
GG-LLM: Geometrically Grounding Large Language Models for
Zero-shot Human Activity Forecasting in Human-Aware Task Planning

Moritz A. Graule1 and Volkan Isler1

Abstract— A robot in a human-centric environment needs
to account for the human’s intent and future motion in
its task and motion planning to ensure safe and effective
operation. This requires symbolic reasoning about probable
future actions and the ability to tie these actions to specific
locations in the physical environment. While one can train
behavioral models capable of predicting human motion from
past activities, this approach requires large amounts of data to
achieve acceptable long-horizon predictions. More importantly,
the resulting models are constrained to specific data formats and
modalities. Moreover, connecting predictions from such models
to the environment at hand to ensure the applicability of these
predictions is an unsolved problem. We present a system that
utilizes a Large Language Model (LLM) to infer a human’s next
actions from a range of modalities without fine-tuning. A novel
aspect of our system that is critical to robotics applications
is that it links the predicted actions to specific locations in a
semantic map of the environment. Our method leverages the
fact that LLMs, trained on a vast corpus of text describing
typical human behaviors, encode substantial world knowledge,
including probable sequences of human actions and activities.
We demonstrate how these localized activity predictions can be
incorporated in a human-aware task planner for an assistive
robot to reduce the occurrences of undesirable human-robot
interactions by 29.2% on average.

I. INTRODUCTION

As robots increasingly move to settings such as ware-
houses, hospitals, and our homes, they will be required to
dynamically operate in proximity to, and collaboration with,
human operators. Mere reactive collision-avoidance is not
always sufficient to achieve safe and effective assistance in
these scenarios. Rather, robots must possess the ability to
proactively infer the human operators’ intentions and predict
their future actions and trajectories. They must further be
able to leverage their predictions to create human-aware task
and motion plans that maximize the robots’ performance
while minimizing undesirable interactions with humans (like
collisions, uncomfortable proximity, or disturbing audio).
The creation of these plans requires the integration of sym-
bolic reasoning to predict human actions and the localization
of these predictions within the physical environment.

Prior work has demonstrated impressive capabilities in
human activity recognition and anticipation through training
specific models on data from smartphones and wearable
sensors [1], video streams [2], as well as sensor-equipped
homes [3], [4]. However, there remain a number of chal-
lenges with these approaches, including the substantial data
required for training, the inherent confinement to the training
modality, the limited generalization to data from different
sources (of the same modality), and difficulties in ensuring
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Fig. 1. We present a system that anticipates and localizes future human
activities to enable human-aware robot task and motion planning. Our
approach leverages the world knowledge contained within LLMs to infer
probable future activities from observations of past actions. Using a semantic
map, our system conditions the language model’s symbolic predictions on
the physical environment of the human, and localizes them within the
environment for downstream robot planners.

the applicability of the predicted actions in the environment.
Furthermore, the existing methods frequently are not devel-
oped to connect their predicted actions to specific locations in
the environment, which is crucial for robot task and motion
planning. In short, existing methods lack generalizability and
environment-specific geometric grounding.

We present an approach that addresses these challenges by
leveraging large language models (LLMs) to infer a human’s
probable next actions while grounding these predictions in
a semantic map of the environment (Fig.1). Our method
utilizes natural language as a versatile interface to aggregate
observations from a variety of input sources (including video
or signals from connected appliances), ensuring adaptability
to settings with diverse and variable sensing modalities.
LLMs are trained on extensive text corpora depicting various
human behaviors and therefore implicitly encode knowledge
about human preferences and habits. We extract the foun-
dational understanding of human activities from LLMs to
anticipate the objects with which a human is likely to interact
next without the need for additional training. We then ground
these predictions in the physical environment of the human
by connecting them to a semantic map of the scene, and use
this information to build human-aware assistive robots.

We conduct simulated experiments in which a robot aims
to achieve full room coverage while minimizing disruptions
to humans in the environment. Our experiments encompass
three distinct sequences of human activities, each executed
across three diverse indoor environments. Our approach
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yields a significant reduction in disruptions to the human,
thus demonstrating the benefit of incorporating localized
activity predictions within a human-aware task planner.

In summary, our contributions are as follows:
• We show that state-of-the-art LLMs encode information

about common human behavioral patterns that can be
used to predict human actions without further training.

• We present GG-LLM which can ground this information
in a the physical world using a semantic map of the
environment to effectively predict and localize future
human activities.

• We demonstrate the utility of GG-LLM in human-aware
robot planning in a floor plan coverage application. We
show that we can use GG-LLM’s predictions to reduce
human disturbance by 29.2% on average.

II. RELATED WORK

A. Large language and vision-language models in robotics
Recent advances in LLMs have unlocked a variety of

exciting capabilities in robotics. They have enabled the use
of natural language as a flexible and intuitive communication
layer, both between human operators and robots [5], [6], [7],
[8] and among cooperative multi-agent robot teams [9]. They
have further been applied in assistive robots that leverage the
knowledge encoded in LLMs to rapidly understand and sum-
marize human preferences from limited demonstrations [10].
LLMs have also been proposed to independently execute
robot planning tasks, but unresolved challenges remain in
ensuring the certifiability and admissibility of the resulting
plans [11]. The spatially-aware fusion of LLM embeddings
with visual features has extended work on closed-vocabulary
semantic maps (e.g., [12]) to yield robots capable of ex-
ecuting complex search and navigation tasks from open-
vocabulary instructions [13], [14], [15]. Finally, vision-
language models have been extended to predict robot actions
based on visual and text inputs, allowing them to leverage
training on internet-scale data for improved generalization in
manipulation tasks [16].

III. PROBLEM FORMULATION

In this setting, a robot agent is executing a task (e.g.,
cleaning, inspection, or surveillance) that requires it to visit
all nR rooms Ri for i ∈ 1, 2, ..., nR of an indoor environment
E =

⋃nR

i=1 Ri while minimizing disturbances to humans
present in E . The total time horizon of this task planning
problem is T . Without loss of generality, we assume that
completing the task takes a constant time Tr for each room
and that once the robot enters a room, it stays there until
task completion.

We represent which room is occupied by the robot and
human at time t with one-hot vectors xr(t) and xh(t) (where
xr,xh ∈ {0, 1}nR :

∑nR

i=1 xi(t) = 1).
Disturbance to the human can mean many things: being

within sight or earshot of the human, being closer than a
certain distance to the human, or occupying the same room
partition as the human. We define disturbance as same-room
occupation. We introduce a binary variable drh(t) that equals
1 if the human is being disturbed by the robot at time
t and 0 otherwise, and obtain drh(t) = xr(t) · xh(t) for

our room-level definition of disturbance. The total number
of disturbances DT over the given time horizon is DT =∑T

t=0 drh(t) and the total time spent in each room by the
robot is Xr =

∑T
t=0 xt(t).

The objective of the robot agent is to achieve full floor
plan coverage (i.e., X ≥ Tr ∀ X ∈ Xr) while minimizing
the total disturbances DT . An additional desirable property
of the robot task planner is to achieve full coverage quickly
(i.e., minimizing the time tc required to achieve full coverage
for the first time).

The human is executing a sequence of activities of daily
living (e.g., doing the dishes), where each activity consists
of one or multiple atomic actions (e.g., collecting dishes,
loading the dishwasher, starting the dishwasher, ... ). This
results in a sequence of human atomic actions ah =
[ah,0, ah,1, ..., ah,n] with varying duration.

If ah is known and each atomic action implies a deter-
ministic room occupation, we can obtain an optimal room
sequence by solving the corresponding mixed integer linear
program. In our scenario (as in most real-world applications),
however, the series of human actions is not known, rendering
the above planning approach infeasible. Instead, the robot’s
knowledge is limited to partial observations of the human’s
past atomic actions. Optionally, it may also receive informa-
tion concerning the status of the apartment and the various
network-enabled devices and appliances contained therein.

IV. METHOD

In this section, we introduce GG-LLM: a system that
improves upon policies that assume fully randomized human
room occupation by leveraging the insight that past human
actions exhibit correlations with future actions, and that
human actions are intrinsically linked to the objects in their
environment. In designing our system, we assume that the
human’s behavior is independent of the robot.

At the core of our system lies a symbolic-geometric
reasoning module. This module first reasons about plausi-
ble sequences of actions at the symbolic level. It predicts
probable next actions based on past actions and antici-
pates the potential items with which the human is likely
to interact next. As effective planning for human-aware
robot behavior necessitates environment-aware geometric
reasoning, we next ground these symbolic predictions in
the physical environment using a semantic map M, which
contains the bounding boxes and semantic labels for each
room and object instance (multiple object instances can
share the same semantic label). Our robotic agent uses these
geometrically grounded predictions of future human actions
to reduce disturbances to the human as it moves through the
environment.

A. System overview

GG-LLM’s system architecture, depicted in Fig. 2 consists
of three sequential modules: a narrator module, a symbolic-
geometric reasoning module, and an intent-aware planning
module. The narrator module receives observations from
various sources such as video feeds from robot or apart-
ment cameras, and data streams from connected devices
and appliances, aggregates these observations, and creates
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Fig. 2. System overview. Our system receives observations on past human
activity from connected home appliances, cameras, and other sensors (a),
and relies on a narrator module that translates these signals into a natural
language narration of past human activities (b). This narration is passed
into the symbolic-geometric reasoning module (c). This module leverages
an LLM to predict future actions from the narration of past activities. We
condition the LLM to predict items of future relevance with a forward-
looking binding sequence (e.g., ‘Next, they are going to the ...’) to the
narration. We then use the LLM to score each item from the semantic map
according to its likelihood of occurring in continuation of the prompt. We
aggregate item-wise scores across map partitions to infer which partitions
are most likely going to be occupied by the human. Finally, we demonstrate
how a robot can use these geometrically-grounded predictions to minimize
disturbances when planning its tasks (d).

a natural language description of the human’s past actions
and the apartment state. The symbolic-geometric reasoning
module comprises two submodules. The symbolic reasoning
submodule analyzes past actions and assigns a score to each
object within the environment, which reflects the likelihood
of human interaction with said object in the near future.
The geometric grounding submodule localizes these object
scores within the semantic map and aggregates scores across
different subsections of the scene, where a subsection can
consist of a room partition, a full room, or multiple rooms.
This process yields an aggregate score for each subsection
which is proportional to the predicted probability of future
human occupancy of said subsection. Finally, the intent-
aware planning module leverages the spatially aggregated
scores generated by the symbolic-geometric reasoning mod-
ule to decide in which subsection the robot should operate
next. In the following subsections, we provide a detailed
description of each of the modules. We also provide a
formal definition of the semantic map M, as it is a crucial
component of the symbolic-geometric reasoning module.

B. Narrator

At each time point, the narrator module receives a set
of observations o(t) from the robot sensors and network-
enabled appliances. It aggregates these observations into an
observation history object h(t) = {o(t − nh), ...,o(t)} that
includes the observations of the current and last nh time

steps. It then transforms the history object into a natural
language narration of the history Nh. This narrator module
can leverage generic image (e.g., [17]) or video captioning
models (e.g., [18], [19]), or models trained specifically to
detect human activities (e.g., [2]) to transcribe camera data
to natural language, or rely on activity detection based on
mobile devices or smart homes. In our experiments, we
assume that a description of previous human actions is
available.

C. Semantic map

The semantic map M of our scene is a (closed-vocabulary)
collection of i items ii ∈ I , where each item ii is associated
with a semantic label lj ∈ L, its position pi, and its bounding
box bi. Multiple items can have the same semantic label
(e.g., there can be multiple item instances of type mug in
a scene), and bounding boxes can be overlapping. The map
also includes room-level bounding boxes (Fig. 3(a)).

D. Symbolic reasoning

The symbolic reasoning submodule projects with which
objects the user is likely interacting next. It takes as input
the language narration of the history object Nh, as well as
a list of items available in the environment (which can be
extracted from the semantic map M). It assigns a relevancy
score si to each of the items in M.

While one could learn the mapping from past actions to
relevancy scores for each item, this approach would require
extensive data and computational power due to the large
variability in human activities and preferences. We overcome
this challenge by leveraging the world knowledge encoded
within LLMs, which allows us to achieve zero-shot symbolic
reasoning about human behaviors.

We take the following approach to extract relevant world
knowledge from the language model: First, we construct
a prompt that combines the history narration Nh with a
binding sequence B designed to induce the language model
to reason about what the human will do next (we use
B = ‘Next, the human will go to the ’ in our experiments).
We then generate a set of possible completions C = {ci} of
the prompt Nh+B (where + indicates string concatenation).
While one could rely on language models to generate C, it
can be challenging to ensure in a principled way that this
approach yields a C which covers all relevant items and room
sections within the environment. Therefore, we generate C
by extracting the semantic labels lj of all items from M. An
illustrative example is shown in Fig. 2.

We compute the relevancy score for each completion ci
based on the total probability that a language model M
assigns to it when conditioned on narration Nh and binding
sequence B. For this step, we first obtain the (model-specific)
tokenizations of Nh, B, and ci, resulting in token sequences
N̄h, B̄, and c̄1:lii . It is worth noting that c̄1:lii is a sequence
of length li, where li varies across different ci. Now, let
pM (zn+1|z1, ..., zn) be the probability that the language
model M assigns to token zn+1 as a continuation of the
sequence z1, ..., zn. We compute the relevancy score for
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Fig. 3. The geometric grounding submodule relies on a semantic map
M (a) to localize the predictions from the symbolic reasoning module
(item color corresponds to item type). It does so by assigning a relevancy
score (computed by the symbolic reasoning submodule) to each item in the
semantic map as shown in (b) (item color corresponds to relevancy score).
Each of the items is then assigned to the spatial map partition with which
its bounding box has the larges overlap. We show an exemplary assignment
where the map is partitioned at the room level in (c), where the item color
reflects partition assignments. Finally, the item-wise relevancy scores are
summed across each partition to obtain partition-wise relevancy scores for
downstream robot planning tasks (d).

completion ci, sc,i as shown in Eq. 1.

sc,i =

li∏
j=1

pM (c̄ji |N̄+ B̄+ c̄1:j−1
i ) (1)

Finally, we assign an item-level relevancy score si to each
item ii in the semantic map M as si = sc,i/nl,i, where nl,i

is the number of occurrences of the semantic label associated
with item ii.

E. Geometric grounding
The geometric grounding submodule receives the rele-

vancy scores si for each item in the semantic map M and
aggregates these scores across different spatial subdivisions
of the scene as illustrated in Fig. 3. These subdivisions may
encompass room partitions, entire rooms, or even multiple
rooms. The output of the geometric grounding submodule
is a partition-level relevancy score S̄j for the j-th spatial
partition Pj . We obtain S̄j by first assigning each item to the
subdivision with which its bounding box bi has the largest
overlap, and then calculate the partition-level relevancy score
as the sum of the item-wise relevancy scores of all items
within a given partition. Let Vo(bi, Pj) be the overlap volume
between bounding box bi and partition Pj , and I(·) the
indicator function. Then, we can compute the the partition-
level relevancy score as follows:

S̄j =
∑
i

si · I(argmax
k

Vo(bi, Pk) = j) (2)

F. Intent-aware planning
The intent-aware planning module defines a policy π(S̄)

which selects the future partition FPj to which the robot
should move to as a function of the set of partition-level
relevancy scores S̄ = {S̄j}. In our experiments in SectionVI,
we compare three different policies:

1) Naive: The naive policy πN (S̄) selects the next parti-
tion to tend to uniformly at random:

FP ∼ Uniform[{Pk}] (3)

Fig. 4. Top-down view of of our environments (left) and the corresponding
semantic maps. Only a small subset of the items present is shown in the
map visualization for readability.

2) Greedy avoidance: The greedy avoidance policy
πGA(S̄) always chooses the partition with the lowest rel-
evancy score (ties are broken at random):

FP = Pk : k = argmin
i

S̄i (4)

3) Informed avoidance: The informed avoidance policy
πIA(S̄) discards the partition with the highest relevancy
score and selects from the remaining partitions uniformly
at random:

FP ∼ Uniform[{Pk : k ̸= argmax
i

S̄i}] (5)

V. HUMAN ACTIVITY SIMULATION

We use the VirtualHome simulator [20], which was devel-
oped by Puig et al. (2018) for the simulation of household
activities. In this section, we review relevant features of the
simulator and introduce the environments used in our exper-
iments. The VirtualHome simulator leverages the Unity3D
game engine to animate one or multiple characters. Given
an indoor scene and an activity program (i.e., a series of
atomic actions), the simulator returns the character’s pose
over time, and optionally renderings from cameras inside
the environment.

The VirtualHome simulator provides a range of indoor
environments with varying room layouts and item availabil-
ity. We select three of these environments for our validation
experiments; their rendered top down view and a semantic
map including key items are shown in Fig. 4. All three en-
vironments consist of three rooms. Environment E0 contains
115 item classes and 443 total items. Environments E1 (and
E2) contain 98 (100) item classes, and 357 (324) total items.

Characters in the VirtualHome simulator can be instructed
to execute an activity program, which consists of a list
of atomic actions. Our validation relies on three different
activity programs describing common household activities;
they consist of 18, 16, and 42 atomic actions, respectively.
Atomic actions in the VirtualHome simulator are encoded in
the following simulator-specific format:

[action] ⟨lj⟩(IDj) ...
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TABLE I
PROMPT VARIATION EXPERIMENT RESULTS

Planning policy Prompt Narration Nh Binding sequence B DT F [%]

Random: πN - - - 317.1±86.3 0.2

GG-LLM: πIA

P0 activity history “Next, they will go to the ” 163.4±59.0 0.7
P1 activity history “The next object they are walking to is the ” 163.4±59.0 0.7
P2 activity history “After this, they are going to interact with the ” 237.2±72.9 2.0
P3 activity history “The most tasty object in the world is the ” 316.0±85.7 25.1
P4 none “The most expensive object in the world is the ” 285.3±79.1 75.3
P5 none “Next, they will go to the ” 285.3±79.1 75.3

Here, lj refers the semantic label of the item (e.g., ’mug’)
and IDj to the identifier of the item (as there can be multiple
instances of each item within a program). An action can be
associated with zero, one, or multiple items.

The human will consistently refer to the same item in
simulation for items which are listed to have the same
identifier in a program. For example, when simulating the
activity program below, the character will select an arbitrary
mug from all available mugs, walk towards it, and then grab
this particular mug.

[Walk] ⟨mug⟩ (1)
[Grab] ⟨mug⟩ (1)

If the second line read ‘[Grab] ⟨mug⟩ (2)’ instead, the
character would aim to pick up a different mug than the
one it walked to. The item identifier does not provide a
mapping to a pre-determined item in the simulation, leaving
the decision of which items to interact with to the simulated
human agent. The simulator also handles path planning and
inverse kinematics for character animation.

VI. EXPERIMENTS

We validate whether our zero-shot intent-aware planning
approach is able to reduce the number of human distur-
bances during coverage through extensive experiments. We
rely on the third-party simulator described in Section V to
simulate human activities for an unbiased evaluation of our
method. We investigate the effect of prompt construction on
our method in Section VI-A, and study its robustness to
environment and activity variations in Section VI-B.

In all experiments, we extract the information needed to
build the semantic map from the VirtualHome environment
and employ the LLaMA2 [21] as the language model in
our symbolic reasoning submodule. The narrator module has
access to the list of all previously executed atomic actions;
each action is only observable upon its completion. We
construct the narration as a concatenation of all past actions.

To accurately capture the behavior of the probabilistic poli-
cies, we execute 1000 restarts of the robot policy simulation
for each setting and policy (where the robot’s position is
initialized in one of the rooms uniformly at random). For
each restart, we record the total disturbance DT ; the time
required to achieve full coverage tc; and the number of runs
in which the robot fails to achieve full coverage (F ).

A. Prompt variation
In this experiment, we investigate the effect of different

prompt formulations on our system’s ability to reduce the

number of disturbances to the human. We compare the six
prompts shown in Table I, which exhibit variations in the
narration Nh and binding sequence B. To study the effect of
Nh, we compare narrations that describe the activity history
in prompts P0, ..., P3 with blank narrations which do not
condition the answer on any observations in prompts P4,
P5. We further evaluate three binding sequences designed
to cue the language model to reason about future human
activities (P0, P1, P2) and two binding sequences that
are unrelated to human activity (P3, P4). We conduct this
prompt variation study on one environment for one human
activity program. We run 1000 restarts of the robot task with
room times Tr = 25 and Tr = 50 (2000 runs total).

We report the mean (± standard deviation) of the dis-
turbance time DT and the number of runs that failed to
achieve full coverage (F ) across all restarts for each prompt
in Table I. To provide a complete picture of the disturbance
distribution over these runs, we also report the histograms of
the resulting disturbances DT for each prompt in Fig. 5.

We compare the LLM-informed policies to the baseline
random policy πN . We observe that combining a narration
of past activities with a binding sequence that cues the
prediction of future human actions (P0, P1, P2) significantly
reduces the number of collisions. Our method shows robust-
ness to the variations in the binding sequence we investigated
as long as the binding sequence guides the language model
towards future human behaviors (P0, P1, P2).

We further observe that our LLM-based policy performs
similar to the naive policy when it is either cued with a
binding sequence that is not related to human activity (P3,
P4) or provided no information on past human actions (P4,
P5). This confirms that our approach successfully extracts
inherent world knowledge about human behavior patterns
while also tying its predictions to past observations and
admissible environment interactions.

B. Environment and activity variation
We conduct experiments on three different environments

(visualized in Fig 4) and run three activity programs in each
of them. We study the efficacy of the policies we introduce
for our intent-aware planning module in Section IV-F – naive
(πN ), greedy avoidance (πGA), and informed avoidance
(πIA) – for three distinct values of the time Tr required
to complete the task in a given room (25, 50, and 100).

The histograms of the resulting disturbances DT obtained
across all environments and all activity programs are shown
in Fig. 6, shown separately for each room time Tr. The mean
disturbance time, time to coverage, and percentage of failed
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Fig. 5. Histograms of disturbance times for random and intent-aware policies across different narrations Nh and binding sequences B. When the prompt
contains both a narration of past human actions and a binding sequence cuing the anticipation of future actions, our approach successfully reduces the
number of disturbances (a-c). If we employ a narration which does not relate to past human activity or a binding sequence that has no semantic relation
to future human activities, the behavior of the LLM-informed agent closely resembles the random agent.

runs (averaged across all environments, activity programs,
and room times Tr) achieved with each of the policies are
shown in Table II. On average, the disturbance incurred by
the intent-aware policy πIA is 29.2% lower when comparing
to the baseline πN . This gain comes at the cost of only a
minor increase in runs for which coverage was not achieved.

TABLE II
OVERALL PERFORMANCE COMPARISON

Planning policy DT tc F [%]

Random: πN 205.1±114.3 355.3±225.2 18.3
GG-LLM: πIA 145.3±74.3 428.8±264.9 20.5
GG-LLM: πGA 100.6±50.0 251.6±124.8 93.3

The greedy avoidance policy πGA incurred a smaller,
equal, and larger number of disturbances than the naive
policy πN in 84.8%, 0.7%, and 14.5% of the restarts. Its
time to achieve full coverage was smaller, equal, and larger
in 0.7%, 17.8%, and 81.5% of the restarts. The informed-
avoidance policy πIA incurred a smaller, equal, and larger
number of disturbances than the naive policy πN in 70.3%,
0.6%, and 29.0% of the restarts, respectively. Its time to
achieve full coverage was smaller, equal, and larger in
33.0%, 17.5%, and 49.5% of the restarts. The naive, greedy-
avoidance, and informed-avoidance policy failed to achieve
full coverage in 17.9%, 93.3%, and 20.8% of restarts.

We observe that both GG-LLM policies (i.e., informed
avoidance πIA and greedy-avoidance πGA) lead to a signifi-
cant reduction in disturbance across all environments, activity
programs, and room times Tr. The benefit of our approach
is least pronounced for the largest room time we explored
(Tr). This is expected: given infinite restarts, randomized
starting rooms, and Tr approach total time horizon T , the
average performance across restarts for policies πN and πIA

converges to the same value.
While the greedy-avoidance policy πGA - always selecting

the room least likely to be occupied by the human - results in
even fewer disturbances than the informed-avoidance policy
πIA, it fails to achieve full coverage far more frequently. The
results highlight the utility of our geometrically grounded
prediction method in human-aware task planning.

VII. CONCLUSION

We presented GG-LLM, a method that leverages the
world knowledge embedded within state-of-the-art LLMs to

Fig. 6. Histograms of disturbance times for random and intent-aware
policies across three different environments, three activity programs, and
three values for the time Tr the robot stays in each room. The GG-LLM
policies (πIA, πGA) achieve lower disturbances on average across all
scenarios than the random policy πN . The difference is least pronounced
for the largest value of Tr . For readability and y-axis scale compatibility,
we show πIA and πGA on different panels.

anticipate upcoming human actions based on narrations of
past activities. In GG-LLM, a geometrical grounding step
ties LLM predictions to objects in the environment through
a semantic map. Our method thus provides robots with a
semantic and spatial understanding of future human actions.
We demonstrate how they can use this understanding in a
human-aware coverage planning task, reducing disturbances
to the human by 29.2%.

While we demonstrate the potential of GG-LLM, there
are a number of exciting directions to expand upon this
work. These include additional ablation studies with different
language models and prompt formulations, the extension
of GG-LLM to work with open-vocabulary visual-semantic
maps, and the incorporation of temporal reasoning to enable
high-resolution predictions of human trajectories for smooth
cooperation. Overall, we anticipate that our approach will not
only enhance the capabilities of human-aware service robots
but also open up new possibilities for active and effective
human-robot collaboration in a wide range of settings, such
as homes, hospitals, and beyond.
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