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Abstract— Robotic assistance is a current research topic
with high application value and multiple challenges. Assistive
robots are used in various scenarios, such as production lines,
operating tables, and elderly care. While providing effective
assistance, most of the assistance tasks that current robots can
perform are limited to predefined tasks. This limitation arises
from the insufficiency of the current robot perception system
to forecast future human activities. To address this issue, we
propose a novel 2-stage robotic assistant for human activities
through future human-object interaction (HOI) segment predic-
tion. Unlike previous work focusing on predefined or short-term
tasks, our robotic assistant can make predictions for future
assistance according to human habits. In the first stage, we
propose a visual-based human-object interaction segment pre-
diction method to predict human activities, which enables the
robotic system to infer human intention. Moreover, we define
the robotic executable tasks as an interactive tuple to keep the
robotic assistance normatively consistent with human activity.
Meanwhile, a graph convolutional network with geometric
features that can predict human-object interaction segments is
proposed to provide target manipulation and target object for
the assistive robot. In the second stage, we present a mobile
task completion process including visual navigation, object
localization and grasping. The perception stage is evaluated
on the MPHOI dataset and custom-collected SPHOI dataset.
Finally, we evaluate our comprehensive framework through
real-time experimentation.

I. INTRODUCTION

Assistive robots play a significant role in the contemporary
domain of robotics. It focuses on improving the interaction
between humans and robots, rather than only traditional
physical interaction [1], [2]. This brings additional challenges
when applying daily life or industry scenarios as the research
context[3], [4], [5]. In order to provide more comfortable
assistance, the assistive robot needs to observe the current
human activities and accomplish the desired human tasks for
the future [6]. Furthermore, the input information of the robot
changes from physical signals of human-robot contact [7],
[8] to multi-dimensional signals collected by different sen-
sors [9], [10]. In this paper, we only use an RGB-D camera as
input instead of wearable sensors for human activity analysis,
e.g., inertial measurement unit [11]. The main reason is
to consider that wearable sensors are more uncomfortable
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Fig. 1: Human-object interaction segment prediction for the
mobile robotic assistant YuMi. The robot observes the visual
information at anytime during the segment from t1 to t2
through the camera. And our HOI segment prediction model
further predicts the next human-object interact segment from
t2 to t3. The results obtained are sent back to the robot for
performing the auxiliary tasks.

for people in daily life scenarios [12]. Besides, the vast
majority of current assistive robots have integrated vision
sensors [13], [14]. This provides the prerequisite for a vision-
based perception system to be used in daily life and industry
scenarios.

Previous works mostly focus on physical interaction. The
traditional learning from demonstration approach plans the
robotic execution path through the physical manipulation of
the robot by a human [15], [16]. However, this approach is
often limited to tasks that can be performed within a short
period of time. Jain et al. [17] proposed to use the recursive
Bayesian filtering approach to make predictions about human
intention. However, this shared autonomy method requires
human participation for initial remote control. In this work,
we try to explore how robotic assistants can provide fully
automated assistance without physical human interaction
with the robot. Meanwhile, it should allow robot assistant
to make future decisions, which is more compatible with the
logical needs of humans. As shown in Figure 1, we propose

2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)
October 14-18, 2024. Abu Dhabi, UAE

979-8-3503-7769-9/24/$31.00 ©2024 IEEE 11522



a novel human-object interaction segment prediction method
to anticipate future human activity via current observation.
This is mainly because if we only employ the action detection
method [18], [19], the robot will perform the hard-coded
reaction with the same activity as the current human action,
which causes conflict during assistance. Moreover, the gen-
eral applicability of the robot would be constrained if it relies
on a predetermined approach for the subsequent tasks. To this
end, we propose a two-stage structure with a perception stage
and an execution stage. The first stage utilizes the modified
graph neural network approach using geometric features
for future human-object interaction segment prediction. The
second stage constructs a task execution sequence that
processes the output from the first stage. Furthermore, the
complete robotic assistant pipeline is comprehensively tested
using suitable real-world scenarios to ensure its efficacy. The
summary of our contributions are as follows:

• We propose a novel 2-stage enhanced robotic assistance
using HOI segment prediction on the mobile YuMi robot
that can automatically provide human assistance.

• In the 2-stage assistance structure, we employ an en-
hanced graph convolutional network with geometric fea-
tures for future HOI prediction using a contractive tuple.
It is associated with a task execution pipeline including
visual navigation, object localization and grasping by
behavior tree.

• We conduct and evaluate our proposed HOI segment
prediction method on the MPHOI dataset and our own
collected SPHOI dataset. To the best of our knowledge,
we are the first work to present HOI segment prediction
to complete real-time testing in an industrial laboratory
scenario.

II. RELATED WORK

A. Robotic assistance
Robotic assistance aims to provide convenient assistance

to humans in environments shared by humans and robots.
Previous work by Hu et al. [20] proposed a robotic nursing
assistant for patient care. The assistance can be provided
through telepresence control and video communication by
the nurse. However, this work does not involve human-object
interaction. In later work, [21] proposed a robotic assistant
that automatically assists a person in drinking water. [22],
[23] proposed the use of MOCA robotic assistance to per-
form heavy or prolonged manipulation tasks. However, these
tasks are relatively unitary and cannot satisfy the application
scenarios under long task sequences. In the recent work,
Massardi et al. [24] proposed a robotic assistant with human
activity recognition and a predefined task plan. In this work,
the robot assistant needs to recognize the current activity of
the human and then return to the task list to find the next
task that needs to be performed. Unlike previous work, we
transform the coarse recognition of human activities into the
prediction of human-object interactions. By predicting the
segment of human-object interactions at the next moment,
we effectively provide the robot directly with the actions to
be performed and the target object to be manipulated.

B. Human-object interaction understanding

Human-object interaction (HOI) understanding is an im-
portant and evolving area of computer vision research fo-
cusing on understanding how humans interact with objects
in a shared environment. Previous work by Dreher et al.
[25] proposed a scene graph based method to learn human-
object interactions using a graph neural network. However,
the classification performance of HOIs using a scene graph
generated by 3D locations in the environment is limited.
Morais et al. [26] later proposed ASSIGN to detect human-
object interactions in video. This work gives a better per-
formance in the understanding of HOI by analyzing the
association between human subjects and objects and object
affordance. The recent work by Qiao et al. [27] proposed
an HOI recognition approach using a graph convolutional
network with geometric features. This work makes good use
of the geometric information of humans and objects in 3D
scenes and obtains a significant performance improvement.
But these works take the human action and the object as
a single unit, which does not allow the robot to accurately
discriminate between the action and the object that needs to
be performed. Inspired by [28], [29], [30], we separated the
human action and object and composed a < action, object >
tuple to provide task input information to the robot assistant.
Different from the above mentioned work, we do not perform
only HOI detection. We further extend the network into the
prediction of the next HOI segment for humans based on
2G-GCN [27]. And having the robot perform the prediction
task is more in accordance with the auxiliary logic of long
task sequences for human.

III. TWO-STAGE MOBILE ASSISTANT

In order to address robotic assistance for humans, we
propose a two-stage mobile assistant system. The first stage
aims to predict the future human-object interaction segment.
The mobile YuMi robot receives RGB-D information from
the camera and further generates geometric features via
object detection and human skeleton detection. The generated
geometric features are then passed to the modified HOI
prediction network. As a result, a tuple is produced and
passed to the second stage. In the second stage, the tuple
output from the previous stage acts as an input. The activity
and object are then parsed and post-processed. After that,
the mobile manipulation application is started. Furthermore,
a behavioral tree is constructed to help guide the robot into
fetching the object needed from the predicted interaction. It
also uses the detection pipelines that are mentioned in the
first stage for accurate navigation.

A. Human-object interaction segment predction

In this section, we discuss the first stage of the two-stage
mobile assistant, which is centered around the domain of
human activity understanding. We will start from extracting
geometric features and further explain how 2G-GCN [27]
can be modified and achieve the ability to make predictions
about HOI segments.
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Fig. 2: Overview structure of the mobile robotic assistant using human-object interaction segment prediction. In Stage 1, the
modified 2G-GCN network uses geometric information about the position, velocity, and skeleton of the human and object,
as well as visual information extracted by the feature extractor, to predict the future desired action and object of the human.
In stage 2, the mobile robot accomplish human assistance by executing predicted action and object.

1) Geometric features extraction: In order to generate the
geometric features, object detection and skeleton detection
are utilized. In this work, we make use of multiple geometric
features as follows:

• The bounding box (Bbox) of the objects is defined by
the pixel coordinates of the point (xmin, ymin, xmax,
ymax).

• The Bbox of the human in the scene is defined in the
same way as the bounding box of the object.

• The two-dimensional skeleton pose of the human is
represented by the pixel coordinates (x, y) of the joints.

For the purpose of object detection, we make use of
the YOLOv5 framework [31], which proved to be real-time
and highly precise. We train our custom YOLOv5 model
to detect humans as well as a set of predefined objects
that are important for our tasks. As for the two-dimensional
skeleton pose detection of the human, we make use of the
Mediapipe [32] framework from Google. Mediapipe enables
us to detect up to 33 joints for each detected skeleton.
Following the steps and methodology used in creating the
2G-GCN network, we decide to use a sample of the upper
body of the extracted joints. Because the upper part of the
body is the most involved in performing the specific HOIs.
The activity of pouring liquids from a bottle to a cup involves
many of the joints that are in the upper part of the skeleton
(arms, hands, and torso). Another reason for focusing on
the upper body of the human is that these joints are more
likely to be visible even if the person is seated during the
activity. To further process the extracted geometric features, a
specific set of joints of the human skeleton is used. These are
represented as S = {Sh,k

t }T,H,K
t=1,h=1,k=1, where Sh,k

t denotes

the body joint k of human h at time t. The position pt,o,i and
velocity vt,o,i of objects Oi are also calculated and added as
additional geometric information. These are extracted from
the bounding box coordinates (xmin, ymin, xmax, ymax) of
the humans and objects in the scene. The position of the
joint is defined as pt,h,k = (xt,h,k, yt,h,k) in 2D and the
framewise velocity as vt,h,k = pt+1,h,k − pt,h,k. Besides
object detection and skeleton extraction, we also used Faster
R-CNN [33] backbone as a feature extractor to extract the
visual information in the bounding box. This is because
in addition to the semantic information, we also want to
utilize the pixel information in the frame to augment the
HOI segment prediction model.

B. Human-object interaction future prediction

For the purpose of allowing mobile YuMi to assist humans,
we need a tuple input consisting of < action, object >
from the output of 2G-GCN network. Based on the inference
process of 2G-GCN, we first build the graph Gt at frame t.
Each node nt in Gt represents the geometric features that
we proposed previously. Different from the 2G-GCN model,
we modified the node detention Dn to K (body joints) + i
(objects) in case the robot can only offer assistance to a single
person. After embedding two fully connected layer for nt to
enhance the feature correlation between human and objects,
we got optimized node ñt:

ñt = σ(W2(σ(W1nt + b1)) + b2) (1)

where W denotes the weights and b denotes the bias of
the fully connected layer. σ denotes the ReLU activation
function.
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We further define the adjacency matrix A using the same
approach as in 2G-GCN by θ and ϕ, which are transforma-
tion functions represented by 1× 1 CNN layers:

At(D1, D2) = θ(ñt,D1)
Tϕ(ñt,D2) (2)

After the geometric features pass through the entire GCN
network, we can obtain the feature map Mt before making
the final prediction:

Mt = AtG̃tWn (3)

where Gt = (ñ1, ñ2, ..., ñD), Wn is the weight matrix of
GCN. Since the original network is constrained only to
detect the action that is occurring, whereas we need to know
the object that the person is interacting with at the same
time. Therefore, we improve the classification layer with two
branches so that the network structure can recognize both
action and object:

Outputa,t = Softmax(σ(Wa2
(σ(Wa1

Mt)))) (4)

Outputo,t = Softmax(σ(Wo2(σ(Wo1Mt)))) (5)

However, the current network still can not perform the
next human-object interaction segment. To provide more
convenient assistance for human, the robot system needs
to predict future human activities rather than recognize the
current occurring activity by human. For this purpose, we
introduce a label shift approach via training as shown in
Figure 3. We shift the ground truth (GT) labels of the actions
and objects of the interaction to the previous time step for
training. This then ensures that the joint geometric and visual
features of a HOI segment at a time step hoii reflect the HOI
segment at time point hoii+1 in the video.

Fig. 3: The labeling technique used for transforming the
network into predicting future HOI.

After the training of our model is finished, we can perform
further prediction for the HOI segment. The final prediction
results for the HOI segment are as follow:

Outputa,hoii+1
= Softmax(σ(Wa2

(σ(Wa1
Mhoii)))) (6)

Outputo,hoii+1
= Softmax(σ(Wo2(σ(Wo1Mhoii)))) (7)

In addition to the modifications, we design a new loss
function to simultaneously backpropagate the incorrect pre-
diction for action and object. We use the shifted segment
labels lhoii+1

and the binary cross entropy loss [34] for the
final loss function:

Lseg =
1

T

T∑
t=1

[
1

N

N∑
i=1

BCE
(
l̂hoii+1

, lhoii+1

)]
(8)

C. The behavior tree for assistive task executation
The whole mobile manipulation application is imple-

mented as a structured behavioral tree [35] for reference.
This tree is highly reconfigurable and can be adapted and
modified for any specific application. Its strength comes from
the ability to create complex tasks composed of simpler ones.
In our case, as discussed before, the activity of fetching an
object is implemented. Figure 4 denotes the structure of the
behavioral tree we use.

Fig. 4: The behavior tree implementation of the mobile
manipulation task for YuMi. Assistive robots can perform
object localization, navigation, grasping the target object and
delivery tasks with this architecture. When the target object
is lost, YuMi can also spin for a wider search.

The behavior tree implementation is composed of three
main branches as follows:

• The ApproachTarget branch which is a child of the
GetObject action. Here we use a visual guidance al-
gorithm for navigating the robot to the object using
the camera and the Nav2 stack of ROS2. A recovery
behavior is also integrated with the branch. Specifically,
if the goal object is not detected in the current frame,
the robot spins. When the detection is successful, an
optimal placement algorithm is used to generate a goal
pose.

• The GraspObject branch which is also a child of the
GetObject action. Here the robot has already navi-
gated to the object position. An optimal grasp pose is
generated using the YOLOv5 framework and a grasp
detection algorithm. The robot then tries to drive one
of his arms to the corresponding pose and grasps the
object. This branch also comes with a recovery behavior
where the robot tries to use its other arm if the first one
meets a joint limit or a singularity.

• The last action branch is a deliver object action. Here
the robot spins to locate the human user, calculates its
3D pose using the visual guidance algorithm, and uses
the Nav2 stack to plan and drive back to the subject.

IV. EXPERIMENTAL RESULTS

In this chapter, we discuss the experiments of the 2-stage
mobile assistant structure. We evaluated the HOI detection
and HOI segment prediction in the first stage. Furthermore,
we also evaluate the execution time of the whole pipeline.
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Fig. 5: The SPHOI dataset activities we used. From left to
right these are: 1) pouring liquid from a bottle to a tube. 2)
Pouring liquid from a bottle into a cup. 3) Cutting hair and
drying it. 4) Working on a laptop and solving problems on
a notebook.

TABLE I: The activities in the MPHOI and SPHOI datasets
along with the corresponding actions and objects involved.

MPHOI Actions Objects

Cheering activity
Approach, Retreat, Lift,

Place, Cheer, Drink, Pour
Cup

Bottle

Hair cutting activity
Approach, Retreat, Lift,

Place, Cut, Dry, Sit
Scissors

Hair-dryer

Working activity
Work

Solve, Ask
Laptop, Mouse

Keyboard
SPHOI Actions Objects

Working with
tubes activity

Approach, Retreat, Lift,
Place, Check, Pour

Bottle
Tube

A. Dataset

In order to demonstrate the feasibility of our method and to
evaluate the modified model, we have conducted experiments
using MPHOI [27] dataset. It mainly focuses on multi-person
activity understanding. It is composed of 72 videos with an
average length of 15 seconds, containing 13 sub-activities
and 2 humans. In order to satisfy our need for output in the
form of < action, object >, the labels of the original dataset
are split into the required forms in Table I (MPHOI). But it
can not satisfy the real application of our model for the robot
assistant in real scenarios. To this end, we created a simple
single-person human-object interaction (SPHOI) dataset to
fulfill the requirements for the mobile robotic assistant YuMi.

Specifically, our focus is on single human assistance and
object grasping. We have selected 4 different activities that
are relevant to both industrial and daily living tasks. Most
of these activities are motivated by the MPHOI dataset. We
have also defined a set of target objects to be handled by
the assisting robot. Table I (SPHOI) provides a detailed
description of the new activity that we added on top of
the MPHOI dataset and its corresponding related objects
and sub-activities. Figure 5 also gives an overview of the
activities we used in the dataset.

B. Experiments setup

We use a NVIDIA Quadro T1200 GPU for model training
and inference. We train 40 epochs for each model and eval-
uate them using the standard test dataset developed on both
MPHOI and SPHOI datasets. To validate the performance
of the model, we use the standard F1@k form of evaluation
as [37], [27]. We evaluated both the detection of the current
HOI and the prediction of the next HOI segment.

TABLE II: HOI tuple detection evaluation of the ASSIGN,
2G-GCN and the modified 2G-GCN on the MPHOI dataset.

Model F1@k score
F1@10 F1@25 F1@50

ASSIGN [36] 59.10 51.00 33.20
2G-GCN [27] 68.50 60.20 45.30

Modified 2G-GCN 69.33 62.81 46.31

TABLE III: Comparison of the F1@k score using the mod-
ified model for HOI prediction on the SPHOI and MPHOI
datasets.

Dataset Model F1@k score
F1@10 F1@25 F1@50

MPHOI HOI detection 69.33 62.81 46.31
HOI prediction 73.75 68.36 59.5

SPHOI HOI detection 84.42 80.04 70.41
HOI prediction 80.15 71.98 64.98

C. Comparison with visual feature based networks

We first compared the model to the current SOTA mod-
els evaluated on the MPHOI dataset. The purpose of this
comparison was primarily to demonstrate the validity of our
current model and to select an effective model for the next
work. The results are shown in Table II. The geometric
feature-informed 2G-GCN model performs better than the
visual-based ASSIGN model by a considerable gap. The 2G-
GCN score is higher in every F1 configuration, reaching
an F1@10 score of 68.5%, which is 9.5% higher than
ASSIGN, and an F1@50 score reaching 45.3% marking a
12% increase. Our modified 2G-GCN model has a slight
improvement with respect to the original model, which is
due to the correction of the model in the loss function as a
result of object recognition.

D. HOI detection and segment prediction evaluation

In this section, the modified 2G-GCN model is evaluated
on the ability to predict future < activity, object > pairs.
To predict future HOI segment, we utilize the proposed
HOI segment label shift approach. We conducted separate
evaluations on the MPHOI and SPHOI, and the results are
shown in Table III. The modified 2G-GCN model not only
performs stably on detection but also can achieve stable
performance on prediction. Comparing the results to the
MPHOI dataset, the F1@k score with the SPHOI dataset
increased. The F1@10 score reaches 80.15% and an F1@50
scores 64.98%. In general, a strong performance is indicated,
surpassing even the training on the MPHOI dataset. However,
this outcome could potentially be attributed to the fact
that the SPHOI dataset comprises fewer videos and thus
possesses smaller training data compared to the MPHOI
dataset. The predicted outcomes are subsequently employed
for real-world testing on the Mobile YuMi robot.

E. Qualitative evaluation of the HOI segment prediction

We also perform the qualitative evaluation of the first stage
of the pipeline. The results are evaluated on the MPHOI and
SPHOI datasets separately.
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Fig. 6: The modified 2G-GCN HOI segment prediction
evaluation results for the activity Cheering of the MPHOI
dataset. The dashed squares show predictions where the
model is still deficient.

1) HOI prediction evaluation on the MPHOI dataset:
After retraining the model for prediction, its functioning is
tested on the same Cheering activity that was used to evaluate
the original model. The segments for the ground truth and
the predicted < activity, object > pairs are shown in Figure
6. The results of the modified 2G-GCN model generally
show great potential in predicting future sub-activities of the
Cheering task. The segments of the prediction overlap to a
point with their ground truth counterpart. As for the predic-
tion of the objects of the HOI, the result is also fairly accurate
for both humans. The only exception is the prediction in the
last frames, where the Null object is detected. It means that
no object is used with that sub-activity. This resembles the
behavior observed in the prediction of activities. The cause
of such prediction can be the missing information and labels
of the last frames when training the network. This occurs
due to the shifting of the ground truth HOI tuple labels to
an earlier point before training. Therefore, the last frames
of the videos are not annotated and are ignored later in the
training process.

2) HOI prediction evaluation on the SPHOI dataset:
The model inference on the proposed SPHOI dataset results
are shown in 7. The future action and interacted object in
the HOI are accurately predicted. However, there are still
certain inaccuracies in action prediction. Specifically, the
approach action is under-segmented, while the lift action is
over-segmented. Fortunately, these issues do not negatively
impact the correct sequencing of the action sequence. It is
important to note that no activities are missed altogether.
Additionally, the object prediction closely aligns with its
actual ground truth, displaying accurate labeling without
errors. These findings will be instrumental in the practical
implementation of our robotic assistance application.

F. Evaluation of real-time robotic assistance pipeline

In the final stage, we assess the functionality of the
complete pipeline. Averaging across 20 experiments, we
record the mean duration taken by the entire pipeline, starting
from predicting a task to be performed by a human, up to

Fig. 7: The modified 2G-GCN HOI segment prediction
evaluation results for the activity working with tubes of the
SPHOI dataset. The dashed squares show predictions where
the model is still deficient.

Fig. 8: Evaluation of the execution time of the whole mobile
manipulation pipeline.

the completion of assistance provided by the mobile assistive
robot. The outcomes are illustrated in Figure 8. For the
specific activity involving working with tubes, the average
time taken for providing assistance reached 76 seconds,
accompanied by a standard deviation of 16.2 seconds. It is
important to note that this time can vary significantly based
on factors such as the chosen path of robot to the target
object and its navigation and manipulation speeds.

V. CONCLUSION

In this work, we propose a novel HOI segment prediction
approach for the future decision making of the mobile robotic
assistant YuMi. Furthermore, a two-stage assistive structure
is constructed to perform the tasks of the entire assistance.
The proposed HOI segment prediction model successfully
provides robotic assistance with execution inputs and com-
pletes the entire process of supporting human. We also
evaluate the perceptual HOI segment prediction approach on
two datasets. The entire mobile robotic assistance framework
is evaluated in real time with an industry scenario. The
application serves its purpose and has a high success rate.
Therefore, by understanding human activities and predicting
the HOIs segment, assistive robots can provide effective
assistance in real-world applications.
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