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Visual Relation Detection

e Detecting relations between
objects in an image




Depth Maps

1. We argue that depth maps can
additionally provide valuable
information about an object’s

relations as they provide the object's’

distance from the camera.
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Depth Maps

1. We argue that depth maps can
additionally provide valuable
information about an object’s
relations as they provide the object's
distance from the camera.

2. Unfortunately, most available image
datasets do not provide depth maps,
because the acquisition of depth
maps is a cumbersome task
requiring specialized hardware.




Synthetic Depth Maps

We tackle this issue by synthetically
generating [1] the corresponding pseudo
depth maps from 2D images of Visual
Genome [2].
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Synthetic Depth Maps

We tackle this issue by synthetically
generating [1] the corresponding pseudo
depth maps from 2D images of Visual
Genome [2].
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We release the generated depth maps as
a separate dataset called VG-Depth [3].

[1] Laina, Iro, et al. "Deeper depth prediction with fully convolutional residual networks." 2016 Fourth international
conference on 3D vision (3DV). IEEE, 2016.

[2] Krishna, Ranjay, et al. "Visual genome: Connecting language and vision using crowdsourced dense image
annotations." International journal of computer vision 123.1 (2017): 32-73.

[3] https://github.com/Sina-Baharlou/Depth-VRD



Multimodal Architecture

The object information extracted from Comres g

depth maps and RGB images, i.e. class
labels, location vectors, RGB and depth _
features, are the basis for relation l—

detection in our simple yet effective %

framework.




Experiments

e \We test our approach on the Visual
Genome [1].
e Metrics:
e [Micro] Recall@K

[1] Krishna, Ranjay, et al. "Visual genome: Connecting language and vision using crowdsourced dense image
annotations." International journal of computer vision 123.1 (2017): 32-73.



Experiments

e \We test our approach on the Visual
Genome [1].
e Metrics:
e [Micro] Recall@K
e Macro Recall@K:

Z MICRO R@K(p)

MACRO RECALL@K =
||

(5,p,0)ETp

[1] Krishna, Ranjay, et al. "Visual genome: Connecting language and vision using crowdsourced dense image
annotations." International journal of computer vision 123.1 (2017): 32-73.



Experiments

e \We test our approach on the Visual

Strategy Macro Micro
Ge nome [1 ] : Task Predicate Pred. Predicate Pred.
. Metric R@100 R@50 R@20 | R@100 R@50 R@20
e Metrics: -
VTransE [27] - - - 62.87 62.63 -
. Yu’s-S [15] - - - 49.88 - -
e [Micro] Recall@K 2 YwsSeT[I5] ) : | sse - :
M R K 2 IMP [I6] . 5 - 53.00  44.80 2
P @ . £  Graph R-CNN [18] g 2 = 59.10  54.20 -
acro ~eca S NM[IT | 1439 1320 1025 | 67.10 6520 _ 58.50
Ours - d 951 8§46~ T 635 | 54727 T 5190 ~ 4386
Ours - ¢ 1565 1309 856 | 6482 6054  49.89
MACRO RECALL@K = 3 Micro R@K(p) . Ours-v 1388 1224 899 | 6172 5850 5041
A 2 Ours-1 5.19 466 357 | 4907 4613 3748
(5,p,0)€Tp % Ours-v,d 1547 1404 1083 | 62.88 6052  53.07
T Ours-lv,d 1576 1440 1107 | 63.06  60.83  53.55
Ours - 1, ¢, d 2167 1956 1512 | 6797  66.09  59.13
Ours - I, ¢,v 19.16 1772 1393 | 6794  66.06  59.14
Ours - 1, ¢,v,d 2272 2074 1640 | 68.00 6618  59.44

[1] Krishna, Ranjay, et al. "Visual genome: Connecting language and vision using crowdsourced dense image
annotations." International journal of computer vision 123.1 (2017): 32-73.



Experiments

Per Predicate Improvement
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Experiments

e Per Predicate Improvement
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e Qualitative Results




Summary

1. We perform an extensive study on the effect of using
different sources of object information in visual relation
detection. We show in our empirical evaluations using
the VG dataset, that our model can outperform
competing methods by a margin of up to 8% points.

2.  We release a new synthetic dataset VG-Depth, to
compensate for the lack of depth maps in Visual
Genome.

3.  We propose Macro Recall@K as a competitive metric
for evaluating the visual relation detection
performance in highly imbalanced datasets such as
Visual Genome.



