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Abstract
Homework tutoring work is a demanding and often conflict-prone
practice in family life, and parents often lack targeted support
for managing its cognitive and emotional burdens. Through in-
terviews with 18 parents of children in grades 1–3, we examine
how homework-related labor is divided and coordinated between
parents, and where AI might meaningfully intervene. We found
three key insights: (1) Homework labor encompasses distinct di-
mensions: physical, cognitive, and emotional, with the latter two
often remaining invisible. (2) We identified father-mother-child
triadic dynamics in labor division, with children’s feedback as the
primary factor shaping parental labor adjustments. (3) Building
on prior HCI research, we propose an AI design that prioritizes
relationship maintenance over task automation or broad labor miti-
gation. By employing labor as a lens that integrates care work, we
explore the complexities of labor within family contexts, contribut-
ing to feminist and care-oriented HCI and to the development of
context-sensitive coparenting practices.
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1 Introduction
Imagine this scene: a mother sits at the kitchen table late at night,
trying once again to explain a homework problem to her child. Each
repeated explanation tests her patience. What she is facing is not
just solving a problem, but a layered mix of emotional, cognitive,
and physical tension. Surveys show that about two-thirds of par-
ents in Organization for Economic Co-operation and Development
countries are actively involved in their children’s homework [74].
This seems like a routine part of parenting. Beneath this routine,
however, lies a heavy load of psychological and emotional labor.
Parents prepare materials and manage schedules, and also serve as
emotional buffers, calming their child’s frustration while suppress-
ing their own rising stress. Over time, a simple tutoring moment
becomes a slow emotional struggle, turning homework tutoring
into a “second shift” that stretches parents’ resilience [47].

Homework tutoring struggles are especially pronounced in China,
where intense educational competition and heavy homework loads
shape everyday family life. Surveys show that around 80% of Chi-
nese parents feel anxious about their children’s academic perfor-
mance [64], and 67.5% of mothers take the primary responsibility
for homework tutoring [76]. Weekly parental tutoring time for
primary-school children has increased from 3.7 to 5.9 hours [76].
This burden, however, is not distributed evenly. Gendered divisions
of labor usually mean that mothers perform most of the cognitive
and emotional work of homework tutoring, while fathers often take
on peripheral roles involving occasional supervision [17]. These
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patterns not only exhaust families but also reinforce broader gender
inequalities.

In light of these challenges, technological advancements, particu-
larly in Artificial Intelligence (AI), present new opportunities. Prior
work shows that AI can support emotional communication and
provide educational assistance within families [16, 45, 53, 95, 100].
For instance, AI tools can ease parental emotional tension and facili-
tate intra-family communication [6, 37]. Current systems, however,
focus primarily on children’s learning needs [13, 67, 98] or parents’
attitudes toward technology [37, 45, 79, 107]. They rarely address
how labor in homework tutoring is divided or how gendered ex-
pectations shape everyday coordination. Therefore, current tools
seldom engage with imbalances in caregiving responsibilities. Our
study addresses this gap through two research questions (RQs):

• RQ1. How is the labor of homework involvement currently
divided and coordinated between parents in Chinese fami-
lies?

• RQ2. How can AI systems support more equitable parent
collaboration, and what challenges and opportunities arise
in this process?

To answer these questions, we conducted semi-structured inter-
views with 18 Chinese parents with children in grades 1–3. Building
on feminist, care-oriented HCI work [4, 22, 85], we use labor as
an analytic lens to reveal that the division of labor operates as a
dynamic, triadic cycle, where children’s feedback triggers recurring
cycles of breakdown and renegotiation. We propose shifting the
design goal of AI from automating instructional tasks to fostering
relational support. We outline a design agenda for family AI with
three implications: collaborative annotation, child-centered narra-
tive timelines, and joint reflection. These strategies aim to highlight
the often invisible emotional and cognitive labor within families.

We extend research on family-centered HCI and Computer-
Supported Cooperative Work (CSCW) in care by revealing the
granular forms of labor and specific asymmetries in parental divi-
sion in homework tutoring, and by offering actionable AI design
implications that facilitate value alignment and promote sustainable
coparenting arrangements.

2 Background
In HCI research, homework tutoring is often framed as a learn-
ing environment that requires safety and scaffolding. Prior studies
have explored how technologies can help children cultivate self-
regulation, ease parental supervision burdens, and foster positive
parent-child interactions [48, 63, 70, 71]. Yet much of this work is
situated in Western contexts, where homework loads are relatively
manageable, and parents often act as companions or supporters
rather than tension managers [73, 77]. In contrast, scholarship on
East Asia, especially China, documents stronger parental empha-
sis on academic performance and high achievement expectations,
which tend to produce more directive, management-like involve-
ment in children’s study routines [15, 72, 80]. This cross-cultural
difference suggests that design assumptions derived from Western
settings may under-specify the needs of families who face heavier
homework demands and performance-oriented parental oversight.

In China, homework tutoring has evolved into a high-pressure
and enduring “second shift” [46]: dining tables quickly become

desks as parents take on the roles of tutor, supervisor, and emo-
tional mediator. Heavy workloads and broad subject coverage [73],
compounded by children’s volatile emotions, from distraction and
procrastination to complaints and tears, transform this daily ritual
into fragmented yet relentless labor. Crucially, this work is unevenly
distributed: mothers typically take the core cognitive labor of plan-
ning, coordinating, and repairing emotional ruptures, while fathers’
contributions are more occasional and substitutive [22, 41, 103].
This structural imbalance leaves mothers chronically exhausted
in time and energy, while silently accumulating tension within
families [23]. As such, in China, homework tutoring is not merely
an educational practice but a mirror reflecting household power
structures and the division of invisible work. For HCI, this context
underscores a broader opportunity: to move beyond performance-
oriented interventions and instead design for making hidden forms
of labor visible, negotiable, and more evenly shared [91].

3 Related Work
3.1 Labor and Coordination in Parenting
Labor has long been a critical lens for understanding collaboration
in HCI. Beyond visible and physical work, researchers have empha-
sized the emotional labor [47], invisible work [91], and cognitive
labor [22] in coordination. These forms of labor, anticipating needs,
planning trajectories, monitoring progress, and repairing break-
downs, rarely yield tangible outputs, yet they profoundly shape
how responsibilities are allocated and how relationships are main-
tained [22, 91]. This lens has informed studies that render “invisible
labor” more legible and negotiable through task visualization, col-
laboration scaffolds, and intelligent scheduling [8, 70, 71, 88, 99].
However, this line of work has largely centered on formal, com-
pensated settings [20], leaving the informal, emotionally charged
domain of family life comparatively underexplored.

Homework tutoring provides a concrete site for extending a
labor lens in HCI to family learning contexts. It spans physical
labor (e.g., preparing materials), emotional labor (e.g., soothing
and motivating children), and cognitive labor (e.g., planning, co-
ordinating, and monitoring tasks). Among these, cognitive labor
is the least visible yet most consequential for structuring house-
hold divisions of responsibility and shaping parent-child relation-
ships [22]. Prior work has documented significant gender asym-
metries: mothers disproportionately take sustained “core” tasks,
while fathers more often contribute sporadically with “episodic”
involvement [103]. This division reflects deep power dynamics
and societal expectations surrounding caregiving, underscoring the
need for an equitable division of both emotional and cognitive labor
at home [4]. While this pattern is evident across various cultural
contexts, the high-frequency and emotionally intense nature of
homework tutoring makes these dynamics both more visible and
impactful [57, 68, 81, 105]. Yet HCI has paid limited attention to
how this cognitive labor is reproduced, negotiated, or resisted in
domestic learning environments, or to how technologies might
redistribute rather than simply mask it.

At the same time, many AI-based educational technologies and
intelligent tutoring systems deployed in homes have emphasized
automating physical and evaluative labor, such as grading [63] or
explanation [48]. While efficiency gains are valuable, these systems
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typically treat technology as a neutral instructional tool and over-
look the cognitive and emotional dimensions that make homework
a lived form of labor. This blind spot is particularly consequential
in contexts such as China, where heavy homework loads and gen-
dered cultural expectations converge to make mothers the de facto
coordinators [49]. Here, homework is not merely an academic task
but a site where invisible labor, gendered responsibilities [22], and
affective dynamics intersect [23]. Addressing this requires HCI to
move beyond efficiency-driven logics toward design mechanisms
that help families identify, externalize, and rebalance hidden labor,
positioning AI not as a tutor but as a scaffold for coordination,
repair, and more equitable collaboration within families [96].

3.2 AI-Supported Parent-Child Interaction
AI-supported parent-child interaction has become a growing theme
in HCI, with applications ranging from emotional companionship
to educational support. Early studies have explored how smart
speakers, chatbots, and social robots can support children’s learn-
ing at home, but parents tend to approach these AI tools with
more caution, emphasizing trustworthiness, safety, and the need
for supervision [37, 107]. For example, parents see potential bene-
fits in AI assistants (such as objective feedback or help managing
emotions), but worry that such technology could undermine their
authority or encourage “lazy parenting” if it replaces parent-child
interaction [79]. Deploying Amazon Echo in family homes could
both stimulate communication and trigger new tensions around
control and fair access, highlighting the need for better support
of parental mediation roles [6]. Similarly, social robots have been
introduced into homework and shared reading contexts, and par-
ents expected these robots to act as collaborators, not replacements,
thereby deeply shaping parental expectations [45]. While children
valued robots’ patience and encouragement, parents were more
concerned with their ability to foster autonomy and sustained mo-
tivation in learning [12].

Unlike playful or voluntary learning scenarios, homework tutor-
ing often involves high levels of emotional tension and resistance
from both children and parents, thus often filled with conflict [34].
Recent systems have responded by augmenting not just cogni-
tive but also emotional and social aspects of parent-child interac-
tion, such as offering contextual language suggestions to support
parent-child verbal interaction [53] and deploying the Purrble toy
to prompt spontaneous emotional dialogue within families [95].
These efforts demonstrate AI’s potential to support relational and
affective dynamics during educational activities.

Through studies of parent-child interaction across different set-
tings, most prior work has focused either on children’s perspectives,
parents’ attitudes toward technology, or contrasting views between
parents and children. Narrowing this lens to AI-assisted homework
tutoring, we find similar research trends. In studies of social robots
for homework support, researchers have primarily examined chil-
dren’s perceptions of such robots [67]. Venugopalan et al. extended
this focus to the parental perspective, analyzing how caregivers
interpret and respond to large language model (LLM) based systems
that provide conversational support for homework assistance [98].
Likewise, Quan et al. investigated both children’s and parents’ views

of ChatGPT, highlighting how their differing expectations shape
the role of AI tools in family learning environments [83].

In these studies, parents are typically treated as a single unit,
overlooking the coordination and division of roles between care-
givers. This dyadic framing obscures the uneven division of roles
frequently observed in Chinese families, where one parent, most of-
ten the mother, assumes the majority of cognitive and emotional la-
bor [22, 41, 103]. While some HCI research has begun to interrogate
the gendered dimensions of digital labor [85], most AI-supported ed-
ucational systems continue to treat parenting roles as interchange-
able, thereby missing the opportunity to address persistent inequal-
ities in caregiving responsibilities. To fill this gap, our study exam-
ines how AI can mediate not only parent-child interaction but also
mother-father coordination, fostering balanced division of roles
and effective family communication during homework tutoring.

4 Methodology
This study examines homework tutoring in the early primary years
(Grades 1–3), a critical transition from a play-based kindergarten
environment to formal schooling, when children begin develop-
ing independent learning habits and require substantial parental
scaffolding. Prior research shows that parents’ homework tutoring
during this stage is crucial for fostering positive academic and socio-
emotional development [27] and that parents’ homework tutoring
typically intensifies immediately after school entry [94].

To capture the complexity of this formative period, we conducted
in-depth semi-structured interviews to understand how parents
divide and coordinate their responsibilities, as well as their expec-
tations and concerns regarding the involvement of AI technologies.
Positioned at the intersection of labor-division-AI design, our work
extends the research traditions of cognitive labor [22], invisible
labor [91], and family-centered HCI [70, 71]. We particularly ex-
amine how divisions of labor are reproduced through cycles of
breakdown, substitution, and repair, and how technologies might
serve as scaffolds at moments of collaborative rupture.

4.1 Recruitment and Screening
We designed and distributed a screening survey to identify suit-
able participants. Beyond serving as a sampling tool, the survey
also advanced our research logic, transforming core concepts into
operational dimensions. It focused on four areas:

(1) Family structure and roles, identifying primary caregivers
and accounting for specific cases such as single-parent house-
holds, thereby centering our analysis on the dynamics of
division of labor.

(2) Division of labor and task types, mapping concrete ac-
tivities (e.g., supervising homework, explaining problems,
managing time, providing emotional support, coordinating
with partners) and their frequency to categories of cognitive,
emotional, and physical labor, ensuring that our sample in-
cluded families where at least one parent consistently bore
tutoring responsibilities.

(3) Burden and tension, assessing satisfaction levels and sources
of stress (e.g., time conflicts, parent-child disputes, partner
disagreements, school-family communication pressures) to
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identify real points of conflict, prioritizing families that had
experienced such challenges.

(4) Technology use and adoption willingness, investigating
whether parents had used tools such as homework apps,
learning devices, or voice assistants, and probing their vi-
sions of AI’s potential role, which informed directions for
follow-up questions in interviews.

Based on this survey, we distributed recruitment messages via
parent WeChat groups and social media platforms (e.g., Xiaohong-
shu) and screened respondents against our criteria. In total, 133
questionnaires were collected. The first author initially filtered the
valid responses based on the completion time (over 90 seconds),
parents’ moderate-to-high frequency of homework tutoring, chal-
lenges encountered during tutoring, and prior experience using
AI products. After contacting eligible parents to arrange interview
times, 18 parents were ultimately selected and completed the inter-
views, including 12 mothers and 6 fathers (see Table 1).

For the main supervisors involved in homework tutoring, 10
households were mother-only, 5 involved both parents, and 3 were
father-only. This participation pattern highlights the predominant
role of mothers in homework tutoring, followed by joint participa-
tion, with father-only involvement being comparatively rare.

4.2 Semi-Structured Interview
Guided by our RQs, the semi-structured interview protocol was
organized into six themes: (1) current practices of homework tu-
toring and division of roles, (2) digital labor and “invisible work”,
(3) emotional labor and psychological experiences, (4) partner in-
volvement and family structures, (5) experiences with existing
AI/technological tools, and (6) trust, potential, and fairness in AI
design. The first three themes primarily addressed RQ1, while the
latter three focused on RQ2.

To ensure a shared understanding of AI amidst varying levels
of technical literacy, we framed the concept by referencing the
specific algorithmic tools participants reported using in the screen-
ing stage (e.g., Zuoyebang, ChatGPT, Xiaoyuan). We defined AI
in this context as technologies that intervene in the tutoring pro-
cess through recognition, voice interaction, or problem-solving,
anchoring their responses in concrete user experiences rather than
abstract definitions.

The 18 participants were divided into three groups (7, 6, and
5), with each group interviewed by one of the first three authors.
Considering the potential power dynamics and biases involved in
the division of labor, all interviews were conducted in a one-on-one
format. For the initial five interviews, at least two interviewers were
present to calibrate and align interviewing styles. Each interview
lasted between 40 and 90 minutes. With participants’ consent, all
interviews were audio-recorded. Participants were compensated at
a rate of 100 RMB/hour. This study was reviewed and approved by
the institutional ethics committee.

1Participants referred to specific Chinese AI tools: (1) Photo-based apps: Zuoye-
bang (https://www.zuoyebang.com) and Xiaoyuan Souti (https://www.yuansouti.com/),
which use OCR to solve problems similar to Photomath; (2) Educational hardware:
iFlytek tablets and Youdao dictionary pens; (3) Voice assistants: Xiao Ai (Xiaomi) and
Tmall Genie (Alibaba); (4) AI chatbots: Doubao (https://www.doubao.com/chat/) and
DeepSeek (https://www.deepseek.com/en/), which are LLMs similar to ChatGPT.

Midway through the interview process, the research team held
meetings to refine the interview guide, aiming to explore the nu-
ances of labor division more deeply and uncover participants’ emo-
tions. For instance, we adjusted the question sequence to encourage
participants to open up progressively, moving from general to more
in-depth discussions. Broad questions such as “What topics do you
and your partner usually discuss when tutoring your child?” were
expanded into more detailed sub-questions like “What kinds of con-
versations occur between the father and the child, the mother and
the child, and between the parents themselves?”. All interviews were
conducted and analyzed in Mandarin. Only selected quotes were
translated for reporting to ensure that the data preserved their
original meanings as accurately as possible.

We followed Francis et al.’s data saturation principle [29], which
defines saturation as the point when no new themes emerge across
three consecutive interviews after an initial set of ten. In our study,
thematic saturation was reached after analyzing the eighteenth
parent interview. After all interviews were completed, the research
team met again to organize, cross-check, and share findings from
each interview.

4.3 Analytical Approach
The interview data were analyzed collaboratively by the first three
authors. We adopted a thematic analysis approach with inductive
coding [78]. All interviews were audio-recorded, transcribed, and
analyzed using Braun and Clarke’s six-phase method of thematic
analysis [10].

We adopted an inductive coding approach involving three phases.
In the initial phase, to ensure inter-rater reliability, the first three
authors collectively coded one interview transcript to establish
a unified initial codebook. Subsequently, three authors indepen-
dently analyzed the remaining interviews conducted by the other
two, allowing cross-checking and reducing self-bias. We convened
weekly to discuss new codes and resolve discrepancies. In the con-
solidation phase, all preliminary codes were aggregated on a shared
Miro board. Through affinity diagramming, we iteratively clustered
codes into subcategories and synthesized them into broader themes.

Finally, in the refinement phase, we aligned these themes with
our RQs. Emerging topics that did not directly address the RQs
were critically reviewed and excluded to maintain focus. For in-
stance, while many parents discussed the burden of non-academic
assignments required by schools (e.g., crafting and hand-copying
newspapers) and the resulting home-school tensions, these codes
were excluded because they did not pertain to the internal dynamics
of parental division of labor or coordination. This process crystal-
lized into two high-level categories: (1) parental division of labor
and (2) perceptions and expectations of AI, which encompass six
specific subthemes detailed below.

This collaborative, iterative process, combining independent cod-
ing, joint clustering, and cross-validation, strengthened the credibil-
ity and rigor of the analysis. Triangulation across coders enhanced
analytical trustworthiness, while the joint synthesis process al-
lowed the team to move beyond surface-level codes and uncover
deeper conceptual patterns. Importantly, the approach enabled us to
develop a situated understanding of how parents conceptualize the
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ID Gender AI Products in Use Main Supervisor

P1 mother photo-based homework-solving app, educational tablet, AI voice assistant, AI chatbot mother
P2 mother photo-based homework-solving app, AI voice assistant, AI chatbot mother
P3 mother photo-based homework-solving app, AI chatbot mother
P4 father photo-based homework-solving app, AI voice assistant father
P5 father photo-based homework-solving app, educational tablet, AI chatbot mother, father
P6 mother photo-based homework-solving app, AI voice assistant mother
P7 mother photo-based homework-solving app, AI voice assistant, AI chatbot mother
P8 mother photo-based homework-solving app, AI chatbot mother
P9 mother photo-based homework-solving app, educational tablet, AI voice assistant father
P10 father photo-based homework-solving app, educational tablet, AI voice assistant mother, father
P11 father photo-based homework-solving app, AI voice assistant, AI chatbot mother
P12 mother photo-based homework-solving app, AI chatbot mother
P13 father photo-based homework-solving app, AI voice assistant mother
P14 mother educational tablet, AI voice assistant mother, father
P15 mother photo-based homework-solving app, AI voice assistant, AI chatbot mother
P16 mother photo-based homework-solving app, educational tablet, AI voice assistant mother, father
P17 father photo-based homework-solving app, AI voice assistant, AI chatbot mother, father
P18 mother AI chatbot father

Table 1: Parent participants, AI products in use, and main homework supervisors.1

division of labor and imagine the potential role of AI in reshaping
these family dynamics.

5 Findings
5.1 The Construction of Parental Division of

Labor: Structural, Interpersonal, and
Child-Driven Dynamics

To address RQ1, we examined how parents negotiate the division
of labor in homework tutoring. This division is rarely a result of
free individual choice; instead, it is a dynamic outcome shaped by
three distinct forces: external structural constraints (economy and
work), gendered expectations (gendered perceptions of patience
and expertise), and the agency of the child.

5.1.1 Structural Constraints Regarding Economy and Work. A dom-
inant pattern observed across the participating families was the
shaping of labor division by external institutional pressures. Work-
related demands, such as overtime, distant postings, and frequent
business travel, structurally limited parents’ availability. Further-
more, school-assigned weekend tasks, digital platforms for home-
school communication, and rigid extracurricular training sched-
ules introduced additional layers of “digital labor” (Mother, P2 and
P16; Father, P11). Collectively, these systemic conditions positioned
mothers as the primary tutors.

Participants frequently rationalized this imbalance through an
economic lens. In several cases, the lower-earning parent, typically
the mother, was expected to reduce professional involvement and
assume daily caregiving. As one mother reflected, echoing a senti-
ment shared by participants in dual-income households, this logic
was grounded in the notion of “cost-effectiveness”: “With the same
amount of time, he can create more value than I can. From the family’s
perspective, my contribution isn’t as high as his, so he thinks I should
work less and spend more time with the children.” (Mother, P8). This

economic rationalization often led mothers to internalize the role of
primary caregiver. Mother P3 is a full-time homemaker who takes
care of all household chores and matters related to her child. She
explained that she had gradually internalized this division, even
expressing empathy toward her husband’s workload:

“I’ve just gotten used to this setup. I know he works
really hard, so I don’t want him to have to worry about
things at home or the child’s education as well. At least
he can support us, so I can stay home and take care of
our child without having to work a full-time job. I still
think this arrangement makes sense.” (Mother, P3)

Apart from economic reasoning, the physical constraints of work
schedules, such as overtime and business travel, often rendered
“fair” division impossible. When fathers were absent due to long-
term working in different locations, mothers reported taking on
the entire responsibility for homework tutoring, including ongoing
supervision. P14 noted the structural constraint of her husband’s
prolonged absence:

“My husband works for the state grid, so he travels a lot
for work... Sometimes he’s gone for three or four months,
and I’m the only one looking after our child.” (Mother,
P14)

This constraint disproportionately impacted mothers’ profes-
sional aspirations. Several mothers described how household tasks
and tutoring drained their energy, undermining their ability to pur-
sue professional development. P6 reflected, “If I didn’t have children
or a family, I’d probably have the energy to compete and chase more
opportunities. But now so much of my energy goes into childcare and
family that my career is kind of held back.” (Mother, P6). P6 offered
a vivid account of the exhaustion caused by balancing professional
and domestic roles:
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“I’m a teacher, and I’m basically working all the time. I
take care of the child, do my job, and even after work,
I still have to soothe the child, do the housework, and
then prepare for my public classes. A lot of nights I’m
up until 4 a.m. Sometimes I only get two hours of sleep.
When I’m teaching, I honestly feel like I’m about to
collapse once the class is over. There was news about a
teacher fainting on stage, and I really think that’s pos-
sible, because teachers are just too exhausted.” (Mother,
P6)

5.1.2 Gendered Expectations Regarding Patience and Expertise. Be-
yond structural constraints, the division of labor was heavily in-
fluenced by interpersonal dynamics, specifically the negotiation of
emotional labor and subject expertise.

Gendered Emotional Labor and “Patience”. While some partici-
pants attributed labor division to innate “personality”, our analysis
suggests these attributions reflect broader gendered expectations
of emotional labor.

Across several families, fathers were often described as more
“impatient” or “quick-tempered” (Mother, P1, P6, P8; Father, P10,
P11), which made them less suitable for the sustained patience
required in tutoring. For instance, P1 recalled that the father’s
emotional outbursts undermined his ability to serve as the tutor:

“Yes, he’s pretty impulsive. We take turns helping our
child with homework, but whenever it’s his turn, he
ends up yelling things like, ‘Why can’t you learn it?’
and it makes our child cry a lot.” (Mother, P1)

P8 emphasized that her husband’s temperament was fundamen-
tally incompatible with tutoring tasks: “He’s quite impatient, so he
doesn’t feel comfortable with detailed academic guidance, and he loses
his temper with our child pretty easily.” (Mother, P8).

Conversely, mothers frequently reported heightened anxiety
about their children’s academic performance, which drove them to
intervene more intensively. For instance, P12 commented:

“I feel okay about it, but his mom is a lot more anxious
and thinks other children are doing better. She’s always
talking with other moms about how competitive the
class is and how many practice papers other children
can finish in a day. After hearing all that, she gets
influenced and comes back asking me to give our child
more practice papers to do.” (Father, P12)

This dynamic was often exacerbated by conflicting educational
philosophies. Fathers often emphasized children’s innate ability
and long-term development, while mothers focused on immediate
academic outcomes. P10 explained, “Ability also matters, and I’ve
always believed that if you improve your ability, the results will
naturally follow.” (Father, P10). In contrast, his wife described,

“Yes, I’m really anxious. I often ask him what we should
do since our child isn’t doing well at school, how we
should adjust, and how we can help our child improve.
But he’s not very interested in any of this. He just thinks
that if the grades are bad, we’ll figure something out
later. He even believes that talent is innate, that maybe
our child just doesn’t have it, and that there’s not much
parents can do to change that.” (Mother, P3)

These findings highlight how the cultural norm of “men outside,
women inside” continues to shape the division of emotional labor.
P3 remarked, “My husband doesn’t really pay much attention to our
child’s studies. He mostly just asks about grades and how the child
is doing. He rarely helps with schoolwork unless I’m very busy or
not around, and then he’ll take over. Otherwise, he’s basically not
involved.” (Mother, P3). Another recalled that her husband framed
her heavier involvement as “normal” simply because of gender: “He
thinks that because I’m a woman, I should naturally do more at home,
and that’s just how it is.” (Mother, P7).

Rather than treating these descriptions as evidence of inherent
personality differences, we interpret them as narratives that draw
on gendered cultural norms in which fathers are permitted to step
back from emotionally intensive work, while mothers are expected
to absorb frustration, maintain patience, and protect the child’s
emotional well-being. In this sense, “patience” operates less as a
neutral personality trait and more as a moralized expectation placed
on mothers. These gendered expectations explain why mothers in
our study carried the bulk of instructional work and also under-
took the ongoing emotional regulation that sustained homework
tutoring over time.

Subject-Based Expertise. Subject expertise, unlike the emotionally
charged negotiation of patience, was viewed as pragmatic. A recur-
ring pattern assigned fathers responsibility for mathematics and
science, while mothers took charge of Chinese and English. This
specialization facilitated efficiency but also created fixed boundaries
that rarely shifted once established (P4, P9, P10).

P9 described how she and her husband organized tutoring ac-
cording to their expertise:

“Sometimes his dad tutors him in math, which I feel is
more rigid and straightforward, like one plus one equals
two. I usually handle Chinese, which is more flexible
and needs more explanation. So we’ve just split it that
way: he does math, I do Chinese.” (Mother, P9)

P4 highlighted how this clear division was negotiated to reduce
cognitive burden and distribute difficult tasks more evenly: “Since I
already help him with math, I really want someone to share this part
with me, especially the calculations.” (Father, P4).

Once established, these subject-based boundaries provided a
relatively stable arrangement regarding labor division: “We split
the work, with him doing math and me doing Chinese. Math is more
straightforward; it’s either right or wrong. Language needs more
guidance and interpretation, and that suits me better.” (Mother, P10).

5.1.3 The Child as an Active Agent of Division. Children are not
passive recipients of care but active agents who reshape the division
of labor. Children frequently acted as the “tie-breaker”, gravitating
toward the parent with a clearer teaching style or better emotional
regulation.

In multiple instances, a child’s response directly prompted par-
ents to renegotiate responsibilities. P4 explained that tutoring roles
shifted pragmatically depending on the child’s comprehension:
“If he really can’t understand when I explain, I just switch and let
his mother teach him.” (Father, P4). Similarly, children sometimes
explicitly resisted a parent’s guidance because of the parent’s com-
munication style. As P8 noted, “My son doesn’t like asking his dad for
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help. The way his dad explains things is hard for him to understand,
sometimes confusing, and often not very step-by-step. He doesn’t really
get it, so his dad ends up just giving instructions instead of actually
teaching.” (Mother, P8).

Furthermore, children’s dissatisfaction with the primary care-
giver often exacerbates parental conflict. As Father P13 noted, chil-
dren’s dissatisfaction with the primary caregiver’s teaching meth-
ods could intensify the parent-child relationship. When children
rejected the mother’s explanations, delivered amidst her house-
hold chores, it forced families to reconsider their division of labor
(Mother, P15). Thus, children’s voices and reactions acted as a feed-
back loop, prompting parents to renegotiate boundaries and adjust
arrangements.

In Father P13’s family, both he and his partner graduated from a
rural high school and did not feel equipped to tutor their child. He
worked in a factory, so most of the time his partner, a homemaker,
assumed this responsibility. As he explained, the child frequently
resisted the mother’s explanations, which were delivered while she
was also burdened with household responsibilities:

“Most of the time, the child feels dissatisfied. I’m busy
with work, and she’s now a full-time mom handling
daily chores and all kinds of small things. When the
child has questions, she explains through the tablet, but
he usually can’t understand, so he often ends up feeling
frustrated.” (Father, P13)

In this account, dissatisfaction was not merely about the clarity
of instruction but was intertwined with broader family arrange-
ments. Since the mother was the primary caregiver, her tutoring
was unavoidable and, from the child’s perspective, at times less
effective, leading to frustration for both sides.

Such dissatisfaction frequently escalated beyond the parent-child
dyad, intensifying the couple’s coordination. A brief remark from
another participant captured this dynamic: “It’s mainly the child
who’s unhappy. The child isn’t satisfied with how we divide the work.”
(Mother, P15). Here, the child’s frustration with the quality of tu-
toring fed back into marital negotiations, showing how children’s
voices and preferences could renegotiate the division of labor.

5.2 Bridging Experience and Expectation: The
Role of AI in Parenting

To address RQ2, we analyze how parents’ current technology prac-
tices shape their expectations for future AI tools. Parents do not
seek “automation” of parenting but rather “augmentation” that
helps them manage the challenges identified in RQ1. We identify
three core dimensions: (1) family coordination, (2) tutoring process,
and (3) emotional regulation.

5.2.1 From Invisible Labor to Data-Driven Coordination. Parents
currently lack tools to visualize the “invisible labor” of educational
management. As noted in Section 5.1, the burden of coordination
often falls disproportionately on mothers. In response, parents
consistently envisioned a role for AI that extends beyond direct
pedagogy: acting as a mediator of caregiving.

Families described how an effective system would “surface who
should take over”, making implicit labor explicit. Mother P8, who
works in K-12 educational product and content development and

has a strong interest in educational product design, articulated three
concrete design requirements. First, legibility: summaries that quan-
tify time, tasks, and cognitive load so that contributions become
visible, enabling partners to both recognize effort and identify areas
for optimization. Second, neutrality: an even, data-driven tone that
reframes “you should” as “here’s what the data suggests”, position-
ing AI as a bridge rather than a judge. Third, timing: situationally
aware handoff hints and conflict-time guidance calibrated to social
roles and temperament, with advice framed in a balanced manner.

“If there were some clear data, I think it would help in a
few ways. First, it would let my partner really see what
I’ve been doing. Second, it would help me see where
I could do better. And third, it would give me a sense
of achievement, or at least a visible record of what I
contribute to the family. When all that effort is visible,
it shows where things could be improved... and it also
helps my husband see which parts could be shared or
taken on by him.” (Mother, P8)

Parents envisioned AI as a socio-emotional intermediary that
could detect imbalance and prompt the other partner to provide sup-
port. When envisioning these systems, participants did not describe
embodied robots or simple chatbots. Instead, they conceptualized
AI as a pervasive “ambient auditor”, a background system capable
of aggregating data across devices to render an objective judg-
ment on family contributions. P8 further advocated paired self- and
partner-views that render contributions legible, identify plausible
opportunities for complementary involvement, and attach handoff
suggestions in neutral and ready-to-use terms. She emphasized
that the guidance should be grounded in observable traces and in a
facilitative manner, for example, who performed which tasks, with
what frequency and duration, and the previous interaction history.

“One really good thing would be if AI could tell fathers,
tell men, ‘Your wife has put in a lot, you should give
her more care, and maybe take on more yourself.’ It
could act like a bridge between the two of us. It would
need to understand what role each parent usually plays,
whether they have time in the evenings, what their
mood is like, and even how they want to split responsi-
bilities. Then it could give suggestions based on what’s
actually going on. For example, my work is really busy,
and my husband has his own expectations. He wants
me to spend more time, and I also want him to spend
more time. When those expectations clash, what do we
do? I think AI should really take into account parents’
roles in society, their personalities, and even their past
experiences, and then give balanced, thoughtful advice.”
(Mother, P8)

This mother suggested that AI could make visible the contribu-
tions of the partner, such as a mother’s disproportionate investment
in tutoring, and prompt the other partner to provide care and sup-
port. In this sense, AI is imagined as a “bridge” that facilitates
communication and alleviates gendered tensions within the family.
This expectation suggests that AI is valued not merely for tutoring
the child, but for facilitating more equitable family responsibilities.
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5.2.2 From “Answer-Getting” to Scaffolded Learning. Building on
that primary expectation, they also described a complementary set
of supports within homework tutoring itself. In this supplementary
role, AI is imagined as an adult assistant that helps plan, scaffold,
and, when desired, temporarily assume tutoring tasks while re-
specting parental authority. Rather than isolated features, parents
portrayed a continuum of assistance, from homework planning for
children to emotional regulation and takeovers of parents, each still
emphasizing reasoning before answers, a transparent process, and
close alignment with curricular materials.

Current Experience: Efficiency vs. Entertainment. Parents identi-
fied advantages of current tools for improving efficiency and settling
knowledge disputes. P3 emphasized that video-based explanations
were easy for children to follow, so she bought the device:

“I think the AI video explanations are great, and my
child can actually understand them. We’ve used them
before, and this year I bought him a learning device.
These new tools really reduce parents’ pressure and anx-
iety. As a parent, when I have tools to help me, I feel
much less stressed.” (Mother, P3)

Tools functioned as complementary resources where parents
perceived skill gaps. Parents highlighted the reading pen devices,
allowing children to read along when adults cannot mimic the
sound:

“What I find really useful is the reading pen. It works
really well. For example, when my child doesn’t know
an English word, they can just tap it and the pen reads
it out loud, and the child can follow along. I think it’s
actually great, because as parents, we don’t always
know the correct pronunciation either.” (Mother, P9)

Tools that combine explanations with progress analytics help
parents identify areas for improvement and deliver more targeted
instruction. Parents reported that explanations were brief and us-
able, “a quick read and I can do the problems” (Father, P5), and that
the system could show key points and diagnose weak spots, while
lightweight animations sustained interest (Mother, P1). P1 also
noted higher voluntary study time when interactive elements and
short games were present, with sessions stretching from 30 minutes
to about an hour on weekends because the child “really liked it.”

Generative drafting reduced effort during time-pressed moments
by supplying exemplars that parents lightly edited before use. P7
described entering a prompt to obtain a model composition and
then making small changes before asking the child to copy it when
she was too busy or tired to write from scratch:

“When I’m busy, or when I’m already really tired and
don’t feel like writing, I just use this app. I type in a
prompt, let it generate an essay, then I make a few quick
edits and give it to my child to copy.” (Mother, P7)

These reports converge on a practical profile of benefits: tools
speed up routine explanations, expand child engagement, and pro-
vide caregivers with actionable visibility into areas where content
is inaccurate or not curriculum-related. These affordances reduced
parents’ instructional load and made homework tutoring smoother.

However, parents expressed deep concern that some tools trade
sustained learning for attention, pulling children toward entertain-
ment rather than knowledge processing:

“One really good thing about Doubao is that it’s very
engaging. It explains things with animated characters,
so it feels fun and exciting. But the problem is that the
child can get too absorbed in the animation and not
really focus on the learning. Our child used it for about
three months, and I felt the results weren’t great, defi-
nitely not as good as using a traditional learning device.
After that, I felt it wasn’t very effective. The learning
device feels more professional and more ‘nutritious,’
while Doubao is more for entertainment. Most of the
time, our child actually just uses Doubao to have fun,
like telling jokes or for companionship.” (Mother, P1)

Parents also faced governance challenges with the tools: “When I
am exhausted, taking it back from the child is actually a pretty tough
process. . . the child isn’t really willing to hand it over.” (Mother, P6).
Furthermore, generic answers not aligned with school requirements
created extra “debugging” work for parents (Mother, P2).

Expectation: Process-Oriented Scaffolding. Parents demanded AI
tools that prioritize reasoning over answers and ensure curricular
alignment. Parents highlighted stable retrieval and step-by-step
guidance as priority capabilities:

“First, the search feature needs to be reliable and cover
enough content, so it can quickly find the exact question
the child is looking for. Second, it shouldn’t just give the
final answer. It should show the steps, and maybe even
include a video explanation. Third, for each concept, it
should branch into related problems so the child can
practice and learn how to apply it.” (Mother, P4)

Checking homework was also a key efficiency tool: “Checking
homework is helpful too. If there’s a tool where you can just scan it
once and all the answers pop up, the whole process is really smooth.”
(Father, P10).

Tools should be anchored in textbooks and vetted item banks
with an explainable rationale, provide parent controls that curb
entertainment spillover, e.g., quotas, cooldowns, usage dashboards,
and avoid over-anthropomorphism that might distort family roles;
under these conditions, such tools function as scaffolds rather than
substitutes, supporting learning without hijacking attention and
assisting parent–child interactions without blurring role boundaries
or displacing parental authority.

Parents emphasized procedural scaffolding that turns adult help
into a routine. They asked for step-by-step guidance for caregivers
on planning the evening’s work, pacing attention and breaks, and
turning momentary breakdowns into information for tomorrow’s
plan. Beyond individual assignments, families sought support that
scales to routine design, which captures when and how accompani-
ment occurs, identifies what helps or hinders growth, and proposes
concrete adjustments for the next session.

Parents described two core functions. First, planning aids tasks
into sequenced, manageable chunks for the caregiver to supervise,
e.g., “what to do first”, “when to pause”, “how to resume”, so the
process feels guided rather than improvised (Mother, P6). Second,
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session logging records time use and pain points during accompa-
niment, enabling simple post-hoc reviews of “where it flowed” and
“where it stuck” to inform the next day’s plan, like P8 said:

“It could also track how I spend my time with my child.
For example, every time I’m with them, it could record
what was the hardest moment or what felt the most
rewarding, and save those points.” (Mother, P8)

These parents wanted the product included in a plan the night
before, with paced steps and scheduled breaks; a log of time and
friction points; and the conversion of those traces into next-day
adjustments that target the difficulty. The objective is for AI tools
to coach adults to structure, observe, and iterate.

A subset of parents explicitly asked for a “Full Handoff” option
to relieve exhaustion, but even this was framed as a need for a
reliable delegate. As one father emphasized, “Because once it takes
over, I can go do my own thing.” (P4), while another mother noted,
“Anyone helping me share it would be fine. Because I’m always here,
and I have to be patient, really patient.” (P15).

5.2.3 From Emotional Escalation to Regulated Intervention. The
high emotional cost of tutoring drove cautious but specific expec-
tations for emotional support. Parents acknowledged that fatigue
often leads to rapid escalation of conflict, yet they were skeptical of
AI replacing human connection. Some parents found human-like re-
assurance potentially helpful (Mother, P1 and P3), but others noted
that during high tension, even human intervention fails (Mother,
P7). P7 exemplifies this boundary case:

“When I’m about to lose my temper, honestly, even if a
real person tried to calm me down, I probably wouldn’t
listen. So you can imagine how much harder it would
be for me to listen to an AI.” (Mother, P7)

Consequently, parents preferred lightweight, precisely timed
prompts that respect adult agency. In this context, participants
interpreted the “intelligence” of AI primarily as “emotional dura-
bility”. They defined the AI by its incapacity for anger, viewing
it as a “cool-headed partner” that possesses the infinite patience
biologically impossible for exhausted parents. The system would
act as a “co-pilot” for regulation rather than a substitute parent.
This necessitates human-in-the-loop oversight to ensure that AI
interventions, such as reminders to stay calm, are delivered when
they can be effectively received, without blurring role boundaries
or displacing parental authority.

6 Discussion
We interpret our findings through a labor lens in the family context,
aiming to surface structural dilemmas in homework-related collabo-
ration rather than provoke gender antagonism or assign blame. We
first clarified how physical, emotional, and cognitive labor operate
in a triadic father-mother-child relationship, arguing for a shift
from simply “making labor visible” to cultivating child-centered
mutual understanding across recurring cycles of breakdown, repair,
and renegotiation. Then we translate this lens into three design
directions for AI in the family.

6.1 Constructing the Labor Lens: The Hidden
and Dynamic Nature of Parental
Collaboration

In our study, we focus on how parents divide and coordinate their
work in home tutoring and characterize this labor along three dis-
tinct dimensions: physical, emotional, and cognitive labor. Physical
Labor encompasses the instrumental tasks of execution, such as
checking homework, grading exercises, compiling wrong-question
sets, and preparing tutoring materials, and describes how these
concrete tasks are allocated between parents. Emotional Labor cen-
ters on affective regulation and atmosphere maintenance, including
soothing the child’s anxiety, providing encouragement, regulat-
ing parental anger, and sustaining a positive learning environment,
often with one parent informally taking on a larger share of this bur-
den. Cognitive Labor pertains to the managerial and organizational
aspects of tutoring. It involves orchestrating the workflow, allocat-
ing parental responsibilities, coordinating schedules, monitoring
academic progress, and identifying issues for strategic adjustment,
and is key to understanding how roles and responsibilities are
negotiated between mothers and fathers.

Among these three dimensions, physical labor has been the
primary focus of existing commercial AI solutions, which excel at
instrumental tasks such as automated grading and answer retrieval.
Crucially, these tasks rarely necessitate complex mechanisms for
the division of labor. Conversely, emotional and cognitive labor
present unsolved challenges [61]. Although attempts have been
made to address emotional labor via empathetic dialogue agents [84,
90] and emotion detection [11, 69], the quality of such support
remains a subject of debate [21]. Moreover, cognitive labor is rarely
discussed in the context of AI design, largely because it requires
navigating intricate negotiations and decision-making processes
between parents and children. Therefore, we center the following
discussion on these two overlooked dimensions: emotional and
cognitive labor.

6.1.1 From Designing for Visibility to Cultivating Child-Centered
Mutual Understanding. Homework tutoring in Chinese households,
despite rapid modernization, remains deeply gendered. Consistent
with prior family research [22], we found that mothers took the core
cognitive labor of planning, monitoring, and adapting, alongside
the intensive emotional labor of sustaining patience, motivating,
and absorbing breakdowns [46]. Fathers, conversely, tend to play a
secondary, auxiliary role (e.g., “optional helpers”). Their contribu-
tions were often fragmented and domain-specific, such as solving
a difficult problem or cultivating educational values. This division
seldom arises from explicit negotiation but rather accretes through
the routine accommodation and cultural norms, naturalizing a state
of “default maternal responsibility” [75]. Consequently, the most
depleting aspects of this labor, the constant planning and emotional
regulation in the family, remain largely invisible and undervalued.

Our analysis reveals that the division of labor in homework tu-
toring extends far beyond the mere allocation of time or tasks. It
uncovers a profound inequality in the division of emotional and
cognitive labor [38]. In our study, mothers were not only instruc-
tors but also emotional regulators, tasked with sustaining patience,
sparking motivation, and mediating conflicts. They manage their
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children’s frustration, anxiety, and resistance while simultaneously
regulating their own emotional responses, a burden especially pro-
nounced in high-pressure educational contexts.

The core cognitive labor of homework tutoring is also primarily
carried by mothers. They predominantly served as project man-
agers, anticipating challenges, planning pedagogical strategies,
monitoring progress, and adapting flexibly to their child’s evolving
needs. Notably, our data reveal that parenting as a “strong norm”
magnifies this gender gap: the demand for high-investment, child-
centered care forces mothers to bear greater time and mental load
costs. Consequently, this dynamic further entrenches the asymme-
try of emotional and cognitive labor [42].

We argue that invisible work in parenting is different from that
in the workplace. The field of HCI increasingly recognizes the im-
portance of making invisible emotional and cognitive labor visible,
not to quantify and commodify it, but to foster healthier and more
equitable relationships, both in professional and domestic spheres.
Prior HCI and CSCW research has extensively examined invisible
labor in workplace settings, often emphasizing how such labor
can be made visible, quantified, and assigned value [66, 86, 97].
However, the invisible labor that emerges within families differs
from that in professional contexts. In the absence of a single, stable
standard for judging such work, it is difficult to evaluate or commod-
ify it in terms of labor value [55, 75]. Unlike formal employment,
where stability is enforced through hierarchical power and unequal
evaluation rights, the domestic sphere functions differently. In inti-
mate relationships centered on “shared family well-being”, spouses
operate on an equal footing. Without the structural authority to
command one-way obedience, conflicts in values cannot be dictated;
they must be bridged through egalitarian deliberation, compromise,
and the establishment of common norms.

In intimate family settings, fairness is not easily specified by a
third party, and there is no single, stable standard against which
labor can be judged. Technologies in the home are often entangled
with gendered roles and with the everyday practices of care, main-
tenance, and repair. Prior work cautions against turning domestic
spaces into sites of surveillance or audit and instead urges designers
to support practices of upkeep, relational care, and ongoing main-
tenance from feminist and maintenance studies perspectives [14].
Our findings suggest that when mothers express a desire for their
labor to be “seen”, this wish is not fulfilled by simply surfacing
more data about who does what. Rather, it reflects a desire for
understanding and a pretext for negotiation. While one parent (typ-
ically the mother) often articulates a desire for equality, the precise
definition of “fairness” in intimate contexts remains elusive. Given
this ambiguity, we argue that making labor visible is not a matter
of metrics, but a relational challenge that resists clear specification.

While the division of labor is often fraught with challenges,
we observe that parental coordination is fundamentally anchored
in a shared commitment to the child’s best interests. This triadic
dynamic (father-mother-child), centering on the child’s well-being,
elucidates why conflicts often evolve into processes of negotiation
and mutual adaptation. Given that parents are united by a shared
commitment to the child’s best interests, we propose using the
child’s feedback to trigger the recognition of invisible labor, thereby
facilitating the necessary renegotiation of parenting roles.

6.1.2 The Struggle for Triadic Balance: Dynamic Cycles of Break-
down, Repair, and Renegotiation. Homework tutoring is fundamen-
tally a triadic negotiation rather than a mere dyadic agreement
between spouses. We found that children are not passive recipients
of support but active agents who directly influence the allocation
of parental responsibilities. Children’s emotional reactions, ranging
from frustration to refusal, act as a critical feedback loop that tests
the viability of the parents’ arrangement. When a child resists a
specific parent’s approach, it triggers a breakdown in the current
division of labor, necessitating immediate repair and renegotiation
between spouses. Consequently, the child constitutes an integral
part of the decision-making loop, driving the shift of responsibilities
from one parent to the other.

As shown in Figure 1, the division of labor is not a static arrange-
ment but a dynamic, recursive process grounded in our empirical
findings. The cycle typically begins with a phase of Temporary Re-
pair, reflecting unstable arrangements driven by the distinct roles
of the Father (Fig. 1a) and Mother (Fig. 1b), as detailed in Section
5.1.1. However, this stability is often fragile. As shown in Section
5.1.2, conflicts arising from Inconsistent Participation (Fig. 1c) and
Divergent Educational Philosophies (Fig. 1d) often act as a “lock”,
preventing fluid role-switching and precipitating a Breakdown.
Crucially, our model incorporates the Child (Fig. 1e) as an active
agent; their specific Reaction (Fig. 1f), such as frustration or refusal
detailed in Section 5.1.3, often serves as the catalyst that forces
parents into Spousal Renegotiation.

This reality complicates linear models like the “second shift” [55],
where one caregiver, typically the mother, repeatedly absorbs dis-
ruptions and performs the relational repairs necessary to restore
household equilibrium. Rather than viewing family labor solely as
a predetermined burden shouldered by one member, our findings
suggest that it acts as a dynamic cycle involving the entire family,
including children. Within this framework, “breakdown” and “nego-
tiation” are normalized as integral parts of family life. Ideally, this
cycle allows for flexibility; however, in practice, it often exposes
the fragility of shared parenting.

Maintaining this dynamic cycle is precarious. Our study reveals
how situational crises, such as a child’s resistance or a partner’s
inconsistency, transform “temporary fixes” into normalized obliga-
tions. This dynamic reflects mechanisms identified in prior CSCW
research, whereby cognitive and emotional responsibilities become
implicitly entrenched with the primary caregiver over time [22, 46].
Our data adds a layer of complexity: divergent educational philoso-
phies serve as the catalyst that locks these roles in place. The friction
between mothers’ focus on short-term performance and fathers’
emphasis on long-term cultivation not only creates conflict but ac-
tively prevents effective task redistribution. As a result, what begins
as a dynamic negotiation often solidifies into a static asymmetry,
making the labor increasingly difficult to redistribute.

We therefore contend that sustaining a dynamic balance within
the father-mother-child triad is inherently precarious, as these fluid
interactions are prone to solidify into inequitable routines under the
weight of daily friction. Consequently, rather than simply aiming
to impose “clearer” roles, future interventions should focus on
surfacing this invisible labor to facilitate value alignment better
and support more effective renegotiation between parents.
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Figure 1: The model of Collaborative Breakdown and Repair in Homework Tutoring. (a, b) Parental Roles: The distinct roles of
Father andMother derive from structural constraints and gender norms (Sec. 5.1.1, 5.1.2). (c, d) LockingMechanisms: Inconsistent
Participation and Divergent Educational Philosophies act as barriers that solidify rigid labor divisions (Sec. 5.1.2). (e) Child: Acts
as an active agent rather than a passive recipient (Sec. 5.1.3). (f) Child’s Reaction: Frustration or refusal serves as the feedback
loop triggering the breakdown cycle (Sec. 5.1.3).

6.2 A Labor-Lens Design Agenda for AI in the
Family

We articulate an agenda for AI in the family that applies a labor
lens. This approach challenges the tendency to design systems
that judge “fairness”, as such framings often reduce care to visible,
quantifiable tasks and marginalize less tangible forms of work [22,
46]. Instead, we posit that the goal of AI technology should be to
sustain the family system as a whole. We argue that the child’s
feedback serves as the practical anchor for negotiation, positioning
coparenting not as a dyadic struggle, but as a responsive triadic
dynamic among father, mother, and child [28]. Finally, we build on
prior HCI work that demonstrates AI’s capacity to track, log, and
summarize behavioral trajectories [48, 63] by redirecting them from
surveillance toward relational maintenance through collaborative
annotation, narrative timelines, and joint reflection.

6.2.1 Collaborative Annotation without Quantification. Parents re-
peatedly asked for lightweight traces that they could revisit later.
For instance, a mother (P8) described session logging that helps
them review “where it flowed” and “where it stuck”, and capture
the “hardest moment” or “most rewarding” points. This reflects a
recurring need in our findings: parents are not seeking real-time
advice as much as concrete anchors that can support later discus-
sion and adjustment. The collaborative annotation involved three
steps with appropriate AI involvement: capturing the environment,
annotating information, and aggregating it into essential events
to support both parents in understanding their context, coping
style, and facilitating collaboration and communication [35]. We
frame collaborative annotations as a design space rather than a

fixed interface prescription. The core idea is to provide caregivers
with lightweight ways to mark where they feel “stuck” and where
a “repair” seems to occur, so that these moments can be revisited
when parents renegotiate responsibilities.

First, AI should help families capture small but critical moments
of collaboration as they unfold, so that there is something con-
crete to communicate or care in the future. Their primary purpose
is to provide anchors for later conversations about patterns of
collaboration. This is particularly important when parents want
to reflect on what happened without relying solely on memory
or subjective impressions. Currently, AI has acquired capabilities
such as microexpression [102], emotion detection, [2, 87] emotion
analysis [18, 93, 104], environmental perception [36, 82], and even
complex semantic understanding [60]. These capabilities can be
expanded to proactively capture multimodal information in the
family context, determining when to capture, what is important to
capture, and how to capture it, according to specific family commu-
nication scenarios. Besides, we advocate regulating technological
applications based on the core principle of “data minimization”,
and also look forward to more in-depth discussions and consensus-
building around this topic in the future HCI field to mitigate data
concerns [56] in the family context [1].

Second, AI should enhance human-AI collaborative annotation.
Research indicates that AI can effectively perform keyword annota-
tion [32], understand context [33], and integrate information. After
capturing data in family scenarios, AI will generate initial labels
covering basic aspects. Parents will then verify these labels, adding
details about their family’s unique context and their children’s in-
dividual characteristics, allowing the AI to refine the annotations
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iteratively. This approach aligns with our findings that interpreta-
tions of family situations are highly situated and cannot be reliably
inferred without parental input. In high-risk situations, such as
child safety and ethical concerns [54], parental input and evalua-
tion are crucial, and the limits of AI must be acknowledged. This
collaborative approach mirrors successful human-AI partnerships
in professional data annotation [32] and strikes a balance between
efficiency and safety in family contexts.

Third, the AI can support event aggregation to visualize the
daily coparenting experience with potential causes of the diverse
labor. By clustering breakdowns and repairs in the homework rou-
tine [3, 31, 59], it can reveal the types of work each parent typically
takes on [34, 44, 58]. Here, the goal is not to enforce a notion of “fair
distribution”, but to make contributions legible for coordination; as
P8 noted, seeing “all the effort” can help parents identify “which
parts could be shared”. Thus, AI should not only help parents en-
gage more deeply in their children’s education and monitor related
activities [37] but also identify unsustainable patterns in labor di-
vision through continuous data tracking. Instead of enforcing a
standard for “fair distribution”, it offers a data-driven foundation
for negotiating family responsibilities, particularly by making over-
looked emotional and cognitive labor visible. Future research could
explore human-AI collaborative models to better capture unique
family interactions and labor characteristics.

6.2.2 Child-Centered Narrative Timelines. As a second design di-
rection, we focus on AI constructing a child-centered narrative
timeline rooted in the family’s overall goals, primarily manifested
through the deep integration of children’s feedback into the en-
tire design process. This direction is grounded in our findings that
children’s reactions can repeatedly disrupt existing tutoring ar-
rangements and prompt parents to reconsider how support should
be provided. For example, a father (P13) described how his child’s
persistent dissatisfaction made it clear that the current arrangement
was not working and needed to be changed. Existing studies have
confirmed that inferring a complete narrative from fragmented
clues can effectively reduce users’ cognitive load [101]. One-size-
fits-all and ill-considered parental control tools may fail to meet
the diverse developmental needs of children across age groups [25],
and a child-centered design is better at identifying children’s needs
and promoting their education.

First, we believe AI should effectively organize the event time-
lines, leveraging its strengths in collation and personalized in-
sights [101]. Existing research primarily focuses on single par-
ents [30, 50, 62], leaving out a comprehensive family perspective.
We found that factors such as economic constraints and time avail-
ability significantly influence parental roles. For instance, a mother
(P14) explained that frequent work travel made it practically impos-
sible for her partner to participate consistently in tutoring, while
another mother (P8) rationalized role allocation in terms of time
and economic trade-offs. AI should integrate various information
sources to highlight key contradictions in family collaboration,
such as practical challenges (e.g., time conflicts), differing parenting
values, and gender-based labor divisions (e.g., mothers facing more
invisible tasks). At the same time, children’s moment-to-moment
comprehension can still force adjustments within these constraints.

As a father (P4) noted, when a child could not understand a particu-
lar explanation, parents would switch whowould take over tutoring.
Instead of merely identifying these issues, AI should provide ob-
jective explanations based on family collaboration theories and
gender equality. This approach can help families align their goals,
adjust arrangements based on the timeline, and reduce emotional
and cognitive labor, leading to more effective collaboration.

Second, AI should distinguish between children’s actual needs
and parents’ perceived needs. Discrepancies often exist between
what children truly need and how parents perceive those needs,
especially among young children who may struggle to express
themselves. Our findings suggest that children’s dissatisfaction of-
ten accumulates across sessions, rather than appearing as a single,
decisive moment. For example, a father (P13) described how re-
peated misunderstandings during homework sessions gradually
revealed deeper issues with how support was being provided. Thus,
AI should capture and present children’s needs objectively, rather
than relying on parental assumptions. Existing studies illustrate
that child-centered design fosters children’s well-being and pro-
motes collaboration among families [37, 52, 54]. AI can enhance
this process by utilizing multimodal data fusion technologies, such
as speech emotion recognition [5, 19], behavioral trajectory analy-
sis [106, 108], and feedback recording [24, 39]. Research indicates
that AI can help parents better understand their children [65], and
there is potential for collaborative parenting between AI and par-
ents [37, 44]. Additionally, AI should present feedback neutrally,
avoiding binary “correct or incorrect” judgments. Instead, it should
visualize the long-term impacts of addressing both “ought-to needs
” and “is needs”, helping families make informed decisions.

6.2.3 Joint Reflection and Co-Created Norms. Event annotations
and narrative timelines give families a record they can look at to-
gether, but records on their own do not repair relationships. Our
findings suggest that parents want such records to serve as concrete
anchors for discussion and renegotiation, rather than as passive
archives. For example, a mother (P8) emphasized that seeing “all
the effort” could help partners recognize contributions and identify
“which parts could be shared”, and she framed AI as a “bridge in be-
tween” that supports discussion rather than judgment.We expect AI
to guide parents in self-reflection, thereby fostering deeper mutual
understanding [92]. To achieve this goal, the design should focus
on scaffolding dialogue and shared sense-making. Prior work has
focused on mutual understanding for group collaboration [43, 89],
such as facilitating knowledge sharing and perspective alignment
in cross-functional project teams [26, 51]. In family settings, AI
has the potential to guide parents and offer targeted suggestions to
foster mutual understanding.

We therefore argue that AI in the family should present objec-
tive information systematically and support parents in engaging
in self-reflection [7]. Existing research has confirmed that through
functions such as behavioral data visualization and cognitive bias
prompts, AI can act like a “mirror” to enhance individuals’ self-
insight and cognitive awareness [7], which can be transferred to
family contexts. This aligns with our findings that parents pre-
ferred facilitative, neutral framing for suggestions, so that feedback
can be received as support for conversation rather than as a ver-
dict. Meanwhile, AI possesses the potential to fulfill multiple roles,
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such as educator, inspirer, questioner, thinker, and recorder [40],
which means it can transcend the attribute of a single tool and be
deeply embedded in the complex family context, characterized by
emotional bonds, power dynamics, and long-term interactions. We
anticipate that AI in the family can flexibly switch roles in real
time to achieve functional complementarity. For instance, through
summary-based, question-based, heuristic, or hybrid interactive
methods, it can subtly guide parents to independently reflect first
about their behaviors and performance in mutual communication
without undermining the naturalness of family interactions.

The reflection process should be carefully designed and imple-
mented. Although the perspectives of the other party provided
by AI are of reference value, they may also be transformed into
evidence for disputes, ultimately leading to relationship breakdown
rather than promoting cooperation. This concern resonates with
our findings that parents explicitly wanted AI to reduce defensive-
ness and avoid escalating conflict during negotiation (e.g., a mother
(P8) contrasted “you should” with “here’s what the data suggests”).
Balancing the reflection design to support, yet not break, the family
bond warrants further exploration.

7 Limitations and Future Work
This study has several limitations that highlight opportunities for
future research. A notable limitation of our study is the sociode-
mographic homogeneity of our participant sample. Specifically,
our interviews focused on 18 parents of young children (grades
1–3) from primarily urban Chinese households. While this pro-
vided deep cultural insights, it limits the generalizability of our
findings to more diverse family structures, such as single-parent
or multigenerational households, where the division of labor and
“invisible” care work may manifest differently [22, 91]. Future work
should aim to collaborate with a broader range of communities
to examine how factors such as income level and varying cultural
backgrounds influence how parents negotiate the “livability” of
their arrangements and achieve equitable divisions of labor.

Second, we used a single qualitative method: retrospective semi-
structured interviews. While effective for understanding parents’
perceptions, this approach risks missing the tacit, habitual nature of
cognitive and emotional labor [22], which often occurs in fleeting
moments difficult to articulate fully. Furthermore, without in-situ
observations, we could not capture the real-time dynamics of the
triadic father-mother-child system [28], particularly the child’s im-
mediate reactions that often trigger parental renegotiation. This
leaves a potential gap between reported narratives and actual situ-
ated practices. Future research should employ mixed-method ap-
proaches, such as diary studies, longitudinal deployments, and
direct involvement of children, to capture these granular dynamics
as they evolve under actual academic pressures.

Furthermore, while we outlined design directions for AI as “rela-
tional support”, such as narrative timelines and event-based collab-
orative annotations, we have not yet developed or deployed these
systems. Questions regarding technical feasibility, user burden, and
potential unintended consequences (e.g., whether visualization fu-
els comparison rather than support [9, 85]) remain unexplored.
Future work can focus on participatory co-design and iterative
prototyping to test these concepts in the wild.

While we positioned AI to shift focus from task optimization to
relationship maintenance, we acknowledge that the ethical impli-
cations of introducing data-driven technologies into the intimate
space of the home require deeper investigation. Future research
must rigorously examine privacy, data ownership, and the potential
for surveillance to ensure that AI-generated insights truly scaffold
shared understanding and family-level well-being without compro-
mising the trust between family members.

8 Conclusion
This paper examines homework tutoring through a labor lens, show-
ing that family collaboration is shaped less by visible tutoring tasks
than by the often-unseen work of planning, tracking progress, and
emotional repair, which can leave parents exhausted. These dynam-
ics unfold within a triadic father-mother-child dynamic, in which
the child’s feedback serves as the practical anchor for renegotiating
roles. Therefore, we argue that addressing the imbalance in home-
work tutoring is not a problem of metrics or of defining “clearer”
roles. Instead, it is a relational challenge that resists fixed specifi-
cation and cannot be solved through performance optimization or
judgments of objective fairness. AI in the family should therefore
shift from surveillance and scorekeeping toward functioning as
relational support of the family as a whole. We propose redirecting
AI capabilities through three design directions: event-based col-
laborative annotation, narrative timelines, and joint reflection. By
helping families surface hidden dynamics, align their values, and
sustain context-sensitive negotiations, this work extends feminist
and care-oriented HCI into domestic learning, positioning AI not
as a referee but as a partner in sustaining equitable and durable
caregiving arrangements.
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