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Figure 1: We propose learning user models from passive observation to personalize embodied interactions. (a) Our user model
enables embodied agents to personalize assistance across three preference dimensions (spatial, choice, and workflow), such as
predicting preferred storage locations for grocery items through structured probabilistic inference. (b) Our framework pairs a
multimodal LLM with factor graphs to dynamically update the user model from video observations.

Abstract

People have their own habits; from how they organize their workspace,

over which mug they reach for in the morning, to how they pre-
pare for cooking. Such preferences are context-dependent, dynamic,
and often difficult to articulate. As embodied Al agents, such as
robots, enter personal spaces, effective interaction requires under-
standing these implicit and evolving preferences; otherwise, such
systems risk being more hindering than helpful. We propose an
architecture that learns user preferences from real-world behav-
ioral observation without requiring explicit instruction or feedback.
We introduce a factor-graph-based user model that captures prefer-
ences across spatial arrangement, tool selection, and workflow, and
continuously adapts as tasks and contexts change. The model ex-
pands with new observations, enabling open-ended, in situ learning
of user-specific preference patterns. Our evaluation shows accu-
rate, calibrated predictions across domains and robust adaptation
over time. We demonstrate personalized robot assistance scenarios
illustrating seamless and context-aware human—-agent interaction.
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1 Introduction

Everyone has their own way of doing things: from how they orga-
nize their closet, to the coffee mug they reach for every morning, or
their preparation habits during cooking. These preferences shape
how our everyday tasks flow and how our spaces feel. They are
context-dependent, dynamic, and often difficult to articulate, and
when someone gets them wrong, we notice immediately.

Building an understanding of users is not a new challenge. HCI
research has a long history of adapting digital interfaces and inter-
actions to individual users for better user experience, from adaptive
interfaces that adjust to individual capabilities [14], to recommender
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systems that uncover preferences from interaction traces [29], and
more recently, constructing general user models from screen-based
activities across applications [55]. A consistent effort has been to
build user understanding that enables dynamic adaptation to users,
without requiring much explicit user input.

As intelligent agents move from digital interfaces into physical
and personal spaces (e.g., home robots), this challenge becomes
both more critical and more complex. Embodied agents must not
only complete tasks, but do so in ways that align with individual
preferences. A robot that organizes a closet in a way that the user
can no longer find their favorite shirts, brings a drink the user
dislikes, or cleans up in a way that disrupts the user’s workflow
becomes hindrance rather than help. In the physical space, prefer-
ences span a richer space, covering the many objects a user owns,
the tasks they perform, and the diverse conditions under which
they do them.

Robotics research has explored learning user preferences through
learning reward functions from demonstrations [42], active query-
ing [42, 60], and explicit specification of goals and constraints [19].
These approaches rely heavily on user involvement and typically
target narrow task-level adaptations, but explicit preferences are
difficult to articulate and burdensome to provide for every task.

Instead, we propose passive, behavior-driven preference learn-
ing from observations. Humans routinely infer such preferences
through observation [27]. We propose that embodied agents should
do the same. A preference is commonly defined as favoring one
option over another. Our key insight is that everyday actions al-
ready encode preferences: repeated tool choices, consistent object
placements, and habitual workflows provide implicit signals of how
users prefer tasks to be performed. Because preferences are internal
and not directly observable, we draw on principles from behavioral
economics [53] and cognitive science [27], which infer preferences
from observed behavior. We adapt this idea to model user prefer-
ences by treating user actions and choices within observed contex-
tual factors as probabilistic evidence of context-dependent preferences
in dynamic settings.

We present PRIORs OF U, a framework for learning multidimen-
sional, dynamic, and conditional user preferences from passive be-
havioral observation. Our framework pairs a perception module
that watches users and extracts structured observations with a
factor-graph-based user model that accumulates these observa-
tions into calibrated probabilistic beliefs. We explicitly separate
perception and modeling: a multimodal LLM extracts structured ob-
servations of behavioral and contextual factors from videos, while
factor graphs model beliefs about user preferences, updating dynam-
ically as observations accumulate. The user model lives in the factor
graphs rather than LLM context, so preference beliefs stay inter-
pretable, carry contextual dependencies and calibrated uncertainty,
and support probabilistic inference. Our user model captures pref-
erences across spatial arrangements, tool selection, and workflow,
continuously adapts as tasks and contexts change, and expands as
new patterns emerge, enabling open-ended in situ learning of how
individual users prefer to do things.

We evaluate PrioRs oF U in a controlled desktop setting with
six participants performing tasks across three domains (assembly,
office, and crafting). The system achieves 89% prediction accuracy
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with well-calibrated confidence, substantially outperforming LLM-
based and count-based alternatives. It dynamically adapts when
users change their behaviors, expands over time and domains, and
learns different preference profiles across participants. We demon-
strate personalized robot assistance scenarios to illustrate how
preference-aware agents enhance user experience in daily tasks, yet
extending this model to unconstrained real-world environments re-
mains future work (Section 8). Specifically, this paper contributes:

(1) A framework for learning multidimensional user prefer-
ences from passive behavioral observation, combining vision-
language models for perception with factor graphs for struc-
tured probabilistic modeling, updating, and inference.

(2) A system instantiation that learns spatial, choice, and work-
flow preferences.

(3) An evaluation showing accurate, calibrated, and adaptive
preference learning across six participants and three do-
mains.

(4) Application scenarios showing how our user model benefits
use.

2 Related Work

Our work builds on user modeling and personalization, embodied
and physical interfaces, and preference learning in robotics.

2.1 User Modeling and Personalization

HCI has a long tradition of building computational models of users
to adapt interactive systems to individual needs. Early work estab-
lished core approaches including stereotype-based models [52] and
Bayesian inference over user goals [25]. On the systems side, SUP-
PLE demonstrated that user models built from interaction traces
could drive personalized interface generation through constraint
optimization [14], and Gajos et al. extended this to accessibility by
adapting interfaces to individual motor and vision capabilities [15].

More recently, user modeling and personalization have expanded
across interaction domains: spatial layout adaptation in mixed re-
ality [58], graspable interface preferences [8], context-dependent
recommendations [24], touchscreen accessibility [43], systems that
adapt to individual user paces [16], and real-time intent inference
from multimodal input via a dynamic Bayesian network paired
with an LLM [22]. A consistent theme is minimizing user effort,
leveraging signals from implicit sources such as interaction his-
tory [14, 39]. To build user models that can be shared across digital
applications, Shaikh et al. introduced General User Models that
use large language models to generate propositions about users
from their computer use, enabling agent assistance grounded with
personalized context [55].

These systems operate primarily in digital environments, where
interaction traces are structured and directly observable. Extending
user modeling to embodied interaction introduces distinct chal-
lenges: physical environments are cluttered and open-ended, be-
havioral signals are less structured and harder to extract, and stub-
bornly incorrect predictions carry physical consequences that di-
minish users’ experiences in their everyday spaces.
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2.2 Embodied and Physical Interfaces

HCI research has long explored how computational interaction can
be embodied by physical interfaces rather than confined to screens.
Tangible interfaces pioneered this vision by coupling digital infor-
mation with physical interfaces [26], and subsequent work extended
computational interaction to shape-changing interfaces [13], ar-
chitectural spaces [18], furniture [56], and robotically augmented
everyday objects that locomote [20] and manipulate [23].

More recently, researchers have brought agency into these physi-
cal interfaces. Han et al. explored how everyday objects augmented
with intelligence and robotic movement can proactively assist
users [21]. Kari and Abtahi designed robotic assistance that feels in-
visible, letting users enjoy help without attending to the robot [32].
Jeung et al. enabled end-user authoring of interactions for tabletop
swarm robots [28]. Mahadevan et al. studied implicit and explicit
methods for allocating tasks between humans and robots [37].

These systems demonstrate that embodied agents can perceive
context and assist people in shared physical spaces. Yet the ability
to act in shared physical spaces also carries stakes, as robots that
assist in ways the user does not prefer may become a hindrance
rather than a help. Current systems lack the ability to learn what a
user likes with minimal user burden and to continuously adapt to
them in everyday life.

2.3 Adapting Robot Behaviors to Users

A growing body of robotics research addresses how robots can
adapt their behavior to individual users, from low-level actions
such as how to hand over objects [44] and organize users’ things [1,
31, 49, 63], to higher-level decisions such as how to allocate tasks
in collaboration [40, 41] and personalized task planning [19].

Researchers have explored a range of learning signals to adapt
robots to humans, including physical corrections [2], diverse feed-
back [7], active querying via language [60], and language-based
goal specification before tasks [19].

More recently, LLM-based approaches have attempted to lever-
age accumulated interaction memories for personalized embodied
assistance, though Kwon et al. [35] found that even frontier LLMs
struggle with this, particularly for sequential user patterns. Closest
to our philosophy, Shah et al. [54] argue that environments already
encode human preferences since humans have been optimizing
them. We share this insight but extend it from static world states to
dynamic behavioral streams, learning not just what users prefer but
how those preferences shift with context and evolve over time.

3 Framework

Our framework enables embodied agents to learn user preferences
from passive behavioral observation. It is built on two core ideas:
First, that people’s natural behaviors already contain evidence for
their preferences. Second, we separate perception (observations of be-
haviors and context) and modeling (using observations as evidence
to dynamically update beliefs in a structured probabilistic manner).

We pair a perception module with a modeling module (Fig-
ure 2). The perception module watches the user and extracts struc-
tured behavioral and contextual observations, such as what items
were chosen, where things were placed, and how tasks were se-
quenced (Figure 2a). The modeling module takes these observations

UIST 26, November 02-05, 2026, Detroit, MI, USA

and maintains a structured probabilistic user model using factor
graphs (Figure 2b). This dual approach combines the strengths of
state-of-the-art vision foundation models, including spatial under-
standing [33, 59], video captioning [64], activity recognition [67],
and open-vocabulary generalization [48], with factor graphs’ capac-
ity for structured probabilistic inference [34], efficient belief updates
from sparse evidence, and explicit representation of uncertainty
over inferred preferences.

a perception b modeling

observations:

Figure 2: We pair a perception module with a modeling mod-
ule. (a) The perception module captures behavioral and con-
textual observations, (b) updating the modeling module that
consists of factor graphs dynamically encoding users’ dy-
namic and conditional preferences.

The perception module watches user actions and extracts two
things: the choices a user makes among alternatives (e.g., tools,
workflow), and the contextual factors present when each choice
occurs (Figure 2a). We take such an observation as evidence for
a situational preference and store it in the factor graph with its
contextual factors, strengthening or weakening the corresponding
belief conditioned on the factors (Figure 2b). Beliefs form and update
dynamically as evidence accumulates.

3.1 Background: Factor Graphs

Central to our framework are factor graphs that encode, update,
and infer user preferences. A factor graph is a bipartite probabilistic
graphical model that factorizes a joint distribution over variables
into a product of local functions.

Figure 3: (a) A factor graph consists of variables (round nodes)
and factors (black squares), local functions over the variables
they connect. During inference, belief propagation takes ob-
served variables’ (grey) distributions as evidence and com-
putes the marginal distribution of the latent variable (white).
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The graph contains two types of nodes: variable nodes (circles)
and factor nodes (squares), as shown in Figure 3. Variable nodes rep-
resent quantities of interest, either latent variables whose values we
want to infer (e.g., a user’s preferred cutting tool) or observable vari-
ables whose values we can see (e.g., the material being cut). Factors
encode local relationships between connected variables (Figure 3a).

At query time, belief propagation [34] passes messages along
edges between factors and variables, combining local evidence to
produce a globally coherent prediction, turning the graph from a
static representation into an inference engine (Figure 3b).

Rather than treating a user’s preferences as a single opaque
estimate, we decompose them into local contextual relationships,
connecting a user’s tool choice to, e.g., the material being worked
on, and let belief propagation combine these to arrive at contextual
preference predictions.

Factor graphs have been widely used in robotics and computer vi-
sion for SLAM [12], optimal control [65], and motion tracking [46].
We adapt them for user preference modeling, where their support
for incremental updates, modular structure, and tractable inference
over sparse evidence allows for maintaining evolving, multidimen-
sional preference representations from behavioral observations.

3.2 Preference Dimensions

To determine what our user model should capture, we draw on prior
work in human-robot interaction and identify seven preference
dimensions for physical assistance, organized into four categories,
that we illustrate in Figure 4.

Initiative

e.g., ask vs. act about the robot

about the user
Physical traits

‘J\\b e.g., handedness &

Discrete choice Task allocation
e.g., tool choice e.g., who does what

about the task

/ ST

about the environment Workflow style

Spatial organization e.g., batch prepare

e.g., zones

Figure 4: Seven preference dimensions for physical assis-
tance across four categories. We instantiate the three that
are observable from passive video: discrete choice, spatial
organization, and workflow style.

Preferences about the user include physical traits such as hand-
edness and motion capabilities [10], which may be used to adjust
actions such as handing an object to the user’s dominant hand. Dis-
crete choices include selecting among alternative items that serve
the same purpose, such as choosing one tool over another [35, 57].

Preferences about the environment include spatial organization
preferences such as rules for organization [31, 63] and preferred
storage locations [1]. Prior work has highlighted spatial preferences
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as a recurring theme for personalization in home robotics [1, 31, 49,
63]. We extend this dimension to capture spatial preferences that
vary with task and context.

Preferences about the task include workflow style preferences
concerning how a user executes a task [17], such as preparation and
cleanup patterns, and task allocation preferences concerning
which subtask a user prefers to delegate to a robot [41, 66].

Preferences about the robot include initiative preferences cap-
turing whether and when a robot should act proactively [3] and
motion preferences capturing desired movement trajectories [9]
and speed [4].

In this work, we instantiate our framework on three dimensions
that are directly observable from passive video: discrete choice,
spatial organization, and workflow style. The integration of other
preference dimensions would require observing human-robot in-
teractions and is interesting future work that our system can sub-
sequently be extended to (Section 8).

3.3 User Model Life Cycle

Our user model attunes to a user over time. It accumulates evi-
dence from observations, expands its representation as new pat-
terns emerge, adapts when user behavior changes or it makes a
mistake, and recognizes when it does not yet know enough to act.

3.3.1 Factor graph initiation. As shown in Figure 5, each factor
graph is organized around a question the system will need to answer,
such as, given the observed current context, “Where does this item
£0?”, “What tool is preferred among the alternatives?”, and “Does
this user prefer to work sequentially, or batch repetitive actions?”

Identifying such a question determines a latent variable Z and
observed context variables Xj, ..., X;,. The graph connects Z to
these variables through factors (Figure 5).

L
L9 adhering € {go,...g¢

Figure 5: Each factor graph is initiated with a latent variable
encoding a question, e.g., what adhesive is preferred (under
context), connected to observable variables with factors.

3.3.2 Learning from observation. As the system observes the user
making choices in context, each factor updates as a smoothed co-
occurrence count (Figure 6):

fi(Z, Xi) = Nzx; +a,
where x; and z are the values taken by X; and Z respectively, n y;
is the number of times the user chose z in such context, and « is a

Laplace smoothing pseudocount ensuring the model never assigns
zero probability to unseen combinations.

3.3.3  Growing with new context. A fixed set of context variables
cannot capture what matters for every user in every situation. Our
framework allows the perception module to propose new context
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time

Figure 6: Observations of user behaviors update factor graphs,
forming and updating beliefs.

variables at runtime. When it notices a pattern not yet represented,
such as material type influencing tool choice, it proposes a new
variable Xj,+1. The factor graph expands by adding the new observ-
able variable X;;,4+1 and a new factor fp,4+1 connecting Z to Xp41,
initialized with uniform pseudocounts (Figure 7a). Subsequent ob-
servations populate this factor, and the new variable participates
in inference alongside existing ones. Growth also occurs within a
context variable, by adding values not seen before, such as a new
material, to the variable’s domain (Figure 7b).

If two context variables encode the same concept, their factors
multiply the same signal during belief propagation, counting the
same evidence twice and risking making the system overconfident.
Therefore, we constrain the perception module to only propose
variables capturing distinct concepts.

a b
what? what? | -

expand \,@2@ expand \ng

LY 8.

paired material pairedi ’
1 N O @
Q\'b% Q\’b% beQ

Figure 7: To capture dynamic context, our factor graphs ex-
pand with (a) new factors and observable variables, and (b)
expansion of existing factors.

3.3.4 Adapting to change. Users change their preferences over
time. A previously preferred coffee mug may be replaced by a new
favorite. If our system has observed the user selecting the old mug
many times, it will have accumulated strong factor weights favoring
that mug and would need a comparable number of new observa-
tions to shift toward the replacement under naive updating. To
enable quick adaptation in these cases, we design a contrastive
update mechanism that, when a new item z* is selected in context
x = (x1,...,Xm), penalizes the alternative z’ previously preferred
in that same context x by a step size §, floored at a minimum
value «, allowing the user model to adapt quickly to shifting pref-
erences (Figure 8):

fi(2,xi) « max(a, f;(z',x;) = 5)

where x; is the value X; takes in x, and z’’s weight is reduced in
every factor f;.
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Figure 8: To quickly adapt to a change in the same observed
context, our system penalizes a previously preferred item in
favor of the newly preferred item.

3.3.5 Error-driven adaptive updates. When the user model pro-
duces a confident prediction Z that disagrees with the user’s ob-
served choice zgps, it needs to recover quickly (Figure 9a). We take
an incorrect prediction as another observation opportunity (Fig-
ure 9b), as the system can see what the user actually does, which
reveals the correct preference. We exploit this by comparing each
prediction against the subsequent observation and, when 2 # zgps
with high confidence, applying an amplified penalty A to the incor-
rectly predicted item and reinforcement w to the observed one (Fig-
ure 9c), both scaled by 2/K (where K is the number of alternatives)
to prevent the model from oscillating between alternatives in larger
domains.

a inferred at t {b observed at t+

| C corrective update

| @QQE;
| 84
S
| EFL

Figure 9: (a) When the user model confidently outputs an
incorrect preference prediction, (b) we use the next observa-
tion to (c) correct relevant factors.

incorrect |
N/ prediction!

time

3.3.6 Knowing when it does not know. Embodied agents should ask
for help when uncertain [51]. Our use of structured probabilistic
representations allows the system to recognize when it lacks suffi-
cient evidence to make a reliable prediction. First, we gate factors
by evidence, letting a factor f; participate in belief propagation
only if the observed variables in its scope have been updated by
evidence. Without this, unevidenced factors would contribute their
marginal counts to the posterior, creating false certainty from a
factor’s overall marginal rather than the current context.

Second, each system output is a full marginal distribution over
the latent variable given observed evidence. After belief propaga-
tion, the system computes the normalized entropy of this distribu-

tion:
g = —2zP(z]x)1ogP(z | %)
log K
where K is the number of possible values of the latent variable Z
(i.e., the size of its domain).
When uncertainty is detected (entropy exceeding a threshold
H > 0p), the system abstains rather than guessing (Figure 10).
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uncertain!

Figure 10: Our structured probabilistic modeling approach
allows us to detect when our user model is uncertain via
entropy of the latent variable.

For example, this is critical during cold start, when only a few
observations are available; after an abrupt preference change, before
the model has caught up; or when the available context is genuinely
ambiguous (e.g., a new material the user has not cut before, unlike
anything previously observed).

4 System

We instantiate our framework on three preference dimensions ob-
servable from passive video: spatial organization, discrete choice,
and workflow style.

4.1 Perception Pipeline

We implement our observation module using Gemini 2.5 Flash, a
multimodal LLM, to process video chunks and extract structured
contextual and behavioral observations. To ground the LLM’s out-
puts, we provide labeled photographs of items and zones in the
scene, produced either by hand annotation or open-vocabulary
segmentation models [11].

The LLM processes each chunk with a structured prompt defin-
ing what constitutes an evident preference observation for each
dimension (e.g., actively selecting one tool when alternatives are
available). It also proposes new observation variables that capture
contextual factors not yet represented in the current factor graph
when necessary (e.g., noticing that the user’s adhesive choice varies
with the area for adherence).

The LLM outputs a list of observations covering each chunk.
To filter hallucinated observations, we apply self-consistency sam-
pling [62]: we run N=3 independent samples per chunk and retain
only observations where at least 2 samples agree, exploiting the
finding that real events are stable across samples while hallucina-
tions vary [38].

4.2 Modeling Preferences

These observations are the evidence that populates our factor
graphs. Each preference dimension is a plate: a factor-graph tem-
plate instantiated once per instance (e.g., one graph per item for
spatial organization, one per tool use goal for discrete choice), or-
ganized around the question it answers and linking a latent prefer-
ence to observed context (Figure 11). Beyond the initial contextual
variables, the perception module proposes additional variables at
runtime (Section 3.3.3) to adapt to new contexts dynamically.

For spatial organization (Figure 11 spatial), the question is “where
does this item go?” The latent variable is the preferred location
across workspace zones and receptacles. Observed variables include
the item’s use state, whether it was recently used or is idle, allowing
the system to learn patterns such as which zones active tools stay
in and which containers or zones idle ones are stored in.

Han and lon

For discrete choice (Figure 11 choice), the question is “which item
does the user prefer among alternatives?” The latent variable is the
preferred item (e.g., which cutting tool). Observed variables include
the paired item being worked on. Separate plates keep goals (e.g.,
adhering, cutting) independent.

For workflow style (Figure 11 workflow), the question is “when
does the user perform an action?” The latent variable is the pre-
ferred timing (e.g., handling something immediately vs. deferring
it). Observed variables include the type and count of items involved,
letting the system learn patterns such as deferring an action when
items are few but performing it when they accumulate.

workflow

teld @

spatial choice

use
state

U3
O € fio,...ix}

paired

[_]]

@ € {g0,...9}

Figure 11: The three preference dimensions, each a plate
replicating one factor graph per instance. Each asks a ques-
tion (Where? What? When?) linking a latent preference to
observed context, and updates from observations.

4.3 Continuous Update

As new observations arrive, each updates the relevant factor’s
weight as a co-occurrence count (Section 3.3.2). An observation
may also expand a variable’s domain when a new state appears (e.g.,
a new tool enters the workspace) or add a new context variable
proposed by the perception module (Section 3.3.3). Factor graphs
evolve as the system observes. For example, an adhesive factor
graph starts with one contextual factor, “paired item” (Figure 11).
When the perception module sees the user applying double-sided
tape to small plastic color blocks, it proposes new factors such as
“target surface area” and “material type,” and stores this as evidence
for a preference in that context. If the user switches to glue for
paper, the system learns a separate “glue for paper” while keeping
the original “tape for plastic”, since each belief is conditioned on
its own context.

This design provides two benefits: (1) preferences remain context-
specific rather than overgeneralized (e.g., a blanket preference for
tape), and (2) infrequently observed contexts accumulate little ev-
idence, preventing interpreting rare contextual actions as stable
preferences.

Beyond these updates, contrastive and error-driven updates let
the model adapt quickly when preferences shift or a prediction is
wrong (Section 3).

4.4 Querying the User Model

A query arrives either from a user instruction (“hand me a cut-
ting tool”) or from a proactive agent anticipating a next step. The
system first routes the query to the relevant preference dimen-
sion using a local small language model (Qwen2.5-1.5B [47]) via
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multiple-choice classification. It then selects the appropriate factor
graph plate within that dimension using cosine similarity between
sentence embeddings (all-mpnet-base-v2 [50]) of the query and
plate names. Runtime observations become evidence: when an ob-
servation exactly matches a known variable state, it enters as hard
evidence. When the match is approximate (e.g., “craft scissors” ver-
sus the known “scissors”), the system embeds the observation and
computes cosine similarity against known domain values:

eq-ep

sim(a,b) = ———
lleall llepll

This becomes a soft evidence distribution through a temperature-
scaled softmax (scores are divided by a temperature 7 before soft-
max, concentrating probability on the closest match while keeping
some weight on similar alternatives). This lets the model apply
learned associations even to inputs it has not seen before.

The system runs belief propagation and returns a prediction and
a confidence estimate. When the posterior entropy is too high (Sec-
tion 3.3.6), the system signals uncertainty, enabling the downstream
agent to ask the user rather than act on a weak prediction.

5 Evaluation

We evaluate our system’s ability to learn user preferences from
passive observation and adapt as behavior and contexts evolve. Our
evaluation asks three questions. First, are our user models accurate
and well-calibrated? Second, can the system dynamically adapt to
shifting preferences and new contexts? Third, how does our approach
compare to simpler alternatives a system builder might try, such as
an LLM with textual memory of past observations?

5.1 Data Collection

We collect video of participants performing everyday desktop tasks
across multiple domains, each designed to surface preference deci-
sion points across the targeted three preference dimensions that
our system can observe and learn from. Our study obtained IRB
approval from our institution (protocol STUDY2025_00000100).

5.1.1 Participants and Setup. We recruited 6 participants at our
local university by word of mouth to perform desktop tasks at a
standard workspace. We opted for a smaller number of participants
since we don’t look at trends across participants, but only model one
individual’s preference in isolation. An overhead camera captured
each participant’s actions throughout the session (Figure 12). Each
session lasted approximately 1.5 hours, yielding 9 hours of video
data. Participants were compensated with $18 for their time. We
obtained informed consent prior to the study.

5.1.2  Tasks. Each participant completed tasks across three do-
mains, i.e., assembly (Figure 12a), office work (Figure 12b), and
crafting (Figure 12c), in randomized order. In the assembly ses-
sion, participants built two figures from small color blocks. In the
crafting session, participants made two paper crafts from pre-cut
components. In the office work session, participants assembled two
document packets. For each domain, participants were asked to
organize the workspace, they received boxed packages, and used
available tools to complete the task following instruction sheets
while keeping the workspace as tidy as they preferred.
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Figure 12: Participants performed (a) assembly, (b) office, and
(c) crafting tasks at three workspaces in randomized order.
(d) Participants received packages mid-session to simulate
changing environments.

All three domains shared the same set of cutting tools and adhe-
sives, as well as similar receptacles (a storage box, an open container,
and four small containers) and comparable sets of objects (e.g., two
decorative objects, two to five domain-relevant items such as pens
in office), as depicted in Figure 12. In each session, we left some
tools out in the initial setup and gave them to participants dur-
ing the session (Figure 12d), to introduce variance that resembles
real-world environments.

Each task surfaced decision points across three preference dimen-
sions. Discrete choice preferences are revealed when participants
select one tool over alternatives. Spatial preferences are revealed
through workspace organization and subsequent tidy-ups during
the task. Workflow preferences emerge through preparation steps
(e.g., whether participants sort components before beginning as-
sembly) and cleanup timing (e.g., discarding packaging immediately
vs. saving it until the end). Participants were instructed to do every-
thing however it felt natural and were not informed of what or how
their preferences were being tracked until the end of the study.

5.2 Evaluation Procedure

5.2.1 Method. To simulate a continuously learning system in real-
world deployment, we evaluate it using an incremental leave-one-
out procedure. We segment each participant’s video data across 3
sessions into 2-minute segments (yielding about 45 learning steps
per participant). At each timestep ¢, the system has been updated
with all segments from 0 to ¢ — 1, and we use it to predict what
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happens at ¢: e.g., which item is chosen among alternatives, where
objects are placed, or whether an action is done now or deferred.

5.2.2  Ground Truth Annotation. To obtain ground truth, we densely
annotated all video data for each preference dimension using a cus-
tom annotation tool. We reviewed each VLM-extracted observation
against the corresponding video frame, correcting errors where
needed. For discrete choice, we labeled every tool selection event
(which cutting tool, adhesive, or attachment was chosen at each
decision point). For spatial preferences, we labeled object place-
ment actions (which objects were moved where during different
phases). For workflow preferences, we labeled preparation behav-
iors (e.g., whether participants sorted components before assembly)
and cleanup timing (e.g., immediate vs. deferred disposal). These
human-verified labels are only used to score accuracy, not as model
input. Our evaluated system uses raw VLM observations, with self-
consistency sampling [62] to mitigate errors.

5.2.3 Conditions. We compare our system against three design
alternatives.

LLM + Memory receives dynamically updated textual descrip-
tions from a video LLM across all three preference dimensions,
leveraging in-context learning [6] to dynamically update over time.
Observations are accumulated as text descriptions and updated
in prompts incrementally. This condition receives the same text
and visual grounding (item dictionaries, zone labels) as our system
and follows the same incremental procedure. To obtain calibrated
confidence estimates, we pose all predictions as multiple-choice
questions and capture confidence as next-token log-probabilities
over the answer options [30].

LLM Commonsense predicts from task context alone with no
observation history, representing a generic prior without person-
alization. This condition also receives textual grounding of item,
receptacle, and zone inventories. Confidence extraction is the same
as LLM+Memory.

Frequency Count predicts the most frequently observed choice
so far, testing whether structured probabilistic inference adds value
beyond simply counting past behavior.

5.2.4 Metrics. We report prediction accuracy and Brier score [5].
Brier score is widely used to evaluate calibration in probabilistic
systems [55]. It measures the mean squared error between predicted
probabilities and actual binary outcomes, jointly capturing accuracy
and calibration in a single metric (lower is better).

5.3 Results

Our user models are accurate, well-calibrated, and dynamically
adaptive to changing behavior.

5.3.1 Accuracy and Calibration. As we show in Figure 13, our
system achieves 92% prediction accuracy (Brier: 0.09) for discrete
choice, 90% for spatial organization (Brier: 0.10), and 84% for work-
flow style (Brier: 0.09), reaching 89% overall accuracy (Brier: 0.09),
averaged across all six participants and three domains. Accuracy
variability is low, with per-participant overall accuracies of 86.9%,
88.6%, 86.4%, 90.5%, 88.1%, and 91.5%.

LLM Commonsense, which predicts from task context alone using
commonsense reasoning, reaches 42% accuracy for choice, 10% for
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spatial, and 33% for workflow. Predicting without any personal
history, it performs poorly across all three dimensions, showing
how much personalization matters.

LLM + Memory, which receives the same observations as our
system and accumulates them as textual descriptions via in-context
learning, performs at 44% accuracy for choice, 18% for spatial, and
33% for workflow. Surprisingly, textual memory of personal history
adds little over LLM commonsense. Its high Brier score shows that it
produces confident yet incorrect predictions, since it accumulates
observations but cannot reliably condition on context.

Frequency Count reaches 68% accuracy for choice, 61% for spatial,
and 39% for workflow. This shows that frequency counting captures
some signal, but by predicting the most common choice regardless
of context, it misses the contextual variation our model captures.

Brier scores show a calibration difference. The LLM conditions
produce confidently incorrect predictions, assigning high probabil-
ities to wrong outcomes (overall Brier: 0.69 for commonsense, 0.65
for memory). Our system maintains well-calibrated uncertainty
(overall Brier: 0.09), enabling a downstream agent to ask rather
than act on a weak prediction.
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Figure 13: Our system (purple) achieves higher accuracy and
lower Brier score than other design alternatives across di-
mensions.

5.3.2  Dynamic Adaptation over Behavior Adjustments. People dy-
namically adjust how they prefer to do things. For example, in
our study, participants switched tools for different reasons, reorga-
nized their workspaces between domains, and changed workflows
as they discovered more efficient strategies. An effective system
should adapt quickly when behavior shifts and maintain stable
predictions when behavior is consistent.

In Figure 14, we show P1’s selection preferences that continuously
update across the three domains. Consider P1’s adhesive preference
during crafting (Figure 14b). While making the first paper craft, the
system converges on P1’s contextual adhesive preference (i.e., glue
stick) given LLM proposed observation variables capturing relevant
context: paired with craft component, permanence, small scale, and
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paper material (Figure 14b, stable learning). The four contextual
factors consistently favor glue stick.

While making an identical second craft, P1 switches from glue
stick to double-sided tape. The system, still modeling glue stick
as preferred, predicts wrong (Figure 14b, behavior change). This
confident mismatch triggers our error-driven mechanism. The sys-
tem penalizes the previously preferred glue stick and shifts its
preference toward double-sided tape under the current context (Fig-
ure 14b, corrective update), correcting within 1-2 observations.

LLM + Memory baseline, on the other hand, does not recover
within the crafting session, as its declining accuracy curve shows (Fig-
ure 14a). An embodied agent relying on it would keep applying
glue for P1 even after P1 has shifted to double-sided tape.

Across participants, our system adapts to two kinds of change.
Users change their behavior within a domain, as P1 did with ad-
hesives, and contexts change between domains as new materials,
objects, and task structures appear. Behavior changes and incorrect
predictions trigger contrastive and error-driven updates, while new
contexts trigger variable expansion and factor additions. These
adaptations allow our system to maintain accuracy under changing
behaviors, conditional preferences, and contexts.

[}

Selection Preference Prediction Over Time (P1)
Assembly
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50
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predicti(ﬂ_\
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Figure 14: (a) Our system (purple) recovers quickly after P1’s
behavior change; LLM + Memory (gray) does not. (b) When
behavior changes, a corrective update quickly revises the
learned preference.

5.3.3  How Different Are Users? Our system discovers a rich set of
conditional preferences for each participant. After three sessions,
each participant’s model contains around 150 learned conditional
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predictions (e.g., “prefers scissors when cutting paper and when cut-
ting is precise” or “stores the utility knife in a receptacle when idle”).
These conditionals emerge from the factor graph structure, where
combinations of discovered observation variables (e.g., material,
subtask) define distinct contexts for conditional preferences.

We show specific examples of this variation across the three
preference dimensions in Figure 15. For spatial organization (Fig-
ure 15 Where?), when empty plastic packages are no longer in use,
P1 stores them in a storage box, P3 places them in an open con-
tainer, P4 leaves them on the table, and P2, P5, and P6 throw them
away. For adhering paper craft components (Figure 15 What?), P1
prefers double-sided tape, shifted from the previously preferred
glue stick (Figure 14); P2, P3, and P6 prefer a glue stick, and P4
reaches for the tape dispenser. For workflow of preparing and using
adhesives (Figure 15 When?), P1, P4, P5, and P6 batch the action
by preparing many tape strips before applying them, while P2 and
P3 cut one strip and switch to applying it before cutting the next.
Such variation is also seen in daily life and has no single correct
answer, so embodied agents should learn and adapt to each user
rather than assume one way.

Where? What? When?
L | | ||
=

L
/\\*

Figure 15: After three sessions, each participant’s user model
has discovered many conditional preferences, and these user
models differ across participants. We show specific examples
of how participants differ from each other.

6 Robot Demonstration

To illustrate how our user model enables personalized embodied
assistance, we instantiate our system in a kitchen scenario. A team
member performed cooking-related tasks in a lab kitchen setup
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populated with their own objects and groceries, captured by an
environmentally instrumented camera. Our full pipeline processes
the video observations to dynamically build a user model. We then
use a teleoperated robot to carry out the model’s predictions at
moments where the user would naturally benefit from assistance.

First, the system observes the user’s natural kitchen routines:

how they organize groceries (Figure 16a), arrange their workspace (Fig-

ure 16b), and clean up (Figure 16c), building up a user model.

Figure 16: The system observes the user’s natural activities in
the kitchen through environment cameras, including (a) load-
ing groceries, (b) organizing the countertop for cooking, and
(c) cleaning up.

When the user returns with new groceries, the robot helps unload
them according to learned spatial preferences: fruit goes to the top-
left drawer in the fridge (Figure 17 red), vegetables to the middle-
left (Figure 17 orange), and drinks to the top-right (Figure 17 green).
Though the specific items differ from earlier trips, the learned
preferences generalize across items in the same category.

Figure 17: The robot unloads groceries to user-preferred lo-
cations.

When the user asks the robot to arrange the space for cooking,
the user model knows to push the plant to the back, set up the
bookstand in front of them for the cookbook, and prepare the
workspace accordingly (Figure 18), saving the user the burden of
specifying all these details in their instruction.

Finally, when the user asks the robot to clean up, it reaches for
the blue rag for the countertop and the purple rag for the sink,
following the user’s cleaning habits rather than treating the two
rags as interchangeable (Figure 19), which may otherwise result
in undesirable help without personalization: e.g., using a user’s
floor-cleaning rag for their countertop.

7 Discussion

Personalizing embodied assistance can bring both interaction bene-
fits and tension, which we discuss in turn.
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Figure 18: When asked to arrange for cooking, the robot sets
up the workspace to the user’s preferences.
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Figure 19: When asked to clean up, the robot uses the correct
rag for each surface.

7.1 Interaction Benefits of Personalized
Embodied Agents

Our physical living experiences are deeply personal. Our spaces are
set up differently, we have different habits, and we prefer different
things. As agents move out of screens and into our physical experi-
ences, it is crucial for them to do things the way we want. An agent
that organizes your fridge wrong or hands you the wrong tool is not
just unhelpful, it gets in the way. We outline four interaction bene-
fits that a personalized user model can provide (Figure 20), spanning
a spectrum from user-initiated to agent-initiated interaction.

user-initiated

agent-initiated

o
i

Figure 20: Personalization brings interaction benefits across
the spectrum from user-initiated to agent-initiated assis-
tance. (a) Users needn’t specify everything when instructing;
(b) agents personalize long-horizon task completion to the
user; (c) agents proactively help based on known habits and
routines; (d) agents know when to ask for more information.

At the user-initiated end, everyday instructions are often un-
derspecified. When a user asks for coffee, they may not state their
preferred creamer and mug every time. An agent that knows the
user can fill in the gap from context and prior observations, for
instance a small espresso with a splash of sweet cream when they
are reading in the afternoon (Figure 20a).

Further along, when an agent automates a long-horizon task such
as organizing a closet, personalized knowledge lets it finish in a
state the user prefers (e.g., pants hung on the lower right) rather
than a merely tidy state that is unfamiliar and may force the user
to redo it (Figure 20b).
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Moving toward the agent-initiated end, an agent that knows a
user’s routines and habits can proactively offer help. When a user
begins their morning pre-run stretch in summer, the agent might
prepare their electrolyte drink, hat, and running glasses, anticipat-
ing a familiar routine (Figure 20c).

Finally, knowing the user also lets an agent recognize when it
lacks the information it needs, and ask targeted questions rather
than act on a weak guess (Figure 20d).

7.2 How Much Should Agents Know About Us?

A system that learns preferences from passive observation raises a
natural tension. The same capability that enables a robot to silently
set up your workspace the way you like it also means an agent is
continuously watching and building a model of your habits. Some
of these inferences may surprise users: the system might learn that
you always reach for a specific mug on stressful mornings, or that
your cleanup habits change when you are tired. These patterns are
useful for personalization, but they are also intimate.

We do not think there is a clean technical fix for this. Privacy-
preserving measures like on-device processing and local model
storage (Section 8) address data security, but they do not resolve
the deeper question: what kind of relationship do people want with
the agents that share their spaces? Some users may welcome an
agent that anticipates their needs without being asked. Others may
find the same behavior unsettling, preferring to stay in control even
at the cost of convenience.

This is a design question, instead of merely a technical one.
We believe that the right approach involves giving users visibility
into what the system has learned (our factor graphs are inherently
interpretable), control over what gets retained or forgotten, and
the ability to set boundaries on what the agent should act on. How
to design these controls in a way that is lightweight enough for
everyday use is an interesting next step.

8 Limitations and Future Work

We discuss the limitations of our current system implementation
and evaluation, and opportunities for future work.

Privacy. Observation data is deeply personal, and it should
stay in users’ control. Our proof-of-concept system’s observa-
tion step currently uses a proprietary multimodal LLM (Gemini
2.5 Flash). For a system that passively observes daily life, sending
video to a cloud API is untenable for real-world deployment. How-
ever, open-source video-capable LLMs are rapidly closing the gap
with proprietary models [36, 61], and local inference on consumer
hardware is increasingly feasible. We plan to test our full pipeline
locally using an open-source video LLM.

Observation Window and Factor Discovery. Our current system
processes video in fixed 2-minute chunks, which determines the
granularity at which the LLM can observe and propose new context
variables. Some preference patterns may only become apparent over
longer windows (e.g., workflow preferences that span an entire task
phase), while others may require finer resolution (e.g., momentary
hesitations between tool choices). We saw initial benefits of varying
window sizes during the implementation of our system. Adaptive
observation windows that expand or contract based on activity
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density could improve both the efficiency and completeness of
factor discovery.

Study Scope. Our evaluation involves six participants perform-
ing structured tasks in a controlled desktop setting. This validates
our approach as a valuable direction to pursue further. Real-world
evaluation is an important next step.

Moving into the Messy Real World. Real homes are messy: oc-
clusion, poor lighting, cluttered backgrounds, unfamiliar objects,
and limited camera angles would all degrade perception quality.
Our system partially addresses this through self-consistency fil-
tering and soft evidence propagation, which prevent any single
uncertain observation from dominating the model, and as founda-
tion models improve, our perception pipeline improves with them.
Still, how robust preference learning can be under sustained par-
tial observability remains an open question. An exciting next step
is evaluating our system on egocentric and multi-view datasets
that capture real daily activities at scale [45], which would test
our pipeline under naturalistic conditions with diverse viewpoints,
cluttered environments, and longer time horizons. Our contribu-
tion is the groundwork for that step, a dynamic, interpretable, and
uncertainty-aware user model that can extend to real-world envi-
ronments.

Richer and Longer-Term Learning. Our system learns entirely
from passive observation, currently over a 1.5-hour session per
participant. Both the observation modality and the time horizon
can expand. In practice, users will likely give explicit feedback
as well, whether volunteered (“not that mug,” “I prefer the other
drill”) or prompted by the system. These directed signals could
accelerate learning. Over longer time horizons, preferences drift,
seasons change, and life circumstances shift. Over months rather
than hours, the system could surface patterns a short evaluation
misses, such as gradual drift or routines tied to time of day or week,
and could track how habits evolve.

Extending to Other Preference Dimensions. Our framework iden-
tifies seven preference dimensions for physical assistance. We cur-
rently implement only three that are observable from passive video.
Dimensions like initiative preferences, motion parameters, and task
allocation would require observing human-robot interaction rather
than human behavior alone. Our factor graph architecture may be
extended to these dimensions in future work.

9 Conclusion

We presented a framework for learning user preferences from behav-
ioral observation, enabling embodied agents to understand how peo-
ple like things to be done without requiring explicit instruction. Our
system combines vision foundation models for open-vocabulary
observation with factor graphs for structured, interpretable, and
efficient probabilistic inference. It learns across spatial arrangement,
tool selection, and workflow preferences, and continuously adapts
as behaviors and contexts change. Our evaluation showed accu-
rate, well-calibrated predictions that outperform LLM baselines,
and robust adaptation to behavioral shifts, new conditions, and
new domains. Through robot demonstrations in kitchen scenarios,
we showed how a personalized user model enables qualitatively



UIST 26, November 02-05, 2026, Detroit, MI, USA

different interaction benefits for embodied agents. We believe that
as embodied agents enter our personal spaces, the ability to know
and adapt to each user will be critical to a good user experience.
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