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Abstract— Inspired by the human ability to selectively focus
on relevant information, this paper introduces relevance, a novel
dimensionality reduction process that enables robots to identify
relevant scene elements in a scene and generate responses that
are seamless, fast, and accurate. To accurately and efficiently
quantify relevance, we developed an event-based framework
that maintains a continuous perception of the scene, evaluates
cue sufficiency within the scene, and selectively triggers rele-
vance determination. Within this framework, we developed a
probabilistic methodology that considers various factors and is
built on a novel structured scene representation. Both simu-
lations and experimental results demonstrate the effectiveness
of our relevance concept, as well as the proposed framework
and methods for relevance quantification. Simulation results
demonstrate that the relevance framework and methodology
accurately predict the relevance of a general Human Robot
Collaboration (HRC) setup, achieving a precision of 0.99, a
recall of 0.94, an F1 score of 0.96, and an object ratio of 0.94.
Relevance demonstrates broad benefits across multiple aspects
of HRC, yielding a 79.56% reduction in task planning time
compared with a state-of-the-art (SOTA) task planner for a
cereal task, a 26.53% decrease in perception latency for object
detection, an improvement of up to 13.50% in HRC safety,
and an 80.84% reduction in the number of inquiries required
during collaboration. A real-world demonstration highlights
the effectiveness of the relevance framework, together with
its modules, in providing intelligent and seamless assistance
to humans during everyday tasks.

I. INTRODUCTION

The growing integration of robots and automated systems
into modern society underscores the necessity of advancing
human-like intelligence and cognitive functions [1], [2] . A
key example is the human capability to selectively focus on
relevant physical elements in the environment, as well as on
relevant abstract concepts or information in the input, guided
by context, objectives, prior experiences, and/or reasoning.
This cognitive function is closely associated with the retic-
ular activating system (RAS), a network of neurons in the
brain responsible for filtering sensory information, capturing
relevant details, and suppressing irrelevant stimuli to opti-
mize cognitive processing and decision-making [3]. Various
studies have demonstrated the aforementioned human ability.
[4].

Empowering robots with this human-like cognitive capa-
bility offers two significant benefits. First, robots engaged
in close interaction with humans can achieve a level of
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scene understanding and reasoning similar to that of humans,
leading to more natural and effective behavior and interaction
[5], [6]. Second, by selectively focusing on the most relevant
elements within a scene, robots can allocate their limited
computation resources more effectively, reducing computa-
tional requirements, increasing processing speed, and even
enhancing the precision and safety of robots in HRC tasks
[7].

In this paper, we define and introduce a novel concept
and approach, emulating the human RAS, for dimensionality
reduction, termed ‘relevance.’ Relevance is defined as a
dimensionality reduction process that continuously perceives
the scene, identifies and detects its elements, and organizes
them into a hierarchical representation, such as attribute
classes. This process utilizes contextual cues to selectively
reduce input dimensionality. When cues are insufficient,
relevance-driven processing iteratively gathers additional
cues and reapplies dimensionality reduction until sufficient
information is obtained.

Previous works in this area to identify prominent features
have primarily focused on visual saliency and attention
mechanisms. Visual saliency aims to identify the most dis-
tinctive regions within an image based on the image features,
such as color, intensity, and orientation [8]. As a result, most
saliency-based methods detect visually conspicuous regions
[9], [10], yet they usually overlook the rich contextual in-
formation that is critical for HRC applications. The attention
mechanism constructs a mapping from the embedded input
data to importance weights through a structured learnable
function [11]. It acts as an auxiliary module within neural
network models, enabling the system to weigh different
components of the input in order to enhance performance.
Attention has been widely adopted and implemented in
various applications, ranging from end-to-end frameworks
that generate actions directly from sensory inputs [12] to
specialized sub-modules within robotic pipelines [13], [14].

Compared with saliency and attention, relevance is a
comprehensive framework and concept that dramatically ex-
tends the scope and functionalities of prior approaches. Our
relevance, in its current form, already considers contextual
information, such as human objectives, tasks, environmen-
tal information, human preferences, etc. These factors are
essential to enable proactive robotics assistance. Moreover,
beyond assigning importance to input elements, relevance is
also a novel framework that integrates a continuously running
multi-modality perception module, a novel hierarchical scene
representation, consideration of cue sufficiency in the input,
etc. Those functions of relevance, which are not considered
in saliency and attention, are essential for accurate, reliable,
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and seamless HRC. Last but not least, our relevance fea-
tures a flexible formulation and computational principle not
limited to the structure of neural networks. In this paper,
as an illustration. We develop a probabilistic model that
leverages a large language model (LLM) within an Al toolkit,
human preferences, low-level attributes, and constraints to
generate the necessary information. This formulation sup-
ports anticipatory capabilities, facilitates interactions across
diverse information sources, and enables complex reasoning
processes, ultimately pointing toward the long-term goal of
artificial general intelligence (AGI). The demonstration in
this paper shows, with relevance, that the robot can generate
optimal reactions and seamless assistance to humans without
transfer learning.

To quantify relevance, we propose and develop a novel
event-based framework containing four modules: perception,
triggers, relevance determination, and decision-making. The
perception module operates continuously and acquires cues
from the environment through multi-modality sensors and
processing. The event-based mechanism selectively triggers
relevance determination only under specific circumstances,
resulting in a significant increase in computational efficiency.
In the relevance determination module, flexible formulations
and computation principles can be applied. As an illustration,
we developed a unified probabilistic methodology based
on a novel hierarchical representation of scenes, enabling
accurate quantification of relevance. Finally, the decision
making module generates appropriate actions based on these
outcomes, leading to substantial improvements in HRC per-
formance in terms of safety, efficiency, and seamlessness.

To summarize, the contributions of this paper are four-
fold: 1. We introduced relevance, a novel concept and
dimensionality reduction approach that enables robots to
filter out redundant input and focus on relevant elements,
thereby supporting fast, accurate, seamless, and proactive
responses in HRC. 2. We developed an event-based frame-
work uniquely for relevance that integrates a continuously
operating perception module, selectively triggers downstream
relevance determination and decision-making under specific
circumstances, and incorporates cue sufficiency evaluation
to enhance efficiency and accuracy of processing. 3. We
developed a probabilistic methodology for relevance quantifi-
cation and determination based on a novel hierarchical scene
representation and designed with flexibility to accommodate
diverse contextual factors. 4. We validated our framework
and methodology using both simulations and real-world
demonstrations, showing great improvements in processing
efficiency, proactive assistance, and safety in HRC.

II. RELATED WORKS

Two areas of research, i.e., visual saliency and attention,
share similar goals to our work but with much narrower
scopes and functionalities. We also include a review of
related HRC literature. To the best of our knowledge, this
work is unique in HRC in that it empowers the robots with
the cognitive capability to focus on selective components in

the input by developing a novel framework and methodology
with unique advantages, which are essential for HRC.

A. Visual Saliency

Visual saliency seeks to identify and localize the most
distinctive regions or objects within an image based on
visual conspicuity. Traditional methods are developed based
on the features at the pixel level, including colors, intensity,
orientation, etc [8], [9], [10]. Deep learning-based methods
can also be developed and trained leveraging visual saliency
datasets that are annotated either manually with a mouse
click or automatically with an eye gaze tracker [15]. How-
ever, visual saliency mainly considers visual conspicuity,
neglecting important considerations, such as context, for
proactive assistance in HRC.

B. Attention

Attention is another mechanism that selectively focuses
on relevant parts of the input data, but with limited scope
and functionalities compared to relevance. In a nutshell,
attention is structured with self-attention, cross-attention,
multi-layer perception (MLP), etc., to formulate and optimize
weights for the input features [11]. However, attention in
robotics is mainly applied to end-to-end algorithms for better
completion of the short-term action, such as pick and place
[12]. Moreover, attention has several challenging limitations,
such as limited applicability to end-to-end methods only,
limited interpretability, and myopia. Relevance not only
resembles the cognitive capability to reduce the dimension of
original input but also alleviates the limitations of attention
by developing a novel event-based framework and distinctive
methodologies, such as a flexible formulation, continuously
running perception, hierarchical scene representation, multi-
level relevance determination, etc. Thus, our relevance can
integrate the information and cues from an LLM in an Al
toolkit, human preferences, human objectives, environmental
constraints, etc., to enable accurate, seamless, and proactive
assistance in HRC. Finally, relevance extends beyond current
and past information to include future factors, such as those
associated with a defined objective.

C. Human Robot Collaboration

There have been significant advancements in the fields
related to HRC. We classify those works into two categories.
The first category of works focuses on one specific important
function for HRC, such as object detection [7], semantic
segmentation [16], human intention prediction [17], [18],
human motion prediction [19], human-aware task planning
[20], etc. Those works, though important, have fundamen-
tally different purposes from relevance. They are not for
dimensionality reduction. The results of those modules can
be applied for relevance quantification, and relevance can,
vice versa, benefit these modules. The second category of
work aims to develop a framework that directly generates
actions from sensory inputs. Those works include learning
from demonstration [21], reinforcement learning [22], etc. To
incorporate the selective processing idea into these functions,
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some work leverages attention mechanisms if the model is
neural network-based [23]. However, because of the narrower
scope of attention, as described in Section II.B, our relevance
possesses more functions and introduces more benefits than
attention. As shown in Sections V and VI, with relevance,
robots can generate proactive, seamless, accurate, and struc-
tured reactions autonomously and efficiently.

III. FRAMEWORK FOR RELEVANCE

In this section, we introduce our novel event-based frame-
work for relevance determination and robotic sensorimo-
tor action generation, as shown in Fig. 1. The framework
contains a perception module, triggers 1" check, relevance
determination, and decision making.

A. Perception module

The perception module continuously processes the sen-
sor inputs (camera, microphone, etc.) with an Al toolkit
and obtains the features JF of the scene. Unlike other
pipeline frameworks for robots that process the perception
and decision-making in a serial manner [19], our developed
and proposed framework dynamically allocates the limited
computation resources with an event-based mechanism as
introduced in the following subsections. This enables our
framework to perceive the scene in an uninterrupted manner
to capture the fast and dynamic changes in the scene.
Potential algorithms in the Al toolkit include You Only Look
Once (YOLO), MMPose, CLIP, Visual Language Models
(VLM), etc.

B. Triggers Check

The triggers T are to determine if a subprocess should be
initialized for relevance determination based on the features
F derived from the perception module. Potential criteria for
trigger activation include changes in scene elements, updated
objectives, or the introduction of new tasks for the human
and/or the robot.

C. Relevance Determination

One unique advantage of relevance is that it enables flex-
ible formulations and computation principles. In this paper,
as an illustration, our relevance determination methodology
is a probability framework based on a new type of scene
representation comprising classes and elements, as described
in Section IV.A. The relevance determination methodology
proceeds in two steps that determine the relevance of classes
and elements in a sequential manner. At the same time,
the methodology evaluates cue sufficiency. With sufficient
information, the framework completes the methodology and
determines the relevance of the scene. With insufficient in-
formation, the framework requests or waits for the perception
module to provide additional cues. The waiting period may
apply to either a complete task or a subtask. During this time,
the robot can continue performing other activities and will
engage in the subtask once sufficient conditions are met. A
comprehensive description of this methodology is provided
in Section IV.

D. Decision Making

The output of the relevance determination module is
subsequently leveraged in the decision-making to enable
natural, faster, precise, and safer actions for proactive HRC.

IV. METHODOLOGY FOR RELEVANCE

In this section, we introduce the methodology of the
relevance determination module in our framework. An ex-
ample instantiation of the derivation of each term’s value is
provided in Sections V and VI.

A. Class and Element Scene Representation

To quantify relevance efficiently and systematically, we
propose a new representation S. In S, the scene is repre-
sented as a set of classes of elements:

S={C1,Cy...,Cn} 1)

where C; represents the ith class of the classification
results of all elements in £. £ is the set of all elements
in the scene. m is the number of classes.

Each C; contains a set of elements classified into the
class C; according to the criterion k; € K, where K =
{k1,ka, ..., kn} is the set of classification criteria for each
class. Thus, the set of elements belonging to the class C;
based on criterion k; can be mathematically represented as:

C; ={ej | ej € &, e, satisfies criterion k;}. 2)

Each element ¢; is included in the class C; if it satisfies
the criteria k;.

In organizing elements, we consider two primary types
of criteria in this work: attribute criteria and functional
criteria. Attribute criteria group elements based on shared
characteristics or properties, such as similar semantics. For
example, attribute-based classes include general groupings
like a class of fruits or books. Other examples within attribute
criteria are hierarchical criteria, temporal criteria, spatial
criteria, quantitative criteria, etc. Functional criteria, on the
other hand, group elements based on their roles, actions,
or contributions to a common objective. Examples include
behavioral classes, conceptual classes, and thematic classes.

B. Relevance Determination Mechanism

We developed and proposed a multi-level relevance deter-
mination mechanism that first operates on the class level and
subsequently on the element level within the relevant classes.
The relevance mechanism in both class and element level is
defined as M. The mechanism M takes the set of classes
or elements and the set of features F as inputs. F can be
represented as F = {F,, Fo, Fe, ... ), where F,, F,, and
F. represent visual features (e.g., elements detected, classes
classified, motion information), auditory features (e.g. con-
versational cues in the scene), and contextual features (e.g.,
objective, tasks, or environmental conditions), respectively.

There are two types of outcomes from the mechanism
M. Suppose the information is sufficient for the relevance
quantification and determination. In this case, the outcomes
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Fig. 1. Overview of the framework for relevance quantification and application of relevance for proactive human-robot collaboration. The framework

consists of a continuously running perception module, a trigger check module to selectively initialize relevance determination, a two-level relevance
determination methodology, and a decision-making module to generate natural and efficient human-robot interaction.

are the relevance scores for each class or element, and,
at the same time, the set of relevant classes C, or the
set of relevant elements &,. If the information in F is
not sufficient for relevance quantification and determination,
then the algorithm will refer to the perception module to
request or obtain new cues JF,., from the scene before
continuing the processing. Thus, the mechanism M can be
mathematically represented as:

R(z) Vx € X, and X,
ask or wait for Fj,e.,

M:F.X { if sufficient F
else
(3)
where X represents a set of classes or elements, = repre-
sents a specific class or element, and &, represents a set of
relevant classes or elements.
Both on the class level and the element level, the relevance
R(x) is defined as the probability of x being relevant given

the objective of the human O:

R(z) = P(x ] 0) )

(4) can also be conditioned on other factors according to
the requirements of the applications. After R(x) is quan-
tified, there are two possibilities: if R(xz) > 7, then x is
relevant to the objective in the scene and is added to the
relevant set X

R(z) > 7x — x is relevant — X, = X, Ux (5)

If R(x) is smaller than 7, then x is deemed as irrelevant:

R(z) < 7x — x is irrelevant (6)

(4) can be influenced by a comprehensive set of possible
factors. In this paper, we compute (4) based on four fac-
tors: the human’s objective, tasks, preferences, and spatial
placement.

C. Class Relevance Modeling

In this part, we model the class relevance based on (4),
which is defined as:

R(Ci) = P(Ci | O) (7N

There could be several possible tasks 7 associated with the
objective O. Thus, we use the total probability to decompose
(7) and obtain:

R(C;) =Y _P(Ci| T,0)P(T | 0) (8)
T

In (8), the first term P(C; | 7, O) represents the proba-
bility that class C; is relevant given the task is 7, and the
objective is O. The second term P(7 | O) represents the
probability that the current task is 7 given the objective
is O. If the human’s historical preference data about the
specific class C; for the task 7 and objective O is available,
then the first term can be derived as the probability of C; is
relevant based on the preference. If the historical preference
data is not available for class C; for task 7, the probability
P(C; | T,0) can be derived from predictions based on
the tools in the Al toolkit, such as Large Language Models
(LLM), other datasets that incorporate action sequences,
other human cues, etc. The second term in (8) can be derived
from prediction models for human tasks.

If any term in (8) is unavailable, or available but asso-
ciated with high uncertainty, the information to determine
the relevant class is deemed as not sufficient, and F,,,, is
required for accurate quantification of the class relevance.
The uncertainty of the term P(7]O) can be estimated using
entropy as:

H(P(T|0)) = =Y P(T|0)ln P(T|0) ©
T

where H represents the entropy of a probability.

D. Element Relevance Modeling

With a similar methodology to class relevance modeling,
the relevance for an element can be defined and modeled as:

R(ej) = P(e;]0)
= P(e;|Cy, O)P(C4|0O)
+ P(e;|=C;, O)P(=C;]O)

(10)

where e; € C; € (), and the symbol — denotes logical
negation. P(e;|—=C;, O) represents the probability that e; is
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relevant given the class that e; belongs to is not relevant and
the objective is O, which equals to 0. Thus, (10) becomes:

R(@j) = P(€]|CI,O)R(01) (11)

An important observation is that, given the hierarchical
representation and probabilistic formulation, (11) can be
further extended to additional layers. For example, when
modeling element relevance, we can model our element
relevance based on a two-hierarchy approach in which each
element is characterized by middle-level attributes, such as
type, and low-level attributes, such as spatial or temporal
factors. With this consideration, (11) can be computed as:

R(ej) = R(Ci)P(e;|Ci, O)
= R(C;)(P(ejlh;, Ci, O)P(h;|C;, O)
+ P(ej|=hj, Ci, O)P(=h;|C;, 0))
= R(C;)P(ej|h;, Ci, O)P(hy|Cy, O)

where h; represents the event that the middle-level at-
tributes of e; are relevant. The value P(e;|—h;, C;,O) =0
in the above equation.

When determining if the information is sufficient for
relevant element determination, the availability and/or un-
certainty of the final three terms in (12) should be carefully
examined, similarly to relevant class determination.

12)

E. Constraints and Dependencies

Constraints and dependencies among elements, such as
temporal and spatial constraints, can be considered in a post
hoc manner for the downstream decision-making modules
after relevance is determined. If a relevant element depends
on or is constrained by an element, this element should
also be considered in relevance and decision-making. It is
critical to consider these constraints so that the downstream
decision-making module can be informed comprehensively
and produce better actions.

V. SIMULATION EVALUATION

In this paper, we first conduct a comprehensive simulation-
based evaluation to assess both the effectiveness of relevance
quantification and its applicability to HRC.

A. Simulation Domain Setup

Since the concept of relevance is newly proposed in
this paper, we introduce two distinct and representative
HRC testing domains for evaluation. However, our relevance
framework and methodology are sufficiently general to be
extended to non-tabletop applications.

Coffee: The Coffee domain involves making coffee with
creamer and passing it to humans. The original simple
problem setup includes 19 objects with no task dependencies.
In randomly generated cases, 10 to 30 elements from 200
irrelevant kitchenware items are added, along with three
random spatial constraints introducing task dependencies.
The hard problem setup starts with 36 elements, and ran-
domly generated cases add 20 to 50 more elements, with

eight spatial constraints. In both cases, the constraints require
moving an object on top of another to access the lower one.
Cereal: The Cereal domain focuses on a robot preparing
cereal, serving it to a person, and returning the items to
their original places. In the original simple problem, there
are 18 elements and 20 natural task dependencies, such as
needing to open a cabinet to access the cereal. In random
problem instances, 10 to 45 irrelevant kitchenware items are
added. The hard version starts with 26 objects and 20 task
dependencies, with an additional 30 to 60 irrelevant objects
added in random cases without new task dependencies.

B. Relevance Quantification Evaluation

For the relevance quantification evaluation, we adopted
and developed several metrics. First, we define precision 3,
recall R, and F; score §, which evaluate the prediction of
the relevant element set based on the ground truth of the
relevant element set. Moreover, we introduced a metric, 91,
representing the number ratio of predicted relevant elements
to actual relevant elements for assessing speed improvement
in downstream tasks. A higher 91 will probably slow down
the downstream tasks. Those metrics systematically evaluate
the relevance quantification from aspects of effectiveness,
completeness, and conciseness. Different applications will
require different combinations of optimal metrics.

In this paper, we emphasize the simulation for the coffee
domain for the brevity and clarity of our analysis. In the
simulation, the objective is predefined as “get something to
drink at the break of a conference”, and the task is defined
as “drink cold brew coffee”. A large language model (LLM)
GPT-4o is adopted to classify all the elements into the scene
representation S using a criterion of semantics and provide
the probabilities necessary for the relevance quantification,
as illustrated in Section IV. We tested 25 combinations of
the class thresholds 7. and element thresholds 7., with 30
cases randomly generated for each combination.

The simulation results are shown in Fig. 2, which agree
well with common sense. As 7. and 7. increase, more classes
and elements will be pruned. Thus, the recall decreases, the
precision increases, and the relevant object ratio decreases as
these two thresholds increase. The F1 scores demonstrate a
trend that increases first and then decreases with the threshold
increase.

The trend of R in Fig. 2(a) demonstrates that when 7. and
T are equal to or smaller than 0.2, most relevant elements
can be retained. At the same range of the thresholds, accord-
ing to Fig. 2(d), the number of relevant elements predicted is
very close to the number of relevant elements in the ground
truth, which is very small when compared with the total
number of elements in the scene. This demonstrates that
our relevance quantification methodology can successfully
remove most irrelevant elements while preserving relevant
elements.

We select the thresholds 7. and 7. to be 0.2 to ensure better
inclusion of relevant objects. At this threshold combination,
our methodology achieves a recall R of 0.94, a precision
of 0.99, an F1 score § of 0.96, and an object ratio 91 of 0.94.
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Fig. 2. Simulation results for the coffee domain. The values in the figures are averaged across 30 cases for each threshold combination. When 7. and 7¢

equal to 0.2, our methodology archives a recall SR of 0.94, a precision ‘B of 0.99, an F1
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Fig. 3. Number of cases each element is predicted to be relevant out of
30 cases without considering constraints. 7. and 7¢ are 0.2. Our relevance
quantification method predicts relevance accurately and reliably.

These results demonstrate that our methodology is effective
and accurate in dimension reduction. The number of cases
in which each type of element is relevant is shown in Fig. 3
without considering the constraints. Of the 30 cases, a couple
of them randomly add an ice bucket to the setup and predict
that the ice bucket is relevant, which agrees with common
sense in the context of drinking cold brew coffee. All 30
cases predict that coffee and plastic cups are relevant. These
results further demonstrate that relevance prediction is very
accurate.

C. Relevance in HRC

One benefit of relevance in HRC is that relevance can
help the robot better reason about the scene and the human’s
requirements in a well-structured manner, which resembles
how humans interact with other humans. This benefit can be
demonstrated with a simple robot inquiry example in a coffee
serving setup. The human-like robot will first detect the
relevant classes and types of elements. If the relevance of any
classes or types of elements is high, those classes or types
are deemed necessary (coffee in this domain). Other relevant
classes or types of elements are optional, and the robot asks
the human if they need those relevant elements. The number
of inquiries required using different methods is shown in
Table 1. Note that the number of inquiries required without
relevance equals the average number of objects in the testing
setup. It is shown that with accurate and proper reasoning

score § of 0.96, and an object ratio 91 of 0.94.

TABLE I
NUMBER OF INQUIRIES REQUIRED FOR APPROPRIATE ASSISTANCE.
RELEVANCE DRAMATICALLY REDUCES THE NUMBER OF INQUIRIES.

method inquiry elements count
relevance creamer, plastic cup, paper cup, "
with necessity  whole milk, reduced milk, stick, napkin
coffee, creamer, plastic cup, paper cup,
relevance whole milk, reduced milk, stick, napkin 8
no relevance Everything in the scene 36.53

about the relevance of an element to a task or objective,
the number of inquiries required for appropriate assistance
is reduced by 80.84% compared with the number without
relevance. Thus, human-robot interactions can be much more
natural and fluent. We use objective metrics to evaluate effec-
tiveness, as they provide rigorous, consistent, and comparable
results, while subjective evaluations are left for future work.
A full demonstration and additional discussions are provided
in Section VI, along with the accompanying video.

D. Relevance in Task Planning

This section demonstrates the effectiveness of relevance in
task planning. A Fast Downward planner is employed. We
compare three methods: our relevance with 0.2 as thresholds,
random relevance with 0.2 as thresholds, and pure planning
without relevance. For each method, we evaluate the process-
ing time (relevance computation + planning), the timeout rate
(120s), and the failure rate. Results are shown in Table II.
Note that the failure rate is not applicable to pure planning,
as solutions are guaranteed to be found if they exist.

Relevance dramatically improves task planning perfor-
mance. Compared with Pure Planning, relevance significantly
reduces the time cost by up to 79.56% and the timeout rate
across all problem formulations. As the problem formulation
becomes more complex, we observe a notable increase in the
timeout rate and planning time for Pure Plan, highlighting
its inefficiency in solving complex task-planning problems.
When compared with random relevance, we observe a sub-
stantial reduction in failure rates, demonstrating that our
relevance successfully and accurately determines the relevant
elements of the scene. Moreover, the highest failure rate
after adopting relevance in the four test cases is 0.04, which
demonstrates that our relevance can effectively, accurately,
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TABLE I
TASK PLANNING PERFORMANCE COMPARISON. OUR METHODOLOGY
OF RELEVANCE DETERMINATION ACCURATELY PREDICTS RELEVANCE
AND DRAMATICALLY REDUCES THE PLANNING TIME.

Domains Metrics Relevance Purf: Random
Planning  Relevance
Time (s) 16.76 45.84 21.61
Coffee simple  Timeout rate 0.00 0.22 0.05
Failure rate 0.04 - 0.62
Time (s) 36.91 - 21.38
Coffee hard Timeout rate 0.00 1.00 0.02
Failure rate 0.01 0.00 0.88
Time (s) 13.37 63.84 39.61
Cereal simple  Timeout rate 0.00 0.38 0.05
Failure rate 0.02 - 0.58
Time (s) 30.70 - 53.82
Cereal hard Timeout rate 0.00 1.00 0.12
Failure rate 0.04 - 0.60

and robustly reduce the task planning time.

E. Relevance in Perception

One previous work demonstrated that by selectively pro-
cessing the regions containing relevant elements, a notable
maximum reduction of 30.09% in inference time and 26.53%
in total time per frame of an object detector is achieved.
Additionally, this processing strategy improves two safety
metrics by 11.25% and 13.50%, respectively [7].

VI. EXPERIMENTAL DEMONSTRATION

In this section, we present a real-world demonstration
to verify the effectiveness of our proposed framework and
relevance determination methodology.

A. Experimental Setup

The experimental setup is shown in Fig. 4(a). On one
end of the table, a URS robot arm with a robotiq gripper is
mounted to reason about the relevance and generate actions
to assist humans. The table is a snack table for a conference
with desserts, drinks, and utensils. A microphone is placed
on the table to pick up the audio information and cues in the
scene. The HRC task is for the robot to assist two humans
into the scene one by one. The robot utilized relevance for
optimal decision-making and HRC.

The demonstration is implemented in Python using
the threading package for multi-threading and asyn-
chronous computation. The communication between threads
is achieved using Event and Queue. At the beginning
of the code, we initialized two threads, as shown in the
perception module of Fig. 1, one for the visual informa-
tion processing using the OpenAl API and another one
for picking up the microphone and processing the audio
information using the Assembly AI APIL In the visual
information processing thread, we currently implement a
VLM model for visual information processing, extracting
the semantic information of all the objects on the table,
classifying the objects into class and element representation,
and detecting the human motion and objectives. For each
iteration in the visual threads, the trigger criteria are checked.

We implement the trigger criterion, the changes in human
numbers in the scene, which is sufficient for our current
demonstration. Once a trigger criterion is met, a new thread
for relevance determination is initialized, and relevance is
determined based on the methodologies in Section IV. In
the setup without preference information, the probabilities
required for the computation are derived from an LLM model
in the Al toolkit. We currently leverage the OpenAl API, and
the model we used is GPT-40. Within the same thread, the
action is generated based on the relevance identified to best
assist humans.

B. Demonstration Results

The demonstration results are shown in Fig. 4(b-h). In
Fig. 4 (b), in the absence of a human in the scene, due to
the lack of triggers, the perception module is continuously
running, and no relevance determination is initialized. In Fig.
4(c-d), a human agent with recorded preferences for coffee
enters the scene and grabs a coffee. The trigger is activated,
and the human’s objective and relevance are determined
based on the methodologies we described in Section IV.
Based on the recorded preferences, the robot actions are
automatically generated to serve the human agent whole
milk and a stir stick. In Fig. 4(e), a second human enters
without indicative actions. The trigger is activated, but the
relevance determination module lacks sufficient cues. The
system continues looping through the perception module
to collect more information. In Fig. 4(f-g), a conversation
between two human agents about coffee provides more
cues to determine relevance. Without preference for the
second human, the robot first generates actions related to the
necessary elements (i.e., the coffee) and then inquires about
the second human’s preferences for making the coffee. Based
on the human response, the system generates a complete
action sequence to serve the second human agent. In Fig.
4(h), two humans successfully get their preferred coffee
with the robot’s assistance, demonstrating the effectiveness
of relevance.

Without the unique components in relevance, this type of
HRC assistance in a general setup will be challenging. Cue
sufficiency determination prevents the robot from providing
false assistance, such as when no human is present or when
a second person enters without indicative cues. Our flexible
probabilistic framework accommodates diverse information
sources, including typical human behavior, individual pref-
erences, proximity, etc. The effectiveness of our hierarchical
scene representation is further validated through this demon-
stration. In the video, the robot first generates its inquiries
at the class level and subsequently reasons using proximity
information to refine its decisions at the element level. This
hierarchical reasoning process enables the robot to act in a
manner that is both more natural and intuitive.

VII. CONCLUSION

This paper introduced relevance, a novel concept and
framework for dimensionality reduction in human-robot
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Fig. 4. The illustration of (a) experimental setup and (b-h) demonstration
results. With relevance, the robot successfully and seamlessly assists two
human agents with cold-brew coffee drinking.

collaboration. The proposed framework integrates a continu-
ously operating perception module, an event-based triggering
mechanism, cue sufficiency consideration, and a probabilistic
methodology formulated on a hierarchical scene representa-
tion to enable accurate and efficient identification of relevant
elements. Comprehensive simulation studies validated the
effectiveness of the framework, achieving a precision of
0.99, recall of 0.94, F1 score of 0.96, and object ratio
of 0.94, while reducing task planning time by 79.56%,
perception latency by 26.53%, and the number of inquiries by
80.84%, with a 13.50% improvement in safety. A real-world
demonstration further confirmed the capability of relevance
to facilitate proactive, seamless, and structured human—robot
interaction. These findings establish relevance as a substan-
tive advancement toward the development of versatile robotic
assistants capable of providing intelligent, context-aware, and
human-centered support in everyday tasks.
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