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Abstract

In this technical report, we discuss our 3rd place solu-
tion for the Visual Relationship track of Open Images 2019
competition. Specially, we demonstrate the effectiveness
of using two models - ‘Relationship Model‘ and ‘Attribute
Model‘ - to solve the task. In particular, for the ‘Relation-
ship Model‘, we have shown in our results that leveraging
on the high quality bounding boxes of individual objects,
a gradient boost based model can achieve very good per-
formance of predicting pairs of relations between objects
based on carefully designed geometric features extracted
from those individual boxes.

1. Introduction

In this VR track of the Open Image Challenge 2019 [2],
we are asked to detect pairs of objects and the relation-
ships that connect them. The training set contains 329 re-

lationship triplets with 375k training samples. These in-
clude both human-object relationships (e.g. ”woman play-
ing guitar”, ”man holding microphone”), object-object re-
lationships (e.g. ”beer on table”, ”dog inside car”), and
also considers object-attribute relationships (e.g.”handbag
is made of leather” and ”bench is wooden”).

2. Dataset

The dataset for VR track is a subset of 1.7 million images
provided for Object Detection track (57 out of 500 bound-
ing boxes in total), with additional ground truth labels for
Relationships and Attributes.

3. Methodology

Our solution largely consists of two models – a ‘Rela-
tionship’ model, and an ‘Attribute’ model. The final predic-
tion is simply a combination of both outputs, as both outputs
are non-overlapping.



3.1. Relationship Model

Our ‘Relationship’ model is based on the LightGBM
framework [5], which takes around 100 geometric features
extracted from pair of bounding boxes as its input. It then
gives the probability of such pair being in a particular rela-
tionship.

During inference, for each test image, we will collect
all predicted bounding boxes belonging to one of those 57
existing classes, and from those bounding boxes, we will
prepare the exclusive list of all possible ‘Relationship’ pairs.
Based on each pair of boxes, we will then run our algorithm
to extract around 100 geometric features. These features are
hand-crafted features which quantify the characteristics and
statistics of each pair. Some of the features are given below
as examples:

• Image aspect ratios

• angles

• areas

• box perimeters

• IOU of both boxes

• Absolute intersections

• Location of centers

The input bounding boxes we used are from our predic-
tions in Object Detection track [1], and we found out that
the quality of the Object Detection prediction directly af-
fects our performance on Visual Relationship LB score.

To prepare for training and validation data, we created
all possible pairs of bounding boxes for each relationship,
based on bounding boxes ground truth files provided in Vi-
sual Relationship track. This exclusive list of bounding box
pairs includes both positive (true relationship) and negative
(false relationship) data, which we can use for training.

For true relationship training data, we simply use
the provided Visual Relationship ground truth files,
namely challenge-2019-train-vrd.csv, challenge-2019-val-
vrd.csv and test-annotations-vrd.csv [3]. From these files,
we will get all the positive training and validation exam-
ples. We subtract those positive pairs from the exclusive list
of bounding box pairs to get negative pairs of training data.

3.2. Attribute Model

Attribute model is different from Relationship model in
the way that each prediction is based on a single bounding
box.

In total there are 42 different attribute labels, such as
Handbag is Textile, Ski is Wooden, etc. Our Attribute model
is a typical object detection models trained using only the
42 labeled bounding boxes as targets.

Figure 1. Attribute model illustration.

Figure 2. Example of ensembling two models’ bounding box pre-
dictions using WBF. The red boxes are predicted boxes from two
models, and the predicted probabilities are 0.5 for each; the green
box is the final ensembled box using our algorithm

Our overall solution architecture is shown in Figure 1
above. In total, it has four single models – two Reti-
naNet [6] with ResNet101 and ResNet152 backbones [4],
as well as two Faster RCNNs [7] – both using ResNet101
as backbones and with FPN, and one is Cascade x3 and an-
other is Cascade x9 with GroupNorm. The ensemble ap-
proach is using Weighted Box Fusion which will be dis-
cussed in the next Section.

3.3. Weighted Box Fusion

When ensembling bounding boxes, there will be many
overlapping boxes that have high IOU values (i.e. IOU
>0.5) with each other. These boxes are from different mod-
els whose information may be lost if the boxes are sim-
ply removed. Therefore, instead of directly removing those
boxes with lower probabilities like in algorithm of NMS, we
will weighted average the boxes based on their coordinates
and probabilities.

In our proposed WBF algorithm, for each class in each
image, we will first find all overlapping bounding boxes
with IOU larger than a pre-defined threshold. Second,



within those selected boxes, we will weighted average each
of the four coordinates across all boxes. The weighted aver-
aging is done based on each box’s prediction score. Figure
2 shows an example of using WBF to ensemble two boxes.

4. Conclusion
To get a high accuracy in Visual Relationship task you

need strong Object Detection model. Even a small improve-
ment in OD gives large step on LB. Also it’s better to sepa-
rate Attribute and Relationship models. Relationship model
is strongly depends on accuracy of OD boxes and geometric
relationships between them. We got more than 0.98 AUC on
validation for our LightGBM model to find correct relation-
ship.
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