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Abstract  Scene graphs play an important role in visual understanding. Existing scene graph
generation methods focus on the research of the subjects, the objects as well as the predicates between
them. However, human being abstracts the relationships using spatial relation context, semantic
context and interaction between scene objects for better understanding and reasoning as whole. In
order to obtain the better global context representation and reduce the impact of dataset bias, we
propose a new framework of scene graph generation, called as residual shuffle sequence model
(RSSQ). Our method is made up of object decoding, residual shuffle and position embedding modules.
Residual shuffle module is stacked with two basic structures including the random shuffle operation
and the residual bidirectional LSTM. We implement the random shuffle on the hidden state of
bidirectional LSTM by the process of iterative operation to reduce the impact of dataset bias, and
extract the shared global context information by the residual connection structure. To strengthen the
spatial relationship between pair-wise objects, the encoding is achieved using the relative position and
area ratio of objects in position embedding module. The experimental results of three sub-tasks of
different difficulty performed on Visual Genome dataset, demonstrate that the poposed method can
generate better scene graphs under Recall@50 and Recall@100 settings due to better global context

and spatial information.
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(b) A scene graph of the corresponding image
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Fig. 1 A sample of a ground truth scene graph
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Fig. 2 The framework of our Residual Shuffle Sequence Model (RSSQ)
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Fig. 3 The accuracy of each relationship categories of SGCls of R@20 setting
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Fig. 4 The initial edge context module in NMM*) and structures of residual shuffle module insertion
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Table 2 Evaluation of the Residual Shuffle Module
F2 BREBIERSW

Sub-tasks Metrics NMLE1od el e2 ed e2r edr
Connections raw raw raw res res
R@50 65.2 64.96 65.07 64.87 65.38 65.67
PredCls
R@100 67.1 66.79 66.94 66.79 67.18 67.47
R@50 35.8 36.04 36.11 35.98 36.39 36.47
SGCls
R@100 36.5 36.76 36.83 36.74 37.12 37.17

Note: “raw” means regular connection of LSTM layers, and “res” means residual connection.
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Table 3 Ablation Study
3 HBMIBRER
Methods Residual Shuffle Spatial PredCls SGCls SGGen
Module Embedding R@50 R@100 R@50 R@100 R@50 R@100
NMII] Exclude Exclude 65.2 67.1 35.8 36.5

1 Include Exclude 65.67 67.47 36.47 37.16 20.50 25.50

2 Exclude Include 65.18 66.98 35.92 36.61 20.74 25.91

3(RSSQ) Include Include 65.72 67.48 36.67 37.38 20.64 25.66
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