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Abstract—In modern human-robot collaboration (HRC) ap-
plications, multiple perception modules jointly extract visual,
auditory, and contextual cues to achieve comprehensive scene
understanding, enabling the robot to provide appropriate as-
sistance to human agents intelligently. While executing multi-
ple perception modules on a frame-by-frame basis enhances
perception quality in offline settings, it inevitably accumulates
latency, leading to a substantial decline in system performance
in streaming perception scenarios. Recent work in scene under-
standing, termed Relevance, has established a solid foundation
for developing efficient methodologies in HRC. However, mod-
ern perception pipelines still face challenges related to infor-
mation redundancy and suboptimal allocation of computational
resources. Drawing inspiration from the Relevance concept and
the information sparsity in HRC events, we propose a novel
lightweight perception scheduling framework that efficiently
leverages output from previous frames to estimate and schedule
necessary perception modules in real-time based on scene con-
text. The experimental results demonstrate that the proposed
perception scheduling framework effectively reduces compu-
tational latency by up to 27.52% compared to conventional
parallel perception pipelines, while also achieving a 72.73%
improvement in MMPose activation recall. Additionally, the
framework demonstrates high keyframe accuracy, achieving
rates of up to 98%. The results validate the framework’s
capability to enhance real-time perception efficiency without
significantly compromising accuracy. The framework shows
potential as a scalable and systematic solution for multimodal
streaming perception systems in HRC.

I. INTRODUCTION

Perception is a critical component enabling modern in-
telligent robots to achieve accurate scene understanding. In
human-robot collaboration (HRC) scenarios, robotic agents
must precisely perceive both the dynamic environment and
human partners to provide appropriate assistance. HRC ne-
cessitates continuous execution and coordination of multiple
perception modules and foundational models, enabling robots
to interpret and respond to complex, dynamic environments
intelligently[1], [2].

Although substantial research has investigated efficient
perception under latency and computational constraints, sev-
eral open challenges persist. Modern perception pipelines
typically execute modules frame by frame to optimize per-
ception quality. While activating all available modules every
frame ensures accurate offline perception, the computational
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costs introduce significant latency in streaming settings. In
typical parallel pipelines, modules such as object detection
and pose estimation execute concurrently, each producing
outputs at its own rate. Heavy modules often run at lower fre-
quency, displaying their most recent outputs until new ones
become available [3]. However, modules are still invoked
periodically based on readiness, regardless of whether their
outputs contribute new or relevant information. For heavy
modules, readiness-driven activation may lead to suboptimal
timing, potentially missing critical scene information due to
a lack of information-aware scheduling.

Another research line leverages keyframe-based ap-
proaches, widely applied in video summarization, and key
event detection [4], [5]. Keyframes identified as impor-
tant serve as triggers for activating perception modules,
concentrating computational resources on critical moments
while skipping redundant frames. However, keyframe-based
approaches present limitations for real-time streaming per-
ception. First, keyframe selection often relies on access to the
full video sequence, making it unsuitable for real-time sys-
tems where future frames are unavailable. Second, common
keyframe criteria—scene change, motion magnitude, visual
saliency—are task-agnostic and often misaligned with the
perception system’s informational needs, selecting irrelevant
frames and causing suboptimal resource use without mean-
ingful gains in situational awareness or decision quality.

Research in efficient perception also aims to reduce cost
by directly optimizing perception pipelines, primarily mini-
mizing inference cost at the frame level through adjustment
of configuration parameters. Common strategies involve fine-
tuning settings, reusing intermediate features, or selectively
processing input based on perceived importance. However,
these efforts predominantly address cost reduction within
individual frames without considering perception module
scheduling to minimize overall system load. The decision
of whether a module should be activated remains largely
unexamined. For instance, when processing less informative
frames, reducing model size or input resolution may lower
inference time, yet bypassing non-essential frames entirely
would more effectively eliminate unnecessary computations.
Existing methods thus overlook the higher-level optimization
of determining activation necessity, which remains crucial for
comprehensive efficiency in multi-modal perception systems.

Inspired by the relevance modeling framework, which
emulates the human reticular activating system (RAS) to
prioritize perceptual inputs based on task context and human
intent [6], [7], [8], and motivated by the information sparsity
in HRC, we introduce a perception scheduling framework
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that selectively activates perception modules at each frame.
The decision process leverages outputs from previous frames
and scene dynamics to assess each module’s necessity in
real time. When a module is not activated, a lightweight
estimation, such as state prediction using motion models
or filtering, approximates its output, maintaining perception
stream continuity without full computational cost. A re-
ward function governs the scheduling policy by quantifying
the trade-off between expected information gain and com-
putational efficiency, enabling resource-aware and context-
sensitive perception under real-time constraints.

The proposed framework treats all schedulable perception
modules as elements within a shared resource pool referred
to as the Perception Toolkit. Each module is associated
with a reward function quantifying its utility for the current
frame. Although exact reward formulations may vary across
modules, all follow the same principle: information gain
is estimated using a module-specific function, followed by
a penalty reflecting computational cost. Once individual
rewards are computed, the scheduler evaluates all possible
activation combinations and selects the subset maximizing
cumulative reward. To demonstrate effectiveness, the current
work focuses on two representative modules: object detection
and full-body human pose estimation. However, the schedul-
ing principle’s generality allows extension to other perception
modules and foundation models, such as vision-language
models (VLMs), provided appropriate reward formulations
are defined. Most importantly, the framework shows potential
to mitigate concurrent contention among modules, accommo-
dating larger module sets within fixed computational budgets.

In summary, this paper presents four key contributions
toward efficient and adaptive perception in HRC: (1) We
introduce the novel concept of perception scheduling within
multi-modal perception systems, addressing the fundamental
challenge of optimizing module activation to minimize over-
all computational load. (2) We propose a novel methodology
for estimating module activation utility based on information
theory, offering a versatile principle applicable to a wide
range of perception modules. (3) We develop a novel evalu-
ation metric for real-time perception scenarios, accounting
for latency effects and providing a practical performance
benchmark. (4) We validate the proposed framework through
comprehensive experiments across various streaming video
domains, demonstrating improvements in computational ef-
ficiency and inference latency while maintaining perceptual
quality for collaborative tasks.

II. RELATED WORKS

We identified three main fields of work that shared the
same goal of optimizing perception systems: keyframe-based
methods, computation-aware efficient perception, adaptive
sampling and sensor scheduling. To the best of our knowl-
edge, our work is the first to introduce a perception schedul-
ing framework for HRC perception tasks.

A. Keyframe Detection

Keyframe-based methods are widely adopted in video
summarization, segmentation, and activity recognition to
reduce redundancy while preserving semantic content. Early
techniques rely on motion cues [9], [10], statistical histogram
analysis [11], or feature-space clustering [12] to select
visually distinct or representative frames. Other methods
employ optimization-based criteria such as sparse recon-
struction [13] to ensure coverage with minimal redundancy.
More recent approaches incorporate deep learning, including
the unsupervised learning-based approach to detect video
highlights [14], attention-based keyframe scoring for activity
recognition [15], and a self-supervised learning approach
that leverages motion and visual features of videos to detect
keyframes [16].

Despite their effectiveness in compressing visual infor-
mation, these methods share several key limitations. Most
require access to the entire video or a large temporal context,
limiting applicability in streaming or interactive scenarios.
Frame selection is driven primarily by visual saliency, redun-
dancy, or event likelihood, without regard for the system’s
moment-to-moment information demand. Crucially, these
approaches do not consider per-frame utility, computational
cost, or module-level decision-making. By contrast, our
framework enables selective and context-aware activation of
perception modules in real time, offering finer control and
improved efficiency for task-driven robotic systems.

B. Adaptive and Computation-Aware Efficient Perception

A number of works have addressed perception efficiency
by adapting system parameters or processing strategies
based on scene context or computational constraints. Several
methods focus on frame-level configuration tuning, such
as input resolution, tracking frequency, and network scale,
to minimize latency while maintaining acceptable perfor-
mance [17], [18]. Other approaches focus on optimizing per-
ception modes by evaluating their impact on robotic stability
control performance [19]. Recent approaches leverage deep
learning-based frameworks, including prioritizing attention
mechanisms for scheduling subframe-level data processing
for object detector data workflow optimization [20]. At a
higher level, vision-language frameworks have used language
models to determine which perception tools to invoke in
response to user-defined goals [21].

While effective in reducing computational load, most
approaches remain limited to single-module scheduling or
task-specific pipelines. Decision mechanisms are typically
designed around pre-tuned criteria, fixed switching strategies,
or offline optimization, with limited flexibility across modal-
ities. General-purpose frameworks for managing multiple
perception modules in a unified, context-sensitive manner are
largely absent. The lack of per-frame, module-level utility
estimation further constrains opportunities for adaptive and
selective perception in dynamic, real-time scenarios.
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C. Adaptive Sampling and Sensor Scheduling

Adaptive sampling and sensor scheduling methods se-
lectively acquire observations using information-theoretic
measures such as entropy reduction and mutual information
to minimize state estimation uncertainty, often under budget
or communication constraints [22], [23].

However, fundamental limitations prevent such meth-
ods from being directly applied to multi-modal perception
scheduling in HRC. Adaptive sampling and sensor schedul-
ing assume homogeneous information sources contributing
the same type of measurement to a shared state estimate—
an assumption that breaks down when perception modules
produce qualitatively distinct outputs such as bounding boxes
versus body keypoints. Moreover, sampling decisions are
governed entirely by observation-level uncertainty, with no
mechanism to assess relevance to the current task objective.
In HRC, where human intent evolves dynamically, purely
uncertainty-driven scheduling fails to distinguish between
informative and irrelevant perception updates.

III. PERCEPTION SCHEDULING FRAMEWORK

In this section, an overview of the perception scheduling
framework is introduced, as shown in Fig. 1.

A. Perception Region Segmentation

The scheduling process begins by partitioning the scene in
a structured manner, with each partition processed indepen-
dently. In this paper, we focus on three distinct categories:
background, object, and human. The segmentation leverages
the previous frame’s raw RGB image I, relevance pre-
dictions Rj_1, and prior perception outputs.

For each segmented object and human region, two at-
tributes are assigned. The motion status indicates the pres-
ence of motion. The relevance attribute is updated using
prior relevance determination result and reflects the contri-
bution of the region to the current objective.

1) Motion Status Estimation: The motion status for each
object or human image patch is determined via frame
differencing-based change detection [24], chosen for its
reduced computational complexity when applied at the per-
frame level. Let AP ¢ R3*"W*xH denote the absolute dif-
ference of patch region 7 between consecutive RGB frames.
The RGB differences are first converted to grayscale to better
capture perceptual changes. Hence, the grayscale difference
for the patch region i, AL?, is computed as:

AL =Y AP (1)

where Y is the standard Luminance coefficient vector.
The change ratio for patch 4, CRi, is then computed as the

proportion of pixels within the patch exceeding the intensity

threshold, (:

S (AL > ()

CR! = I
wt - ht

2

where w® and h® represents the height and width of patch i.

The motion status s’, representing whether patch i is
moving or stationary, is assigned based on the computed
change ratio:

otherwise

i moving, if CR" > ¢
st = ) 3)
stationary,

where € is the patch change threshold.

2) Relevance State Update: Each segmented object and
human patch is assigned a relevance label using predictions
from the relevance framework. Let 7} denote the relevance
state of patch i at frame k, representing the conditional
probability that the patch is relevant to the human objective.
The relevance state is retained as a conditioning variable for
downstream reward estimation.

B. Perception Reward Estimation

For each perception module m’ € M in the perception
toolkit, a reward pj is computed at time ¢ to quantify
the utility of activating the module. The estimation relies
on the segmentation result from the previous stage, which
includes motion status and relevance attributes for each
region in the frame. The reward is defined as the trade-off
between the expected information gain and the corresponding
computational cost penalty:

ol = ®r(Si,md) — CF )

where @ (Sy, m’) denotes the estimated information gain
when module m/ is activated under the current scene state
Sy, and C7 is the penalty applied to the latency or com-
putational cost of running m’. This formulation enables the
selection of perception modules that provide high contex-
tual benefit relative to their computational cost, promoting
efficient resource utilization in real-time settings. Note that
the function ®p is defined in an independent and module-
specific manner to reflect the type of information each
module contributes. The methodology section provides a
detailed description of the reward estimation process for
object detection and human full-body pose estimation.

C. Perception Module Selector

Given the estimated reward for all modules in the percep-
tion toolkit, the optimal scheduling decision at each frame
is made by maximizing the accumulated reward over the set
of possible module activations. We define the action space
A as the set of all binary activation vectors, where a/ = 1
indicates that module m/ is activated and a’ = 0 otherwise.
The optimal policy 7*[k| at frame & is formulated as:

k] = arg max Zaj pl ] stod? > Gk Y (5)
j=1

Where GI[k] € {0,1} is a predetermined activation
indicator for module j at time step k, representing scheduling
decisions that do not depend on reward-based assessment.
Since the reward for each module is estimated independently,
the optimization in Eq. (5) decomposes into independent
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per-module decisions. Specifically, module m/ is activated
if and only if p], > 0 or G1[k] = 1, eliminating the need for
combinatorial search over the action space A.

The execution outputs of the selected optimal set of mod-
ules are forwarded to the relevance framework for context-
aware relevance determination. The resulting information
is then stored and used as part of the previous frame’s
result, enabling informed reward estimation in subsequent
scheduling decisions.

IV. REWARD MODELING

In this section, we present a detailed reward modeling
process for a scheduling problem that incorporates object
detection and human full-body pose estimation.

A. Reward Model for Object Detection

The reward modeling for object detection incorporates two
primary sources of information gain: (1) identifying whether
scene elements have entered or exited the current view, and
(2) updating the state estimates of already tracked elements.
A computational penalty is also included to account for the
cost of activating the module.

To detect changes in scene composition, change detection
is applied to masked background regions. The previously
introduced frame differencing method is used to capture
localized pixel-level variation, while color histogram analysis
is employed to detect global shifts in appearance. The
histogram distance is calculated per RGB channel using the
Chi-Square metric, with the total shift, Dy, given by the
mean across channels. If both the histogram change, Dy, and
the previously defined change ratio exceed their respective
thresholds, the module activation indicator, G?Olo[k] =1, is
assigned to reflect the discovery or removal of scene elements
at the current frame.

The reward from updating existing element states is
computed based on the entropy reduction in the bounding
box estimates. In order to estimate the bounding box states
before turning on the object detection module, we adopted
the Kalman filter implementation in BoT-SORT [25]. The
bounding box state in BoT-SORT is represented as an 8-
dimensional state vector, which encapsulates both the spatial
properties of the bounding box and the dynamic motion state.

We perform Kalman filter state prediction under the con-
stant velocity assumption. Note that the uncertainty estima-
tion is performed based on the predicted state uncertainty. In
cases where the object detection module is not activated, we
propagate the prediction without the Kalman filter update. If
object detection is scheduled to be activated for the current
frame, the update is performed to reflect the effect of the
measurement on the bounding box state. Therefore, the
resulting information gain for the object detection G5'°[k]]
at the current frame is:

n

1 det(HPYH")
GY k] = Y rPlog | —— L= 6
p=1
where P}, is the prior covariance in state space at the current
frame, H is prior covariance in the measurement space, R is

the measurement uncertainty of the object detection module,
n is the number of scene elements, and TZ is the relevance
of the scene element p.

The reward for object detection at frame £ is given by:

p}};olo — Ggob[k] _ /\Cyolo (7)

where C'YOLO denotes the standard inference time of running
the object detection module in milliseconds, and X is the
Lagrange multiplier with the unit of bits/ms that represents
the information value of the inference time.

B. Reward Model for Human Full-body Pose Estimation

The reward modeling for human full-body pose estimation
in the perception scheduling framework captures the trade-off
between information gain and computational cost following
the general principle discussed above.

The information gain from running MMPose consists of
two main components. The first component captures changes
in scene composition arising from humans entering or exiting
the workspace. The second component is the information
gain obtained from executing the MMPose module itself.
This component quantifies the reduction in uncertainty when
transitioning from knowledge about the bounding box loca-
tion of the human agent to the keypoint locations of the
human agent. In other words, it measures how much more
precise the scene understanding becomes when keypoints are
detected rather than just the human bounding box.

For the first component, we apply the same change de-
tection method described in Section IV-A, combined with
human tracking results, to detect human-agent scene compo-
sition changes.

For the second component, an uncertainty model is devel-
oped to quantify the uncertainty of human pose knowledge
based on the bounding box location. To model the uncertainty
of a uniformly distributed keypoint within a bounding box of
width w and height h, we derive the entropy of a continuous
uniform distribution over the region.

For a uniform distribution over a rectangular region of area
A = w - h, the probability density function is computed as:

p(z,y) = L for x € [0,w], y € [0, 4] (8)

wh’
The differential entropy H is given by:

H= whll ! dydr =1 h 9
A CORESE N

Thus, Eq. (9) represents the entropy of a uniformly dis-
tributed keypoint within the bounding box.

The aggregated pre-execution uncertainty across all key-
points is therefore defined as:

N
H® = DY v (nf(wi + o3) (ki +03)))  (10)

s=1
where wj and hj denote the width and height of the
human bounding box s at frame k, o3, , and o}, , represent
the corresponding Kalman prediction uncertainty in prior
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Fig. 1.

Perception scheduling framework for context-aware and efficient perception in human-robot collaboration. The system uses information from the

previous frame to segment relevant regions, estimate motion status, and update relevance states. Each module in the perception toolkit is evaluated based
on a reward that balances expected information gain and computational cost. The module selector computes the optimal activation set at each frame, and

the selected outputs are used to update the relevance framework.

covariance matrix, D is the number of keypoints, and N is
the number of human. In full-body human pose estimation,
each human contains 133 keypoints.

To model the estimated uncertainty of the human pose
estimation output, we first introduce the confidence score
sk € (0, 1], which represents the model’s confidence in the
predicted position of keypoint d at frame k. The confidence
score provides a direct indication of the reliability of the
estimated keypoint location.

Next, we define the uncertainty associated with each
keypoint. Let D denote the total number of keypoints in the
pose skeleton. For each keypoint d, we model the predictive
uncertainty as a two-dimensional random variable over its
(z,y) position. Assuming the independence between the
coordinates x and y and the symmetric uncertainty for the
coordinates x and y, the uncertainty in frame k is captured
using a diagonal covariance matrix Ez:

d
s _ [Vaur;€ 0 } (an

0 Varf
Given the confidence scores 55"‘“‘ and ss obtained from
previous model executions for keypoint d, where kj,5 and
kprey denote the most recent and second most recent frames
at which the model was executed, we linearly extrapolate the
estimated confidence score for the current frame k as:

prev

d d s~ 5
8}, = clamp | s+ ﬁ (k= kg), € 1] (12)
as prev

where the result is clamped to the interval [e, 1] to ensure
the extrapolated score remains a valid confidence value,
with € being a small positive constant to prevent numerical
instability.

The standard deviation cr,‘ci of keypoint d at the current
frame is then estimated from the confidence score using a
negative log mapping function:

Crl[cl = 7Jgase 10g(§g) (13)

where ol is the base uncertainty, derived from the per-

key point standard deviation from COCO dataset annotations
and the object scale

Therefore, the entropy of the 2D Gaussian distribution for
keypoint d at the current frame is given by:

HE = %log ((2me)? - det(EZ)) = log(2me) + 2log (o)
(14)

Here, Hg represents the estimated entropy of keypoint d
at the current frame for a single human agent, quantifying
the uncertainty in the spatial estimation.

To generalize the formulation for multi-agents with the
relevance weighting, the total entropy across all keypoints at
the current frame is then given by:

N D
M= Y H® (15)
s=1 d=1
N D
=Y ri[Dlog(2re) + 3 2log (a;j*S)] (16)
s=1 d=1

where H Z ** represents the entropy of keypoint d of human
s at the current frame, ag’s represents its corresponding
standard deviation, and and rj, is the relevance of the human
agent s.

In summary, the total reward for full-body pose estimation
at the current frame is:

P = GY°[k] — ACP (17
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where CP° is the standard inference time of MMpose, and
G5*°[k] is defined as:

G];OSC l:k} — Hzre _ HZOSC

V. EXPERIMENTAL SETUP

(18)

To demonstrate the effectiveness of the perception schedul-
ing framework, we propose a novel evaluation metric and
conduct experiments on three distinct video domains.

A. Hardware Setup

The evaluation videos are recorded at 30 FPS to emulate
the standard frequency of a streaming perception system
pipeline. The inference of the perception module is per-
formed on an RTX 4090 GPU, while perception scheduling
is executed on an Intel i9 CPU to ensure efficient real-time
processing.

B. Video Domains

Since existing datasets do not contain ground-truth infor-
mation about relevance states in the scene, we curated three
videos representing different domains of human daily activity
to perform comprehensive evaluations on the perception
scheduling framework across varied scenarios.

Indoor Reading: In this domain, a human enters the scene
and engages in reading activities, thereby capturing static,
low-movement interactions typical of indoor environments.

Eating: The Eating domain features a human performing
eating-related activities. The domain setup reflects moderate
human movement and frequent human-object interaction.

Walking: The Walking domain represents an outdoor
environment where the human walks through the scene with
higher motion levels.

C. Perception Module Selector Evaluation

To rigorously assess the effectiveness of our perception
scheduling framework, we introduce two key evaluation
metrics: latency and Activation Recall. Latency measures
the computational efficiency of the system and is defined
as the average processing time per frame (in milliseconds)
over a given duration. Specifically, it encompasses both the
module scheduling processing time and the module inference
time to reflect the level of complexity for a perception
task. To calculate latency, we compute the total time taken
to schedule and execute the perception modules (YOLO
and MMPose) and divide it by the number of keyframes
processed.

The latency metric reflects the system’s computational
efficiency and provides a quantitative representation of the
computational cost savings achieved through the perception
scheduling framework.

The activation recall is defined as the percentage of
frames where a perception module was activated when it
was genuinely necessary. The metric specifically evaluates
the performance of our scheduling decisions rather than the
intrinsic accuracy of the perception modules.

To establish the ground truth, we conduct an offline
evaluation by running both perception modules on every

TABLE I
PERCEPTION SCHEDULING FRAMEWORK PERFORMANCE EVALUATION.
OUR FRAMEWORK EFFECTIVELY REDUCES LATENCY BY UP TO 27.52%
AND IMPROVES ACTIVATION RECALL BY UP TO 72.73% UNDER
INHERENT PERCEPTION DELAY.

. . y . Perception
Domains Metrics Parallel  Oracle Scheduled
Latency (ms) 98.81 48.95 71.62
Indoor Reading Yolo Recall 1.00 1.00 0.97
Pose Recall 0.16 0.24 0.20
Latency (ms) 94.99 70.00 86.44
Eating Yolo Recall 1.00 1.00 0.98
Pose Recall 0.16 0.24 0.20
Latency (ms) 93.63 81.51 75.15
Walking Yolo Recall 1.00 1.00 0.93
Pose Recall 0.22 0.52 0.38

frame without scheduling. The resulting detection outputs
are used to identify frames that actually require module
activation. Our recall metric is then computed as:

Number of Correctly Activated Frames
Number of Frames Requiring Activation

Recall = 19)

We evaluate the performance of the perception scheduling
framework against two baseline benchmarks: Conventional
Parallel Perception Pipeline and Oracle Scheduling. The
conventional parallel perception pipeline represents a stan-
dard perception setup where the perception modules (YOLO
and MMPose) run in parallel. In this configuration, the
perception modules are activated as soon as the previous
inference queues have been processed. The conventional
approach does not incorporate any scheduling logic, thereby
utilizing the perception modules continuously whenever
computational resources permit.

The second benchmark, Oracle Scheduling, directly
leverages the ground-truth information obtained from offline
processing. The module activation strictly follows the ground
truth frames that require the perception module execution.
Essentially, Oracle Scheduling is an idealized system that
assumes perfect knowledge of the frames that necessitate
activation, without any decision-making. The setup serves as
upper bounds for scheduling accuracy and efficiency.

The experimental results are shown in Table I. Our
proposed perception scheduling framework demonstrates a
significant reduction in latency compared to the parallel
benchmark, achieving up to a 27.52% reduction. The im-
provement highlights the effectiveness of the perception
scheduling mechanism in reducing computational costs. La-
tency reduction is most pronounced in relatively static,
low-complexity settings (e.g., Indoor Reading). From an
information-theoretic perspective, predicted states align with
observations, yielding limited information gain. Similarly,
entropy estimation for human tracking in such scenarios
provides little incentive to activate perception modules. Con-
sequently, the computational cost of activation often exceeds
the marginal information gain, leading to more conservative
scheduling of perception modules.
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TABLE 11
PERCEPTION SCHEDULING FRAMEWORK KEYFRAME IDENTIFICATION
PERFORMANCE EVALUATION. OUR METHODOLOGY CAN ACCURATELY
PREDICT THE IMPORTANT FRAMES TO BE SCHEDULED

Yolo Keyframe  MMpose Keyframe

Domains

Accuracy Accuracy
Indoor Reading 0.97 0.89
Eating 0.98 0.97
Walking 0.93 0.92

In contrast, more dynamic scenarios, such as the Eating
and Walking domain, exhibit a less substantial reduction
in latency. The increase in the number of frames requiring
module activation, due to frequent motion and scene changes,
directly impacts the scheduling efficiency. In such cases, the
state estimates become less reliable, and the entropy asso-
ciated with human tracking rises, increasing the information
gain when perception modules are activated. As a result, the
perception scheduling framework identifies more frames as
requiring activation, which reduces the latency advantage.

Another key observation from the results is the improve-
ment in MMPose activation recall in our proposed framework
compared to the parallel benchmark. In particular, the pro-
posed framework achieves the best MMPose recall (38%)
and improves the most in the Walking domain (72.73%)
as dynamic scenes increase the occurrence of activation-
critical frames that conventional pipelines fail to capture
under perception delay. Despite the observed improvement,
the MMPose recall remains relatively low across all domains.
The outcome is attributed to the inherent inference latency
of the full-body pose estimation module. Even when the
scheduling mechanism accurately activates the module on
necessary frames, the processing delay results in intermediate
important frames being missed when they occur during the
inference. For instance, when MMPose is activated at frame
10 and completes processing by frame 14, any important
frames appearing in between are not captured. Nevertheless,
despite the relatively low MMPose accuracy, the perception
scheduling framework still manages to significantly reduce
the number of important frames being missed.

The final important observation from the results is the
slight reduction in YOLO recall across all video domains
when using the perception scheduling framework. The minor
decrease stems from the inherent accuracy limitations of
the perception modules and the uncertainty involved in esti-
mating information gain. However, the overall performance
improvement and latency reduction achieved by the per-
ception scheduling framework outweigh the drop in YOLO
recall. The YOLO scheduling still maintains comparable
performance to the benchmark methods, demonstrating that
the efficiency gains do not significantly compromise the
perception quality.

D. Reward Model Evaluation

To evaluate the performance of the reward model, we
define a new metric termed Keyframe Accuracy. The
Keyframe Accuracy is defined as the percentage of im-

portant frames that are correctly identified for activation.
This metric specifically evaluates the perception scheduling
framework’s ability to detect which frames require pro-
cessing, independent of whether the processing itself was
executed. In contrast, the scheduling accuracy discussed
earlier measures the percentage of important frames that
were actually processed. By focusing on keyframe accuracy,
the analysis isolates the effect of the inherent latency of
perception modules, providing a more precise assessment of
the framework’s capability to identify critical frames.

As shown in Table II, our framework demonstrates high
Keyframe accuracy across all domains. The result indicates
that our framework can effectively determine when to ac-
tivate perception modules in streaming perception settings,
independent of the latency introduced by the modules.

VI. DEMONSTRATION RESULTS

Fig. 2 illustrates the adaptive behavior of the percep-
tion scheduling framework across different scene contexts
demonstrated in the video. In Fig. 2(a-b), under a static
scene without a human, YOLO is activated at a frequency
governed by estimated information gain rather than every
frame, reducing redundant computation.

When a human enters the scene (Fig. 2(c)), YOLO ac-
tivates and MMPose is triggered to estimate the human
pose. In Fig. 2(d), the human remains seated and relatively
motionless while reading, prompting the framework to re-
duce MMPose activation frequency to save computational
resources without degrading perception quality.

In Fig. 2(e), the human begins leaving the scene, causing
a contextual change that activates both YOLO and MMPose
continuously for accurate tracking. Finally, Fig. 2(f) depicts
the post-exit scene. MMPose remains inactive, and YOLO is
scheduled in a manner similar to the Fig. 2(a—b) scenario.

VII. CONCLUSION

In this paper, we presented a novel perception scheduling
framework designed to enhance the efficiency of multi-modal
perception in human-robot collaboration (HRC) settings. The
proposed framework leverages the concept of relevance, dy-
namically activating perception modules based on estimated
information reward and computational cost.

Our experimental results demonstrate the effectiveness of
the proposed framework. Compared to conventional parallel
perception pipelines, the framework achieved up to 27.52%
reduction in latency, a 72.73% improvement in MMPose
activation recall, and keyframe accuracy rates up to 98%,
validating its ability to optimize computational resources
while maintaining perceptual quality.

The modular nature of the framework allows for incorpo-
ration of additional perception modules beyond object detec-
tion and pose estimation. Extending the scheduling principle
to heavier modules such as vision-language models (VLMs)
requires adapting the reward formulation to capture their
unique information characteristics—for instance, modeling
the semantic information gain of a VLM query relative to
existing scene context, while accounting for substantially
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Fig. 2. Demonstration of perception scheduling. The Perception scheduling
framework effectively adapts module activation to scene context

higher and more variable inference costs. The core schedul-
ing mechanism remains applicable, as the reward-cost trade-
off generalizes regardless of module complexity.

Future work will focus on developing adaptive methods
across diverse scenarios and extending the framework to
incorporate resource coupling constraints when scheduling
larger sets of perception modules under shared computational
budgets [26].
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