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Abstract

Digital health systems for older adults with chronic diseases must support task comple-
tion, risk communication, and emotional engagement. However, virtual avatars and user
interfaces are usually generated separately, which can weaken the consistency between
avatar behavior, interface hierarchy, and task risk. This study proposes a dual-constrained
co-planning method that integrates continuous valence–arousal–dominance affective tar-
gets with task engineering constraints, including functional priorities and age-friendly
boundaries. User needs are translated into three representative health-management tasks
and encoded in a multi-source constraint graph. A two-stream conditional Transformer
then jointly plans avatar behaviors and interface layouts, followed by constraint checking
and automatic rollback. Across the three evaluated health-management scenarios, the
framework produced task-sensitive changes in avatar expression, gaze, gesture, and inter-
face priority and supported rule-based checking and rollback of predefined age-friendly
constraints. Exploratory external comparisons and ablation analyses provided preliminary
evidence regarding the roles of affective constraints, graph-based task representation, and
cross-stream coordination in prototype-level affective matching, usability, constraint com-
pliance, and avatar-UI coordination. The framework is intended as a structured approach
for verifiable early-stage prototype generation and candidate screening rather than for
direct clinical deployment.

Keywords: affective computing; age-friendly interaction; generative design; graph neural
networks; user interface co-planning; virtual health assistants

1. Introduction
Digital health services for older adults with chronic diseases are evolving from single-

purpose recording tools into systems that combine health monitoring, medication re-
minders, risk alerts, and ongoing guidance [1–3]. Virtual health avatars can improve social
presence and make instructions easier to follow through facial expression, gaze, posture,
and gesture [4,5]. However, these benefits depend on whether the avatar’s behavior is
consistent with the information and actions presented by the interface. Older users may
also experience visual, motor, or cognitive difficulties that make small text, low contrast,
dense information, and long interaction paths particularly problematic [6–8]. Designing
the avatar and interface as separate outputs may therefore weaken both usability and task
clarity. Their generation should instead be coordinated according to task risk, expected
emotional tone, functional priority, and age-friendly requirements.
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Generative AI supports health interaction prototyping, but its direct use in chronic-
disease care for older adults remains risky. Prompts can generate emotional avatars or
complete UI images, yet they cannot stably control font size, contrast, hotspot size, infor-
mation density, or critical paths. Structured GUI methods improve layouts, but rarely link
avatar identity, expression, gaze, and gestures with key UI functions. Although related
generative techniques have advanced [9–14], design still needs to move from result gen-
eration to planning-layer constraint organization. Existing studies present three research
gaps. First, avatar and UI generation are often modeled separately. Second, age-friendly
requirements are checked after generation, not used as pre-generation constraints. Third,
cross-modal generation under-models emotional goals, task structures, age-friendly bounds,
and avatar cues.

To address these gaps, this paper formulates avatar-UI generation as a dual-
constrained co-planning problem. VAD constraints describe emotional tone, reminder
intensity, and control relation. Task engineering constraints define functional priorities
and predefined age-friendly bounds. A multi-source constraint graph represents task mod-
ules, spatial relations, operation sequences, and avatar attention anchors. The system
jointly plans avatar behavior and UI layout, then forms a validated prototype through
identity-preserving rendering, UI rendering, constraint checking, and rollback.

The main contributions of this paper are as follows.
First, a dual-constraint representation method is proposed for chronic-disease manage-

ment tasks for older adults. This method jointly transforms VAD emotional goals, functional
module priorities, and age-friendly hard boundaries into computable conditions.

Second, a planning-layer avatar-UI co-generation method is proposed. It uses a multi-
source constraint graph and a two-stream conditional Transformer to jointly generate avatar
behavior parameters and UI layout parameters.

Third, a hierarchical evaluation protocol is constructed. It analyzes the co-generation
performance from several aspects, including first-pass output, automatic rollback, final
validation results, external baselines, and ablation studies.

2. Related Work
Generative interaction design covers continuous emotion modeling, structured GUI

generation, and virtual-agent interaction, improving emotional control, interface constraint
modeling, and avatar behavior generation. However, few studies encode emotional goals,
health tasks, age-friendly boundaries, and avatar behavioral cues together for chronic-
disease management in older adults.

2.1. Task-Oriented Generation with Emotional Control

Emotion representation is the basis of controllable generation. Early studies used
discrete labels such as happy, sad, or fearful, but these labels cannot express intensity
variation, mixed affective states, or cross-scene transfer. Recent work has shifted toward
continuous emotion spaces [15]. EmoGen shows that diffusion models can encode abstract
emotions [16]. EmotiCrafter injects continuous valence-arousal values into text-to-image
generation for fine-grained control [17]. For interface design, Chen et al. used a valence-
arousal model to generate static interfaces with different emotional tones and validated
perceptibility through check-all-that-apply (CATA) and eye-tracking experiments [15].

Continuous dimensions describe both emotion type and intensity. Yet chronic-disease
management for older adults also involves perceived control [18]. Daily records require
user-led control, medication reminders require moderate interruption, and anomaly alerts
require system-led guidance. The VA space cannot fully represent these control rela-
tions [19]. Therefore, this paper adopts VAD, using dominance to characterize user-led
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versus system-led control. Existing work targets general images or static interfaces [15–17],
without binding emotional conditions with health tasks, age-friendly boundaries, and
avatar-UI co-generation.

2.2. Structurally Constrained and Age-Friendly Interface Generation

GUI generation increasingly treats interfaces as structured objects integrating seman-
tics, spatial layout, and logical relations. GUILGET, Graph4GUI, and ShowUI use GUI ar-
rangement graphs, graph neural networks, and connected UI graphs, respectively, to model
layout constraints, element attributes, semantic-spatial relations, and vision–language–
action localization [20–23]. These studies demonstrate the value of graph representations,
but mainly emphasize layout rationality, visual consistency, and element relations, while
task priorities and safety boundaries remain underexplored.

For older adults with chronic diseases, interface quality also depends on critical-path
visibility, cognitive load, information density, and risk-alert effectiveness. Anomaly warn-
ings need high visual priority and clear action paths; medication reminders should reduce
irrelevant interference; routine recording should fit within one screen. Thus, this paper
maps functional modules, logical priorities, spatial adjacency, and attention-directing rela-
tions into graph nodes and edges. Since age-friendly design shows that font size, contrast,
hotspot size, and information density can be modeled during design, as demonstrated by
AdaptForge, a model-driven approach evaluated with both software developers and senior
end users [24], this paper parameterizes them as hard acceptance constraints and integrates
them with functional modules and spatial relations in a multi-source constraint graph.

2.3. Digital Human-Interface Co-Generation in Health Interaction

Health reviews show that embodied conversational agents and conversational agents
are widely used in chronic-disease support, self-management, and personalized inter-
vention, with effectiveness affected by appearance, animation, communication style, and
personalization. Avatars provide task guidance, social presence, and emotional support.
Matching avatar appearance to message emotion enhances eHealth persuasion [25], while
reinforcement-learning adaptation can improve emotional engagement [26].

Existing studies have advanced identity-preserving generation, behavior adaptation,
and attention alignment [26–28], but these functions are often modular. In chronic-disease
health management, identity, expression, gaze, gesture, functional modules, and critical
paths should follow shared task semantics and safety bounds. This paper integrates avatar
identity, expression, posture, and gaze with key UI functional areas in a unified condition
space. A conditional Transformer, shared condition vectors, and a multi-source constraint
graph support joint planning of avatar emotion, attention guidance, UI function, and age-
friendly constraints. Overall, prior work supports continuous emotion modeling [15–17],
structured GUI generation [21–24], identity preservation and attention alignment [26–28],
and health-agent design [2,3,25]. However, planning-layer avatar-UI co-generation remains
limited. This paper addresses this gap by modeling co-generation as a dual-constrained
structured planning process.

3. Method
This section presents the proposed dual-constrained avatar-UI co-generation method.

The method jointly models task emotional goals, functional module priorities, and age-
friendly boundaries at the planning layer. It then generates avatar behavior sequences and
UI layout sequences.
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3.1. Problem Formulation and User Task Modeling

Health management needs of older adults with chronic diseases often involve mul-
tiple layers of information. These include task goals, emotional states, and usage con-
straints. Such information needs to be transformed into computable dual-constraint inputs
before generation.

The user study in this paper is used to define the task space and constraint boundaries
for the subsequent generation model. Interviews and contextual probes are adopted to
identify typical tasks, trigger mechanisms, cognitive load, and risk differences in chronic-
disease management for older adults. The SAM scale is used to convert users’ expectations
of system expression styles into continuous emotional constraints. Functional priorities
and age-friendly boundaries are then used to form executable task engineering constraints.
Through this process, the originally scattered user narratives are translated into structured
conditions that can be fed into the co-planning module.

Figure 1 shows the user requirement modeling workflow in this study. First, raw user
data are collected through participant recruitment, storyboard-based contextual probes,
semi-structured interviews, and the SAM scale. Then, the workflow splits into two analyti-
cal paths. The first path is the task engineering constraint extraction path. It focuses on task
attributes, user pain points, contextual features, functional module requirements, and rigid
age-friendly boundaries. This path is used to form task types, functional module priori-
ties, and verifiable engineering boundaries. The second path is the emotional constraint
modeling path. It focuses on users’ subjective expectations regarding the virtual agent’s
expression style, reminder intensity, and control relationship. Through SAM-VAD map-
ping and clustering, this path obtains task-level emotional targets. Finally, the two paths
converge at the structured output layer. Together, they form a condition set that can be
input into the subsequent collaborative generation module. This condition set includes task
types, VAD emotional constraints, and task engineering constraints. Here, task engineering
constraints consist of functional module priorities and rigid age-friendly boundaries.

Figure 1. User requirement modeling pipeline. Colors distinguish workflow components: light blue
indicates participant/context and structured output elements, pink indicates data collection/input
elements, and orange indicates dual-path analysis components.

3.1.1. Participant Recruitment, Data Collection, and Typical Task Extraction

User requirement modeling involved 50 older adults with chronic diseases. Partici-
pants were recruited through community-based convenience sampling from the researchers’
local social networks and residential communities surrounding the university. Inclusion
criteria were age ≥ 60 years, hypertension or diabetes for at least one year, and prior smart-
phone experience. Exclusion criteria were severe visual or motor difficulty that prevented
participation in assisted interviews, or inability to understand the task scenarios and ques-
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tionnaires. All participants provided written informed consent, participation was voluntary,
and participants could withdraw at any time without adverse consequences. Visual and
fine-motor limitations were assessed by participant self-report using the four-level items
in Questionnaire S1 rather than by clinical examination. The visual item assessed diffi-
culty reading smartphone text while wearing usual glasses, and the motor item assessed
hand tremor or difficulty with fine motor control. Sixteen participants reported moderate
or severe difficulty reading smartphone text, and 14 reported moderate or severe hand
tremor or fine-motor difficulty. No data were missing for the characteristics summarized in
Supplementary Table S1. No formal a priori power analysis was used; the cohort size was
selected for task and requirement modeling across the three predefined health-management
scenarios rather than for population estimation. Cohort characteristics are summarized
in Supplementary Table S1. These reported difficulties informed the later age-friendly
constraints on font size, contrast, touch-target size, and information density.

Before formal interviews, three storyboards served as visual probes to standardize
task recall and scenario description. The health values, medication-reminder content,
and abnormal-alert situations used in the study were simulated research scenarios rather
than individualized clinical instructions. No treatment decisions or medication changes
were made on the basis of the study tasks or prototype outputs. They covered morning
measurement and recording, medication reminders during distractions, and abnormal
results when alone at home. These probes reduced differences from verbal descriptions
and improved contextual relevance. Some older adults refined the storyboards, but formal
participants did not join research question design or indicator selection. Semi-structured
interviews collected requirements in four areas: smartphone-based health tasks, physical
and attentional contexts, common difficulties or mistouches, and expectations for system
and avatar expression under different risk levels. Transcripts were analyzed using thematic
analysis. Two HCI researchers independently performed open and axial coding for task
types, pain points, and contextual features. Agreement was high for task-type coding
(Cohen’s κ = 0.85) and pain-point coding (Cohen’s κ = 0.81). Disagreements were reviewed
against transcripts and, if unresolved, arbitrated by a third HCI researcher.

SAM scores were linearly transformed into VAD values for task-level affective mod-
eling. Based on coding results, tasks were described by trigger mechanism, occurrence
frequency, and operational load. Three tasks were extracted: T1 routine health data record-
ing, T2 medication reminder, and T3 abnormal alert. They represent active recording,
passive reminder, and urgent intervention, supporting later age-friendly bounds, VAD
modeling, and task-level generation conditions.

3.1.2. Task Engineering Representation of Functional Priorities and
Age-Friendly Constraints

After the typical tasks were identified, task semantics, functional priorities, and age-
friendly requirements were translated into task engineering constraints. Functional-module
priorities, derived from participant rankings and expert evaluation, were used as soft
layout constraints, while font size, contrast, information density, target size, and critical-
path length were specified as prototype-stage acceptance constraints. Contrast thresholds
followed WCAG 2.2, with 4.5:1 corresponding to SC 1.4.3 and 7:1 to SC 1.4.6 [29]. The
remaining acceptance criteria, including 32 px for ordinary targets, 44 px for critical CTAs,
and the limits on font size, information blocks, and path length, were determined from
the user-needs study and pilot evaluation, with the font-size criterion further informed by
prior age-friendly design research [30].

The age-friendly acceptance vector Cage contains the minimum font size Cfont, mini-
mum contrast Ccontrast, maximum information-block count Cdensity, minimum target size
Ctarget, and maximum critical-path steps Csteps. Together with the functional weights, it
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forms the task engineering constraints passed to the collaborative generation stage with
the VAD conditions.

All font-size and target-size constraints were evaluated on the normalized 1080 × 1920
reference canvas. These pixel-based thresholds were defined on the prototype canvas and
may require adjustment when implemented on devices with different display characteristics.

Text contrast was calculated using the WCAG 2.2 relative-luminance method [29]. For
the foreground and background colors, the contrast ratio was computed as follows:

CR =
Llighter + 0.05
Ldarker + 0.05

, (1)

where Llighter and Ldarker denote relative luminance of the lighter and darker colors, re-
spectively. Relative luminance was derived from linearized sRGB values according to the
WCAG definition, with L = 0.2126R + 0.7152G + 0.0722B. The resulting contrast ratio is
dimensionless and was compared with the task-specific threshold in Table 1.

Table 1. Task-level generation conditions derived from user requirement modeling.

Task Task Context/User
Need

Representative
Emotional Target

Functional Weight
Vector [w1, w2, w3,

w4, w5]
Age-Friendly Hard

Acceptance Constraints Basis/Source

T1 Routine
recording

User-initiated routine
recording; difficulty
recalling values and

reading
dense/small-text

interfaces.

Medium positive
valence, low arousal,

high dominance;
supportive and

user-led interaction

[0.34,
0.28,
0.08,
0.20,
0.10]

Main text ≥ 24 px;
contrast ≥ 4.5:1; ordinary

target ≥ 32 px;
information blocks ≤ 3;

interaction steps ≤ 2

Font/target/blocks/
steps: user-needs study

+ pilot; contrast:
WCAG 2.2 SC 1.4.3.

T2
Medication
reminder

Scheduled reminder
under divided

attention; risk of
missed reminders or

medication confusion.

Medium positive
valence, medium
arousal, medium

dominance; clear but
non-alarming guidance

[0.10,
0.08,
0.42,
0.24,
0.16]

Persistent reminder until
acknowledgement; main

text ≥ 24 px;
contrast ≥ 4.5:1; ordinary

target ≥ 32 px;
information blocks ≤ 3;

interaction steps ≤ 2

Reminder/font/target/
blocks/steps:

user-needs study +
pilot; contrast: WCAG

2.2 SC 1.4.3.

T3 Abnormal
data alert

High-risk abnormal
alert; panic, uncertainty,

and accidental touch
under urgency.

Slightly positive
valence,

high arousal, low
dominance; system-led
single-path guidance

[0.08,
0.06,
0.08,
0.15,
0.63]

Main text ≥ 24 px;
contrast ≥ 7.0:1;

information blocks ≤ 2;
critical CTA size ≥ 44 px;

interaction steps ≤ 1

Font/CTA/blocks/
steps: user-needs study

+ pilot; contrast:
WCAG 2.2 SC 1.4.6.

Note. w1 = weight of the data input area; w2 = weight of the trend/history area; w3 = weight of the
medication information area; w4 = weight of the guidance/help area; w5 = weight of the emergency
action area.

Thus, functional priorities and age-friendly acceptance constraints are jointly encoded
in the task engineering representation. Table 1 summarizes the task-level conditions and
the basis of the numerical thresholds.

For the high-risk alert task, limiting the interface to no more than two primary infor-
mation blocks and one critical interaction step was intended to reduce competing visual
information and minimize the action path during time-sensitive decisions; these limits
were operational design choices informed by the needs study and pilot evaluation rather
than externally standardized thresholds.

The 44-px criterion defines the minimum visual target extent on the normalized
reference canvas used for the static prototypes. Device-level implementation should account
for the display and interaction characteristics of the target hardware.

3.1.3. Task-Level Quantification of Affective Goals and VAD Clustering

Because the three health-management tasks differed in emotional tone, reminder
intensity, and perceived control, users’ affective expectations were represented using a
continuous valence-arousal-dominance (VAD) vector. The Self-Assessment Manikin (SAM)
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scale [31] was used to obtain valence, arousal, and dominance ratings under the T1 routine-
recording, T2 medication-reminder, and T3 abnormal-alert scenarios.

Let the valence, arousal, and dominance scores of participant p under task t be denoted
as Sv,p,t, Sa,p,t, and Sd,p,t, respectively. The corresponding continuous VAD vector Ept = [Vp,t,
Ap,t, Dp,t] is then defined as follows:

Vp,t =
sv,p,t − 5

4
, Ap,t =

sa,p,t − 5
4

, Dp,t =
sd,p,t − 5

4
. (2)

where the transformed VAD values represent participant-level affective coordinates used
for task-level clustering. Higher valence indicates a more positive tone, higher arousal
indicates stronger reminder or warning intensity, and lower dominance indicates a greater
need for system guidance.

K-means clustering was performed separately for each task using participants’ three-
dimensional VAD coordinates. Candidate solutions with K ∈ {1,2,3} were compared using
SSE, silhouette coefficients, and task interpretability. K = 2 was retained for all three
tasks because it provided the best balance between compactness and interpretability; the
corresponding silhouette coefficients were 0.49, 0.43, and 0.48 for T1, T2, and T3, respectively.
The resulting cluster centers and design interpretations are reported in Table 2.

Table 2. Task-specific VAD cluster centers and design interpretation.

Task Cluster n V (Mean ± SD) A (Mean ± SD) D (Mean ± SD) Design Interpretation

T1 Routine
recording

C1 35 0.31 ± 0.16 0.19 ± 0.11 0.79 ± 0.10 Calm, supportive, user-led daily
management

C2 15 0.17 ± 0.12 0.30 ± 0.10 0.35 ± 0.13 Mild reassurance needed, but still
non-urgent

T2
Medication
reminder

C1 34 0.24 ± 0.17 0.38 ± 0.15 0.57 ± 0.12 Clear but non-alarming reminder
with moderate guidance

C2 16 0.16 ± 0.13 0.45 ± 0.14 0.09 ± 0.13 Stronger interruption needed for
distracted users

T3 Abnormal
alert

C1 28 0.10 ± 0.17 0.84 ± 0.12 −0.45 ± 0.16 High alert, system-led guidance,
reduced user control

C2 22 0.16 ± 0.12 0.67 ± 0.12 0.11 ± 0.17
Alert but still seeking partial

control and information
transparency

Table 2 shows task-specific affective patterns. T1 is characterized by positive valence,
low arousal, and high dominance; T2 by moderate arousal and dominance; and T3 by high
arousal with greater variation in dominance. The T3 clusters indicate different preferences
for system-led guidance versus retained user control, supporting the inclusion of domi-
nance in the affective representation. These task-level VAD patterns were subsequently
used as conditions for collaborative generation.

3.2. Dual-Constraint Unified Representation

Task types, VAD goals, and task engineering bounds are organized into a unified
representation for collaborative generation.

3.2.1. Interpretable Mapping from VAD to Generation Parameters

The VAD vector provides planning-level control rather than direct pixel-level control.
Valence modulates expression and interface tone, arousal modulates gaze, gesture, posture,
and alert salience, and dominance regulates the balance between user-led and system-led in-
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teraction. Representative mappings are provided in Supplementary Figure S1. Continuous
VAD targets are then encoded as affective latent conditions for collaborative planning.

3.2.2. Joint Conditional Encoding and Constraint Prioritization

Affective constraints, task engineering constraints, and identity anchors are encoded
into a unified conditional representation shared by the multi-source constraint graph and
dual-stream Transformer. Affective constraints represent task-level emotional goals, task
engineering constraints specify module priorities and age-friendly bounds, and identity
anchors preserve avatar consistency across tasks. Given the target vector Et = [Vt, At, Dt],
we project it into an affective latent vector using a two-layer multilayer perceptron (MLP):

eemo
t = fMLP(Et) (3)

where eemo
t denotes the affective latent vector. A two-layer MLP maps the 3D VAD input to

a 128-dimensional latent representation through a 64-dimensional hidden layer.
Task engineering constraints combine functional weights and age-friendly bounds.

Five interface modules are considered: data input m1, historical trend m2, medication
information m3, help section m4, and emergency operation m5. Here, wi denotes the
functional weight assigned to module mi. The functional weight vector for task t is defined
as follows:

w(t)
func = [w1, w2, w3, w4, w5],

5

∑
i=1

wi = 1 (4)

Participant rankings were converted into task-specific module-priority scores, with
ranks 1, 2, and 3 coded as 3, 2, and 1, respectively, and unranked modules coded as 0. For
module i in task t, the participant-derived raw score was calculated as Uraw

t,i = 3n1,t,i +

2n2,t,i + n3,t,i and normalized by the maximum possible score across 50 participants. Three
evaluators with industrial-design backgrounds independently assigned each module an
overall 0–5 priority score based on task necessity, interaction sequence, and risk relevance;
disagreements were discussed before the final expert scores were averaged. Participant-
and expert-derived priorities were then combined using a fixed 0.60/0.40 weighting, after
which softmax normalization was applied to obtain the final functional-weight vector. The
task-specific rank counts, intermediate participant and expert scores, combined scores, and
final normalized weights are reported in Supplementary Table S2.

For each task t, the age-friendly constraint vector cage
t contains the task-specific bounds

for font size, contrast, information density, target size, and interaction steps, as listed in
Table 1. The functional priorities and age-friendly bounds are then combined into the task-
engineering condition, which is further integrated with the affective latent representation
and identity anchor:

ceng
t =

[︂
wfunc

t ; cage
t

]︂
, zcond

t =
[︂
eemo

t ; ceng
t ; zid

]︂
. (5)

where ceng
t represents the task-engineering condition, and zcond

t is the joint conditional
representation used by the subsequent graph-encoding and dual-stream planning modules.
The identity anchor zid preserves avatar identity across task scenarios, whereas eemo

t and
ceng

t provide the affective and task-engineering conditions, respectively.

3.3. Avatar-UI Collaborative Generation Architecture

Figure 2 summarizes the proposed avatar-UI co-generation framework. Task type,
VAD target, functional weights, age-friendly bounds, and identity anchors are encoded
into a joint condition and multi-source constraint graph. A GAT encoder and dual-stream
conditional Transformer jointly predict avatar behavior and structured UI layouts, which
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are then rendered and checked against predefined accessibility and alignment constraints.
Noncompliant outputs are revised through bounded rollback. The VAD encoder, GAT en-
coder, and dual-stream Transformer are trainable, whereas rendering, constraint checking,
and rollback are execution modules.

Figure 2. System boundary and module division of the proposed framework.

3.3.1. Formal Definition of the Multi-Source Constraint Graph

The multi-source constraint graph represents UI modules, avatar behavioral anchors,
spatial relations, task sequences, and cross-modal alignment. For sample n of task t ∈
{1,2,3}, the multi-source constraint graph is defined as follows:

Gn
t = (Vn

t , En
t , Xn

t , Rn
t , Cn

t ) (6)

where Vn
t and En

t denote the node and edge sets, Xn
t and Rn

t denote node and edge attributes,
and Cn

t denotes graph-level conditions. The node set contains UI functional modules
and avatar behavioral anchors. The edge set contains priority, adjacency, sequence, and
attention-alignment relations. Table 3 summarizes the corresponding roles and fields.

The node feature xi consists of node type, module category, semantic attributes, normal-
ized bounding boxes, age-friendly attributes, task-level VAD conditions, and gaze/gesture
anchor features. Edge feature rij consists of edge type, direction or order, spatial distance,
and hard-constraint labels. Graph-level conditions Cn

t consist of affective latent vectors,
functional weights, age-friendly boundaries, and identity anchors.

GAT encoding produces graph context HG, which provides structural information to
the dual-stream Transformer. The attention weights characterize the relative importance of
graph relations during encoding.
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Table 3. Definitions of nodes, edges, and key fields in the multi-source constraint graph.

Component Role Main Fields

UI/task node
Represents interface modules for data input,

trend/history information, medication information,
guidance/help, and emergency actions.

node type; module id; priority; bbox; font;
contrast; target size; key-path step

Avatar node
Represents the identity anchor, facial expression,
head orientation, gaze landing point, and gesture

target of the virtual health assistant.

identity anchor; expression; head pose;
gaze target; gesture target

Priority edge Represents the display priority of
task-related modules. edge type; source; target; weight; hard flag

Adjacency edge Represents spatial adjacency or grouping
relationships between interface modules. gap; distance; overlap; group id

Sequence edge Represents the step order in the main task path. step index; max steps; next action

Alignment edge
Represents the alignment between avatar

gaze/gesture and key UI regions or
CTA components.

gaze/gesture target; key region; CTA id

Figure 3 illustrates graph instantiation for the T3 abnormal-alert task. Under its
high-arousal, low-dominance condition, emergency-action priority, task sequence, and
attention-alignment relations are strengthened, while secondary information is assigned
lower priority.

Figure 3. Multi-source constraint graph instance for the abnormal-alert task.

3.3.2. Graph Encoding, GAT Attention Interpretation, and Dual-Stream
Collaborative Planning

A two-layer graph attention network (GAT) encodes the multi-source constraint graph
G into the structural representation HG ∈ RN×dg , with dg = 128. The graph representa-
tion HG and joint conditional representation zcond

t are used as shared inputs to the two
planning streams:

Yavatar = Transformer
(︁

HG, zcond
t ; avatar stream

)︁
,

Yui = Transformer
(︁

HG, zcond
t ; UI stream

)︁
.

(7)

Yavatar predicts expression, posture, gaze, and gesture parameters, whereas Yui predicts
module type, order, geometry, and salience. The six-layer encoder–decoder Transformer
uses hidden dimension 256 and 8 attention heads. Cross-stream attention at each decoding
layer allows avatar tokens to access key UI structure and UI tokens to access avatar directive,
gaze, and gesture states.
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At decoding layer l, let Tl
a and Tl

u denote the hidden states of the digital human stream
and UI stream, respectively. The cross-stream attention is formulated as follows:

Zl
a←u = Attn

(︂
Tl

a, Tl
u, Ma←u

)︂
, Zl

u←a = Attn
(︂

Tl
u, Tl

a, Mu←a

)︂
(8)

The masks Ma←u and Mu←a are derived from attention-alignment and key-path graph
edges, enabling mutual constraint between avatar behavioral cues and key UI regions.

In the graph encoding process, GAT attention weights a(l,k)ij have more explicit inter-
pretations. High weights on priority edges indicate that the model relies more on these
modules to determine interface hierarchy and visual salience. High weights on adjacency
edges indicate that the model relies more on spatial grouping relations to control infor-
mation density. High weights on sequence edges indicate greater reliance on these edges
to compress key interaction paths. High weights on attention-alignment edges indicate
that gaze or gesture tokens should remain aligned with corresponding UI key regions or
CTA elements. Accordingly, gaze and gesture alignment was assessed using planning-level
target relations, while coordination consistency was evaluated separately as an expert-rated
measure of avatar-UI correspondence. These measures can also be traced to planning-level
evidence from edge types, edge attributes, and cross-stream token interactions.

Figure 4 illustrates token-level cross-stream interaction: avatar gaze and gesture tokens
access key UI regions, while UI tokens access avatar directive and attention states to adjust
CTA salience and hierarchy.

Figure 4. Cross-stream attention mechanism between the avatar stream and the UI stream.

The conditional Transformer outputs mid- and high-level planning results, whereas
pixel-level images and high-fidelity interfaces are generated by backend rendering modules.
For the digital humans, Yavatar is converted into structured prompts or parameter sequences
and combined with identity anchor zid as input to SDXL+InstantID, thereby preserving
identity consistency across task scenarios. For interfaces, Yui is represented as a structured
JSON component tree and rendered into high-fidelity prototypes using an HTML/CSS
renderer. Figma auto-layout is used only for presentation, whereas quantitative evaluation
is based on the structured component data. In the present examples, all layouts used
a 1080 × 1920 portrait canvas as the reference coordinate system, and all stimuli were
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presented at a standardized display size and resolution. The component tree contains screen
metadata, component identifiers, module type and role, bounding boxes, z-order, text and
font attributes, foreground/background colors, contrast ratio, visibility and interactivity
flags, target dimensions, path-step/action fields, and graph edges defined by source, target,
and relation. Font size, contrast ratio, target dimensions, information-block identifiers, and
key-path steps are read directly by the rule-based constraint checker rather than estimated
from the rendered bitmap. These properties are checked against the predefined task-specific
constraints before and after rendering.

3.3.3. Training Data, Loss Function, and Rendering Implementation

Each sample corresponds to a participant-task base case and its controlled augmented
variants. Inputs include task type, VAD vector, functional weights, age-friendly bounds,
identity anchors, and a multi-source constraint graph. Outputs include expert-reviewed
digital-human behavior, a UI component tree, avatar-UI alignment, and hard-constraint
pass status. Behavior parameters cover expression, posture/head orientation, gaze, and
gestures. UI parameters cover component type, order, bbox, hierarchy, font size, contrast,
hotspot, visibility, and key-path steps. The total loss combines the following:

L = 1.00Lui + 0.75Laff + 0.55Lalign + 0.65Lconstraint (9)

where Lui penalizes errors in UI component type, position, size, and visual attributes;
Laff penalizes inconsistency between digital-human expression and the VAD condition;
Lalign penalizes misalignment between gaze/gesture targets and key UI regions; Lconstraint

penalizes violations of the font-size, contrast, information-density, hotspot-size, and key-
path-length criteria. Coordinate errors are normalized by the canvas diagonal, whereas
font-size, contrast, hotspot-size, and path-length penalties are normalized by their task-
specific thresholds. Final hard-constraint pass/fail status is determined separately by the
rule checker.

The trainable planning modules were optimized with AdamW using an initial learning
rate of 8 × 10−5, a batch size of 32, and a maximum of 180 epochs, with an early-stopping
patience of 18 epochs. The loss weights for Lui, Laff, Lalign, and Lconstraint were 1.00, 0.75,
0.55, and 0.65, respectively. Full software, architecture, optimization, seed, and rendering
settings are provided in Supplementary Table S3, while controlled data construction and
participant-level splitting are described below.

The 50 participants contributed 150 participant-task base cases across T1, T2, and T3.
Each base case was paired with one expert-reviewed reference target and nine controlled
variants, yielding 1500 condition-planning pairs.

Each base case corresponded to one participant under one task and contained the
task condition, VAD target, functional weights, age-friendly bounds, identity anchor, and
constraint graph. The corresponding reference target was prepared by the authors based
on the predefined task conditions and the evaluators’ design recommendations. The same
three evaluators, including two graduate students and one faculty member, independently
checked the avatar-behavior plan and UI structure. Disagreements were discussed before
the reference target was finalized.

Nine predefined controlled variants were constructed for each base case by modi-
fying prespecified variables within allowed ranges while keeping task identity and core
constraints fixed. The complete variant definitions are provided in Supplementary Table S4.

Participant-level splitting was performed before variant construction, and all task
cases and derived variants from the same participant remained within the same training,
validation, or test split. Derived variants from the same participant were therefore not
treated as additional independent participants. This yielded 1200 training pairs from
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40 participants, 150 validation pairs from five participants, and 150 held-out test pairs from
five participants. Constraint/rollback evaluation samples were generated after training
and managed separately. Table 4 summarizes the dataset split and evaluation samples.

Table 4. Dataset split and evaluation samples.

Subset Participants/Source Samples Purpose

Training set 40 participants 1200 pairs Model training
Validation set 5 participants 150 pairs Early stopping and model selection

Held-out test set 5 participants 150 pairs First-pass internal evaluation
Constraint/rollback

evaluation set Generated after training 90 outputs, 30 per task Constraint recovery and
qualitative/boundary-case analysis

Note. Outputs used for the external baseline comparison and ablation analysis were generated sepa-
rately after model training and were not included in the 90-output constraint/rollback evaluation set.

Table 5 reports first-pass performance on the participant-level held-out test set before
rollback or manual correction. Position and size errors are computed on the 1080 × 1920
reference canvas, while gaze and gesture errors are derived from structured planning
outputs. Here, landing denotes the predicted intersection of the gaze ray or gesture vector
with the UI plane. Thus, both metrics measure planning-layer alignment.

Table 5. Held-out test performance of the co-planning model.

Metric T1 T2 T3 Overall

Layout accuracy, module type 0.91 ± 0.04 0.89 ± 0.05 0.87 ± 0.06 0.89 ± 0.05
Position MAE (px) 32.40 ± 12.10 36.80 ± 14.30 41.20 ± 16.50 36.80 ± 14.76

Size MAE (px) 28.60 ± 10.40 31.20 ± 11.80 34.50 ± 13.20 31.43 ± 12.02
Gaze landing error (px) 14.20 ± 6.80 18.50 ± 8.20 22.10 ± 10.40 18.27 ± 9.13

Gesture–CTA center distance (px) 24.60 ± 11.20 28.30 ± 13.50 31.80 ± 15.70 28.23 ± 13.82
First-pass constraint pass 32/50, 64.0% 29/50, 58.0% 19/50, 38.0% 80/150, 53.3%

3.4. Constraint Checking and Rollback Mechanism

Age-friendly requirements are treated as task-specific hard acceptance constraints on
font size, contrast, information-block count, target/hotspot size, and key-path length. Here,
“hard constraint” denotes a rule-checker acceptance criterion and does not imply that every
first-pass generative output is intrinsically violation-free. After rendering, any detected
violation triggers updates to the graph structure or condition parameters, followed by
replanning and rerendering.

Font-size violations triggered text scaling and local space expansion; contrast violations
triggered foreground–background adjustment; information-density violations triggered
compression of secondary content; undersized targets triggered CTA enlargement and
local space redistribution; and excessive key-path length triggered branch compression. Up
to three automatic rollback rounds were allowed; remaining failures underwent manual
correction and re-checking. Constraint recovery results are reported in Section 4.2.2, with
output-level rollback records provided in Supplementary Data S5.

Algorithm 1 summarizes the bounded automatic rollback procedure over the con-
straint graph, avatar parameters, and Yui component tree. Local revisions address prede-
fined age-friendly and avatar–UI alignment criteria. Processing stops when all criteria are
satisfied, the rollback limit is reached, or no available action further reduces the violations;
unresolved outputs then require manual correction and re-checking.
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Algorithm 1. Bounded dual-constraint co-planning and rollback search for avatar-UI design

Input: task type t, VAD vector Et, functional weight vector wfunc
t , age-friendly constraint vector cage

t , identity anchor zid;
maximum rollback Kmax = 3.
Search space: S = {G,Yavatar,Yui}, where G is the multi-source constraint graph, Yavatar is the structured avatar behavior
sequence, and Yui is the UI JSON/component tree.
Action set: A = {increasefont, adjustcontrast, reducedensity, enlargetarget, shortenpath, reorderpriority, updatesalience, redirectgaze,
redirectgesture, revisealignment_edge}.
Termination: stop if all hard acceptance constraints pass, if k = Kmax, or if no feasible action reduces the current
violation vector.
Output: The current avatar image Iavatar and UI layout Iui, a check status indicating either “passed” or “requires
manual review”, the remaining constraint violations, and a log of first-pass checks, rollback actions, and the stopping
reason.
1. Encode Et into eemo

t , and combine wfunc
t and cage

t into ceng
t , and construct the joint conditional representation zcond

t
according to Equation (5);
2. Instantiate G from the task template, node/edge schema and condition dictionary;
3. Use GAT to obtain graph context HG and initialize the planning state with G and zcond

t ;
4. Generate first-pass Yavatar and Yui using the dual-stream conditional Transformer;
5. Render Yui into a component-level prototype and compute violation vector v0 with the constraint checker;
6. Set k = 0. While vk is not empty and k < Kmax, select the highest-priority violation according to task risk and
hard-boundary severity;
7. Choose action ak from A, update the affected graph nodes/edges or UI components, and regenerate only the
affected planning tokens when possible;
8. Re-render the revised Yui, recompute vk+1, record selected action, affected node IDs, rollback count and stop reason,
then set k = k + 1;
9. If no constraint violations remain, set the check status to “passed”. Otherwise, set it to “requires manual review”
and retain the unresolved violations;
10. Return Iavatar, Iui, the check status, the remaining violations, and the recorded history.

4. Experiments
4.1. Experimental Design and Evaluation Protocol

The experimental protocol comprised user-needs modeling, collaborative generation,
sample construction, subjective evaluation, external baseline comparison, ablation analysis,
an additional user evaluation with a separate participant cohort, and statistical analysis.
Constraint and rollback analysis used 30 initial samples per task, while identity consistency
was evaluated across three tasks using 10 rendering seeds. Subjective evaluation involved
the 50 participants from the needs-modeling cohort, and the additional user evaluation
included a separate cohort of 30 older adults. The overall data-construction and evaluation
workflow is summarized in Supplementary Figure S2.

For the additional user-evaluation cohort, formal educational level, digital-literacy
scores, cognitive-screening results, and medication-regimen data were not collected. Smart-
phone experience and self-reported visual and fine-motor difficulty were therefore the
available indicators of technology experience and functional limitation. The external base-
line comparison used the T1 routine health-data recording condition as a common reference
scenario and followed each method’s native input format. This was treated as a capability-
specific descriptive comparison rather than a fully input-matched benchmark. Each baseline
generated 10 first-pass outputs, with no automatic rollback or manual correction before
evaluation. The statistical procedures are described below. Baseline configurations are
summarized in Table 6, and implementation provenance, checkpoints, inference settings,
and study-specific input adaptations are provided in Supplementary Table S10.
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Table 6. Input configurations and applicable metrics for the T1 external comparison.

Method Category Methods T1 Input Configuration Identity Input Structured UI
Input Applicable Metrics

General
text-to-image SDXL

T1 task prompt, calm and
supportive tone, large text,

high contrast, simple layout,
data input, trend viewing,

and help information

None None Affective matching, functional
usability, age-friendliness, and
applicable first-pass constraint

violations; identity
consistency: N/A.Affect-conditioned

generation
EmoGen;

EmotiCrafter

T1 task prompt plus discrete
emotion label or

corresponding VA condition
None None

Identity-
preserving
generation

PhotoMaker;
ConsistentID

T1 task prompt plus the
shared reference identity

Shared identity
image None

Affective matching, identity
consistency, functional usability,
age-friendliness, and applicable
first-pass constraint violations.

Structured GUI
generation

GUILGET;
Graph4GUI;

LACE

T1 module list and simplified
spatial constraints N/A

Module and
spatial

constraints

Functional usability and
age-friendliness; affective

matching, identity consistency,
and first-pass hard-constraint

violations: N/A.

Proposed
framework Ours

T1 task type, VAD target,
functional weights,

age-friendly hard acceptance
constraints, identity anchor,

and multi-source
constraint graph

Shared identity
image

Constraint
graph and UI

layout renderer
All applicable metrics.

Each baseline received the maximum task-relevant information supported by its native
input format. Text-to-image methods used natural-language prompts, affect-conditioned
methods their supported emotion inputs, identity-preserving methods the shared reference
identity, and structured GUI methods task modules and spatial relations. Configurations
were fixed before evaluation, and only first-pass outputs were compared. Full prompts and
settings are provided in Supplementary Note S1.

Evaluation included four metric groups: subjective ratings (affective matching, usabil-
ity, age-friendliness, and coordination), objective constraints, mechanism metrics (coordi-
nation and gaze/gesture alignment), and task-performance measures (completion time,
mistouch rate, time to first correct CTA selection, and NASA-TLX). Constraint compliance
was reported at first-pass, post-rollback, and final stages; held-out tests used first-pass
compliance only, whereas the 90 rollback samples were evaluated at all three stages. Three
HCI evaluators who were not involved in model development independently rated the
outputs. Method identities were withheld, files were anonymized, sample order was ran-
domized, and identical presentation settings were used. Evaluators reviewed a common
rating rubric before scoring; no separate calibration or consensus session was conducted.
The generated output was the primary analysis unit, and the median of the three ratings
was used for each subjective dimension. Evaluator-level ratings were retained only for
inter-rater reliability. Two-way absolute-agreement, average-measures ICC(A,3) values
were 0.88 for affective matching, 0.84 for functional usability, 0.89 for age-friendliness, and
0.91 for overall coordination [32]. Label-masking and rating procedures are described in
Supplementary Note S2 and Questionnaire S2.

Repeated-measures task comparisons used the Friedman test [33], followed by
Wilcoxon signed-rank tests with Holm correction [34]; Kendall’s W was reported as the
omnibus effect size. Identity consistency was computed with buffalol from the official In-
sightFace model package. All generated and reference images were first processed by the
SCRFD face detector. Detected faces were then aligned and cropped to 112 × 112 RGB
images. Next, 512-dimensional identity embeddings were extracted and L2-normalized.
Let ẑr be the normalized embedding of the reference identity image, and ẑs

t,k be that of
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the generated result under task t and random seed k. The identity similarity is defined
as follows:

s(r)t,k = cos(ẑr, ẑt,k) = ẑT
r , ẑt,k (10)

This metric characterizes identity stability of the same virtual health assistant across
tasks and random seeds. Identity consistency was not evaluated for GUILGET, Graph4GUI,
or LACE, as they output UI layouts rather than human images. This study reports three
levels: external baselines, rollback, and final validation. The T1 first-pass comparison exam-
ined responses to affective targets, functional structure, age-friendly bounds, and identity
conditions. This layered report separates first-pass capability, recovery cost, and final vali-
dated output. External baselines assess input control channels. The proposed method adds
affective targets, task structure, age-friendly bounds, and identity anchors, and is evaluated
by affective matching, usability, compliance, and avatar-UI behavioral consistency.

For the ablation analysis, the three seed-level outputs were first averaged within
each held-out condition, yielding 30 condition-level observations per configuration and
task. One mechanism-aligned full–ablation comparison was prespecified for each abla-
tion. Wilcoxon signed-rank tests were conducted at the condition level, with r = |Z|/

√
30

reported as the effect size and paired-bootstrap 95% confidence intervals obtained from
10,000 resamples. Holm adjustment was applied to the five mechanism-aligned compar-
isons within each task.

For the additional user evaluation, the participant was the unit of analysis. Because
the same participants completed T1, T2, and T3, overall task differences were assessed
using the Friedman test with Kendall’s W as the effect size. Significant omnibus effects
were followed by pairwise Wilcoxon signed-rank tests with Holm adjustment across the
three task comparisons within each metric.

4.2. Main Comparative Results

This section analyzes the generated results at the level of collaborative schemes. The
proposed method is compared across the three health-management tasks. Each scheme
includes both virtual-human behavior and the corresponding UI layout. This design
supports analysis of how task conditions affect facial expression, posture, gaze direction,
and priority of UI modules.

4.2.1. Typical Collaborative Cases Across the Three Tasks

For T1 routine health data recording, the results showed preference for a low-pressure,
user-led style. The digital human used a gentle expression and small guiding gestures. The
UI focused on the (m1) data-entry area and (m2) historical-trend area, retained necessary
(m4) instruction/help information, and did not highlight the less relevant (m3) medication-
information area or (m5) emergency-action area. For T2 medication reminders, the results
emphasized reminder recognizability and confirmation accessibility. The digital human had
a clear reminding posture and offered moderate guidance. The UI centered on (m3) and (m4),
while retaining a confirmation entry. Medication name, dose, time, and confirmation actions
were more prominent than trend information. In T3 abnormal data alert, the results focused
on risk warning and next-step guidance. The UI highlighted (m5), compressed noncritical
information, and shortened the interaction path. Overall, task risk and control relation
shaped both digital-human cues and UI structure. Figure 5 illustrates representative avatar–
UI co-generation results for T1, T2, and T3, showing that task risk and control relation jointly
shape digital-human behavior, UI module priority, and age-friendly constraint satisfaction.
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Figure 5. Core collaborative case display across three representative tasks.

Identity consistency was evaluated using 30 generated avatar images across three
tasks and 10 random seeds per task. All outputs were compared with the same reference
identity anchor using InsightFace cosine similarity. Mean similarity was 0.911 ± 0.005 for
T1, 0.894 ± 0.005 for T2, and 0.878 ± 0.004 for T3, with individual values ranging from
0.8704 to 0.9181 (Figure 6).

Figure 6. Identity consistency across task conditions and random seeds. (a) Representative outputs
generated from the same reference identity anchor under T1 routine recording, T2 medication
reminder, and T3 abnormal-alert conditions using two representative random seeds (11 and 23).
(b) Reference-anchor cosine similarity across the three tasks. Bars represent mean ± SD across
10 random seeds per task.
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4.2.2. Constraint Compliance and Rollback

Constraint compliance was evaluated on 30 samples per task. Sample-level first-pass
compliance was 63.3%, 56.7%, and 36.7% for T1–T3, respectively, increasing to 93.3%,
86.7%, and 80.0% after up to three automatic rollback rounds. Constraint-level recovery
and residual manual corrections are summarized in Table 7, with output-level rollback
records provided in Supplementary Data S5.

Table 7. Constraint-level compliance and recovery across T1–T3 (n = 30 per task).

Task Constraint First-Pass Compliant After Auto Rollback Manual Correction

T1 Routine recording

Font 27/30 (90.0%) 30/30 (100%) 0/30

Contrast 27/30 (90.0%) 30/30 0/30

Density 26/30 (86.7%) 29/30 (96.7%) 1/30 (3.3%)

Target 28/30 (93.3%) 29/30 (96.7%) 1/30

Path 27/30 (90.0%) 30/30 0/30

Overall 19/30 (63.3%) 28/30 (93.3%) 2/30 (6.7%)

T2 Medication
reminder

Font 28/30 (93.3%) 30/30 0/30

Contrast 20/30 (66.7%) 26/30 (86.7%) 4/30 (13.3%)

Density 26/30 (86.7%) 30/30 0/30

Target 24/30 (80.0%) 30/30 0/30

Path 26/30 (86.7%) 30/30 0/30

Overall 17/30 (56.7%) 26/30 (86.7%) 4/30 (13.3%)

T3 Abnormal alert

Font 24/30 (80.0%) 30/30 0/30

Contrast 24/30 (80.0%) 30/30 0/30

Density 26/30 (86.7%) 30/30 0/30

Target ≥ 44 px 22/30 (73.3%) 27/30 (90.0%) 3/30 (10.0%)

Path ≤ 1 15/30 (50.0%) 27/30 (90.0%) 3/30 (10.0%)

Overall 11/30 (36.7%) 24/30 (80.0%) 6/30 (20.0%)

Note. After manual correction and re-validation by the rule checker, all samples satisfied the applica-
ble constraints (30/30 per task). Constraint-specific counts indicate the number of samples requiring
manual correction for each constraint and may overlap across constraint types, whereas the Overall
row reports the number of unique samples requiring at least one manual correction.

4.2.3. User Evaluation

The 50 older adults rated T1–T3 in affective matching, functional usability, age-
friendliness, and overall coordination. For each task, all participants evaluated the same
fixed task-level prototype stimulus. Repeated-measures comparisons used the Friedman
test, followed by Wilcoxon signed-rank tests with Holm correction; Kendall’s W was
reported as the effect size. Table 8 reports the results.

Table 8. User evaluation scores and statistical comparisons across three tasks.

Evaluation
Dimension T1 T2 T3 Friedman

χ2(2) p-Value Kendall’s W Holm-Corrected Post Hoc Result

Affective matching 4.22 ± 0.58 4.12 ± 0.56 3.98 ± 0.62 4.85 0.088 0.049 All ns; T1 vs. T3, padj = 0.141
Functional usability 4.30 ± 0.51 4.24 ± 0.52 4.48 ± 0.50 8.67 0.013 0.087 T3 > T2, padj = 0.008; others ns

Age-friendliness 4.44 ± 0.50 4.38 ± 0.49 4.66 ± 0.48 12.54 0.0019 0.125
T3 > T1, padj = 0.023; T3 > T2,

padj = 0.001
Overall coordination 4.44 ± 0.50 4.34 ± 0.48 4.50 ± 0.51 2.97 0.227 0.03 All pairwise comparisons ns
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Significant task differences were observed in functional usability and age-friendliness.
T3 was rated higher than T2 for functional usability and higher than both T1 and T2 for
age-friendliness. Affective matching and overall coordination did not differ significantly
across tasks.

4.2.4. Additional User Evaluation with a Separate Participant Cohort and Comparison with
External Methods

A separate cohort of 30 older adults with chronic diseases was recruited using the
same community-based convenience sampling procedure and eligibility criteria as the
needs-modeling cohort; cohort characteristics are reported in Supplementary Table S1. All
30 participants completed the three-task evaluation, and no task-level observations were
missing. Participants received no financial compensation. This cohort was separate from
the needs-modeling cohort but was evaluated within the same research project.

Each participant completed T1–T3 in random order in a within-participant design,
yielding 90 task observations, with the participant as the analysis unit. Before timed eval-
uation, participants received standardized task instructions but no formal task-specific
training or practice trials. No formal a priori power analysis was performed for this ex-
ploratory additional user evaluation; the cohort was used to provide repeated-measures
prototype-level evaluation across the three predefined tasks. For T3, “Contact Doctor”
was predefined as the target CTA to standardize task completion and CTA-selection mea-
surements; this evaluated target localization rather than medical decision appropriateness.
Behavioral measures included completion time, participant-level mistouch rate, and time
to first correct CTA selection. Subjective workload was assessed immediately after each
task using raw NASA-TLX data [35], with the instrument provided in Questionnaire S3.
Each of the six subscales was scored from 0 to 100 in five-point increments; Performance
was anchored from 0 (Perfect) to 100 (Failure). No pairwise weighting was applied, and the
raw NASA-TLX total score was calculated as the unweighted mean of the six subscales.
Timing definitions, mistouch criteria, and operational task differences are summarized in
Table 9.

Table 9. Operational task instructions and success criteria for the additional user evaluation.

Feature T1: Routine Recording T2: Medication Reminder T3: Abnormal Alert

Required actions Enter three values and confirm Review medication information
and confirm

Locate and select “Contact
Doctor”

Screens 1, scrollable 1, scrollable 1, no scrolling
Decision points Data entry and confirmation Medication confirmation Action selection

Key CTA initially visible No Yes Yes
Scrolling required Yes Yes, for medication details No

Competing controls Trend, help, history History, help “Contact family” button
Success criterion Successful record displayed “Taken” confirmation displayed Selection of “Contact Doctor”

Note. For T3, “Contact Doctor” was predefined as the target CTA for standardized timing, whereas
Questionnaire S1 used a broader needs-elicitation scenario. Because CTA configuration differed
across tasks, CTA-selection time was treated as a task-specific descriptive measure. Mistouch rate
was calculated as unintended or incorrect touches divided by total touches ×100%.

The three tasks therefore differed in action count, scrolling requirement, decision struc-
ture, and CTA visibility. These operational differences were considered when interpreting
between-task timing and error measures.

Table 10 and Figure 7 show significant overall task differences in completion time,
mistouch rate, and raw NASA-TLX total score. CTA-selection time is reported descrip-
tively only because CTA visibility, scrolling requirements, competing controls, and decision
structure were not matched across tasks. Pairwise Wilcoxon signed-rank tests with Holm
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correction for the inferentially compared metrics are provided in Supplementary Table S5.
Raw NASA-TLX total scores were higher in T3 than in T1 and T2, with a smaller difference
between T1 and T2. These results reflect workload differences across the three evalu-
ated scenarios rather than the effect of any single task or interface factor. For descriptive
reference, the T1/T2/T3 means were 49.8/54.3/68.7 for mental demand, 38.0/35.8/39.7
for physical demand, 45.2/49.8/68.7 for temporal demand, 50.2/50.3/50.3 for perfor-
mance, 57.0/64.3/72.7 for effort, and 53.8/55.7/62.5 for frustration. The largest descriptive
increases in T3 were observed for mental demand, temporal demand, effort, and frustra-
tion, whereas physical demand and performance were comparatively similar across tasks.
Participant-level subscale scores are provided in Supplementary Data S2.

Table 10. Additional user evaluation across T1–T3 (n = 30).

Metric T1 T2 T3 Friedman
χ2(2) Exact p Kendall’s

W

Completion
time (s)

188.7 ± 68.2;
196.2

[153.0, 251.8]

136.3 ± 52.6; 148.1
[110.7, 171.3]

94.6 ± 38.1; 90.2
[71.0, 112.9] 24.87 3.98 × 10−6 0.414

Mistouch
rate (%)

9.7 ± 6.1; 9.2
[5.5, 13.8]

6.8 ± 3.9; 7.7
[3.3, 9.4]

3.9 ± 2.8; 3.9
[1.2, 6.2] 17.27 1.78 × 10−4 0.288

CTA-selection
time (s)

3.6 ± 1.8; 3.5
[2.3, 4.4]

2.8 ± 1.4; 2.7
[1.8, 3.5]

1.9 ± 0.9; 1.9
[1.2, 2.5] - - -

Raw NASA-TLX
total

49.0 ± 13.6; 50.0
[38.5, 59.0]

51.7 ± 12.8; 52.1
[42.5, 60.6]

60.4 ± 12.0; 60.0
[52.7, 68.3] 30.59 2.28 × 10−7 0.510

Figure 7. Participant-level performance and workload across T1–T3 in the additional user evaluation
(n = 30): (a) completion time; (b) mistouch rate; (c) CTA-selection time; and (d) Raw NASA-TLX
total score. Violin plots show participant distributions; Friedman statistics, Kendall’s W, and Holm-
adjusted pairwise comparisons are shown for (a,b,d), whereas (c) is descriptive only.

The T1 external comparison included 10 first-pass outputs per method. Table 11 sum-
marizes the applicable evaluation metrics as mean ± SD. Implementation provenance,
checkpoints, inference settings, and study-specific input adaptations for the external base-
lines are provided in Supplementary Table S10.

Among avatar-generating methods, the proposed framework had numerically higher
mean T1 scores for affective matching and functional usability, while identity-consistency
scores were within the range observed for identity-preserving methods. GUI-only methods
were evaluated only on the interface-related dimensions applicable to their outputs. The
comparison therefore reflects differences in supported capabilities rather than a unified
performance ranking. Representative outputs are provided in Supplementary Figure S3.

The compared methods support different forms of conditioning. Text-to-image and
affect-conditioned methods primarily use textual or affective inputs, identity-preserving
methods incorporate reference identity information, and structured GUI methods focus
on interface structure without avatar generation. The proposed framework combines
affective, identity, functional, and accessibility conditions within a joint planning process.
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First-pass constraint violations for applicable avatar-generating methods are reported in
Supplementary Table S6.

Table 11. External comparison based on first-pass outputs under T1 condition (n = 10 per method).

Method Affective
Matching

Identity Consistency
(Cosine Similarity)

Functional
Usability Age-Friendliness Any Applicable First-Pass

Hard-Constraint Violation

SDXL [36] 3.10 ± 0.74 N/A 2.70 ± 0.48 2.50 ± 0.53 10/10
EmoGen [16] 3.60 ± 0.52 N/A 2.60 ± 0.52 2.30 ± 0.82 7/10

EmotiCrafter [17] 3.80 ± 0.42 N/A 2.80 ± 0.63 2.50 ± 0.85 7/10
PhotoMaker [37] 3.40 ± 0.52 0.894 ± 0.016 2.50 ± 0.53 2.60 ± 0.52 10/10
ConsistentID [38] 3.50 ± 0.53 0.911 ± 0.025 2.90 ± 0.57 2.80 ± 0.42 9/10

GUILGET [21] N/A N/A 3.50 ± 0.53 3.40 ± 0.52 N/A
Graph4GUI [22] N/A N/A 3.60 ± 0.84 3.50 ± 0.53 N/A

LACE [39] N/A N/A 3.60 ± 0.52 3.70 ± 0.82 N/A
Ours 4.00 ± 0.47 0.916 ± 0.011 4.00 ± 0.47 3.70 ± 0.67 7/10

Note. Metrics are reported only where applicable to each method. GUI-only methods were evaluated
for functional usability and age-friendliness only because they do not generate avatar content.
Identity consistency was evaluated only for methods using a reference identity. N/A indicates that
the corresponding metric was not applicable to the method.

4.3. Ablation and Coordination Analysis

Ablation experiments were conducted across T1–T3 using the same participant-level
split as the main evaluation. The same 30 held-out conditions were used across configura-
tions, and each configuration was retrained with three random seeds, yielding 90 first-pass
outputs per task. Seed values are reported in Supplementary Table S3.

Five ablations were evaluated, as follows: A1 removed the VAD constraint, A2 re-
moved the functional and age-friendly constraints, A3 removed cross-stream attention,
A4 replaced the multi-source constraint graph with a flat MLP, and A5 used indepen-
dent avatar/UI planning followed by late concatenation. A1–A2 tested constraint inputs,
whereas A3–A5 tested coordination structures. Evaluation included the four subjective
ratings, gaze and gesture alignment, and first-pass constraint pass rate.

Gaze alignment was calculated from the relation between each predicted gaze landing

point and its graph-linked UI target region. For sample i, GAi = K−1
i,g

Ki,g

∑
j=1

I
(︂

pgaze
ij ∈ Rtarget

ij

)︂
,

where Ki,g denotes the number of gaze anchors. Gesture alignment was calculated anal-
ogously from the relation between each predicted gesture target and its linked CTA or
key-operation region. Rates were first calculated within each sample and then averaged
across evaluation conditions.

Because the number of applicable gaze and gesture anchors varied across outputs,
alignment was calculated using the output-specific anchor count as the denominator before
averaging across outputs. Denominator distributions by task and configuration are reported
in Supplementary Table S7.

The two constraint-input ablations showed distinct patterns. A1 produced the largest
reductions in affective matching, whereas A2 produced larger reductions in functional
usability, age-friendliness, and first-pass constraint compliance.

Table 12 summarizes the descriptive ablation results, while mechanism-aligned full–
ablation comparisons are reported in Supplementary Table S8 and output-level results
are provided in Supplementary Data S4. The coordination ablations mainly affected
coordination consistency and gaze/gesture alignment. A3 showed lower values for both
alignment measures, A4 showed broader changes across quality and coordination metrics,
and A5 showed the largest reduction in coordination consistency. The full model achieved
first-pass constraint pass rates of 65.6%, 61.1%, and 41.1% for T1, T2, and T3, respectively.
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The lower pass rate for T3 reflects its stricter combined requirements for contrast, target
size, information density, and critical-path length and is examined further in the rollback
and boundary-case analysis.

Table 12. Descriptive ablation results across T1, T2, and T3.

Task Config. Affective Functional Age-Friendly Coordination Gaze (%) Gesture (%) First-Pass Pass

T1

A1 2.43 ± 0.37 4.18 ± 0.34 4.34 ± 0.28 4.12 ± 0.30 79.8 ± 12.6 81.3 ± 15.5 45/90 (50.0%)

A2 4.16 ± 0.36 2.93 ± 0.18 2.48 ± 0.35 4.01 ± 0.24 80.7 ± 19.6 77.8 ± 18.7 27/90 (30.0%)

A3 4.10 ± 0.35 4.16 ± 0.26 4.23 ± 0.25 3.62 ± 0.27 70.5 ± 18.0 64.4 ± 17.4 43/90 (47.8%)

A4 3.63 ± 0.32 3.36 ± 0.26 3.54 ± 0.30 3.87 ± 0.24 74.9 ± 16.3 73.2 ± 18.4 33/90 (36.7%)

A5 3.53 ± 0.31 3.61 ± 0.34 3.71 ± 0.32 2.88 ± 0.32 56.1 ± 17.4 35.4 ± 19.3 47/90 (52.2%)

Full 4.32 ± 0.33 4.31 ± 0.34 4.44 ± 0.32 4.52 ± 0.34 92.8 ± 9.1 91.5 ± 10.3 59/90 (65.6%)

T2

A1 2.41 ± 0.35 4.12 ± 0.22 4.34 ± 0.32 4.21 ± 0.31 74.5 ± 15.5 70.8 ± 15.6 42/90 (46.7%)

A2 4.10 ± 0.34 2.84 ± 0.30 2.46 ± 0.31 3.94 ± 0.32 78.4 ± 10.4 66.6 ± 19.8 23/90 (25.6%)

A3 3.96 ± 0.38 4.06 ± 0.26 4.24 ± 0.30 3.51 ± 0.27 69.1 ± 13.1 59.3 ± 15.3 34/90 (37.8%)

A4 3.74 ± 0.27 3.33 ± 0.29 3.54 ± 0.31 3.77 ± 0.38 75.6 ± 15.1 70.4 ± 18.1 31/90 (34.4%)

A5 3.37 ± 0.31 3.57 ± 0.35 3.59 ± 0.29 2.76 ± 0.33 51.1 ± 22.1 40.7 ± 21.0 37/90 (41.1%)

Full 4.29 ± 0.26 4.31 ± 0.31 4.46 ± 0.27 4.44 ± 0.35 89.7 ± 10.7 87.4 ± 9.8 55/90 (61.1%)

T3

A1 2.32 ± 0.28 4.38 ± 0.34 4.42 ± 0.29 3.97 ± 0.34 74.1 ± 12.3 65.5 ± 17.1 33/90 (36.7%)

A2 4.11 ± 0.34 2.81 ± 0.27 2.41 ± 0.31 3.90 ± 0.29 74.1 ± 14.1 64.8 ± 21.8 18/90 (20.0%)

A3 4.01 ± 0.30 4.11 ± 0.24 4.28 ± 0.33 3.51 ± 0.29 62.4 ± 15.4 60.8 ± 17.1 35/90 (38.9%)

A4 3.84 ± 0.31 3.37 ± 0.28 3.62 ± 0.29 3.70 ± 0.37 70.5 ± 15.6 64.2 ± 13.7 18/90 (20.0%)

A5 3.41 ± 0.34 3.52 ± 0.32 3.63 ± 0.29 2.58 ± 0.36 48.1 ± 16.0 39.9 ± 18.5 23/90 (25.6%)

Full 4.24 ± 0.33 4.34 ± 0.31 4.60 ± 0.28 4.46 ± 0.33 90.5 ± 8.9 81.5 ± 12.1 37/90 (41.1%)

Note. A1, without the VAD constraint; A2, without functional-priority and age-friendly con-
straints; A3, without cross-stream attention; A4, without the multi-source constraint graph; A5,
late-concatenation baseline. Subjective and alignment values are reported as mean ± SD across
30 held-out conditions after averaging the three seed-level outputs within each condition. First-pass
constraint compliance is reported descriptively across the 90 generated outputs per configuration
and task. Inferential full–ablation comparisons are reported in Supplementary Table S8.

Random-seed robustness was evaluated for the full model across six independent
training seeds using the same 30 held-out conditions per task. Seed settings and complete
results are reported in Supplementary Tables S3 and S9, respectively, and representative
coordination outputs are provided in Supplementary Figure S4. Across the six seeds,
subjective ratings, alignment measures, and first-pass compliance rates showed relatively
limited variation across the tested initializations.

4.4. Boundary Cases, Safety-Relevant Failure Analysis, and Rollback

Boundary-case analysis focused on T3 abnormal-alert samples after automatic roll-
back. Remaining issues mainly involved avatar-expression intensity, CTA hierarchy, and
surrounding-information density. For the key CTA, 8/30 first-pass samples fell below the
44 px threshold. After automatic rollback, 3/30 remained below the threshold, and all were
corrected after manual review and re-checking.

Figure 8 presents representative rollback cases from T1 and T3, illustrating how task
sequencing, CTA salience, semantic consistency, and avatar behavior issues were identified
and corrected. The quantitative results above describe the overall recovery pattern, while
the figure provides examples of the corresponding failure and correction processes.
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Figure 8. Representative rollback cases showing failure detection and correction in the gener-
ated avatar–UI schemes. (a) Recovery pattern represented by T1 output RB_T1_29, for which an
information-density violation was resolved automatically in rollback round 2, with no manual con-
straint correction required. (b) Recovery pattern represented by T3 output RB_T3_13; the critical path
was corrected automatically by round 3, whereas the CTA size remained below the 44-px threshold
after automatic rollback and required manual correction before final re-checking. Semantic and
behavioral issues shown in the callouts were identified during manual review rather than by the
numerical rule checker. Both records passed final constraint validation.

Measurement-warning semantic mismatch and medication sequence disorder were
classified as high-severity failure modes. Semantic and behavior-related risks were only
partially captured by the numerical rule checker and therefore required additional hu-
man review. Table 13 summarizes the failure categories, their potential consequences,
detectability, current mitigation, and residual risk.

The analysis was conducted as a prototype-stage hazard screening. Severity was
defined according to the potential consequence of each failure, detectability according to
whether it could be identified by the current rule checker, and residual risk according to
the remaining concern after mitigation and review. High, Medium, and Low categories
were used for the qualitative assessment.

Computational efficiency was also evaluated using the 90 rollback-analysis samples,
with 30 samples per task and model-loading time excluded. Mean first-pass runtime was
6.505 ± 0.726 s, including condition encoding, graph construction, GAT and dual-stream
planning, UI rendering, InstantID identity conditioning, SDXL diffusion rendering, and
automatic constraint checking. Automatic rollback added an average of 0.532 ± 0.724 s, re-
sulting in a mean total automatic runtime of 7.037 ± 0.978 s. Manual correction and human
review were not included in the runtime estimates because their duration depended on op-
erator involvement. Hardware, software, rendering, and optimization settings are provided
in Supplementary Table S3, and the runtime breakdown is summarized in Table 14.
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Table 13. Prototype-level failure and hazard screening.

Failure Mode Potential
Consequence Severity Detectability Current Mitigation Residual Risk

Measurement-
warning semantic

mismatch

Incorrect
interpretation of an
abnormal result or

warning

High Low
Task-conditioned planning;

manual review and
correction

Medium

Medication sequence
disorder

Incorrect medication
action or uncertainty
about timing or dose

High Medium
Operation-sequence edges;
key-path checking; manual

review and correction
Medium

Expression-content
mismatch

Anxiety, confusion, or
reduced trust Medium Medium

VAD-conditioned avatar
planning; cross-stream
coordination; manual

review

Medium

Excessive urgency Unnecessary stress or
alarm fatigue Medium Low

Task-specific VAD
conditioning; manual
review and correction

Medium

Weak hierarchy
Delayed CTA

discovery or missed
next step

Medium Medium

Functional priorities and
priority edges; contrast,

target-size, and key-path
checks; rollback

Low

Table 14. Runtime of the complete prototype-generation pipeline.

Runtime Component Mean (s) SD (s)

Condition encoding 0.018 0.004
Graph construction 0.063 0.011

GAT + dual-stream planning 0.523 0.094
UI rendering 0.607 0.128

InstantID identity conditioning 1.43 0.267
SDXL diffusion rendering 3.805 0.636

Constraint checking/automatic validation 0.058 0.014
Total first-pass runtime 6.505 0.726

Rollback overhead 0.532 0.724
Total post-rollback automatic runtime 7.037 0.978

5. Discussion
5.1. Main Findings and Interpretation

This study examined whether affective goals and task engineering requirements
could be jointly represented at the planning layer for avatar–UI prototype generation
in older-adult chronic-disease management. Across the three scenarios, the framework
produced task-sensitive avatar behavior and UI-priority changes while maintaining a
shared structured representation of task conditions. Ablation results showed differentiated
effects of affective constraints, task-engineering constraints, and coordination mechanisms
on their corresponding evaluation dimensions. These findings are consistent with the
intended roles of the model components but constitute within-framework evidence rather
than proof of general superiority over other generation approaches.

The separate user evaluation provided complementary evidence on task performance,
but the operational non-equivalence of T1–T3 means that timing, mistouch, CTA-selection,
and workload differences should be interpreted as task-specific rather than framework-
level efficiency effects. The external comparison is likewise capability-specific because the
methods differ in conditioning and output scope. Rollback and boundary-case analyses
further showed that first-pass violations and semantically unsafe outputs may remain
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beyond numerical rule checking. Overall, the framework is best interpreted as a structured
co-planning and prototype-screening approach that still requires human review and task-
specific validation.

5.2. Methodological Limitations

Several limitations affect interpretation of the user-study results. The needs-modeling
(n = 50) and additional user-evaluation (n = 30) cohorts were modest, non-probability
samples. The needs-modeling cohort included only older adults with hypertension or
diabetes and required prior smartphone experience, limiting generalizability to other
chronic conditions and lower-digital-literacy populations. Visual and fine-motor difficulties
were self-reported rather than clinically assessed. In addition, T1–T3 were operationally
non-equivalent in actions, scrolling, decision structure, and CTA visibility; despite the
randomized task order, residual learning, fatigue, and carry-over effects cannot be excluded.
The study also covered only three predefined scenarios; broader cross-task, cross-language,
and cross-cultural generalizability remains to be established.

The computational comparisons also have limited scope. External comparisons used
only 10 first-pass outputs per method and involved heterogeneous baselines with different
inputs, outputs, and applicable metrics; therefore, they should not be interpreted as a
unified ranking. Ablation analysis covered five predefined removals with 30 held-out
conditions per task and three training seeds, while robustness analysis used six seeds; these
settings do not capture the full variability of training and generation. Subjective output
quality was assessed by three HCI evaluators and therefore remains dependent on the pre-
defined rubric and expert judgment despite masking and inter-rater reliability assessment.

Finally, the accessibility and safety findings should be interpreted at the prototype
level and do not establish device-level accessibility compliance or clinical safety validation.
Pixel-based thresholds were defined on the 1080 × 1920 reference canvas and require
device-level revalidation before physical deployment. Rendering outcomes may also vary
with backend models and versions. The reported boundary cases are illustrative rather than
frequency estimates, and the observed first-pass violations show that constraint checking
and rollback remain necessary parts of the workflow.

5.3. Safety and Applicability Boundaries

The framework should be interpreted as an early-stage prototype-generation and
candidate-screening tool rather than a clinically validated or autonomous health-management
system. Its rule checker addresses prototype-level properties such as font size, contrast,
information density, target size, and interaction-path length, but does not replace clini-
cal review, medication-safety assessment, semantic validation, or professional judgment.
Downstream use will therefore require domain-expert review, explicit human oversight,
deployment-specific safety evaluation [40], and longitudinal assessment of trust, alert
fatigue [41], repeated-use behavior, and adaptation in home settings.

6. Conclusions
This study developed a dual-constrained co-planning framework for structured

avatar–UI prototype generation under affective, functional, and age-friendly requirements.
The framework integrates VAD-based affective targets, functional-module priorities, age-
friendly engineering bounds, a multi-source constraint graph, and dual-stream planning
within a shared task representation. Across the three evaluated health-management scenar-
ios, the framework produced task-sensitive avatar behaviors and UI layouts and supported
post-generation constraint checking and rollback.
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External comparisons, ablation analyses, random-seed tests, and user evaluations
provide preliminary prototype-level evidence for the roles of affective constraints, task
representation, age-friendly bounds, and cross-stream coordination. These findings remain
limited to the evaluated prototype conditions and do not establish clinical or deployment
readiness. Future work should extend validation to larger and more diverse populations,
additional tasks and devices, dynamic and multi-turn interaction, clinical review, device-
specific accessibility testing, and longitudinal home-use evaluation.
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