CeST

Research Article

C2 Science and Technology https://doi.org/10.26599/C2ST.2026.9700006

Situated proactive task generation for embodied agents

Haifeng Xu', Chunwen Li', Xiaohu Yuan?, Huaping Liu®

'Department of Automation, Tsinghua University, Beijing 100084, China
?Qiyuan Laboratory, Beijing 100095, China
*Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China

ABSTRACT

Embodied agents operating in everyday environments must go beyond explicit instruction following toward proactive assistance, in
which they infer latent human needs from ongoing dialogue, ground these needs in the physical scene, and determine whether and
how to act. However, existing vision-language-action systems are primarily designed for explicit task execution and struggle to
jointly reason over conversational context and dynamic embodied environments. In this work, we introduce HomeSPT-Bench, a
benchmark for situated proactive task generation built on the OmniGibson simulator, in which agents must infer implicit needs from
multi-party dialogue, ground them in fully specified 3D scenes, and decide on appropriate actions. Evaluations show that state-of-
the-art VLM-based agents exhibit a substantial performance gap in this setting, with frequent failures in spatial grounding, occlu-
sion handling, and intervention decision-making. HomeSPT-Bench provides a testbed for studying situated proactive behavior that
integrates dialogue understanding with embodied scene grounding, and highlights the remaining gap between language-based

reasoning and reliable embodied proactive assistance.
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1 Introduction

Robots are increasingly being deployed from structured labora-
tory settings into everyday human environments such as homes,
offices, hospitals, and hotels. In these service contexts, users expect
embodied agents to move beyond executing pre-defined com-
mands and instead to understand ongoing situations, recognize
emerging needs, and provide timely assistance. However, most
existing robot systems still follow an explicit-command paradigm:
a user specifies a goal, the robot executes a corresponding skill,
and the interaction terminates upon completion. While effective
for benchmarking and controlled tasks, this paradigm does not
reflect how human needs naturally arise in daily life, where
requests are often implicit, indirect, or embedded within conver-
sation and context.

This limitation motivates the development of proactive
embodied agents, which continuously reason about their envi-
ronment and human activities rather than passively waiting for
explicit instructions. Prior work has explored various aspects of
proactivity, including when to intervene, how to infer human
intent, and how to anticipate routine activities"”. Early non-lin-
guistic approaches infer intent from physical cues such as gaze
direction, body orientation, object trajectories, or human-object
interactions™”. These studies show that proactive assistance
requires more than detecting a possible intent: an agent must also
decide whether intervention is appropriate, feasible, and beneficial
in the current situation. This requirement is especially important
because unnecessary or poorly timed assistance may disrupt users,

reduce their autonomy, or trigger inappropriate actions.

Natural language dialogue provides a rich source of evidence
for inferring latent human needs. In everyday environments,
humans rarely issue direct commands to robots; instead, they
often express needs implicitly through conversation, such as by
commenting on environmental conditions, missing objects, safety
concerns, or upcoming activities. Recent studies have begun to
exploit this signal for proactive task inference. For example,
autonomous navigation task generation from natural language
dialogue studies how a robot can infer office navigation goals from
multi-person conversations', while ProactiveDialog introduces
simulated proactive dialogue data for robot task inference from
streaming workplace conversations”. These works demonstrate
that multi-party dialogue can reveal task intent even without
explicit robot-directed commands. However, the inferred tasks are
mainly associated with office delivery or workplace scenarios, and
the physical scene does not substantially reshape the meaning of
the task across different embodied states.

In parallel, embodied AI has made substantial progress in
building agents that perceive, reason, and act within simulated
environments. From the perspective of embodied intelligence,
intelligent behavior emerges from the tight coupling among mor-
phology, action, perception, learning, and the surrounding envi-
ronment"’. This view motivates embodied benchmarks that eval-
uate agents not only as language reasoners, but also as situated
systems that interact with and adapt to physical contexts. Interac-
tive platforms such as AI2-THOR"', Habitat*""”, VirtualHome',
ProcTHOR", and BEHAVIOR-1K with OmniGibson"? provide
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increasingly diverse, physically grounded, and reproducible envi-
ronments for studying navigation, manipulation, activity under-
standing, and long-horizon household tasks. On top of these envi-
ronments, embodied benchmarks have progressed from point-
goal navigation to language-conditioned instruction following and
interactive reasoning. ALFRED'” requires agents to complete
household chores from free-form English instructions; vision-and-
language navigation benchmarks such as Room-to-Room!""
evaluate language grounding during indoor navigation; Embod-
ied question answering requires agents to explore a scene before
answering a question””; and TEACh introduces human-human
dialogues in which an agent must extract task-relevant intent from
unconstrained multi-turn conversation before acting™”.

Recent advances in large language models (LLMs), vision-lan-
guage models (VLMs), and vision-language-action models (VLAs)
have further expanded the capabilities of embodied agents™*.
These models integrate visual perception, language understanding,
and action generation, enabling robots to follow natural language
instructions across diverse tasks and embodiments. Nevertheless,
most existing embodied benchmarks still assume that the agent is
given an explicit goal, whether in the form of an instruction, a
question, or a dialogue in which the task objective is eventually
specified. As a result, the central challenge is usually grounding
and execution after task specification, rather than the earlier and
more ambiguous stage of determining whether a task exists, what
the task should be, and whether the agent should intervene at all.

More recent proactive assistance studies have begun to address
this gap, but important limitations remain. Smart Help”” models
proactive and adaptive household support by reasoning about
both the human’s goal and the human’s ability to complete it
independently. Attentive Support™ studies how a robot can sup-
port human groups without disturbing them by combining scene
perception, dialogue acquisition, situation understanding, and
LLM-based reasoning. ProVox”' explores situated human-robot
collaboration, where an LLM-based planner infers user intent
from early interactions and proactively suggests helpful actions
before explicit instructions. At the level of LLM-based agents,
Proactive Agent™ investigates how agents can anticipate and ini-
tiate tasks from ambient user context. RoboOmni®" further intro-
duces multimodal proactive manipulation by using speech, envi-
ronmental audio, and visual observations to infer latent user
intent. These works collectively highlight a growing consensus
that proactive agents should not merely act once a possible need is
detected, but should judge whether assistance is needed, appro-
priate, and grounded in the surrounding context.

However, an important gap remains in how proactive task gen-
eration is formulated. Dialogue-centered approaches emphasize
conversational cues and implicit intent, but often under-specify
the role of the physical environment. Embodied benchmarks
emphasize perception, navigation, and manipulation, but usually
assume that task goals are already provided. Multimodal proac-
tive systems introduce richer contextual signals, but are often
evaluated in localized manipulation scenarios rather than com-
plex environments requiring reasoning over multiple rooms,
object states, hidden or occluded objects, and no-action decisions.
Consequently, existing research has not yet fully captured the sit-
uated nature of proactive assistance: the same dialogue may
require different responses depending on the embodied scene.

In this paper, we claim that proactive assistance is fundamen-
tally situated. A conversational cue alone is insufficient to deter-
mine the correct action. For example, an expression of discomfort
in a room may or may not require intervention depending on
whether the environmental condition has already been addressed.
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Similarly, an object-related need depends on whether the relevant
object exists in the scene, where it is located, whether it is accessi-
ble, and whether acting on it would be appropriate. Therefore,
proactive decision-making must jointly reason over dialogue and
embodied context, rather than relying on language alone.

To study this problem, we introduce HomeSPT-Bench, a
benchmark for situated proactive task generation in embodied
environments. Given a multi-party dialogue and a fully specified
simulated scene, an agent must infer whether an implicit need
exists, ground the need in the current environment, and deter-
mine an appropriate outcome, including the option of taking no
action. Unlike conventional instruction-following benchmarks,
HomeSPT-Bench does not provide explicit task definitions;
instead, the task structure emerges from the interaction between
dialogue and environment.

HomeSPT-Bench is constructed using BEHAVIOR-1K house-
hold scenes within the OmniGibson simulator'?. Each instance
includes a multi-party dialogue, scene context, object states, and
defined success conditions. The benchmark spans six categories of
proactive assistance: object fetching, state checking, environmen-
tal adjustment, rearrangement, safety-related intervention, and no-
action decisions. By grounding task-critical variables such as
objects, states, and outcomes in the simulator before dialogue syn-
thesis, HomeSPT-Bench provides consistent and reproducible
scenarios for evaluating situated proactive reasoning.

We evaluate state-of-the-art VLM-based agents under three
settings with increasing environmental access: dialogue-only rea-
soning, dialogue with structured scene text, and an active seman-
tic agent operating in a closed loop with the environment. The
results show that current models struggle to reliably infer implicit
needs and ground them in physical contexts. In particular, they
frequently fail in state verification, spatial grounding, occlusion
handling, and deciding when no intervention is needed. These
findings reveal a substantial gap between language-based reason-
ing and reliable embodied proactive assistance.

The main contributions of this work are as follows:

1) A new problem formulation, situated proactive task genera-
tion, in which the proactive task is determined jointly by multi-
party dialogue and the embodied scene state, explicitly targeting
the pre-execution stage of task understanding.

2) A simulator-grounded benchmark, HomeSPT-Bench, fea-
turing multi-party dialogues, object states, and six categories of
proactive assistance tasks across diverse household scenes.

3) Evaluations across model backbones and interaction settings,
demonstrating that situated proactive assistance remains a signifi-
cant challenge for current LLMs/VLMs, with identified failure
modes including spatial grounding errors, occlusion-induced per-
ceptual failures.

2 HomeSPT-Bench

This section introduces HomeSPT-Bench, a dataset and bench-
mark for situated proactive task generation in embodied environ-
ments. The goal of the benchmark is to evaluate whether an
embodied agent can infer latent human needs from multi-party
dialogue and ground them in the observable embodied environ-
ment. Unlike instruction-following datasets, HomeSPT-Bench
does not provide the agent with an explicit task command.
Instead, each instance specifies a situated scenario in which the
task must be inferred from the relation between dialogue content
and the embodied environment. Fig. 1 formalizes the research
problem in this work: an agent observes an ongoing conversation,
grounds the implied need in the surrounding scene, and then
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Mom: Dinner is almost ready; everyone will come to the
i table soon.

i Dad: The little one was drinking in the living room
earlier.

. Mom: His cup is probably still on the coffee table.

Sister: If we wait until dinner starts, he will be looking for
{ it again.

" No worries. Il bring the e

'~F ) cup to the dining table. /”'

Figure1 Overview of HomeSPT: situated proactive task generation, where an embodied agent observes family dialogue, identifies a latent need, and grounds

the task proactively in the surrounding home environment before acting.

determines whether and how to intervene.

2.1 Problem setup

We define situated proactive task generation as the problem of
inferring a grounded proactive task from an indirect dialogue and
a situated embodied environment. Formally, each instance is rep-
resented as

x= (8 D,n,CY) (1)

where S is a configured embodied scene instance, D is a multi-
party dialogue, , is the room where the dialogue occurs, C is the
scene context exposed to the model, and Y is the target outcome
of the proactive task. Here, S includes the scene layout, objects,
object locations, and initial object states. Different scene configu-
rations may therefore pair with similar dialogues but require dif-
ferent target outcomes.

The target outcome Y describes the desired post-task situation
rather than a particular action sequence. For example, Y may
specify that a window should be open, an appliance state should
be reported, a target object should be located on a support surface,
or no environmental change should be made. The model is
expected to infer a grounded target

Y =f(D,r,C) )

which can then be judged against Y directly or executed by a
downstream agent policy under a chosen evaluation protocol.
Importantly, this formulation does not assume a particular con-
trol interface. A system may use high-level semantic actions, low-
level motor control, a planner-controller hierarchy, or any other
execution mechanism. HomeSPT-Bench defines the situated
proactive task and its desired outcome; the action representation
belongs to the evaluated method.

The central challenge is that Y is not determined by dialogue
alone. The same dialogue may correspond to different target out-
comes in different scenes or under different object states. There-
fore, a model must answer three coupled questions: whether the
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dialogue implies a latent need, which concrete scene entities are
relevant, and what final state or response would satisty the need.

2.2 Environment and scenes

HomeSPT-Bench is built on BEHAVIOR-1K household scenes
within the OmniGibson simulator"?. These scenes provide realis-
tic indoor layouts, room types, object categories, support surfaces,
articulated objects, and object states. We select 12 representative
embodied environments to cover diverse home layouts and
everyday activity spaces, as shown in Fig. 2.

The selected scenes contain common household room types
such as kitchens, living rooms, bedrooms, child rooms, bath-
rooms, dining rooms, playrooms, and television rooms. These
room types are important because dialogue interpretation is often
location-dependent. For example, a conversation about discom-
fort in a living room may imply ventilation or lighting actions,
while a similar conversation in a kitchen may involve appliances,
food, or safety-related states. Full household layouts are retained
so that the agent may face distractor rooms, repeated object cate-
gories, and alternative plausible targets.

2.3 Task definition

HomeSPT-Bench defines a proactive task as a latent need that
emerges during dialogue and becomes fully specified only after
grounding in the scene context. Each task consists of four levels of
information. First, the dialogue provides a natural-language cue,
such as a complaint, request, reminder, concern, or casual state-
ment. Second, the dialogue location specifies where the interac-
tion takes place and helps disambiguate the relevant room. Third,
the scene describes the available objects, their states, and affor-
dances, which determine feasible actions and outcomes. Fourth,
the target outcome specifies the desired post-task state or final
response. Figures 3 and 4 illustrate two cases in which identical
dialogue leads to different grounded outcomes due to variations in
scene state or object availability.

The dataset-level task definition is independent of any specific
agent action space. For example, the target outcome may require
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1) Initial state

Case 1: The robot should open the window.

Mom: It feels a bit stuffy in here today.

Child: Yeah, the living room air feels like it
has not moved much.

Mom: [ think I closed the window before

bed last night. 2) Navigate to window
Child: That would explain it. A little fresh \ el e
air would help. g

Case 2: The window is already open.
No action required.

1

Figure3 A state-dependent example, where the same dialogue yields different required actions conditioned on the scene state.

1) Initial state 2) Navigate to 3) Grasp soda 4) Navigate to 5) Put down
coffee table speaker's pos soda

Case 1: The soda is on the coffee table.

Brother: I just finished cleaning the kitchen
and feel completely dried out.

Sister:  Ileft a cold soda on the living room
coffee table after lunch.

Brother: I am not sure if our brother took it ( 1) Initial state 2) Navigate to  3) Navigate to  4) Grasp bottle 5) Navigate to  6) Put down 1
when he went out.

Sister:  Ifit is gone, there should be a water
bottle on the breakfast table.

N

coffee table  breakfast table speaker's pos bottle

Case 2: No soda can. Get water instead. { No soda found = Go to the breakfast table for water

Figure4 An object-grounding example under identical dialogue, where the same dialogue leads to different executable tasks depending on the scene state and
object availability.

that a window be open upon completion, that the agent correctly support, or that the scene remains unchanged when no interven-
reports the state of an oven, that a bottle is placed on a designated tion is necessary. How the agent achieves this outcome is left to

Xu Haifeng: Situated proactive task generation for embodied agents
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the evaluated method. This separation enables HomeSPT-Bench
to support diverse agent embodiments and control abstractions,
including high-level planners, semantic action agents, and future
low-level control systems.

2.4 Task categories

We design six task categories that cover common proactive assis-
tance scenarios in embodied environments. Each category evalu-
ates a different combination of dialogue inference, scene ground-
ing, state verification, and action selection.

The six categories include object fetching, state checking, envi-
ronment adjustment, object rearrangement, safety assistance, and
no-action cases. Object fetching tasks require the agent to identify
a needed item and deliver it to an appropriate target location. State
checking tasks require the agent to inspect an object or the state of
a room and report the result, without necessarily modifying the
environment. Environment adjustment tasks involve modifying
environmental conditions related to comfort or functionality, such
as ventilation, lighting, or appliance states. Object rearrangement
tasks require relocating an object from an unsuitable position to a
more appropriate support or container. Safety assistance tasks
involve identifying and addressing risky objects or hazardous
states, such as unsafe object placement or appliances that should
be turned off. No-action tasks evaluate whether the agent can
avoid unnecessary intervention when the inferred need is already
satisfied, inappropriate, or infeasible.

2.5 Dataset construction pipeline

HomeSPT-Bench is constructed through a structured, multi-stage
generation pipeline that decouples simulator-critical task specifi-
cation from natural language realization, following the general
paradigm of structured dialogue and task generation pipelines
introduced in ProactiveDialog"”. The pipeline consists of three
sequential stages: scene sampling, structured task generation, and
dialogue synthesis, followed by automatic validation and human
verification.

Scene and object sampling. We first construct a grounded
scene context by sampling a scene instance from an offline inven-
tory derived from BEHAVIOR-1K and OmniGibson. Each scene
defines the room layout, object categories, object instances, and
candidate support surfaces. For each instance, we further sample a
target room and a constrained subset of relevant objects, forming
a compact object pool that reflects the local environment while
preserving the global scene context.

Structured task generation. Conditioned on the sampled scene
and object pool, we prompt GPT-4o to instantiate a task specifi-
cation. Depending on the task category, the generator selects task-
relevant objects, object states, affordances, and, when applicable,
source and target supports. It then defines the underlying task
objective, including desired object configurations or state changes,
expressed in a structured representation consistent with the simu-
lator. Importantly, this stage produces all simulator-critical vari-
ables, including object identities, initial states, and target out-
comes, which remain fixed in subsequent stages.

Dialogue synthesis. Given the structured task specification and
the associated scene context, we prompt GPT-4o0 to simulate a
natural multi-party dialogue between multiple participants. The
dialogue is grounded in the sampled environment and reflects the
contextual cues, object states, and latent needs defined in the task
specification. We generate conversations with 3-8 turns to bal-
ance linguistic diversity and task relevance.

This process produces a realistic interaction in which partici-
pants gradually express, infer, or respond to potential needs in an
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implicit manner, forming the basis for downstream task ground-
ing.

Validation and filtering. All generated instances undergo
automatic consistency checks to ensure alignment between scene
state, task specification, and language description. Invalid samples
are discarded and regenerated. In addition, each instance is man-
ually reviewed by human annotators to verify physical plausibility,
task solvability, and grounding correctness. Only validated
instances are included in the final dataset.

We construct HomeSPT-Bench across 12 household scenes
and 6 task categories, with 20 instances per scene-category com-
bination, resulting in a total of 1,440 task instances. All GPT-4o-
generated outputs are subject to iterative filtering and regenera-
tion, ensuring that only fully verified and consistent instances are
retained.

3 Experimental

This section evaluates HomeSPT-Bench under varying levels of
available information. We analyze how current VLM/LLM back-
bones perform when proactive tasks require dialogue under-
standing, scene grounding, and active interaction. We compare
three evaluation settings with progressively richer environmental
access and evaluate each setting using two model backbones:
Qwen3.7-Plus and GPT-5.

3.1 Evaluation settings

We consider three evaluation settings: Dialogue-only, Dialogue +
scene text, and Active semantic agent. These settings share the
same output interface and are evaluated across the same task cate-
gories, while differing in the amount and modality of information
available to the model.

Dialogue-only. The dialogue-only setting provides the model
with only the multi-party dialogue and interaction history. No
structured scene information or visual observations are provided.
This setting tests whether the model can infer latent user needs
from language alone. However, without access to the environ-
ment, the model may generate plausible intentions while failing to
determine object availability, verify whether target states are
already satisfied, or assess whether intervention is required.

Dialogue + scene text. The dialogue + scene text setting aug-
ments the dialogue with structured textual representations of the
scene. This includes the dialogue location, room types, object cat-
egories, available entities under the current setting, and task-rele-
vant state information. This setting evaluates whether explicit
symbolic environmental context improves grounding for proac-
tive task inference. Compared with dialogue-only setting, it pro-
vides additional evidence about the environmental situation, but
remains a static reasoning setup without closed-loop interaction.

Active semantic agent. The active semantic agent setting eval-
uates the model as an interactive embodied agent operating in a
step-by-step decision loop. At each step, the model receives the
dialogue, scene text, action history, last action feedback, and
optionally a first-person observation, and outputs a high-level
semantic action. The environment then executes the action and
returns updated feedback for the next step. This setting evaluates
whether the model can actively gather information, update its
understanding of the situation, select appropriate actions, and ter-
minate when the task is completed. The action space follows the
high-level semantic interface defined in Table 1.

3.2 Metric

We report episode success rate as the primary evaluation metric.
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Table1 High-level semantic action interface for the active evaluation set-
ting, which abstracts low-level execution and emphasizes semantic

decision making
Action Description
navigate(x) Move to a room or object
inspect(x) Observe or query an object, support, or room
open(x) Open an object such as a window or fridge
close(x) Close an object such as a fridge or cabinet
turn_on(x) Turn on a switch, lamp, or appliance

turn_off(x) Turn off a switch, lamp, or appliance

pick(x) Pick up a target object
place(x, y) Place object x on or inside target y
answer(fey) Provide a final response

no_op() Intentionally take no action

An episode is considered successful if the final behavior satisfies
the target outcome specified in the benchmark instance. Depend-
ing on the task family, success requires achieving a target object
relation, reaching a desired object state, correctly reporting a state,
or correctly determining that no intervention is necessary. We
further report success rates across task families to analyze how dif-
ferent information settings affect distinct types of proactive
household tasks.

4 Results and discussion

4.1 Results

Table 2 presents the results across six task families. The results
show that the two models perform comparably on our bench-
mark. Both models exhibit weak performance under the dialogue-
only and scene text settings, whereas the active semantic setting
enables partial success on certain tasks, allowing the models to
achieve task objectives to some extent.

We further observe substantial variation in task difficulty across
categories. In particular, the rearrangement and safety assistance
tasks are significantly more challenging, as they require stronger
capabilities in both perception and action execution.

The poor performance in the no-action setting can be
attributed to the lack of explicit constraints on proactivity. As a
result, the agent may become overly proactive and generate
unnecessary actions in order to avoid missing potential task
opportunities.

Figures 3 and 4 illustrate representative examples of task gener-
ation and execution in situated scenes. These examples demon-
strate that identical dialogues can lead to different executable
behaviors depending on the current environment state. Figure 3
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shows a state-dependent case. Given the same dialogue script, the
required action varies with the household state. When the win-
dow is closed, the agent grounds the instruction into a concrete
task and executes the required action. When the window is
already open, no physical intervention is required, and the agent
correctly infers that no action should be taken. Figure 4 presents
an object-grounding case under identical dialogue. The same
inferred household intent is mapped to different executable tasks
depending on scene state and object availability. When a coke is
available on the coffee table, the agent performs a direct retrieval-
and-delivery of the coke to the user. When the coke is not present
in the scene, the agent instead adapts to available objects and
retrieves a water bottle from the breakfast table for delivery.

4.2 Discussion

We also observe several representative failure cases under the
active semantic setting, as illustrated in Figs. 5 and 6. These exam-
ples highlight two common limitations of current VLM-based
agents in embodied environments.

Figure 5 shows a failure case in cross-room grounding, where
the agent incorrectly associates the target object with an irrelevant
room and consequently searches an incorrect bookcase. This
behavior indicates that the model struggles with consistent spatial
grounding across distinct rooms, revealing weaknesses in holistic
scene understanding and long-horizon grounding. Figure 6
presents a failure case caused by insufficient visual evidence under
occlusion. The target object is overlooked due to partial visibility,
suggesting that the agent relies too heavily on immediate percep-
tual cues and lacks robust active perception strategies for disam-
biguating partially observed objects.

Overall, evaluations of both failure modes suggest that directly
applying VLMs for high-level semantic exploration and interac-
tion in embodied environments remains insufficient for solving
such challenging tasks. Our benchmark, HomeSPT-Bench, is
designed to expose these limitations and demonstrate that current
VLM/LLM-based agents still struggle to perform robust proactive
assistance in embodied environments. Even when these models
correctly interpret dialogue instructions, they may still fail to
ground the correct object, inspect relevant environmental states,
avoid unnecessary actions, or terminate behavior appropriately
once the task is completed.

The performance gap between dialogue-only settings and envi-
ronment-grounded settings is particularly significant. This obser-
vation indicates that relying primarily on language priors, without
sufficient integration of environmental feedback, is inadequate for
real-world household scenarios. Instead, embodied task execution
fundamentally requires tight coupling between language under-
standing and perceptual grounding in dynamic environments.

Motivated by these findings, HomeSPT-Bench emphasizes that
proactive assistance should be evaluated not only by a model’s

Table2 Results across task categories on HomeSPT-Bench Unit: %
Qwen3.7-Plus GPT-5
Task categories
Dialogue-only Scene text Active semantic Dialogue-only Scene text Active semantic
Fetch object 7.5 12.1 55.4 8.8 13.3 57.1
State check 14.6 17.5 58.8 13.3 15.8 60.0
Environment adjustment 15.4 24.2 42.9 14.6 26.7 40.4
Rearrangement 5.4 14.2 321 6.2 13.3 34.6
Safety assistance 12.1 17.9 27.1 10.8 17.1 27.9
No action 7.9 15.8 26.2 7.1 17.5 24.6

Xu Haifeng: Situated proactive task generation for embodied agents
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Husband: The match is about to start. Where
did the TV remote go?

Wife: I have not used it since yesterday.

Husband: The kids were watching cartoons
earlier and carried their books away.

Wife:  They usually dump everything by
their bookcase after that.

1) Go to living room |[2) Inspect bookcase 1

3) Inspect bookcase 2|| 4) Inspect cabinet

Failure: The robot failed to ground the correct object location across rooms. It searched
the living-room bookcase instead of the child's-room bookcase and therefore could not

find the remote control.

Husband: Then the remote may be mixed in
with the kids' books again.

Figure5 Failure case involving cross-room grounding, where the agent follows an incorrect room-level association and searches an irrelevant bookcase, miss-

ing the object needed for the task.

Mom: He finally stopped coughing after dinner.

Dad: Good, I put the little medicine bottle somewhere in
the kitchen.

Mom: Was it by the sink? I only saw the water bottle there.

Dad: I think it was tucked right next to it.

Mom: We should not lose track of it before bedtime.

1) Go to the sink 2) Inspect the sink

L

Failure: Viewpoint occlusion led to missed detection of the
medicine bottle.

Figure 6 Failure case caused by insufficient visual evidence, where the target object is missed under occlusion, showing the need for stronger active perception

and action selection.

ability to infer human intent from dialogue, but also by its capac-
ity to ground that intent in the current physical scene and act
accordingly.

5 Conclusions

This work studies a key yet insufficiently explored capability for
embodied agents: the ability to recognize when everyday dialogue
implies a latent need, determine whether intervention is appro-
priate, and ground the resulting decision in the current physical
environment. Rather than treating proactive assistance as a direct
extension of instruction following, we claim that it requires a dis-
tinct form of situated reasoning, where the appropriate response
depends jointly on conversational context, object states, spatial
layout, and the degree of assistance required by the situation.

To support research in this direction, we presented HomeSPT-
Bench, a benchmark for situated proactive task generation in
embodied environments. HomeSPT-Bench provides simulator-
grounded household scenarios in which task-critical variables are
fixed before dialogue synthesis, allowing implicit needs to be eval-
uated against concrete scene states and formally defined target
outcomes. By covering multiple categories of proactive assistance,
including no-action cases, the benchmark shifts the focus from
executing pre-specified instructions to understanding when and
how an embodied agent should proactively assist.

Our experiments reveal that current VLM-based agents still
face substantial challenges in situated proactive assistance.
Although additional scene information and active interaction pro-
vide useful environmental evidence, substantial limitations remain
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in spatial grounding, state verification, occlusion handling, and
intervention decision-making. These findings indicate that robust
proactive embodied behavior cannot be achieved through lan-
guage reasoning alone. Instead, future agents will require more
advanced and tightly integrated capabilities in perception, action,
and reasoning, including active scene understanding, reliable
environmental state tracking, context-sensitive decision-making,
and adaptive interaction with the physical world.

HomeSPT-Bench is therefore intended not only as an evalua-
tion resource, but also as a step toward reframing embodied assis-
tance around appropriate, context-aware, and human-friendly
proactivity. As embodied agents are deployed in increasingly
complex human environments, reliable assistance will require
capabilities beyond accurate command execution, including the
ability to infer unspoken needs, calibrate an appropriate degree of
initiative, and act in ways that are context-aware, socially appro-
priate, and aligned with human preferences.
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