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Abstract—Learning to interact with objects is significant for
robots to integrate into human environments. When the inter-
action semantic is definite, manually guiding the manipulator
is a commonly used method to teach robots how to interact
with objects. However, the learning results are robot-dependent
because the mechanical parameters are different for different
robots, which means the learning process must be executed
again. Moreover, during the manual guiding process, operators
are responsible for recognizing the region being contacted and
providing expert motion programming, which limits the robot’s
intelligence. To enhance the level of automation in object in-
teraction for robots, this paper proposes IRMT-Net (Interaction
Region and Motion Trajectory prediction Network) to predict the
interaction region and motion trajectory simultaneously based
on images. IRMT-Net achieves state-of-the-art interaction region
prediction results on Epic-kitchens dataset, generates reasonable
motion trajectories and can support robot interaction in actual
situations.

Index Terms—Computer Vision for Automation, Deep Learn-
ing for Visual Perception, Dataset for Robotic Vision.

I. INTRODUCTION

Nowadays, robot service has become popular in various
scenarios. When robots serve humans, such as pouring water
or opening drawers to take goods, interacting with objects is
essential. When robots interact with objects, simply knowing
the interaction region of the object is insufficient for automatic
execution. Taking “open drawer” as an example, if the robot
only knows that the drawer handle can interact, it can move its
manipulator to this position, but it will not be able to pull the
drawer. Similarly, if the robot only knows the motion trajectory
of “pull”, the interaction still cannot be executed successfully
because the robot needs to grasp the drawer handle beforehand
to execute the interaction. Therefore, it is necessary to know
both the object interaction region and motion trajectory of the
manipulator simultaneously. The absence of either component
would affect the automatic execution of interaction. Current
research for teaching robot interaction mainly relies on manual
guiding techniques [1], [2], which is robot-dependent. To
reduce the dependence, some researchers learn the interaction
region or motion trajectory from large scale demonstration
videos [3], [4], [5], [6], which eliminates the need for manual
operator movement and provides strong portability. However,
the above methods focus on learning either the interaction
region or the motion trajectory separately, which cannot meet
the requirement of automatically executing the interaction
based on the learning results.
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Fig. 1: Pipeline of the proposed method. In the demonstration
stage, IRMT-Net is trained based on egocentric videos labeled
with interaction class and motion trajectory. In the testing
stage, IRMT-Net predicts the interaction regions (red area) and
motion trajectories (blue curves) based on the object image and
the interaction command (“pull open drawer” and “revolute
open cupboard”). The robot follows the guidance information
to carry out the interaction.

To support the automatic interaction of robots, we propose
IRMT-Net (Interaction Region and Motion Trajectory pre-
diction Network), which predicts both the interaction region
and motion trajectory simultaneously. IRMT-Net is trained on
egocentric videos labeled with supervised information about
interaction class and motion trajectory. To meet the training
requirements of IRMT-Net, we incrementally labeled motion
trajectories for the videos in Epic-kitchens dataset [7] to obtain
an extended dataset Epic-kitchens-tra. Using the trained IRMT-
Net, the interaction region and motion trajectory are predicted
based on the object’s RGB image and interaction command.
The interaction command is composed of motion and object
category. Finally, the predicted interaction region and motion
trajectory are sent to the robot to carry out the interaction. The
pipeline of our method is shown in Fig. 1.

In summary, the contributions of this paper are as follows:
• We propose IRMT-Net that predicts the interaction region

of an object and a corresponding motion trajectory of
an action simultaneously by learning from egocentric
demonstration videos.

• We incrementally annotate motion trajectories for the
videos in the Epic-kitchens dataset to provide an extend-
ed dataset named Epic-kitchens-tra, which is available
online1.

• IRMT-Net achieves state-of-the-art results on the Epic-
kitchens dataset, generates reasonable motion trajectories,

1https://drive.google.com/drive/folders/1iSHHwJg-DCOrlaqr0QQ0b0iwD-
2v8q6B?usp=sharing
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and supports robot interaction, as demonstrated through
experiments in real-world scenarios.

II. RELATED WORK

Learning from demonstration. Learning from demonstra-
tion (LfD) is a family of methods that learn necessary inter-
action knowledge by observing task executions, and apply the
learned knowledge to reproduce the demonstrated behavior [8].
Manual demonstration [1], [2], [9] is a direct approach to teach
robots interaction, but its algorithmic portability is limited. To
reduce dependence on specific robot platforms, a number of
studies use demonstration videos to learn interaction knowl-
edge [3], [6], [10], [4], [5].

Interaction region generation. Some studies [11], [12],
[13], [14], [15], [16] regard the interaction region prediction
as visual affordance segmentation, which assigns action labels
to each pixel [17], [18]. However, pixel-wise labeling is a
laborious task, some weakly supervised methods [19], [20]
have been proposed to address this issue. While segmentation
methods can provide detailed results, the annotations are not
always accurate since they are based on annotators’ experience
and imagination, and lack interactive information. To address
these limitations, several methods learn interaction regions
from interaction videos [3], [4], [5]. Nagarajan et al. [4] used
LSTM and action labels to learn interaction regions from
egocentric demonstration videos. Luo et al. [5] improved upon
Nagarajan et al.’s work by adding hand positions as auxiliary
information to regress the interaction region, achieving better
results. However, in realistic situation, even when performing
the same action, the interaction regions of different types of
objects may be different, which is often overlooked in current
methods.

Motion trajectory generation. Manually guiding the
robotic manipulator through expert demonstrations from either
a third or first-person perspective is a common method for
learning motion trajectories. However, this approach is expen-
sive and relies on robots, which limits scalability. In addition to
manual guidance, some researchers use demonstration videos
to generate motion trajectories. Duque et al. [10] used LfD
in robot assembly task. The task demonstration is carried out
by an expert, and the process is recorded by a Kinect RGB-D
camera. Zorina et al. [6] developed an alignment procedure
and focused on the tool trajectories in videos to learn how
to manipulate them. Fang et al. [21] proposed a joint training
method to predict the motion of the robot to complete tasks. In
recent years, some researchers have focused on the interaction
of 3D articulated objects [22], [23], [24], [25], aiming to
predict the motion trajectory of these objects when they are
pulled or pushed.

III. PROBLEM STATEMENT

Given an object image I and an interaction command,
extract the object category c, motion category m and ac-
tion class v from the interaction command. The aim is to
simultaneously predict interaction region R of the object and
motion trajectory J of the robot’s manipulator. The interaction
region R is a collection of pixels in the image I , indicating

TABLE I: Motions corresponding to the videos in Epic-
kitchens-tra dataset.

action object motion motion description num.

open

drawer pull open pull from far to near 1
cupboard, fridge, microwave revolute open pull rotate around the axis 3

tap, box lift open move from down to up 2
container, bottle, jar rotate open rotate counterclockwise 3

close

drawer push close push from near to far 1
cupboard, fridge, microwave revolute close rotate around the axis 3

tap, box press close move from up to down 2
container, bottle, jar rotate close rotate clockwise 3

take plate, knife, spoon take take from far to near 3
put plate, knife, spoon put place from near to far 3

throw box, lid, bottle throw put from near to far 3
turn-off hob, tap, microwave turn-off rotate counterclockwise 3
turn-on tap, hob, microwave turn-on rotate clockwise to open 3

turn tap, kettle, lid turn turn clockwise 3
cut carrot, sausage cut move back and forth 2

wash plate, pan, knife wash swipe left and right 3
dry knife, plate, pan dry swipe back and forth 3
mix pan, bowl, cup mix stir clockwise several times 3

adjust hob, cup adjust push out slightly 2
empty pan, bowl, bottle, empty dump the objects inside 3
pour bottle, cup, pan pour dump the objects inside 3
shake jar, bottle, cup shake move up and down quickly 3
peel carrot, sausage peel remove the skin near to far 2

scoop bowl scoop scoop the contents 1
move pan, bottle, bowl move move from left to right 3

remove pan, plate, carrot remove move from left to right 3

where a robot manipulator contacts the object. The motion
trajectory J is a sequence of 3D coordinates, representing
the positions where a robot’s manipulator moves. Learning
to predict R and J simultaneously means finding a function
f : (I, c, v,m) 7−→ (R, J), which maps the input I , c, v and
m to the output R and J .

IV. EGOCENTRIC MOTION TRAJECTORY EXTRACTION

To predict the interaction region and motion trajectory si-
multaneously, we propose a deep neural network that maps in-
put (I , c, v, m) to output (R, J). To evaluate this approach, we
incrementally annotate Epic-kitchens dataset [7], [4] to create
Epic-kitchens-tra dataset. Epic-kitchens videos are recorded in
RGB format from the actor’s first-person perspective using a
head-mounted GoPro. However, the existing action labels and
object categories do not support learning trajectory knowledge,
so we incrementally annotate motion trajectories. Inspired by
the motion trajectory extracting method in assembly task [10],
we use a RGB-D camera mounted on the robot to record the
first-person interaction videos, ensuring perspective consisten-
cy with the actor. Then, we extract motion trajectories and
incrementally annotate them in the Epic-kitchens dataset.

A. Motion classification for Epic-kitchens dataset

In the interaction process, a certain action may correspond
to different motion trajectories when performed on different
types of objects. For example, “open drawer” means pulling
the drawer horizontally, while “open fridge” means rotating
the refrigerator door around an axis. Therefore, we define
motion category for the interaction videos in Epic-kitchens [7],
[4] dataset based on the movement corresponding to actions,
as shown in Table I. The first column of Table I shows
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action categories,while the second and the third column show
the categories of object and motion, respectively. The fourth
column describes the motions. The fifth column denotes the
number of trajectories demonstrated for each motions. In
Table I, the actions “open” and “close” are matched with
four types of motions, respectively. We then perform the
corresponding interactions and record with RGB-D camera
from the robot’s first perspective. The recorded RGB-D videos
are used for extracting motion trajectories.

B. Motion trajectory extraction and preprocessing

For the recorded interaction videos, we extract motion
trajectory using the method for assembly tasks [10] as depicted
in Fig. 2. For each frame, we detect the human hand using
a hand detection method [26] and mark the results with a
red bounding box, which contains a yellow dot indicating the
center coordinate of the bounding box. Then, we extract the
corresponding depth data for each center coordinate.

Hand 

detection

Input: RGB-D egocentric 

demonstration videos 

Detected 

results

Convert to 

Cartesian 

coordinates

Output: 

Trajectory

Fig. 2: Pipeline of the motion trajectory extraction. Taking
“pull open” as an example, detect hand in RGB-D interaction
video and convert the center of the bounding box into robot
Cartesian coordinates to obtain the motion trajectory during
the interaction process.

To eliminate noise, we firstly remove the center points locat-
ed in the camera’s blind area based on depth data. Additionally,
centers with a depth variation above 10% at time step t with
respect to the previous time step t − 1 are also removed.
Secondly, we apply MAF (moving average filter) to smooth
the trajectory, using a window width of 5. Each trajectory is
normalized to 31 points, and each point is represented by 3D
coordinates in the Cartesian coordinate system of the robot.
To eliminate the influence of robot parameters, we subtract the
starting coordinate from each 3D coordinate in the trajectory.
Fig. 3 shows four typical motion trajectories.

pull open revolute open mix shake

Fig. 3: Visualization of four motion trajectories, the green
point is the first point of the trajectory.

According to the statistics in Table I, the obtained motion
trajectories are incrementally labeled to Epic-kitchens dataset.

The resulting dataset is named Epic-kitchens-tra and used as
the training data for IRMT-Net.

V. INTERACTION REGION AND MOTION TRAJECTORY
PREDICTION NETWORK

To support robot automatic interaction, we propose IRMT-
Net which predicts interaction region and motion trajectory
simultaneously.

A. Video action classification

As shown in Fig. 4, the input of video action classification
branch are video frames [f1, . . . , fT ], where T is the number
of video frames. The frames are first input to a backbone to
extract visual features [b1, . . . , bT ], with each feature having
a dimension of n × n × d. L2-pooling is then applied on
[b1, . . . , bT ] and get [l1, . . . , lT ]. The dimension of lt is 1× d.
Since video frames have sequential information, we use a
transformer encoder [27] to process the sequential information
and get Q = [q1, . . . , qT ]. The dimension of qt is 1× d. The
output features of transformer are aggregated through a fully
connected layer (Fc e) to obtain the interaction features of the
video:

hv = g (WeQ) (1)

We represents the parameters of Fc e, with a dimension of
1×T , and g(·) denotes an activation function. The dimension
of the output feature vector hv is 1 × d. Then, Fc v (fully
connected layer) is used to classify hv to predict the action
category:

yv = g(hvWv) (2)

Wv represents the parameters of Fc v. Cross entropy is used
to calculate the action classification lossv .

B. Interaction region prediction

During training process, the input of the interaction region
prediction branch is a pair of images, which are static object
image that does not show any interaction. If the object in
the image has the same category as the object in the video
processed by the video action classification branch, the image
is a positive sample Ip, otherwise, it is a negative sample In.

Firstly, IRMT-Net extracts visual features op and on for
positive and negative samples using the backbone. Secondly,
IRMT-Net uses the Projection and Fc p (fully connected layer)
modules to transform op and on into interactive state features,
denoted as hp and hn, respectively. The Projection module
consists of two convolutional layers. To ensure the interaction
region prediction branch learns features that correspond to the
interaction action, hp is constrained to be close to the video
feature hv , and hn is constrained to be different from hv . This
is achieved through margin loss:

lossp = max(0, ‖hv − hp‖2 − ‖hv − hn‖2 +margin) (3)

margin is a hyperparameter.
Considering that the interaction regions can vary depending

on the objects involved, we also classify the objects partici-
pating in the interaction. This is done by using hp as input
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Fig. 4: The framework of IRMT-Net, including three branches, from bottom to top are video action classification (green arrows
and modules), interaction region prediction (blue arrows and modules) and trajectory generation (purple arrows and modules)
branches.

of Fc o (fully connected layer) to obtain yo for the positive
sample. yo represents the probability that the object belongs
to each object category. We use cross entropy to calculate the
object classification losso.

Backbone Projection Fc_p

Fc_v

Fc_o

object category gradient action category gradient

I po ph

Fig. 5: Regression of interaction regions, calculating the object
category gradient (blue dotted arrows) and the action category
gradient (green dotted arrows), back propagating the gradients,
summing the gradients and mapping the sum to the feature
map op.

The process of generating interaction region R is shown in
Fig. 5. The object image I is input to backbone to extract
static image feature op. Then, op is input to Projection and
Fc p to extract the interaction feature hp. hp is then input
to Fc o and Fc v to output yo for object category and yv
for action category. We calculate the gradients for yo and yv
respectively. Finally, we back-propagate the gradients (blue
and green dotted arrows in Fig. 5). The heatmap H (op) is
obtained by element-wise multiplication of the accumulated
gradients and op.

H (op) =
∑
k

ReLU

(
(
∂yv
∂okp

+
∂yo
∂okp

)� okp
)

(4)

k is the index of channels. “�” is element-wise multiplication.
Adjust heatmap H to the size of object image I to get the
interaction region R.

C. Motion trajectory generation

The input of this motion trajectory generation branch is one-
hot vector that describes motion category. The one-hot vector
is input to the Motion semantic embedding module to obtain
hc. hp is embedded into hm through Fc m layer. Then, we
combine hc and hm to get a joint feature:

htra = hc � hm (5)

htra is used to regress the coordinate values through Fc t
module which is composed of three fully connected layers.

The loss function of coordinates regression is:

losstra =
1

M

M∑
i=1

‖xi − x̂i‖2 + ‖yi − ŷi‖2 + ‖zi − ẑi‖2 (6)

M is the number of points in the trajectory. (x̂i, ŷi, ẑi) is the
coordinate of the ith point in the ground truth trajectory, and
(xi, yi, zi) is the predicted coordinate of the ith point in the
generated trajectory.

The total loss of IRMT-Net is:

lossall = λvlossv + λplossp + λolosso + λtralosstra (7)

λv , λp, λo and λtra are weight factors in loss function that
are manually specified. The parameters of the neural network
are optimized through backpropagation during training.

VI. EXPERIMENT

A. Experiment setup

Epic-kitchens-tra. The Epic-kitchens-tra is obtained by
incrementally labeling motion trajectory for videos in the Epic-
kitchens [4] dataset. The training set includes first-person
videos of kitchen activities, covering 20 action, 31 object
categories and 9236 interactive videos labeled with motion
trajectories. The static object images are cropped based on
bounding boxes from video frames before interaction occurs
in the video clip. The test set includes 517 object images and
517 corresponding motion trajectories. When evaluating the
interaction region prediction task, the data from Epic-kitchens-
tra and Epic-kitchens are equivalent.

Evaluation Metrics. We use KLD (Kullback-Leibler Diver-
gence) [28], SIM (similarity metric) [29] and AUC-J (AUC-
Judd) [30] to evaluate interaction region generation. KLD
measures difference between the prediction heatmap and the
ground truth heatmap, and a lower score is better. SIM
measures the similarity of two heatmaps and a higher score
is better. AUC-J evaluates the classification performance of
whether pixels allow interaction. RMS (root mean square)
error is used to measure the quality of trajectory generation,
and a lower score is better.

Implementation Details. IRMT-Net uses a pretrained
ResNet-50 [31] as backbone. The number of frames T is set
to 16 and the number of points M in the trajectory is set to 31.
The dimension of bt is n×n×d, where n = 28, d = 1024. The
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TABLE II: Results of interaction region prediction on Epic-
kitchens dataset. Bold results are ranked first, and italics are
ranked second. “grad. from v” means that only the action
category v is used to generate gradients during testing. “grad.
from v and c” means that both the action category v and object
category c are used to generate gradients during testing.

KLD ↓ SIM ↑ AUC-J ↑
Center bias 10.66 0.222 0.634

Egogaze [33] 2.241 0.273 0.614
Mlnet [34] 6.116 0.318 0.746

DeepgazeII [35] 1.352 0.394 0.751
Salgan [36] 1.508 0.395 0.774
Hotspot [4] 1.258 0.404 0.785

HAG-Net [5] 1.209 0.414 0.801
IRMT-Net (grad. from v) 1.219 0.419 0.790

IRMT-Net (grad. from v and c) 1.172 0.424 0.814
Img2heatmap [4] 1.400 0.359 0.794

weight factors in lossall function are: λv=λp=λo=1, λtra=10.
The margin in lossp is set to 2. The batch size is 64 and
learning rate is 0.0001. The Adam [32] is used to optimize
the model parameters.

B. Interaction region prediction

IRMT-Net learns interaction region in a weakly supervised
manner. We compared IRMT-Net with one naive (Center
bias) method, four saliency detection methods, two weakly
supervised interaction region prediction methods (Hotspot,
HAG-Net) and one supervised method (Img2heatmap). All
methods are briefly described as follows.

Center bias. This is a naive baseline method that generates
a Gaussian heatmap at the center of an image.

SALIENCY. A kind of methods aim to detect the most
saliency regions in an image, including Egogaze [33], Ml-
net [34], DeepgazeII [35] and Salgan [36].

Hotspot [4]. A weakly supervised method that uses video
action labels during training.

HAG-Net [5]. This method uses the position and action of
the hand in interaction videos as aided information for object
interaction region prediction.

IRMT-Net. IRMT-Net (grad. from v and c) uses action
and object labels to generate gradients during testing. To be
fair and consistent with Hotspot and HAG-Net, which only
use action labels in the test phase, we test the performance
when only using action labels to generate gradients, named
IRMT-Net (grad. from v). IRMT-Net (grad. from v) removes
∂yo
∂okp

when calculating H through equation (4).
Img2heatmap [4]. This is a simplified version of DE-

MO2VEC [3] that lacks video context during training.
The results are shown in Table II, IRMT-Net (grad. from v

and c) achieves state-of-the-art result. It proves that the object
class constraint is beneficial for predicting the interaction
region. Fig. 6 shows the interaction regions generated by
different methods. The interaction regions corresponding to
five action classes are listed. Compared with other methods,
the interaction regions predicted by IRMT-Net are closer to
the ground truth. IRMT-Net (grad. from v and c) predicts

TABLE III: Average RMS error of generated trajectory on
Epic-kitchens-tra test set, RMSt is RMS error on trajectory
level and RMSp is RMS error on point level. ResNet + LSTM
means to use ResNet to extract visual features of object and
predict motion trajectory through LSTM.

Avg. RMSt (cm) Avg.RMSp (cm)
ResNet + LSTM 63.86 2.06

IRMT-Net 62.62 2.02

more accurately due to considering the relationship between
interaction region and object category.

close peel put take wash

Ground truth

IRMT-Net

(grad. from v and c)

IRMT-Net
(grad. from v)

Hotspot [4]

Image2heatmap [4]

Salgan [36]

Fig. 6: Interaction regions on object images for five action
classes, the prediction of IRMT-Net (grad. from v and c) is
closer to ground truth than the other methods.

C. Motion trajectory prediction

To evaluate the performance of the model on the motion
trajectory generation, we compute RMS error of trajectory
level (RMSt) and point level (RMSp):

RMSt =

M∑
i=1

√
(xi − x̂i)2 + (yi − ŷi)2 + (zi − ẑi)2 (8)

RMSp =
1

M
RMSt (9)

M is the number of points in the trajectory. (x̂i, ŷi, ẑi) is the
coordinate of the ith point in the ground truth, and (xi, yi, zi)
is the predicted coordinate of the ith point in the generated
trajectory. As shown in Table III, we calculate the average
RMS error to show the performance of trajectory generation.
We compare IRMT-Net with LSTM which is commonly used
to process sequence data [4]. To ensure fairness, the input
of LSTM is the fusion of the object visual features extracted
by ResNet and the motion category. The average RMSp and
average RMSt of IRMT-Net are 2.02 cm and 62.62 cm,
which are 0.04 cm and 1.24 cm lower than ResNet + LSTM.
We compare the trajectories generated by ResNet+LSTM and
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TABLE V: Average RMSp of IRMT-Net for each motion category on Epic-kitchens-tra test set.

motion pull open revolute open lift open rotate open push close revolute close press close rotate close take put throw turn-off turn-on
Avg. RMSp (cm) 1.20 1.70 2.57 1.48 0.89 1.87 2.07 1.76 2.86 1.53 1.02 1.53 2.67

motion turn cut wash dry mix adjust empty pour shake peel scoop move remove
Avg. RMSp (cm) 2.52 1.42 1.75 1.25 2.57 2.53 4.60 4.00 6.10 2.11 2.40 1.02 1.92

TABLE IV: Average completion rate of “lift open” in a real
environment. Two different distances (60 cm and 80 cm ) from
the robot to the object are set. We performed 10 times at each
distance and recorded the number of successful attempts.

lift open Avg. task
completion rate (%)60 cm 80 cm

ResNet + LSTM 6/10 6/10 60.0
IRMT-Net 8/10 8/10 80.0

IRMT-Net methods in real-world scenarios to evaluate their
performance in guiding interactions. To ensure fair compari-
son, we use the interaction regions (i.e., the starting points of
interactions) generated by IRMT-Net. As shown in Table IV,
we conduct experiments for the “lift open” motion at distances
of 60 cm and 80 cm from the object, each with 10 trials. The
completion rate of ResNet + LSTM is 60.0%, while IRMT-Net
achieves a completion rate of 80.0%, indicating that IRMT-
Net generates trajectories with better guiding performance.
Relevant experimental videos are available online2.

To evaluate the performance of trajectory generation in
detail, we calculated the average RMSp for each motion
category, as shown in Table V, most of the motion trajectories
are generated well. We visualize the predicted trajectories in
Fig. 7. The red curve represents the ground truth, and the blue
curve represents the prediction. It can be seen that the motion
trajectory generated by IRMT-Net differs little from the ground
truth.

predictionstart point

pull open revolute open mix shaketake

ground truth

Fig. 7: Visualization of five motion trajectories predicted by
IRMT-Net.

D. Ablation study

We studied the impact of different designs of IRMT-Net
on interaction region prediction, including the video action
classification branch, margin loss, object classification loss
during the training stage, and back propagation of object cate-
gory gradient during the test stage. The corresponding ablation
results are shown in Table VI. During testing, comparing
with only using action category gradient (grad. from v), using
object class gradient (grad. from v and c) always improves
performance. However, when only utilizing action category

2https://drive.google.com/drive/folders/1iSHHwJg-DCOrlaqr0QQ0b0iwD-
2v8q6B?usp=sharing

TABLE VI: Ablation study. Influence of the video action
classification branch, margin loss, object classification loss
and object class gradient on the performance of interaction
region prediction. “grad. from v and c” means that both the
action category v and object category c are used to generate
gradient during testing. “grad. from v” means that only the
action category v is used to generate gradient during testing.

Video action
classification branch Margin loss

Object
classification loss KLD ↓ SIM ↑ AUC-J ↑

grad.
from v and c

8 4 4 1.185 0.422 0.813
4 8 4 1.182 0.420 0.819
4 4 4 1.172 0.424 0.814

grad.
from v

8 4 4 1.233 0.412 0.790
4 8 4 1.251 0.404 0.788
4 4 8 1.217 0.417 0.794
4 4 4 1.219 0.419 0.790

TABLE VII: Average task completion rate of interaction in real
environment. For each motion, two different distances from the
robot to the object are set, four cases with different number
of points in the interaction are set. For each combination of
settings, each motion is tested three times.

Distance Motion Object
Number of points
in the interaction

Avg. task
completion rate(%)

32 16 8 4

60 cm

pull open drawer 2/3 3/3 3/3 3/3 91.7
revolute open cupboard 2/3 2/3 2/3 3/3 75.0

push close drawer 2/3 3/3 3/3 3/3 91.7
revolute close cupboard 3/3 3/3 3/3 3/3 100.0

take cup 2/3 2/3 3/3 3/3 83.3
mix bowl 3/3 3/3 3/3 3/3 100.0

shake bottle 3/3 3/3 3/3 0/3 75.0

80 cm

pull open drawer 2/3 3/3 3/3 3/3 91.7
revolute open cupboard 2/3 2/3 3/3 3/3 83.3

push close drawer 2/3 3/3 3/3 2/3 83.3
revolute close cupboard 3/3 3/3 3/3 3/3 100.0

take cup 3/3 3/3 3/3 3/3 100.0
mix bowl 3/3 3/3 3/3 3/3 100.0

shake bottle 3/3 3/3 3/3 0/3 75.0

gradient, as shown in the bottom two rows of Table VI,
the object classification loss during the training stage has
insignificant impact. When the gradient during the testing
phase is fixed, both video action classification branch and
margin loss have a positive impact. This is because the former
extracts features of the object in interactive state, while the
later makes the features of the object participating in the
interaction more discriminative.

E. Experiments of IRMT-Net in actual situation

To evaluate the performance of IRMT-Net for guiding robot
interaction in real-world scenarios, we conducted tests on
7 representative motions, as shown in Table VII. The “pull
open/close” and “revolute open/close” motions both corre-
spond to the action class “open/close”, but when the categories
of interactive objects are different, the corresponding motion
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Fig. 8: Interaction with objects in real environments, IRMT-
Net predicts the interaction region and motion trajectory to
support the interaction of robots.

trajectories may be completely different. The “take” is a high-
frequency operation that occurs after grasping an object, and
the trajectories of “shake” and “mix” are more complex than
other motions.

To test the robustness of the generated trajectories, we
set two different distances from the robot to the object, 60
cm and 80 cm. Considering the different complexities of
each type of motion, we also evaluate the impact on the
successful rate when the number of points in the motion is
different. The trajectory generated by IRMT-Net contains 31
points, combined with the starting point, it forms a complete
interaction with 32 points. The starting point of the interaction
is generated based on the interaction region. For the interaction
region, the minimum enclosing bounding box is computed
first, then the center of the bounding box is used as the starting
point. For the interaction consisting of 16, 8 and 4 points, the
points are uniformly sampled from 32 points.

The test process is repeated 3 times for each motion setting,
and the number of successful interactions is recorded. For
these types of motions, the manipulator pose needs to be
preset. For example, when the gripper grasps the handle, the
pose of the gripper is first set to be horizontal. The “revolute
open cupboard” or “pull open drawer” interaction require that
the corresponding objects have handles for grasping, while the
“shake bottle” interaction requires the robot to grasp the bottle
first.

The robot captures images through an Intel Realsense RGB-
D camera mounted on it, and a pre-trained faster-RCNN [37]
detector is used to detect objects to reduce background
interference. The cropped image is obtained based on the
bounding box with the highest detection score. To ensure the
entire object is included in the cropped image, we crop a
square area with the long edge of the bounding box as the

length of the square’s edge. Table VII shows that IRMT-Net
achieves an average task completion rate of over 75% for
the 7 motion categories, indicating that IRMT-Net is robust.
Additionally, the success rate of interaction is affected by
the number of points in the trajectory. For example, when
there are only 4 points in the “shake bottle” interaction, the
complete up and down shaking motion cannot be performed
normally. Fig. 8 shows the interaction region, motion trajectory
predicted by IRMT-Net and the actual interaction scenarios.
More interaction videos are provided online3.

  

open drawer”

“take bottle”

interaction  

region 

 beginning of 

interaction

object 

detection

motion

trajectory

ending of 

interaction

“pull    

Fig. 9: There are two objects, drawer and bottle. The t-
wo objects are detected, and then the interaction regions
and trajectories are predicted through IRMT-Net according
to different interaction commands. The robot completes the
interaction based on the predicted information.

IRMT-Net is designed to predict the interaction region and
motion trajectory for the case of interacting with a single
object. When there are multiple objects in the environment,
such as the scene depicted in Fig. 9, which contains two
objects, we use a pre-trained faster-RCNN [37] to detect
objects in the image, and crop them out. Using IRMT-Net, the
robot can predict the interaction region and motion trajectory
for each object according to the interaction command. Then
the robot can choose to interact with a specific object or
sequentially interact with objects in the scene.

VII. CONCLUSION AND DISCUSSION

This paper introduces IRMT-Net, a method for predicting
interaction regions and motion trajectories to support automat-
ic robot interaction. We also incrementally annotate the Epic-
kitchens dataset and name it as Epic-kitchens-tra to provide
supervised information for trajectory generation. IRMT-Net
achieves state-of-the-art results for interaction region predic-
tion on Epic-kitchens dataset and generates reasonable motion
trajectories for realistic situations.

However, IRMT-Net has limitations in supporting uncom-
mon objects. For example, the “revolute open cupboard” can
only apply to the case that the rotating axis is vertical.
Additionally, interactions that rely heavily on the rotation of
mechanical claws, like “unscrewing” or “turning on the gas
hob knob”, are not well supported. Moreover, for different
actions, we manually set the manipulator poses, which is not
optimal. Automatic prediction of manipulator poses according
to interactions is a future research direction.

3https://drive.google.com/drive/folders/1iSHHwJg-DCOrlaqr0QQ0b0iwD-
2v8q6B?usp=sharing
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