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Abstract—Video visual relation detection is a novel research
problem that aims to detect instances of visual relations of interest
in a video. In this paper, we propose a performance improvement
method of the video visual relation detection with multi-modal
feature fusion. First, we introduce a spatial feature extraction
method that is designed to include the relative positions of
objects itself and between objects in the image. Next, we suggest
a relationship classifier that is designed to accommodate the
complexity of the input features. Our proposed method achieves
6.65 mAP, and ranked the 2nd place in the visual relation
detection task of Video Relation Understanding Challenge (VRU),
the ACM Multimedia 2020.

Index Terms—component, formatting, style, styling, insert

I. INTRODUCTION

In recent years, deep learning technologies have achieved
great success in computer vision tasks, such as object classifi-
cation, detection, attribute detection, and segmentation [1]–
[5]. These computer vision researches have improved the
performance in various tasks of image understanding. How-
ever, high-level image understanding tasks such as image
captioning, scene graph, visual question answering, image
retrieval, and other related works remain open-challenging
tasks [6]–[9]. As a mid-level learning task, visual relationship
detection (VRD) can provide rich information for high-level
image understanding tasks. A VRD is generally defined as
a pair of objects localized by bounding-boxes together with
a predicate to connect them. It aims to construct a holistic
representation by identifying triplets in the form (subject,
predicate, object). Comparing with VRD on static image, video
visual relation detection (VidVRD) is much more practical and
challenging than VRD. Firstly, dynamic interactions between
objects can only be observed in videos. Secondly, there is a
high variability of interactions between two specific objects in
a video which causes another challenging problem. Therefore,

if VRD methods used in the static image are applied to video,
it is difficult to achieve high performance.

Fig. 1. Several examples of the VidOR dataset. Each object is spatio-
temporally annotated, and the relation instances between each pair of objects
are annotated in the videos.

To tackle these problems, several researches have been re-
cently proposed. Their natural VidVRD’s method is to generate
features of dynamic and time-varying relationships between
entities. On the other side, new challenges such as The ACM
Multimedia 2019 VRU Challenge with Video Object Relation
(VidOR) dataset [10], is designed to encourage this research.
Figure 1 shows several examples of VidOR dataset, which
contain 80 categories of objects annotated with a bounding-
box trajectory to indicate their spatio-temporal location in
the videos and 50 categories of relation predicates annotated
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Fig. 2. The overview of our proposed model. The circles with different colors represent different predicates in the relation prediction results.

among all pairs of annotated objects with starting and ending
frame index. The ACM Multimedia 2019 VRU Challenge
winner proposed a multi-modal feature fusion method for
VidVRD [11]. However, the winner’s method still leaves room
for performance improvements by modifying multi-modal
feature extraction and relations prediction classification. In
this paper, we propose a performance improvement method of
video visual relation detection via multi-modal feature fusion.

II. RELATED WORK

In recent years, many previous works have been studied the
problem of the visual relationship prediction. We present the
related work of video visual relation detection (VidVRD) as
well as video object detection (VID).

A. Video Object Detection

VID is the task of detecting objects from a video as op-
posed to images. When image-based object detection methods
applied to the video data, they can cause more miss detections
because the appearance of objects becomes often blurred or
even occluded in frames. After introducing the ImageNet
video object detection challenge (ImageNet VID) [12], many
object detection research efforts have been extended to video
object detection. Many works utilized the idea of feature
aggregation to enhance per-frame features by aggregating
nearby frames’ features. Specifically, Flow-Guided Feature
Aggregation (FGFA) [13] utilizes an optical flow network
from FlowNet [14], [15] for estimating the pixel-level motions
on feature maps of adjacent frames for feature aggregation.
Another solution to video object detection is to explore map-
ping strategies to link the static image detection results of the
same object identity into a bounding-box trajectory. Seq-NMS
[16] proposes a post-processing heuristic method consisting of
three steps: sequence selection, re-scoring, and suppression.
Through this method, the overall score was improved by

correcting the score of weaker detection. Detect and Track
(D&T) [17] generates a tracking formulation given two (or
more) frames as input into R-FCN [18] to perform object
detection and across-frame track regression. There is also
proposed a method [19] to calibrate object feature at the
box level to improve video object detection with an extended
version of FGFA.

B. Visual Relation Detection

VRD aims to identify groups of objects and their relation-
ships in an images in the form of (subject, predicate, object).
Specifically, this task is to detect all objects presented in the
image and predict all possible visual relationships between
two of the detected objects. In the past few years, several
approaches have been proposed to recognize the relationship
from the static images. These approaches have been also
applied to VidVRD without substantial modification. However,
comparing with VRD in the static image, VidVRD is not only
practical but also challenging than VRD, as mentioned in the
introduction section. Several well-designed models have been
proposed to solve this problem. Shang et al. [20] proposed the
first VidVRD framework to temporarily localize and recognize
dynamic relationships. they also contributed the first VidVRD
dataset which contains rich labeled relations. Tsai et al. [21]
proposed a fully-connected spatial-temporal graph constructed
for each video and graph convolutional network formulated
feature interaction. They proposed constructing a graph similar
to the above in a subsequent study but using conditional
random fields to take advantage of the statistical dependencies
between objects. Sun et al. [11] proposed a video relation
model with multi-modal feature fusion and achieved state-of-
the-art performance on VidOR dataset in ACM Multimedia
2019 VRU Challenge.
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TABLE I
PROPOSED SPATIAL FEATURE CALCULATION

Index f1 f2 f3 f4 f5 f6

Feature xmin+xmax
2

ymin+ymax
2

xmax − xmin ymax − ymin
(xmin+xmax)∗imgw

2
(ymin+ymax)∗imgh

2
Index f7 f8 f9 f10 f11 f12

Feature (xmax − xmin) ∗ imgw (ymax − ymin) ∗ imgh
x′
min+x′

max
2

y′
min+y′

max
2

x′max − x′min y′max − y′min
Index f13 f14 f15 f16 f17 f18

Feature (x′
min+x′

max)∗imgw
2

(y′
min+y′

max)∗imgh
2

(x′max − x′min) ∗ imgw (y′max − y′min) ∗ imgh log h
h′ log h∗w

h′∗w′

III. THE PROPOSED APPROACH

In the following section, we describe our strategy which is
to modify spatial feature extraction and insert skip-connection
into FC-layers to improve accuracy for the relation prediction.
At first, we describe the proposed spatial feature extraction
method in section 3.1. Then, we present the insertion of the
proposed skip-connection embedded FC-Layers in section 3.2.

A. Relation Instance Generation

The proposed method is based on a framework which is
described in Sun et al. [11] and Shang et al. [20]. It consists
of three steps: decomposing one video into segments, predicate
recognition on segments and merging relationship predictions
in neighboring segments through a greedy association algo-
rithm. We also used pre-computed bounding box trajectories
that provided by VRU challenge organizers. We proposed
the spatial-temporal feature extraction method that extracts
relative location feature and motion feature. We defined the
object relative location feature as fRl = [f1, f2, ..., f18].
It is calculated as shown in table 1, where (x,y,w,h) and
(x’,y’,w’,h’) are the bounding box coordinates of subject and
object, respectively. (imgw, imgh) is the height and width of
the input image. Motion features are defined as follows:

fMot = feRl − fsRl (1)

This feature extracts various locations over time between the
subject and the object, where feRl and fsRl are our proposed
spatial features extracted from the end and start frames of
the candidated segment, respectively. Finally, spatial-temporal
features (fST ) are generated by concatenating the features
computed above feRl, f

s
Rl, and fMot. We use a pre-trained

word2vec model [22], [23] to extract feature fLan for encod-
ing subject/object categories. It was trained on GoogleNews
dataset.

B. Relationship Classification Model

After we generated fST and fLan, the features are fed into
our two independent classification models which are trained
separately. Our model is designed to increase the complexity
of the Multi-Layer-Perceptron(MLP) because it is difficult to
accommodate the complexity of the input features with a
simple MLP model. To this end, we adapted the number of
nodes in the MLP and introduced a skip-connection method.

Fig. 3. Proposed relation prediction classifier.

IV. EXPERIMENTS

A. Dataset and Training Details

The VidOR dataset consists of 7,000 videos for train, 835
videos for validation and 2,165 videos for test. 80 categories
of objects are annotated with bounding-box trajectory to
indicate their spatio-temporal location in the videos; and 50
categories of relation predicates are annotated among all pairs
of annotated objects with starting and ending frame index. Our
proposed model was trained with Stochastic Gradient Descent
(SGD) optimizer, where batch size is 32, momentum is 0.9,
weight decay is 0.1, and on NVIDIA GeForce GTX TITAN
XP GPU with 12GB memory. The learning rate is set to 0.01,
and reduces from 0.01 to 0.0001 for each 10 epochs. The
experiments were done with cuDNN v7.5 and CUDA 10.1. for
the test , we linearly combine the two prediction confidences
of classifiers as follows:

P (cp | fST , fLan) = λP (cp | fST )+(1−λ)P (cp | fLan) (2)

where cp denotes prdicate category, λ is set to 0.3.

B. Evaluation Metrics

VRU Challenge adopts Average Precision (AP) to evaluate
the detection performance per video and finally calculate
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TABLE II
COMPARISON BETWEEN OUR PROPOSED METHOD AND THE TOP-PERFORMING OF THE VRU’19 CHALLENGE ON VIDOR VALIDATION-SET

Method Tagging precision@1 Tagging precision@5 Tagging precision@10 Recall@50 Recall@100 mAP
Re-produced top-1 solution

in VRU’19 challenge 50.48 39.91 32.44 6.69 8.71 6.02

Pre-computed feature +
ours model 52.16 40.35 33.03 6.97 9.08 6.50

Ours feature +
model w.o skip-connection 52.52 40.18 32.95 6.99 9.12 6.56

Ours 51.68 40.04 33.01 7.01 9.14 6.60

TABLE III
FINAL RESULTS ON VIDOR TESTSET

Method Tagging precision@1 Tagging precision@5 Recall@50 Recall@100 mAP
Ours 52.69 42.19 7.16 9.36 6.65

the mean AP (mAP) over all testing videos as the ranking
score. To match a predicted relation instance (< s, p, o >p

, (τps , τ
p
o )) to a ground truth (< s, p, o >g, (τgs , τ

g
o )), the

requirements should be satisfied as follows: (1) their relation
triplets are exactly same, i.e. < s, p, o >p=< s, p, o >g .
(2) vIoU(τps , τ

g
s ) ≥ 0.5 and vIoU(τpo , τ

g
o ) ≥ 0.5, where

vIoU refers to the volume intersection over union [24]. (3) the
minimum overlap of the subject trajectory pair and the object
trajectory pair ovpg = min(vIoU(τps , τ

g
s ),vIoU(τpo , τ

g
o ) is

the maximum among those paired with the other unmatched
ground truths G, i.e. ovpg ≥ ovpg′(g′ ∈ G).

C. Results Analysis

Table 3 shows the final results on VidOR test-set. Our pro-
posed method achieves mAP of 6.65%, which is 0.34% higher
than the method of the winner in the VRU’19 challenge. We
also compared the performances using the VidOR validation
set as shown in Table 2 before submitting our final results.
The performance is improved when our proposed relationship
classification model is connected to the pre-computed features
of the VRU’19 challenge winner. Also, the performance of the
skip-connection method is slightly enhanced compared to the
case of no skip-connection. When both the proposed spatial
feature and relationship classification model were applied,
there was a better performance improvement than the last
year’s winning model in most evaluation metrics.

V. CONCLUSION

In this paper, we have proposed a spatial feature extraction
and relationship classifier for video visual relation detection in
the VidOR dataset. Specifically, the proposed spatial feature
extraction method is designed to include the relative position
of objects in the image and the relative position between
objects. In addition, the relationship classifier is designed to
accommodate the complexity of the input features. The exper-
iment results indicate that the proposed model outperforms the
last year’s winning model in the visual relation detection task
of VRU challenge. Our team (ETRI DGRC) ranked in the
2nd place of the visual relation detection task in the VRU’20
Challenge.
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