP8,
FP10)Assuminghighly capabld_LMs,they conveyedntentions
at all levels from concretecommanddo abstracttasks across
diverseapplications Both sketchesand speechtexpressediesired
outcomesand processnstructions,trusting LLMsto decompose,
plan, and execute accordingly.

3.5.2 AmbiguityResolutionOpen-endedntentions fully lever-
agedeachmodality and contextualcueto enhancelarity (FP5).
Singlemodalitiesoften led to ambiguity, while integrating multi-

ple modalitiessemanticallyand temporally enabledparticipants
to expressntentions moreclearly andcompletely. Whera single
modality did not fully conveytheir intentions, participantsoften

clari ed or supplementedvith anothermodality or a combination.

3.5.3 Feedback Iteration. Participantsfound dialogue-styldeed-
backof LLMsunsuitable (FP4)preferring embeddedgontextual
responsesThey alsowantedtransparencyand control, including
visibility into LLMs' actionsand progress (FP1,FP2,FP10)but
favoredaniterative work ow to selectivelyobservandreviseout-
comes(FP3FP5FP9FP10)lteration wascommon:participants
preferredundoingandre-expressingntentions over editingprior
sketchesconsidering modi cation tedious (FP2, FP3P5, FP10),
assuming reversible actions for lightweight trial and error.

3.5.4 Interactioninitiation. Participantsdesireda more uid and
seamlesqFP1FP3)way to initiate interactions.Sinceintentions
were often global,they suggestedjlobaltriggerssuchas oating
buttons, pull-down menus,multi-touch gesturespr wake words
for amore intuitive andlively experiencFP1FP3FP9FP10).
The styluswasalsoseenasa natural trigger, with someproposing
a physical button for direct activatio(FP1, FP2, FP10).

3.6 Example Usage Scenario

We summarizethe following usagescenariodrom the usecases
in this study. Wordswith underlinerepresentsketchinput, while
words in italic represent speech input. THeons represent speech
and sketch usage across the coding dimensions in Figure 2.
Tom is analyzing data in Excel and visualizing it through
charts,expressingn-application@ intents. First, he selectghree
columnswrites max beloweachandsays@, | wantto calculate
the maximumvalueof eachof thesecolumnshere... Then,he writes
max/min andadds@), and thenputtherangeratio of thesevalues
here. (Figure3(a))He thencircles the data, sketches the chantd
says@, | wantto usethesedata...to createa charthere without
gridlines. He marks the title positionstating,@ Thetitle is 'Data
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Figure 2: Dimensions of intention expression: (a) intention scope,(b) intention context, (c) sketch content (d) speechcontent, (e)
modality temporal relationship, (f) modality semantic relationship. Examples are provided where red strokes indicate sketches,
and the message box contains speech transcription with bold and underlined text highlighting the related expression.



SketchGPT: A Sketch-based Multimodal Interface for Application-Agnostic LLM Interaction UIST '25, September 28 October 01, 2025, Busan, Republic of Korea

Figure 3: We present an illustrative usagescenario, with the text inside the dialogue box representing user's speechinput: (A)
User circles data, inputs formulas, while specifying result placement via speech.(B) User sketches a chart and re nes contents
with speech.(C) Texts and symbols are usedto convey split-screen operation and position. (D) Circles and arrows indicate
cross-app transfer. (E) User sketches the layout and graphics with speechproviding details. (F) Symbolic sketches are usedto

indicate layout adjustments and content edits.

AnalysisChart'. (Figure3(b))In orderto view ExcelandPowerPoint
at the sametime, Tom demonstrates system-levem intent. Tom
draws a line, labeling Excel on the left and PowerPoint on the

right, and say€®, Please split the screen for me. (Figure 3(c))
" Tom wanted to move data and charts from Excel to
PowerPoint, thus expressing a cross-application @ in-
tent. He rst says,Pleasecopy the chart and data ta-
ble in Excelto this slide here.. After saying that &, he

circles the chart and results in Excel, marks corresponding position

in PowerPoint, and uses arrows (Figure 3(d)) After copy-
ing the charts and data from Excel, Tom continues work-
ing on his PowerPoint presentation, thus expressing in-
application @ intents. At the top-center of the blank
page, he sketches atitle box labeled Data Sourceand says
@, | would like to setthe title as ‘Data Source'. Then, he
sketches the basic layout of the slidand explains @ Below,
therearethreecolumnseachcontainingan imageanda description.
Fromleft to right, he sketches the image detaitnd explains@,
The rst imageis a persorreadingin alibrary... Draw a beautiful
housein the middle...And hereis relatedto stocks. (Figure3(e))
Later,herevisesdetails.He circles the title and draws a plus sign

saying@, Enlarge theitle. Noticing misaligned images, he rst
draws two horizontal lines on the slidendsays@, Align images
with thedrawnline. Tom alsowantschangesn the text sections,
sketching lines, circles, crosses and writing wordHe says @
Bold the words,replacethis word with “"woman,and deletethese
words. (Figure3(f)) In panelskE and F, the useragainexpressed
in-application@® intents.

When analyzingdatain Exceland preparing his PowerPoint
slides,Tom primarily operateson on-screeni) elementsand ex-
pressecomplementary@ sketchand speeclintents. Inthe split-
screenscenariopringing up Powerpointrepresentsa background
@ intent.

4 SketchGPT

dnformedby insightsfrom the formative study, we designedand

developed prototype systemnamedSketchGPTasthe rst at-
temptto interpretandexecuteopen application-agnostiintentions

expressedia sketchandspeechThis new taskrequiresno addi-
tional training dataandtranscendsapplication-speci ccontexts,
enabling more exibleinteractions. SketchGPT uses multipboT
agentsto interpret intentions,generatetool manipulationlists, and

producechatresponsesUsersthen entera con rmation phaseto

preview and selectivelgxecutetasks. The frameworlks illustrated
in Figure 4 with the prompts details provided in Sec. 1 suppl.

4.1 Interpreting Multimodal User Intentions

To understanduserintent from closelylinked modalities,We de-
velopeda multi-agentwork ow with CoT agentsto decompose
unimodalintentions, align themtemporallyand semanticallywith
context,andform a completeunderstandingof the user'sintent.
CoT prompting is areasoningframework designedo breakdown
complexproblemsinto intermediatestepsenablingagentsto itera-
tively analyzeand combinemultimodal data[10Q. This approach
ensureghat multimodal dependencieare systematicallyconsid-
ered,leadingto more accurateintent interpretation [114. The
process of intention interpretation is shown in Figure 4(b).
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(a) Multimodal Input

(b) Intention Interpretation

(c) Feedback Generation

Figure 4: SketchGPT framework. (a) Multimodal Input: The user's speechand sketch inputs, along with interaction contexts,
are transformed into Interaction Contexts, Sketch Strokes, and SpeechUtterances, serving asinputs to SketchGPT. (b) Intention
Interpretation: The General Intention Agent extracts the core intention from these inputs, guiding the Sketch Segmentation
Agent and Utterance Reorganization Agent. Subsequently, the Intention Alignment Agent integrates the outputs of the Sketch
Segmentation Agent and the Utterance Reorganization Agent to create the User Intention List. (c) FeedbackGeneration: Basedon
user intentions and available tools, the Tool-aware FeedbackGeneration Agent converts the intentions into atool manipulation

list, along with a chat response. (d) User Con rmation: Finally, the feedback is visualized through

user to preview and con rm each manipulation.

4.1.1 GeneralntentionUnderstandingln interactions,the user's
speechandsketchesanbe semanticallyredundantor complemen-
tary. Analyzing either modality in isolationmay leadto misinter-
pretationor bias.Thereforewe rst combinedatafrom bothspeech
andsketchmodalitiesto infer a generalintent, which guidesthe
subsequenintent analysis helpingto avoid unimodalbias.Upon
completionof the interaction by the user,the Interaction Context,
SketchStrokes,and SpeechUtterancesare fed into the General
Intention Agent, asillustratedin Figure4(a).Speci cally, the Inter-
action Contextcomprisesscreenshotsndinterfaceinformation;
the SketchStrokes arelownsampled timestampegbint sets;and
the SpeechJtterancesare transcriptionswith word-level times-
tamps.The Generallntention Agent summarizeshe user'score
intention in concisenaturallanguageThis generalintent servesas
ahigh-levelguide,which is then passedn to subsequenstagesof

the interface, allowing the

multimodalintent analysis,ensuringthat the detailedprocessing
remains aligned with the user's overarching goals.

4.1.2 SketchSegmentationA single usersketchmay consistof
multiple semanticsegmentsForinstance one stroke may indicate
areferencewhile anothermay conveytextual content.To accu-
rately infer the detailedexecutionsteps we group strokesbasedon
their semanticsWe usethe DBSCAN[ 23 clusteringalgorithm as
the initial stepbecausat is well-suitedfor identifying clustersof
arbitrary shapesanddoesnot requirethe numberof clustersto be
speci edin advanceDBSCANgroupsstrokesby identifying dense
regionsin afeaturespacemakingit e ective for spatialandtem-
poral strokedata. To handle variability irsketches, we determine
the DBSCAN algorithm'parameters byanalyzing k-distancelots.
However,it is limited by its reliancesolelyon spatialandtemporal
distancewhich mayleadto misclassi cationasit cannotcapture
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the semanticmeaningof strokes.To addresgheselimitations, we
utilize the SketchSegmentatiorAgentto re ne the clustering.The
result from DBSCANSservesasa preliminary referenceandthe
SketchSegmentatiorAgent further optimizesthe segmentation
to betteralign with the intendedsemanticsThis agentincorpo-
ratesnot only the generalintent but alsoglobalvisual semantics,
ensuring a more accurate segmentation.

4.1.3 U erancesReorganizationPeopleoften experiencepauses,
repetitions,andinaccuraciesn their verbalizations Speechrecog-
nition systemscapturewords spokenby the user,but they rely
on inter-word spacing to de neutterances, which may not align
with the actualsemanticstructure. Consequentlyhe transcribed
text often containsnoise (Figure4 1) and segmentatiorerrors
(Figure4 4 5 7) that hinder accurateintent understanding.To
addresghis, weintroducethe UtteranceReorganizatiorAgentto
cleanandreorganizethe transcribedtext. This agentnot only pro-
cesseshe original utteranceshasedn temporalseparatiorandthe
general intentbut alsore nes the utterances by eliminatingnoise
andcorrectingsegmentatiorerrors, producingoptimizedtranscrip-
tionsalignedwith naturalspeectpatterns.Moreoverthe Utterance
ReorganizatiorAgentleveragewvisualinformation from the sketch
to further improveaccuracylt compensatefor the inherentlimita-
tions of speectrecognition systems. Thesystems often struggle
with out-of-vocabularywords,which arecommonin scenariodike
meetingsor creativedesigndiscussion$44. Forexampleasshown
in Figure4 2 3,atermlike SketchGPT,frequentlyusedin such
contexts,may bemisrecognizeds Strategy . By utilizing visual
cues from the sketch, the agent can correct such errors.

4.1.4 IntentionAlignment.At this stagewe havere ned both the
utterancesand sketchsegmentatiorresults.To achieveaccurate
semanticalignmentbetweenstrokegroupsandtheir corresponding
utteranceswe utilize the Intention Alignment Agent. This agent
integratesthe outputs from the SketchSegmentatiorAgent and
the UtteranceReorganizatiorAgentto ensurethat the alignment
is semanticallycoherent.Prior researcH 2, 44 suggestsageneral
temporal correspondencédetweenwritten and spokencontent.
However,discrepanciesanarise,suchaswhen usersrepeatpre-
viously written elements.To addresgheseissuesthe Intention
Alignment Agent correctsinitial temporalmappingsbasedon se-
mantic coherence. It generatesuaer intent list, where each entry
is atriplet consistingof a strokegroup, a transcribedtext segment,
and a userintention. Throughoutthe userintention interpreta-
tion processye repeatedlyemployeda strategywherethe agent
optimizesthe initial rule-basedesultsby leveragingcontextualse-
manticinformation. Thisapproachaimsto deeplyparsemultimodal
intentions while trying to minimize ambiguity.

4.2 Generating Feedback from User Intentions

Whenthe user'smultimodal intent is parsedinto a list of intent
units, the nexttaskfor SketchGPTs to organizetheseintent units
into aTool ManipulationList, which includestool namesandparam-
etersfor direct executionby the Tool Agent,anda ChatResponse,
which providesa naturallanguagedescriptionof manipulationsfor
userunderstandingThedetailedprocesssillustratedin Figure4(c).

4.2.1 Tool-awareManipulationStepsGeneration.To preventmis-
use,the Tool-awareFeedbaclGenerationAgent only invokesa
tool when the prompt explicitly requeststool usageTo enhance
the stability of tool invocation,the agentconvertsthe user'sintent
into aformat of tool nameand correspondingparameterswhich
arethen passedo the Tool Agentfor execution.Speci cally,tool
functionsandtheir associate@nnotationsareincorporatedinto
the prompt.

4.2.2 ChatRespons&enerationText containingtool functions
andparameterss often not suitablefor non-specialistdo under-
stand.To help usersquickly graspthe executiondetails,a natu-
ral languageexplanationof the operationsshouldbe generated.
Additionally, this explanationsupportsthe system'squestion-and-
answerfunctionality by addressinguseracquisitions.The Tool-
awareFeedbaclkGenerationAgentis responsibldor producinga
natural languagesummarythat succinctlycapturesthe user'sin-
tent andthe taskexecutionplan,andfor respondingto userqueries
made during the interaction.

4.2.3 ImageSearctandGeneration Standard_LMsdo not support
imagegenerationor retrieval. To meetusers'frequentimageneeds
during operationswe integrateboth imagesearch and imaggen-
eration APl tools. The ImageSearch/GeneratioAgent s tasked
with inferring relevantkeywordsthat describethe desiredimage
by combiningthe user'sverbalexpressiongndthe shapeof the

sketch.Forimagesearchthesekeywordsare usedassearchterms,
and arandomly selectedmage fromthe relevantsearch hitss re-
turned (supportedby the API provider).Forimagegenerationthe

keywordsand sketchstrokesare usedasthe prompt for generating
the image.

4.3 User Con rmation

Accordingto the recommendation®f [85, arti cial intelligence
technologieshouldallow usersto exertappropriatecontrol while
providing high levelsof automation,in orderto enhancethe sys-
tem's reliability, safety, and trustworthiness. To suppahis, after
SketchGPTompleteghe feedbaclkgenerationphasethe system
transitionsto ausercon rmation phase. Irthis phase, taskietails
are clearly presentedhrough a TaskList and ContextBoxes(as
shownin Figure4(d)),allowing usersto con rm tasks.This ap-
proach integratehiuman inputseamlessly intahe taskexecution
loop, ensuring a more precise, safe, and user-guided process.

4.3.1 TaskOverviewThe TaskList displays individualtasksgen-
eratedby SketchGPTeachlinked to a contextualaction. Users
canreview tasksindividually and selectmultiple tasksfor batch
processingForeachtask,usershavethe option to executediscard,
or adjustparametersThis interfacesupportsboth individual and
bulk task management, streamlining the work ow.

4.3.2 ContextBox. Eachtaskin the TaskListis linked to a Context
Box,accessibleia double-clickor a single-clickon the button with

a right-arrow, which o ers a detailedview of thetask parameters.
In this interface,userscanreview taskparameterschooseto exe-
cutethe task,or discardit. In addition, for tasksinvolving image
generationusershavethe capabilityto previewthe generatedm-
ages.If the resultingimagedoesnot meetthe expectedcriteria,
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userscaninput new imagegenerationpromptsandregeneratehe
images accordingly.

4.4 Executing Operations in Typical Scenarios

To enhancethe interactionloop, SketchGPTs equippedwith com-
mon tools that allow the agentto perform keyboardand mouse
operations However,current LLMs may encounterchallengesn
executingcomplexinterfacetasksaccuratelyand consistently[63.
To addresghesechallengeswe havedevelopedspecializedoolkits
for typical scenarios involving text, canvas, and data tables.

4.4.1 CommoninterfaceOperations SketchGPToperateshy pro-
viding the LLM with accesso a custom-developetbolkit of inter-
face operationsSimilar to externakools or APIs of LLMg[1], our
systemexposes setof specializednterfacemanipulationtoolsthat
the modelcanselectandinvoke. Whenreceivingan instruction,
the LLM analyzesthe task requirementsand determineswhich
toolsto call from this toolkit to accomplishthe task. Thesetools
are implementedusing PyAutoGUI[89, which enablesthe sys-
temto programmaticallycontrol keyboardand mouseoperations.
While platform-speci cautomationAPIs(e.g. macOSAutomatior?)
could provide deepersystemintegration, we chosePyAutoGUIfor
its cross-platformcompatibility and ability to work with any ap-
plication without requiring speci c API support.To enhancethe
interactionloop, SketchGPTs equippedwith commontools that
allow the agentto performkeyboard andnouseoperations. How-
ever,currentLLMsmay encounterchallengesn executingcomplex
interfacetasksaccuratelyandconsistently[63. To addresghese
challengeswe havedevelopedspecializedoolkits for typical sce-
narios involving text, canvas, and data tables.

4.4.2 DocumentEditing and Annotation.SketchGPTcombines
speechandsketchmodalities enablingusersto expresgheir editing

andannotationintentionsto LLMs.To e ectively implementthese
intentions within documentswe havedevelopeda dedicateddocu-
menttoolbox.Documentediting typically involvesthe additionand

removalof text, imagestables,andother content.Documentanno-
tation often requiresformat adjustmentsjncluding highlighting,

bolding,italicizing, strikethroughs,and color changesTo enable
SketchGPTo e ectively understandand modify documentfor-

matting, the Tool Agent supportsoperationswithin the scopeof

both Markdown syntax and Microsoft Word, facilitating editing

and tagging in both formats.

4.4.3 CanvasDesignand Operations Sketchingplays a crucial
role in facilitating creative activitie§96. By using SketchGPT for
canvasdesign,userscanalleviatethe burdenof complexinterface
operationsand concentrateon their creativeexpressionThe sys-
tem providesfunctionalitiesfor adding,deleting,and updatingtext
boxesjmagesshapesand morefor canvasdesigntasks,encom-
passinga wide range of featuresthat are relevantto the actual
design process.

4.4.4 DataTableManagemerandAnalysis.Thetabledatatoolbox
encompassesommontableoperationsjncluding writing, deleting,
merging cells, inserting charts, and inputting formulas.

SAutomator User Guide: https://support.apple.com/guide/automator/welcome/mac

Huang et al.

4.5 Implementation Details

The userinterfaceof SketchGPTwas developedusing the WPF
framework,incorporatingthe WPFUI component library{5q for
moderndesignelementsin inactive mode,the programis repre-
sentedby a greenbutton icon @& on the desktopwhich userscan
repositionto avoid obstructingon-screen informationUponclick-
ing the button icon or pressingthe stylus sidebutton, SketchGPT
is activated, andhe buttonicon changego pink @&. Theusercan
then engagdn multimodalinteractionswith SketchGPTuntil the
button icon is clicked or the stylus side button is pressed again.

The systemusesAzure Speech-to-Texservice[6( for speech
input recognition,with backendcommunicationmanagedhrough
aRedigdatabaséor e cient dataexchangeThebackendconstructs
reasoningchainswith LangGraph 38, leveragingthe multimodal
capabilitiesof OpenAl'sGPT-4omodel[64 for inference.Lang-
Graph's built-in human-in-the-loop mechanisensures seamless
integration of automated reasoning with user con rmation.

For image-related functionalities, thgystem employs an image
search module that uses keywords deriviedm the user's speech
andhand-drawnsketchedo retrieverelevantthematicimagesvia
the UnsplashAPI [94. If no suitableimagesarefound, thesystem
transitionsto animagegenerationmodule.This moduleleverages
a StableDi usion v1.5 model[ 78, conditionedon scribbleimages
through ControlNet[113, andis integratedwith FastAP[75 to
enable image generation based on sketches and prompts.

5 Evaluation Study

Despiteprior comparison®f sketch,speechandmultimodalinputs
[5, 6, 25 44, impactsof modalitiesin openandapplication-agnostic
intention input for LLMsremainsunexplored.Our userstudy con-
tains two sessions to address the following research questions:

RQ1:How dodi erent interactionmodalitiesa ect userperfor-
mance and experience?

RQ2: CanSketchGP® ectively supportreal-world tasksand
gain user acceptance?

5.1 Study Design

5.1.1 Sessiod:ComparisometweernputModalities. Thissession
focuseson how interfaceswith di erent input modalitiesa ect
e ciency, userexperienceandLLM interpretationof userintent.
To assessnput experienceand reasoningaccuracyparticipants
perform and evaluate a single complete input-output process.
Conditions. This sessionncludesthree interface conditions:
SketchGPTand two unimodal baselines SketchOnlyand Spee-
chOnly. Theinterfaceswerekeptidentical,with the only di erence
being the exclusion of the missing modality in each case.
Tasks. Giventhat manipulatingtext andimagescoversmostuse
casesn formative studieswe selectedmage-richdocumentsasour
experimentalsetting.We designedasksto evaluatefour common
userintentions: adding,removing,modifying, and moving con-
tent. Eachintention wastestedthrough threetasks:expressing
the intention on text at a singlelocation,text acrosswo locations,
andimagecontent.Forexample,removetext acrosswo locations,
or modify a speci ed objectin the image, etc. For detailedde-
scriptionsof all tasks,pleaserefer to Sec3.3suppl. Participants
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were providedwith Markdown documentscontaining both text
and images to maintain content alignment.

Design. The study followed a within-subjectdesignto ensure
that eachparticipantwasexposedo all conditionsandtasksin a
balancedmanner.interface andintention appearedanequal
numberof timesin eachposition. Participantswere assignedo
variousinterface-version-intention combinations according to
the Graeco-LatinSquaregnsuringthat eachparticipantencoun-
teredall interface andversionsin acounterbalancearder.We
alternate theorder of intention and taskdor each participanto
balance the order and sequence e ects.

We gatheredthe interaction dataand subjectiveratings for 3
interface 4 intention 3task 12 participant = 432 trials.

5.1.2 SessiorR:Explorationwithin TypicalScenariosDocument,
spreadsheetaind presentationcreation/editingwere the mostcom-
mon scenariosin our formative study. We usedthesescenarios
to simulateeverydaySketchGPTusageand evaluateits userex-
perience ParticipantsusedSketchGPTwith Typora*, Excel,and

PowerPointjterating until satis ed. Taskswerebalancedisinga

pre-generatedrder, and subjectiveratings were collectedvia a

7-point Likert scale.

5.2 Procedure and Apparatus

Participantswere briefed on the study, provided consent,and
learnedeachinterfacevia video tutorials. They completedtrials
aspertaskinstructions,ratedintention closenessafter LLM pro-
cessingand providedtaskload and subjectiveevaluationsupon
completingall trials for eachinterface.Iln Sessior2, participants
were introduced to the tasks anfill usage of SketchGPT through
tutorials, completedmultiple iterations per task,and nally pro-
videdoverallratingsandparticipatedin semi-structurednterviews.

The study was conductedin a dedicatedroom, instrumented
with videoandaudiorecordingequipment.In Sessiorl,interfaces
wereadaptedrom SketchGPTensuringdi erencesaroseonly from
input variations. Participantsviewedtask contentand provided
ratings on a separatedevice.Inferred intentions were shown as
SketchGPThatresponsesin Sessior2, participantsfreely usedall
SketchGPT features to complete tasks.

5.3 Participants

Both studiesinvolved 12 participants(aged21-27 M = 23.56 fe-
male,6 male)recruitedfrom our institution and other universities,
denotedasEP1-EP12Noneof the participantshadtakenpart in
the previousstudy. All participantswere experiencedvith touch-
screen devices, including smartphonasd tablets, and many had
alsousedlargedisplaystouch-screenaptops,andinteractivepen
displayswith varying frequencief stylus use.Additionally, they
hadprior experiencewith LLMsfor conversationaQ&A, program-
ming, text processingimagegeneration and personalassistance,
with someinvolvedin LLM-relatedR&D. All participantsprovided

informed consent and were compensated $10/hour for their time.
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Figure 5: Interaction performance measuresfrom Evaluation
Study, Sessionl. The Gaxis includes three input interfaces:
SketchGPT and its baselines, SketchOnly and SpeechOnly. (*
indicates ? Y "05, ** indicates ? Y "01, *** indicates ? Y "001)

5.4 Quantitative Results

For thestatistical analysiswe usedwilcoxon signed-rank testso
analyzethe data.Statisticalsigni cance wasestablishedat ? Y "05
for all analyzes.

5.4.1 IntentionClosenessThe system'saccuracyin interpreting
userintentionswasratedon a 7-point Likert scale from distant
to close. As shownin Figure 5(a),SpeechOnlyscoredhighest,
surpassingSketchOnly(? Y "001)and SketchGPT(? Y "001),
while SketchGP ButperformedSketchOnly(? Y "001) SpeechOnly
(* = 6'08)slightly exceede®ketchGPT' = 531)butsigni cantly
outperformedSketchOnly(" = 2"73).By intention, SketchGPT
and SpeechOnlyghowedno signi cant di erence in modify and
move tasksbutdi ered in add and remove taskswhereSpee-
chOnly performedbetter. LLMs processext better than visuals,
limiting SketchOnly'se ectiveness.SketchGPThelpedby integrat-
ing sketchesut remainediessprecisethan speechUsersin Spee-
chOnly provided clear descriptionswhile sketchingintroduced
variability, reducing inference accuracy.

5.4.2 InputTime.Input time wasmeasuredrom the rst strokeor
spokenword to the last,assessingemporale ciency. Asshownin
Figure §b), SketchGPTad thelowest inputtime, outperforming
SketchOnly(? Y "001)and SpeechOnly? Y "001)while Spee-
chOnlywasfasterthan SketchOnly(? Y "001) With SketchOnly,
usersoften wrote additionaltext for clarity, increasingnput time.
SketchGPTallowedsimultaneoussketchingand speakingimprov-
ing e ciency users could sketchfor referencesand speakfor
complexdetails.By intention type, SketchGPTand SpeechOnly
showedno signi cant di erence for addandmodify. Forremove,
SketchGPTand SketchOnlywere similar, both fasterthan Spee-
chOnly (? = "005) .For move,SketchOnlyand SpeechOnlyghowed
no di erence. In all other casesSketchGPWassigni cantly faster,
highlighting the e ciency of multimodal input.

5.4.3 SpeecNerbosity.Speeclverbositymeasuredy word count,
wassigni cantly lower in SketchGPThan SpeechOnly? Y "001),
asshownin Figure5(c).This reductionwas consistentacrossall

intention, indicating that sketchese ectively replaceverbose
descriptionsLowerMentalDemandn SketchGPTurther supports
this e ciency.

“Typora: a commonly used Markdown document editor, https://typora.io/
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Figure 6: Task load results in NASA-TLX from Evaluation
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5.4.4 SketchComplexity.Sketchcomplexity,measuredy stroke
count,wassigni cantly lower in SketchGPThan SketchOnly(? Y
"001),asshownin Figure5(d).This trend held acrossall intention,
indicating that speechintegration simpli es sketchedy reducing
the need for symbols and text.

5.4.5 Task Load.NASA-TLX results (Figure 6) show that
SketchGPThad lower Mental (? = "038)and TemporalDemand
(? Y ’05)than SpeechOnlyand SketchOnly.SpeechOnlyand
SketchGPToutperformedSketchOnlyin Performance? Y "01).
No signi cant di erences were found in other aspects While
SketchGPTeducede ort andenhanceck ciency, occasionamis-
interpretationsledto moderateFrustration.The naturalintegration
of sketchingand speecHacilitatedintent expressionjmproving
immersion and reducing Temporal Demand.

5.4.6 Modality Input ExperienceA questionnairein 7-point Lik-
ert scalewasemployedto assessisers'experiencesvith di erent
modalitiesof input, asshownin Figure7. Resultsrevealedthat
SketchGPToutperformedSketchOnlyon all questionswith sta-
tistically signi cant di erences (? Y "05),exceptfor Freedonof
ExpressionQ4,? = "057).Comparedo SpeechOnlySketchGPT
receivedhigherratingsin Easeof Use(Q1,? = "024)and Comfort
andNaturalnesqQ7,? = "047) highlighting its more user-friendly
and natural multimodalinterface.However,SpeechOnllightly
edgedout SketchGPTin CorrectUnderstandingof Intentions (Q4),
likely due to its more detailed linguistic descriptions.

5.4.7 SystenExplorationExperienceWe utilized a 7-point Likert
scaleguestionnaireto evaluateparticipants'subjectiveexperiences
with SketchGPWwhile completingeverydaytasks,with the results
shownin Figure8. Acrossall questionsaveragescoresexceeded,
indicating high satisfaction Participantsreportedstrongwilling-
nessto useSketchGPTQ1,Q10)andfound it easyto use(Q2,Q7).
They expressedon dencein conveyingtheir intentions (Q4,Q9)
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andappreciatedhe multimodalinteraction(Q3).While understand-
ing and execution(Q5,Q6,Q11)receivedslightly lower ratings,
the human-in-the-loopoptimization (Q8)waspositively received.
When comparedto traditional methods,SketchGPTwas consid-
eredmorenovel (Q14)convenient(Q12) andnatural (Q15)though

therewasstill room for improvementin outcomesatisfaction(Q13).

5.5 Qualitative Results

We distill severalkey ndings from the two study sessionsand
interviews.

Combination of sketch and speechenhances expression
and understanding. Participantsuniversallyoptedfor multimodal
interactionin Sessior2, particularly for tasksthat requirecshape
or positiondescriptionpr weremorecomplex (EP10)While uni-
modalinputs were consideredacceptablefor simplertasks(EP1,
EP10)they wereofteninsu cient for conveyingawide rangeof
intentions. Speci cally, speechalonewasdescribedas laborious
for graphicalcontent®r elementshat werehardto referto (EP5).
Converselythe primary challengeof the SketchOnlyinterfacewas
the inherent ambiguity of drawings,as sketchexouldbeeasily
misunderstoodueto a lack of universaltranslation without ver-
bal clari cation (EP1). Both observations corrobordate ndings
from Sessiorl (Figure9). Notably,the qualitative preferencefor
multimodalinteractiondid not alwaystranslateinto statistically
signi cant performancegains.Forinstance ho signi cant di er-
encein intention closenessvas observedetweenthe SketchGPT
andSpeechOnlynterfacedor modifying and move intentions
concerning image content and single location tasks.Similarly,
for the remove intention, input time did notdi er signi cantly
betweenthe SketchGPTand SketchOnlyinterfaces Despitethese
speci ¢ casesthere wasa strong consensugsmongparticipants
that combiningsketchewith speeclis highly necessary(EP5EP7).

Conrmation mechanism actsasa helpful tool to prevent
errors. Typical failure cases in Session 2 primarily stemmed from
the LLM's limitations in spatialreasoningwhich wasmostevident
in PowerPointtasks.These limitationded to errors suchas incor-
rectelement positioning, sizingand occlusion(Figure 10@)).For
sucherrors, participantswere often unwilling to correctthe coor-
dinatesin the con rmation step,preferring insteado execute the
commandand perform manualadjustmentsafterward.In contrast,
for Markdowntasks the linear nature of the documentsneantthat
preciseLLM positioningwaslesscritical, and mostgeneratedut-
puts metuserexpectationsHowever,Exceltasksagainhighlighted
the challengesof LLM positioning. A typical error involved the
systemmisinterpretingcelllocations for instancepperatingon the
wrong columnwhen askedto performa calculation(Figure10(b)).
While this wascorrectableduring con rmation, someparticipants
choseto abandorthe commandandrestart. Furthermore partici-
pantswho ratedthe systempoorly (Q8,Figure8) citedthe overly
technicaldescriptions inthe con rmation step andthe absencef
an undofunction post-executiorassigni cant drawbacksDespite
theseissuesparticipantsgenerallyvaluedthe con rmation mecha-
nism, particularly for preventingerrorsthat would bedi cult to
rectify later. Featuredike imagepreview andregenerationwere
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Figure 8: Questionnaire results on the 7-point Likert Scale
from Evaluation Study, Session2. Ratings are collected on a
scalefrom strongly disagree to strongly agree. The hori-
zontal bar graph represents the distributions of theseratings.

praisedfor their e ectiveness As EP8noted, | tendto usethecon-
rmation mechanisnto previewgenerateimagesecauseorrecting
anincorrectimageis di cult. Forotheritems,I'm morewilling to
accepthemall at once sincefor otherkindsof errors Jike positional
deviations or text adjustments, | mighttkem manually or simply
go through another iteration with SketchGPT.

Input modalities and responsetimes present usability chal-
lenges. Regardingnput modalities,speechwasconsideredaccept-
ablein private settingsbut inconvenientn workplacescenarios
(EP7). Converselthe necessityof astylus was notperceived as.
limitation, asparticipantsfound that touchinput ontouchscreens
wasalsosu cient for sketchingourposes(EP4).Systemlatency
emergedasanotherkey usability concern particularly for simple

Figure 9: Examples of Text and Image-related tasks com-
pleted in Evaluation Study, Sessionl, using the SketchGPT,
SketchOnly, and SpeechOnly interfaces, along with corre-
sponding stroke counts and speech-to-text word counts.

tasks As EP2noted,usersweighthe time savedagainsthe system's
processinglelay: For simpleoperationsl, considewhether should
completehetaskmanually.Butfor complexandmulti-steptasksthe
wait is worthwhile . This suggestghat while latencyis toleratedfor

complexcommandsit candiminish the userexperienceor simple
operations that could be performed faster manually.
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Figure 10:Failure casesin Session2 of the evaluation study. (a)
Improper position and sizeof the image and box. (b) Mistaken
table column.

6 Discussion
6.1 A Sketch Worth a Thousand Words

Sketchedavelong beenusedto enhancedntent expressionsuchas
conveyingvisualizationgoals[9]] or supportingstory creation[17].
Building on relatedwork, SketchGPTenabledreehandsketches
combinedwith voiceto o er amoreopen,natural,ande cient way
to interactwith LLMs.It supportsconveyingcomplex;high-level
semanticghat are di cult to expresghrough text orprede ned
pen gestures.

In our studiesusersunderthe SpeechOnlynterfacehadto con-
struct constrainedcontexts(e.g. specifyingphrasescounting lines,
or referencingoccurrences}o disambiguatetargets,increasing
mentalloadandverbosity.In taskslike addimage, participants
rst describedveralllayoutsbeforedetailing objects,a process
that wasinherently demandingWith SketchGPTparticipantsnat-
urally sketchedargetswhile usingreferentiallanguagereducing
mental,temporal,and physicaldemandsespitethe multimodal
input. Forimagedescriptiontasks,they primarily usedquick, ab-
stractsketcheswith verbal cuesfocusingon meaningratherthan

precise detail, enabling more uid and e cient intent expression.

6.2 Several Words Simplify a Detailed Sketch

In the SketchOnlyinterface participantseasilyidenti ed targets
but struggledto specifyoperations While textual annotationswere
e ective, they were slower and increasedcomplexity; symbolic
representationgeducede ort but introduced ambiguity due to
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inconsistenthumaninterpretations.Without prior grounding[95,
LLMs oftenmisinterpret user-speci ¢ symbolseducing accuracy
and increasingcognitive load. In imagetasks,abstractsketches
made object categories di cult to convey, and adding text labels
further increased temporal demand.

Speechinput addressethesechallengesiy e ciently clarifying
sketchambiguities reducingwritten input andcognitive burden.
In SketchGPTparticipantsrarely wrote full sentencesielying in-
steadon brief speechcues.This complementaryuseof speechand
sketchimprovedboth e ciency andaccuracyenablingnaturaland
seamless intent expression.

6.3 Sketch + Speech Unleash Greater Potentials

ParticipantspraisedSketchGPT'potentialacrosdiversetasksand
devicesThey foundit especiallyhelpful forcreating presentations
and documentsquickly turning ideasinto drafts (EP1).Despite
somechallengessuchaselementmisplacemenbr incompletedata
selectionthey expressednterestin applying SketchGPTo coding,
navigation,mind mapping.and3DdesignTheintegrationof speech
andsketchinput wasconsideredintuitive andeasyto learn,even
for elderly users and childre{EP3).

The potential of SketchGPT'snultimodaliinteraction extends
acrossdevices On desktopsand laptopswithout pen support,a
mousesu ces for basicsketchingthat doesn'trequire precision.
On tabletsand smartphonesuserscansketchvia touch andspeak
throughbuilt-in microphonesSpeeclinput wasgenerallypreferred
over soft keyboarddfor its e ciency andlower e ort, especially
when expressing complex intentions.

Overall,the combinationof sketchand speeclpromisesto en-
hanceuserexperienceand e ciency wheninteractingwith LLMs,
supporting a wide range of user needs and applications.

6.4 Limitation

SketchGPT relies heavily on large language models.
SketchGPTelieson MLLMs, soits reasoningdependson LLMs
performancewhich may leadto variableor inaccurateoutcomes
despitecareful prompt design.Thesevariations can a ect user
experience and evaluation consistentygwever, participants gen-
erally expresseapprovalof the results.SketchGPTmay involve
higherlatency andcost,but unlike potential lightweight methods
requiring task-speci cdata,it works without suchdataandserves
asa practicalstarting point for real-world scenariosanditerative
optimization.

The study lacks more realistic and long-term observations.
Our evaluationsof SketchGPTwere conductedn controlledset-
tingsand,while coveringdiversescenarioge.g.fext,imagestables,
canvasesandcode) cannotcaptureall real-world casesAlthough
the formative study helpedgeneralizeinteraction patterns,long-
termreal-worlduseremainsto beexplored We envisionSketchGPT
asan open-endedystemfor interpreting andexecutinguserinten-
tions, but real-world contextsare highly complexand userhabits
vary widely, posingsigni cant challengedor robustdeployment.
Observation®f expertsfrom diversebackgroundsrealsovaluable,
as they may reveal di erent usage patterns and scenarios.
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Modal Conict Awareness and Feedback.In our study,we
observedredundancybetweenthe two modalities,with their in-
formation generallycorroboratingeachother to enhancesystem
stability. However,con icts canarisedueto usererrorsor LLM
misinterpretation.The current systemignoressuchcon icts and
defaultsto one modality. Ideally,it shoulddetectcon icts, provide
feedback, and allow users to clarify their true intentions.

6.5 Future Work

Investigating other benets like learnability and expressive-
ness. Traditional pengesturesystemsely on prede nedvocabu-
lariesthat requireuserlearning.In contrast,SketchGPBupports
free-formintentions, enhancinglearnability. Future work could
explorehow userexperiencdevelsa ect performanceandwhether
new tasks or functions emerge as users gain expertise.

Exploring new possibilities for interactive iterations us-
ing sketches. Thecurrentcon rmation phaserelieson technical
taskdescriptionsthat don't align well with users'work ow needs.
Someparticipants(EP4EP8 EP10)preferreddirectly editing and
iterating on sketchegather than one-wayinference andrequested
reversibleactionspluspreviewsof executionoutcomesFuturework
couldfocuson developingmoreintuitive, exible, anduser-friendly
methods for task con rmation and iteration.

Building amore direct interaction and response mode. Par-
ticipants suggestedhat real-time understandingand immediate
responsesvould enhancescenariobke documeneditingbyincreas-
ing certainty (FP1)They desired clearermoretangiblefeedback
akintodirectmanipulation to improveinteractionexperiencEP8).
Combining directmanipulationon the interfacewith sketch input
as an overlay could o er a promising hybrid interaction.

Establishing abenchmark for sketch intention inference
evaluation. Ourcurrentevaluationrelieson participantscoringde-
signedto beasobjectiveaspossibleput fully objectiveassessment
needsstandardizecdbenchmarksand clear metrics. Future work
couldestablishthesebenchmarkgo enablecontinuoustechnique
iteration and exploremulti-agentsetupsusing LLMsasevaluators
[7, 84], serving as a re ection mechanism.

Developing advanced approaches for understanding mul-
timodal sketch interactions. SketchGPTeliesheavily on LLMs'
intention parsing, highlighting the needfor more accurateand
e cient methods Prior work hasaddressedketchsemanticun-
derstanding(e.g.,semanticclassi cation [35 105, handwriting
recognition[19, scenesegmentatior{27]). Giventhat visualaids
canenhance LLMeasoning Bf, integrating theseexpert models
couldfurther improve domain-speci cinferenceperformanceSpa-
tial understandingemainsa commonchallengefor LLMs, making
it crucialto improvespatialintent interpretationin future solutions.

7 Conclusion

This paperpresentsSketchGPTa multimodalinteraction paradigm
that integratessketchesand speechto interactwith LLMsdirectly
on the systeminterface.Sketche® er richer semanticexpression,
particularly for spatialand graphicalintentions that are di cult
to conveythrough text alone.SketchGPTsupportsopen-ended
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applicationscenarioswithin systemcontextsand e ectively re-
solves multimodal ambiguitie8y combining the complementary
strengthsof sketchandspeechthe frameworkenhancesnteraction
e ciency and fosters a more natural and uid user experience.

For further investigation on the framework, we conducteda
formative study using a Wizard-of-Ozdesign bypassingcurrent
LLM limitations to observepotential userinteraction patternsand
preferenceslnsightsfrom this study informedthe developmenbf
the SketchGPTprototype,which integratesa multimodalintention
inference chaimpowered by MLLMsand employs a human-in-the-
loop approachgnablingusersto con rm taskexecution.Our eval-
uation study showsthat comparingto single-modalityinteractions
(sketchor speech)sketchGPTemonstratesuperiorinteraction
e ciency, reduced task load, and improved user experience.
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