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INTRODUCTION LPGA MODULE QUALITATIVE RESULTS

Position Guided Spatial Attention

Visual relationship recognition focuses on distinguishing the
interactions between object pairs.

* |In this work, we propose a novel visual relationship
recognition model using language and position guided
attention(LPGA): language and position information are
exploited and vectored firstly, and then both of them are used
to guide the generation of attention maps. With the guided
attention, the hidden human knowledge can be made better
use to enhance the selection of spatial and channel features.

e Contributions

* We propose a novel LPGA module, where language and
position information are exploited to guide the generation of
more efficient attention maps.

* With guided attention, hidden human knowledge can be made
better use to enhance the selection of spatial and channel
features.

 With the LPGA module, our model achieves the state-of-the-
art performances on Visual Relationship Dataset, and keeps
consistent performances on Visual Genome.
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* Firstly, given one image, we use a pre-trained object detection
model to get the object regions, categories and their
bounding boxes.

e Then, the visual features extracted from backbone are fed
into three branches. One branch is fed into the union region
of object-pairs; two branches are fed into two object areas
respectively.

* Finally, concatenation operation is applied to get Fconcat
which are fed into the latter LPGA module.
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* Language representations:
R;(sub, 0b) = wj|lw2vec(lgyp), w2vec(lyy)| + by

* Position representations:

Rp(*gﬂ'b: 0b) = wpp(psubspab) + b,
P(psub: pob) '

e Spatial attention:
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e Channel attention:

M?, (sub,ob) = v’, Ry (sub,ob) + HEPRP (sub, ob)
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QUANTITATIVE RESULTS

Evaluation on VRD testing set.
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Language and Position Guided
Channel Attention
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Zero-shot set

Model R@ /50 R@100 R@50| R@1O0/50 R@ld) Ra@s0

k=1 k=70 =70 k=1 k=70 k=70
Visual Phr [15] 1.91 - - - - -
Joint CNN [13] 2.03 - - - - -
ViranskE [11] 44,76 - - - - -

Language-Pri [2] 47.87 84.34  70.97 8.45 50.04  29.77
TCIR [16] 53.59 - - 16.42 - -
Weakly-sup [19] 32.6 - - 23.6 - -
DR-Net [12] - 81.90  80.78 - - -

LKD [10] 55.16 04.65 85.64 16.98 74.65 54.20
Zoom-Net [20] 55.98 0456  89.03 - - -

baseline 18.13 78.06  58.63 7.44 62.45 39.09

spatial attention 42.54 90.39  80.30 19.16 82.98 6527

channel attention 55.70 096.41 90.65 22.33 86.57 71.26

LR 55.64 96.40  89.80 22.16 85.03 68.69

PR 45.26 02.34 8295 23.61 83.75 69.12

Final Model 56.60 96.66  90.39 26.52 86.66 72.63
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DISCUSSION

 With a single spatial or channel attention module, the model
makes great gains compared to the baseline model.

* While channel attention performs relatively well, the final
model still gets more gains combining spatial attention,
especially in the zero-shot set.

* Language and position information are better exploited as
attention weights in our LPGA module.
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