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ORMN: A Deep Neural Network Model for Referring
Expression Comprehension

Donghyeop Shin" -

ABSTRACT

Referring expressions are natural language constructions used to identify particular objects within a scene. In this paper, we propose a
new deep neural network model for referring expression comprehension. The proposed model finds out the region of the referred object in
the given image by making use of the rich information about the referred object itself, the context object, and the relationship with the
context object mentioned in the referring expression. In the proposed model, the object matching score and the relationship matching score
are combined to compute the fitness score of each candidate region according to the structure of the referring expression sentence.
Therefore, the proposed model consists of four different sub-networks: Language Representation Network(LRN), Object Matching Network
(OMN), Relationship Matching Network(RMN), and Weighted Composition Network(WCN). We demonstrate that our model achieves
state-of -the—art results for comprehension on three referring expression datasets.
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referring expression : “the man speaking with lady”
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referring expression : “elephant over green ball”
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referring expression : “yellow car”
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Fig. 8. Weights Comparison among Referring Expressions
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Table 3. Performance Comparison between Two Different
Training Methods

Training Epoch Accuracy
140,000 689 %
end-to—end training 150,000 69.5 %
160,000 69.3 %
150,000 (LRN, OMN, RMN), o
20,000 (WCN) 698 %
.. 150,000 (LRN, OMN, RMN), o
separate training 30,000 (WCN) 69.9 %
150,000 (LRN, OMN, RMN), o
40,000 (WCN) 698 %




incorrect

correct

“A bird not standing near a dried up berry”

“A stone where a man is riding his cycle on it”

“The striped couch with the young man sitting on it”

“A bear lying to the right of another bear”

“The bed that is farthest away from the flower vase”

“A child in a yellow shirt swinging a bat”

“Woman in a cream colored wedding dress cutting cake”

“The brightestred center apple”

“Zebra is to left of another one”

Fig. 9. Referring Expression Comprehension Results using ORMN Model
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Table 4. Performance Comparison with Other
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