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ABSTRACT
Video visual relation detection (VidVRD) aims at obtaining not only
the trajectories of objects but also the dynamic visual relations
between them. It provides abundant information for video understanding and can serve as a bridge between vision and language.
Compared with visual relation detection on image, VidVRD requires one more step at last called visual relation association which
associates relation segments across time dimension into video relations. This step plays an important role in the task but is less
studied. Nevertheless, visual relation association is a difficult task
as the association process is easily affected by inaccurate tracklet
detection and relation prediction in the former steps. In this paper,
we propose a novel relation association method called Multiple Hypothesis Association (MHA). It maintains multiple possible relation
hypothesis during the association process in order to tolerate and
handle the inaccurate or missing problem in the former steps and
generate more accurate video relations. Our experiments on the
benchmark datasets (Imagenet-VidVRD and VidOR) show that our
method outperforms the state-of-the-art methods.

Figure 1: Examples showing the challenges of visual relation
association. The first example (a) shows a scene that multiple relation segments with same triplet and similar tracklets
are detected in a video segment, which makes association
choices uncertain. The second example (b) shows the scene
that an exist relation segment is not detected in a video segment due to missing detection of tracklet or unprecise prediction, which interrupts the association.

CCS CONCEPTS
• Information systems → Information extraction; • Computing methodologies → Scene understanding; Activity recognition and understanding.

detection [2, 12, 22] etc., it is still difficult for the machine to understand video content in a fine-grained and structured level. To
tackle this issue, visual relation is one of the most important and
useful information that can help describe the dynamic interactions
between the objects in a video. With objects as nodes and visual
relations as edges connecting the nodes, video can be represented
as a spatio-temporal graph, which can help building the connection
between vision and language [4, 29, 32, 36]. Hence, understanding
the visual relations (i.e. visual relation detection) will benefit many
downstream video tasks and applications, such as visual question
answering and video captioning.
Unlike visual relation detection in image (ImgVRD) that has
been widely studied for years [5, 13, 15, 33–35], its counterpart
in video domain has just attracted researchers’ attention [16, 19,
23]. Video visual relation detection (VidVRD) requires to track the
objects and their pairwise relations in a video. Specifically, it aims
to detect all the relation triplets <subject, predicate, object> of
interest and spatio-temporally localize their corresponding subject
and object trajectories [19]. Compare to ImgVRD, VidVRD considers
the time dimension and thus leads to many extra challenges, such as
detecting relations of different duration and discriminating relation
instances in terms of events. For example, the relation, A hit B,
usually lasts for a short duration while the duration of the relation,
A speak to B, can vary from short to long. Meanwhile, the relations of
A speak to B happening in different time periods of a video shall also
be regarded as different instances, because their connections are
weak due to discontinuity and different contexts. This additionally
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INTRODUCTION

Although there has been much progress on entity level recognition
in videos, such as video object detection [6, 20, 24, 37] and action
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requires the model to robustly detect and associate corresponding
relations across the video frames.
To tackle the aforementioned problems, existing methods for
VidVRD mainly focus on the visual relation prediction model on
short video segments like the research on image, and use simple
greedy association algorithm to greedily connect the identical relation triplets in adjacent video segments that have high trajectory
overlap [19, 23]. However, such methods unavoidably produces
inaccurate prediction and missing detection because of their heavy
reliance on the performance of the prediction models. Though these
models can be improved over short video segments by considering spatio-temporal context [16, 25], they may still suffer from the
bias and noise in learning and modeling long-tail data distribution,
which is quite common in visual relations [9, 18]. Alternatively, we
take a different perspective by studying a more robust inference
algorithm through multiple hypotheses.
In fact, the multiple detected relation instances of same semantic
type can easily confuse the model to establish the correspondences.
For example, Figure 1(a) shows that multiple “person-ride-bicycle”
are detected in the third video segment, whose geometric positions
are close. As can be seen, it is very hard to decide the correspondences to the relations in the neighbouring videos segments under
this situation, and making decision immediately may lead to false
association results. Moreover, such situation may happen even more
frequently in practice because (1) multiple objects with the same
category commonly exist in the scene; (2) redundant object tracklets
are likely detected; and (3) false relationships can be easily predicted.
Therefore, we propose to use the idea of multiple hypotheses to
preserve all probable correspondences and wait for more information from latter segments. The idea can be illustrated by Figure 1(a)
where four connection hypotheses between the relations in the
second and third video segments can be made.
Specifically, we propose a novel association algorithm named
Multiple Hypothesis Association (MHA) which uses hypothesis
tree to model visual relations when performing association. In
other words, our MHA uses a tree structure to model the multiple
hypotheses about a video relation instance in video. Each node in
the tree represents a segment of the relation observed (detected) in a
short video segment. As MHA processes over the video segments in
sequence, the observed relation segments will be selectively added
to corresponding trees as leaf node to update or create hypotheses.
In the end, each path from a tree’s root node to a leaf node represents
a hypothesis about the complete relation instance.
MHA differs from greedy association method in the following
four aspects. First, during association, it maintains multiple relation hypotheses, i.e. paths in the tree, instead of only preserving
the optimal one. This tolerates the cases of inaccurate prediction
when some correct predictions get low scores, and delays the decision until more information obtained. Second, for more robust
association, the information in existing relation hypothesis will
be utilized, instead of only the short-term observations receiving
connection. Third, geometry information and prediction confidence
are both utilized for measuring the connecting affinity between
relations instead of using only the geometry information. Fourth,
MHA tolerates the missing relation detections of a complete relation and prevents it from interrupting the connection, as shown in
Figure 1(b). The contributions of this paper includes:

• We propose an effective video visual relation detection method
based on multi-hypothesis association.
• We achieve the state-of-the-art performance on the benchmark Imagenet-VidVRD dataset.
• We achieve competitive performance on the VidOR dataset
compared with the top-1 solution at VRU’19 grand challenge.

2

RELATED WORK

Video Visual Relation Detection. Compare to ImgVRD [5, 13,
15, 33–35], VidVRD has not received sufficient attention until the
recent due to its complexity and a lack of suitable dataset. [19] contributed ImageNet-VidVRD dataset which labels all relation triplets
in video as well as the trajectories of corresponding subject and
object and becomes the first dataset on video visual relation detection. They also proposed an effective three-stage detection method
including object tracklet proposal, relation prediction and greedy
relational association, which has become the most widely-used
pipeline in VidVRD. Based on the Imagenet-VidVRD dataset, more
works in this area have been done. [25] used conditional random
field to generate a gated spatio-temporal energy graph in order to
model the variation of relation triplets in video. The idea of multiple hypothesis is first applied to this task by [1] which generates
hypothesis for each object pair when performing association. [16]
built a spatio-temporal graph between adjacent video segments
and used multiple layers of graph convolutional networks to pass
messages between graph nodes. Besides, they proposed an online
association method with a siamese network and obtained the stateof-the-art results by combining these two parts. [18] contributed
a large-scale VidOR dataset for VidVRD. On this dataset, [23] utilized language context feature along with spatial-temporal feature
for predicate prediction and won the first place at VRU’19 (Video
Relation Understanding 2019) grand challenge.
Existing methods seldom concern about the third stage, i.e. relational association, which has the greatest difference between
relation detection on video and image. The association method
in [1] cannot satisfactorily handle various different predicates between each object pair while the siamese network in [16] only adds
an appearance similarity score to the original greedy association
method but suffers from extra complexity in the training process. In
this paper, we differ from the framework of greedy association and
propose a brand new effective association method which requires
no training process.
Multiple Hypothesis. Multiple hypothesis has become an important idea in recent years and has been found to be useful for
many different visual tasks. [7] constructed hypothesis trees to
maintain multiple potential object detections at each frame for online object tracking. From another angle on the same task, [10]
adopted multiple component trackers using different features to
track multiple trajectory hypothesis for further comparison and
selection. On the task of keypoint matching, [3] estimated multiplehypothesis affine regions for each key point in an image in order
to avoid the negative affection from the initial point and improve
repeatability. [17] modified traditional single-prediction model to
make multiple hypothesis predictions on four different tasks including human pose estimation, future prediction, image classification
and segmentation in order to deal with the prediction uncertainty
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Figure 2: An overview of our MHA method. The relation hypothesis trees generated by observations in the former video segments are updated with new observations in the current video segment during each iteration. The results after each iteration
will act as “former hypothesis trees” in next iteration. 𝑂𝑖 𝑗 represents the j-th relation segment observed in video segment 𝑆𝑖 .
Dummy nodes are illustrated with green color. In the hypothesis trees at the right-most part, the optimal path of each tree is
denoted by bold line while the paths being pruned are denoted by dotted lines.
and ambiguity. On the task of 3D human pose estimation from a
single RGB image, [11] generated multiple feasible hypotheses of
3D pose from 2D joints to alleviate the problems resulting from
depth ambiguity and occluded joints. Following [7], [31] built up
proposal propagation tree to maintain multiple object proposal hypotheses for each object in time steps to perform data association
globally in semi-supervised video object segmentation task.
Though the above methods are various and used in different
tasks, they share the similar idea to maintain multiple hypothesis of
an uncertain result when suffering from different types of ambiguity.
Instead of making an early decision, this way of process delays it
until more information arrives that allows the model to make better
comparison and choices at a global scale. In this paper, we utilize
the same idea on the VidVRD task.
Multi-Object Tracking. Multi-object tracking (MOT) is a famous task with the purpose of tracking multiple different objects in
the video simultaneously. Recent methods are mostly based on the
tracking-by-detection paradigm, which firstly detect the objects
on each frame before associating them together across the video.
In this pipeline, detection association is one of the most important parts and has attached much attention from researchers. [7]
applied the classical multiple hypothesis tracking algorithm for association, based on which, [8] added the bilinear LSTM to improve
the learning of long-term appearance information. [28] generated
special non-uniform hypergraphs to model and associate detections on each frame. [30] proposed the spatial-temporal relation
network in order to encode various cues across different domains
simultaneously and generate better similarity scores.
MOT and VidVRD both require a similar association process.
Relational association in VidVRD can be seen as “multi-relation
tracking” in a way. That is why we can learn from MOT during our
research. In this paper, we apply the multiple hypothesis tracking
algorithm as a framework for relation association which shows
satisfying performance.

3

between two adjacent segments, denoted as 𝑉 = {𝑆 1, 𝑆 2, . . . , 𝑆𝑘 }
where 𝑆𝑖 are sorted by time. For each video segment, the detected
relation segments are denoted as 𝑆𝑖 = {𝑂𝑖1, 𝑂𝑖2, . . . , 𝑂𝑖𝑁𝑖 }. 𝑂𝑖 𝑗
(1 ≤ 𝑖 ≤ 𝑘, 1 ≤ 𝑗 ≤ 𝑁𝑖 ) represents a relation segment observed in
video segment 𝑆𝑖 and 𝑁𝑖 is the total number of observations in 𝑆𝑖 .
Figure 2 shows the framework of the proposed Multiple Hypothesis Association (MHA) method which builds a dynamically-growing
hypothesis tree for each probable video relation. As shown in the
figure, each node in tree represents an observed relation segment
𝑂𝑖 𝑗 and the nodes in the same level come from the same video segment 𝑆𝑖 . The information in each node 𝑂𝑖 𝑗 includes their relation
triplets, tracklets (subject and object), and prediction confidence
scores (subject, predicate and object). The path of a tree from its root
to a leaf node means a possible constitution of the corresponding
relation, i.e. a hypothesis. During MHA process, video segments are
operated by turns. In each iteration, the hypothesis trees built from
the former video segments are updated with all new observations in
the current video segment by gating, scoring and pruning process.

3.1

Gating

After new relation segments are detected (observed), they should
first be connected to some existing hypothesis trees which are constituted by the observations in the former video segments. The
process of judging the connection condition and selecting the eligible observations for each leaf on each hypothesis tree is called
gating. Here we need to measure the connecting affinity between
the new observations and each leaf node of the hypothesis trees in
order to perform gating.
𝑠𝑐𝑜𝑛,𝑠 = 𝛼 ∗ 𝑣𝐼𝑜𝑈𝑠 + 𝛽 ∗ 𝑠𝑠

(1)

𝑠𝑐𝑜𝑛,𝑜 = 𝛼 ∗ 𝑣𝐼𝑜𝑈𝑜 + 𝛽 ∗ 𝑠𝑜
(2)
Eq.1 and Eq.2 are used to compute the connecting scores of subject
and object separately, which are served as the connecting affinity
measurements. vIoU calculates the total IoU in concurrent frames
of two trajectories. In the equations, 𝑣𝐼𝑜𝑈𝑠 and 𝑣𝐼𝑜𝑈𝑜 denote the
vIoU between the observation and leaf node of the subject and
object tracklet respectively, where 𝑠𝑠 and 𝑠𝑜 represents the confidence score of the subject and object of observation, and 𝛼 and

MULTIPLE HYPOTHESIS ASSOCIATION

For relatively precise relation segment detection, videos are usually
split into segments of 30 frames and with 15 frames of overlap
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𝛽 are hyper-parameters. vIoU provides the geometry information
and confidence score provides the prediction confidence. By combining them together, the connecting score becomes more robust
by considering the inaccuracy of trajectory detection and object
prediction. It is noteworthy that the connecting score does not contain the confidence score of predicate because of the relatively low
accuracy of predicate prediction. By setting less strict connecting
condition for predicate here, the observations with low predicate
prediction score can also be successfully connected.
During actual processing, if a leaf node’s relation triplet is the
same as an observation’s and the two connecting scores between
them are both higher than the threshold, a new node will be built
according to this observation and connected to this leaf node. After
the whole gating process, the observations remained isolated will
be the root of a new tree. On the other hand, when a leaf node
receives no connection in an iteration, which means a missing
detection may have happened, a dummy node containing the same
information as this leaf node will be connected to it as its child and
become the new leaf node, as the green node shown in Figure 2.

3.2

Since the branches formed in recent video segments lack information from the latter part of video, we are not able to affirm their
reliability or make choices among them. Thus, we can only prune
the branches that appeared N video segments ago. Such process is
called N-scan pruning.
However, there may be different nodes in each tree or among
different trees that come from the same observation, which may
lead to conflict when selecting optimal path. Hence, it should be
done globally instead of inside a tree, which is called global hypothesis formation. Specifically, it should be done among all the trees
before the actual pruning to select the globally-optimal path (hypothesis) for each tree at present, with which we know the chosen
preserved branch. Global hypothesis formation can be formulated
as the following optimization problem:
max

s.t.

𝑁1
Õ

for

𝑠𝑝𝑎𝑡ℎ = 𝐴𝑉 𝐺 (𝑠𝑟𝑒𝑙 )

···

𝑗𝑘 =0

𝑠𝑂 1𝑗1 𝑂 2𝑗2 ···𝑂𝑘 𝑗 𝑧𝑂 1𝑗1 𝑂 2𝑗2 ···𝑂𝑘 𝑗

𝑁Õ
𝑢−1 𝑁
𝑢+1
Õ

···

𝑁𝑘
Õ

𝑘

𝑧𝑂 1𝑗1 𝑂 2𝑗2 ···𝑂𝑘 𝑗 = 1

(5)

𝑘

𝑗1 =0

𝑠𝑐𝑜𝑛,𝑠 + 𝑠𝑐𝑜𝑛,𝑜 + 𝛾 ∗ 𝑠𝑝
2 +𝛾

𝑁𝑘
Õ

𝑘

𝑗1 =0 𝑗2 =0

Scoring

𝑠𝑟𝑒𝑙 =

···

𝑧

After gating, there may be multiple paths in each relation hypothesis
tree which represent multiple hypothesis about the corresponding
video relation up to the current video segment. In this section,
we design a path score in order to measure the reliability of each
hypothesis and for conveniently performing the subsequent steps.

𝑗𝑢−1 =0 𝑗𝑢+1 =0

𝑗𝑢 = 0, 1, 2, . . . , 𝑁𝑢

𝑗𝑘 =0

and 𝑢 = 1, 2, . . . , 𝑘

where 𝑠 denotes the score of the corresponding path, and 𝑧 is the
binary variable. When 𝑗𝑖 = 0, it means that this path does not
contain observation in video segment 𝑖.
Algorithm 1 Greedy Global Hypothesis Formation

(3)

Input: the set of tree: T; the set of all observations: O
Output: The leaf of the chosen optimal path for each tree: L =
{(tree: leaf node)}
InitiateList(Path_record)
Append all paths in all trees to Path_record
Descending sort Path_record according to path score
for each path in Path_record do
t ← the corresponding tree
obs ← the observations in path
if t in T and obs in O then
T←T-t
O ← O - obs
Append (t: the leaf node in path) to L
end if
end for
for each tree t in T do
Prune the conflict part of all paths (from conflict node to leaf
node)
Select the best path from remaining tree
Append (t: the leaf of the best path) to L
end for

(4)

According to Eq.3, each new node’s node score is the weighted
average of two connecting scores and predicate prediction score,
which contains the information of both connection affinity and
predicate similarity with former nodes. In the equation, 𝑠𝑝 denotes
the confidence score of predicate and 𝛾 is a hyper-parameter. Specially, we set the node score of the root to be its triplet confidence
score which equals to 𝑠𝑠 ∗ 𝑠𝑝 ∗ 𝑠𝑜 / 10 𝑓 for it has no former node
for computing connecting score. 𝑓 is a scale factor which is used to
make triplet confidence score have the same order of magnitude as
the node score computed by Eq.3.
Eq.4 defines the path score for each hypothesis using average.
In this way, it models the reliability of forming the corresponding hypothetical video relation, which considers both long-term
connecting fitness and detection confidence.

3.3

𝑁1 Õ
𝑁2
Õ

N-Scan Pruning

After the former steps in each iteration, we have a forest in which
each relation hypothesis tree has multiple paths representing multiple relation hypothesis. In order to ensure that our trees always
maintain multiple uncertain hypothesis of controllable size, we
need to prune some branches. Specifically, each iteration of the
connection can be regarded as a process of aggregating information
from a new video segment to all the hypothesis. When there is
sufficient information for judgement, a number of hypothesis with
lower reliability can be confirmed wrong and should be pruned.

Unlike [7] which modeled this as a Maximum Weighted Independent Set (MWIS) problem, we perform a greedy selection as
in Algorithm 1 to simplify global hypothesis formation in a more
reasonable way for our task. In VidVRD, multiple relation proposals
are predicted from each pair of object tracklets, which forms abundant observations. After using them to form multiple hypothesis
trees, the number of trees is usually larger than actual relation
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numbers in the video, which means only a part of trees can produce the correct video relation that we need. In order to select the
path in these trees, we should greedily select path with high score
which reflects high reliability. Imagining two trees both have a
path containing observation 𝑂, when considering all existing trees
for a global optimization like in Eq.5, 𝑂 may be allocated to a less
reliable path which results in the removal of a more reliable path.
But, greedy algorithm will select the more reliable path first.
Having the results of global hypothesis formation which are
shown as the bold lines in Figure 2, the pruning step can be done
easily. Here we set N to be 2. Non-optimal branches formed 2 video
segments ago which are shown as the dotted lines in Figure 2 will
be pruned in each tree. After this 2-scan pruning process, only the
last level in each tree have branches and each former levels will
have only one node.

3.4

appeared are human (adult, child, baby) which shows that VidOR
is more human-centric and complex than ImageNet-VidVRD.

4.2

Tasks and Evaluation Metrics

On both datasets, we evaluate our method on two standard tasks
as used in [19]: relation detection and relation tagging. Relation
detection requires the output of all the detected relation triplets
as well as the corresponding subject/object trajectories within the
video. During evaluation, a detected relation is considered correct
if it has the same relation triplet with a relation in the ground truth
and their trajectory vIoUs of the subject and object are both higher
than a threshold. Following [19], we set the threshold to be 0.5
and use mean Average Precision (mAP) as well as Recall@K (K=50,
100) for quantitative evaluation. Relation tagging removes the requirement for object localization and only focus on the precision
of relation triplet. The detected relation can be considered correct
if its relation triplet appears in the ground truth. For this task, we
use Precision@K (K=1, 5, 10) as evaluation metric, which also follows [19]. As mentioned in 4.1, a subset of ImageNet-VidVRD can
be used for zero-shot learning. We additionally evaluate the results
of this part of videos under the same tasks and metrics in order to
test the performance of our method in zero-shot setting.

Relation Generating

After MHA processes all the video segments, the final hypothesis
trees will be used to generate the final relation results. Using the
optimal hypothesis selected by global hypothesis formation, we
only have to convert them into video relations by connecting the
nodes (relation segments) in the selected path together into an
individual video relation.
Dummy nodes in the paths will be skipped when generating the
results. For two adjacent nodes in a path that has skipped dummy
nodes, if their trajectories have overlap, we can easily connect
them together by averaging their bounding boxes in overlapping
duration. Otherwise, if their trajectories have no overlap, which
means there are dummy nodes and missing detections between
them, we manually generate the missing trajectories using linear
interpolation. We use the path score in Eq.4 for evaluation since it
comprehensively measures the forming reliability of the hypothesis
about a video relation.

4.3

Compared Methods

ImageNet-VidVRD. We compare the performance of our method
with five existing methods: Shang’s [19], GSTEG [25], MHRA [1],
VRD-GCN [16], VRD-GCN+Siamese [16]. Among them, Shang’s,
GSTEG and VRD-GCN utilize the greedy algorithm to associate
relation segments into final results. Their difference lies in the
design of relation prediction model. By using the GCN module,
VRD-GCN achieves the best segment-level prediction results. The
other two methods both make progress towards relation association. MHRA uses a different multi-hypothesis relational association
method based on the prediction results of Shang’s. It generates the
hypothesis for each object pair instead of each probable relation
and thus it needs an additional step to split the hypothesis into
multiple relations. VRD-GCN+Siamese obtained the state-of-the-art
result by adopting the siamese network for association based on the
prediction results of VRD-GCN. In order to make fair comparison
among different association methods, we use the same detected
object trajectories and prediction models as the existing methods
(e.g. Shang’s, VRD-GCN) in detecting relation segments in video
segments. We then perform relation association using our MHA
and obtain the results of Shang’s+MHA and VRD-GCN+MHA.
VidOR. Since it is a newly-released dataset, there are not many
existing methods that can used for comparison. The state-of-theart method on the VidOR dataset is [23] which obtained the top-1
result at VRU’19 grand challenge [21]. The pipeline in [23] is not
exactly the same as the usual methods. Specially, it directly performs
multi-object tracking on the whole video in the first step to detect
the complete object trajectories and predicts relation segments in
the overlapping video segments between each object trajectory
pairs. It designs two models to handle spatial-temporal feature and
language feature respectively and combines their output together
for the segment-level relation detection. In the association step,
it performs association between each pair of objects instead of

4 EXPERIMENTS
4.1 Datasets
We evaluate our method on two datasets: the benchmark ImageNetVidVRD dataset [19] and the newly released VidOR dataset [18].
ImageNet-VidVRD is the first dataset for VidVRD, which consists
of 1,000 videos collected from ILSVRC2016-VID and is split into
800 training videos and 200 test videos. Covering 35 categories of
subject/objects and 132 categories of predicates in total, the videos
are densely annotated with relation triplets in the form of <subject,
predicate, object> as well as the subjects and objects’ corresponding
trajectories. Particularly, the test set contains 258 relation triplets
out of 1,011 that are unseen in the training set, which form a zeroshot set. VidOR, used by VRU’19 grand challenge [21], contains
10,000 videos and is split into 7,000 videos for training, 835 videos
for validation, and 2,165 videos for testing. Since the test set is not
release, we use validation set for testing in this paper. Comparing to
ImageNet-VidVRD, VidOR collects much longer videos. The average
video length in train/val set is 35.73 seconds and the longest video
lasts 180.01 seconds. The annotations are organized in a similar
way but covering 80 categories of subject/objects and 50 categories
of predicates. Among the videos, 56.34% of subject/object labels
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Table 1: Summarized implementation details of our experiments.
Dataset

Method

ImageNet-VidVRD
VidOR

Object tractklet proposal

Shang’s+MHA
VRD-GCN+MHA
VRU’19 Top-1+MHA

Faster-RCNN + Tracker (Dlib) + NMS
FGPA + Seq-NMS + KCF

performing association on the whole video. Similarly, in order to
do fair comparison, we adopt the detected object trajectories and
train a prediction model following [23] for relation prediction and
uses our MHA for relation association.

relation detection
mAP R@50 R@100

relation tagging
P@1
P@5 P@10

Shang’s [19]
GSTEG [25]
MHRA [1]
VRD-GCN [16]
VRD-GCN+Siamese [16]
Shang’s+MHA (Ours)
VRD-GCN+MHA (Ours)

8.58
9.52
13.27
14.23
16.26
15.71
19.03

43.00
51.50
41.00
59.50
57.50
40.00
57.50

5.54
7.05
6.82
7.43
8.07
7.40
9.53

6.37
7.67
7.39
8.75
9.33
8.58
10.38

28.90
39.50
28.70
40.50
41.00
26.70
41.40

20.80
28.23
20.95
27.85
28.50
18.25
29.45

Table 3: Evaluation for different methods on the ImageNetVidVRD dataset in zero-shot setting
Method

relation detection
mAP R@50 R@100

relation tagging
P@1 P@5 P@10

Shang’s [19]
GSTEG [25]
MHRA [1]
VRD-GCN [16]1
VRD-GCN+Siamese [16]
Shang’s+MHA (Ours)
VRD-GCN+MHA (Ours)

0.40
0.15
0.51
0.67
0.74
0.77
1.18

4.11
2.74
4.11
4.11
4.11
1.37
2.74

4.4

1.62
1.16
1.85
3.94
4.63
2.08
2.08

2.08
2.08
2.47
7.18
7.64
3.47
2.31

1.92
1.92
1.93
1.11
1.11
1.92
2.19

iDT & classeme & relativity feature
GCN feature
ST & Language feature

us for separate comparison. These two methods adopts the same
relation feature design which concatenates two object features and
a relativity feature for each tracklet pairs. Object feature is a concatenation of the improved dense trajectory (iDT) [27] feature and
the classeme feature [26] for each object, while the relativity feature computes the relative position, size and motion between two
two objects. Shang’s designs three simple predictors for subject,
predicate and object respectively, and trains them jointly using
paired tracklets that have overlap with ground truth by more than
0.5 in vIoU as training samples. Top 20 prediction results for each
pair and top 200 results in each video segment are reserved for
testing. The scale factor f in scoring step is set to be 1 because
the confidence score output of VidVRD is one order of magnitude
larger. As for VRD-GCN method, following [16], top 5 tracklets
in each video segment are kept and the object features of them in
three adjacent video segments are used as input for the 3 layers of
ST-GCN module. The resulting updated features are then fed into
a linear transformation layer to predict the object categories. The
combination of two objects’ updated feature and their relativity
feature is used to predict their predicate categories through another
linear transformation layer. The whole process is trained jointly
with the batch size of 5 and initial learning rate of 0.001. The scale
factor is set to 0.
VidOR. We adopt the object trajectories from the state-of-the-art
method [23]. We use 20 trajectories at most for relation prediction
after further filtering with a confidence threshold of 0.05. Different
from [23] which split the concurrent part of each pair of trajectories into segments with no overlap separately, we split the whole
video into segments with 30 frames in length and with 15 frames
of overlap between adjacent segments (the same strategy as on
ImageNet-VidVRD). We then split the concurrent part of trajectory
pairs aligning to video segments in order to perform our multiple
hypothesis association on the whole video after prediction. We follow [23] to generate spatial-temporal feature and language feature
for each pair of object tracklets. The spatial-temporal feature is
produced by computing the relative location of two objects while
the language feature for each object is the output of a word2vec [14]
model pretrained on GoogleNews dataset using the object trajectory label as input. These two parts of features are then separately
fed into two independent two-layered fully-connected neural networks for separate training with initial learning rate of 0.01. The
predictions of the two neural networks are combined together as
the final results in testing, and the results are grouped by segments
for subsequent association.

Table 2: Evaluation for different methods on the ImageNetVidVRD dataset
Method

Relation prediction

1.92
1.92
1.92
1.37
1.23
1.64
2.33

Implementation Details

We set 𝛼 = 0.6, 𝛽 = 0.4, 𝛾 = 0.6 and 𝑁 = 2 in MHA. The connecting
score threshold in gating step is set to be 0.5. Besides the main steps
as described in Section 3, we perform simple pruning immediately
after each iteration of gating which allows only 5 leaves on each
tree in order to reduce the computing complexity and memory cost.
We also add a tree checking process after each iteration of N-scan
pruning in order to avoid wrongly connecting two disconnected
relations together. In this step, we abandon the tree that has not
been updated by a non-dummy node for a long time and generate
a video relation with the best path in this tree. The maximum
allowable consecutive dummy node number in a path is set to be
3. For fairly comparing association method, we adopt the object
trajectories, features and prediction models used by the previous
methods on each dataset.
ImageNet-VidVRD. We adopts the object trajectory results
from [19] which are also used by [16]. The relation prediction
module of Shang’s [19] and VRD-GCN [16] are both utilized by

4.5

Results on ImageNet-VidVRD

The quantitative results of relation detection and relation tagging
are reported in Table 2. Due to the different relation prediction

1 VRD-GCN

and VRD-GCN+Siamese both utilize ground-truth tracklets for zero-shot
experiments so they do not participate in the comparison.

3132

Poster Session F2: Media Interpretation & Mobile Multimedia

MM '20, October 12–16, 2020, Seattle, WA, USA

models being used, the experimental results of different methods
can be separated into two groups to facilitate fair comparison.
For the first group, VRD-GCN, VRD-GCN+Siamese and VRDGCN+MHA all adopt the same object trajectories and relation prediction model, which means they generate exactly the same relation segments. In the association step, they use greedy association,
siamese network association and MHA respectively so their performance can directly reflect the effect of these three association
methods. From the relation detection results in Table 2, we can
see that VRD-GCN+MHA improves the performance on mAP by
4.80% and 2.77% as compared to VRD-GCN and VRD-GCN+Siamese,
respectively. Besides, VRD-GCN+MHA also improves the results
of Recall@50 and Recall@10 remarkably. These results show the
effectiveness of our MHA on relation detection. As for relation
tagging, VRD-GCN+MHA ourperforms the other methods under
the metrics of Precision@5 and Precision@10 but is inferior to
VRD-GCN under the metric of Precision@1.
For the second group, Shang’s, MHRA, and Shang’s+MHA adopts
the same object trajectories and relation prediction model. During
association, they use greedy association, MHRA and MHA respectively. From Table 2, we can see that the results of MHA on relation
detection outperforms the other two remarkably under all three
metrics, which also prove the superiority of MHA on this task.
However, Shang’s+MHA performs a bit worse than the other two
methods on relation tagging, which shows that our association
method may have some bad effect on relation tagging. It is noteworthy that MHRA also utilizes the idea of multiple hypothesis
and the inferior results of MHRA suggest that it cannot handle the
large variety of predicates between each object pair well.
GSTEG is not in both groups because its relation prediction
model is different from both groups. From Table 2, we can see its
priority to Shang’s under all metrics of both tasks, which indicates
that the prediction model and feature used by GSTEG are more effective as compared to Shang’s. On this premise, our Shang’s+MHA
outperforms GSTEG by a large margin on relation detection with
less effective prediction model and feature. This comparison indicates the effectiveness of MHA as well as the significance of
relation association step in this task. However, the inferior results
of Shang’s+MHA on relation tagging shows the ability gap between
the prediction models and the limitation of MHA.
From the analysis above, for relation detection, we can see
that our method can be combined with different prediction model
and different features to help improve the result remarkably under different metrics. Specifically, the superior results of MHRA,
Shang’s+MHA and VRD-GCN+MHA on mAP as compared to the
methods using the same object trajectories and relation prediction
model indicates the effectiveness and significance of the idea of multiple hypothesis. As for relation tagging, the results of methods with
MHA are similar with their counterpart methods with other association method. This is mainly because relation association mainly
influence relation detection at instance level instead of relation
triplet (i.e. tag) level. Nonetheless, our relation association method
still have an effect on relation tagging from two aspects. On one
hand, relation association will adjust the confidence score of final
video relation, which may lead to improvement of tagging results
such as the Precision@5 and Precision@10 of VRD-GCN+MHA. On
the other hand, some correct relation triplet label may be pruned

in the pruning process of MHA, which leads to the worsening of
relation tagging results like Precision@1 of VRD-GCN+MHA.
Zero-shot Learning. The results under zero-shot setting are
shown in Table 3 from which we can observe that it is really an
intractable problem. Since more than 25% of relation triplets in
the test set of ImageNet-VidVRD are unseen to relation detectors,
zero-shot learning also becomes a bottleneck in standard evaluation.
Though existing methods all have difficulty dealing with zero-shot
set, our MHA can still get a relatively better result based on the same
trajectories and relation predictions especially on relation detection.
That is because 1) MHA can maintain the relation segments with
lower confidence score instead of discarding them; and 2) MHA
can still make complete connection instead of split it when missing
detection happens.
Table 4: Evaluation for different methods on the VidOR validation dataset
Method

relation detection
mAP R@50 R@100

relation tagging
P@1 P@5 P@10

VRU’19 Top-1 [23]
VRU’19 Top-1+MHA

6.56
6.59

51.20
50.72

4.6

6.89
6.35

8.83
8.05

40.73
41.56

32.53

Results on VidOR

Table 4 reports the results of relation detection and relation tagging
on the VidOR dataset. VRU’19 Top-1 [23] utilized greedy association
method. Our result is obtained based on our implementation of the
relation prediction model described in [23] but using our MHA
association algorithm. Comparing to VRU’19 Top-1 on relation
detection, our method performs better under the evaluation metric
of mAP, which shows the general effectiveness of MHA. However,
MHA performs worse on the results of Recall. On relation tagging,
the results of both methods are close. Our method achieves better
Precision@5 result while VRU’19 Top-1 achieves better Precision@1
result. The Precision@10 result of VRU’19 Top-1 is not reported.
The following reasons may explain the unsatisfying results on
relation detection. First, the performance of the relation prediction
model we trained is a bit worse than the original paper when testing
with greedy association, which means that our relation prediction
result before association is worse than VRU’19 Top-1. Second, as
we mentioned before, [23] performs multi-object tracking in the
first step and performs association between each object pair in
the last step, which is not the same as usual pipeline. When the
results of multi-object tracking are not reliable enough, this kind
of process may lead to more severe inaccuracy in object trajectory
detection. However, the object trajectory results by [23] are satisfactory. In this condition, performing association between object
pairs is better than performing association on whole video, because
the trajectories of different objects will less likely be confused during association. The confusion of object trajectories results in the
inaccurate trajectories of the final video relations and makes the
Recall of relation detection low.

4.7

Qualitative Results

The qualitative results on the ImageNet-VidVRD dataset are shown
in Figure 3 where the correct relation detection results among the
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Figure 3: Visualization of relation detection results on the ImageNet-VidVRD dataset using VRD-GCN baseline and our VRDGCN+MHA method. The correctly detected video relations among the top-20 detected relation results are shown.
top-20 detected results are presented. The methods for comparison
are VRD-GCN and VRD-GCN+MHA. They generate exactly the
same tracklets and relation segments on each video segment. From
the results, we can obviously see that MHA produces more correct
final relations which means more video relations are correctly generated via association and achieve a high confidence score after
MHA. This shows that MHA can improve the final results by a lot as
compared to the greedy association method. The second examples
shows the situation when missing tracklet detection happens. As
a result, detection results of VRD-GCN are mostly split into fragments, which lead to zero match with the ground truth relations.
With MHA, our method successfully resolve this problem and avoid
video relations from being interrupted. In the third example, multiple objects exist in the video and have close geometric positions,
which may lead to confusion during association. The results of
VRD-GCN include a few correct relation triplets but all of them
are with incorrect trajectories, which leads to zero match with the
ground truth relations. By applying the idea of multiple hypothesis,
our MHA maintains all the confusing probable connections and
delays the connection decisions until more information arrives. The
results show the effectiveness of our method.
Figure 4 shows an representative failure example produced by
VRD-GCN+MHA on the ImageNet-VidVRD dataset, where VRDGCN+MHA detects no correct relation in the top-20 results. Five
ground-truth relations and five relations with high confidence score
detected by VRD-GCN+MHA are presented. This example exposes
the following two problems that MHA cannot resolve: (1) false
prediction of subject/object or predicate; (2) irrelevant tracklet detection. As shown in the figure, a giant panda is wrongly predicted
to be “person” and all predicted predicate are false. MHA cannot
modify the relation triplets during association, so it cannot deal with
this situation. The predicted predicates shown in the figure also
indicate that the model is more likely to predict easy predicates, like
“watch”, “larger”, etc, while complex predicates like “jump_toward”
are hard to predict. Besides, the object “ball” predicted by VRDGCN+MHA comes from an irrelevant tracklet which cannot be
distinguished by MHA. For further improving the performance on
VidVRD, these problems need to be solved well.

Figure 4: A representative failure case produced by VRDGCN+MHA on the ImageNet-VidVRD dataset.

5

CONCLUSION

In this paper, we proposed a novel relation association method
MHA for VidVRD. MHA generates dynamic relation hypothesis
trees to track and maintain multiple hypothesis of relations in
order to deal with the inaccurate or missing detection problem
when detecting tracklets and predicting relations. The competitive
experimental results on both ImageNet-VidVRD and VidOR dataset
indicate the effectiveness of our method and prove that the idea of
multiple hypothesis can indeed play an important role in VidVRD.
However, our method still have much room for improvement on
both relation detection and tagging tasks. In future, we will explore
how to utilize language or other information to correct the false
relationship predicted on segments in the relation association step,
to further tolerate the unsatisfactory results in former steps and
improving the final results.
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