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Automatic summary writing system for the deafblind by deep learning using the
natural language processing model mT5

Ryosuke Ichikawa / Yuki Murata / Noriyuki Horie / Hisayuki Tatsumi
(Tsukuba University of Technology, Faculty of Health Sciences)

Abstract. Writing a summary for deafblind users requires a very high level of expertise and immediacy. Also,
since it is necessary to have three scribes for each deafblind individual, which places a heavy burden on both the
user side and the scribe side. The difficulty compared to standard summary writing is that Braille users acquire
information by tactile sense and thus have different information that can be received, so it is necessary to delete
as many redundant parts as possible and convey information to the deafblind while ensuring that daily conversation
is not disrupted. It is possible to create a summary sentence to some extent by morphological analysis or similar
methods. However, it is difficult to use morphological analysis in summary writing for the deaf-blind because of
the need to take into account the complex and diverse Japanese moorings. In this study, we proposed an
automatic summary writing system that can guarantee information to deafblind individuals by using the mT5
natural language processing model. In order to verify the effectiveness of the proposed system, we evaluated it
using the ROUGE index and other methods. As a result, the system was able to compress about 20% of strings
compared to the original text, indicating a certain level of effectiveness.

Keywords: Deafblind, Braille, Summary writing, Natural language processing, Deep learning
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Figure 1 Classification of deafblind individual
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F1 mTSOEETNENRT A=
Table4 Each model of mT5 and its number of parameters

Model Pagr;rr)l;t)er

Small 30
Base 58
Large 120
XL 370
XXL 1300

#2 ROUGE % = 7l KfE & Step X

Table 2 Maximum value and number of steps for ROUGE

Model  Step Loss ROUGE-1 ROUGE-2  ROUGE-L
Small 3000  0.00077 0.68161 0.55956 0.67935
Base 1000  0.00115 0.69210 0.56457 0.69084
Large 1000  0.00055 0.70026 0.58576 0.69900
XL 2000  0.00020 0.70770 0.59493 0.70612
# 3  CheckPoint = & ™ Loss fif
Table3  Loss value evaluated at Check Point
Model 1000 Step 2000 Step 3000 Step 4000 Step 5000 Step
Small 0.00169  0.00106 0.00077 0.00054 0.00038
Base 0.00115  0.00037 0.00030 0.00021 0.00011
Large 0.00055  0.00025 0.00013 0.00010 0.00006
* XL 0.00020  0.00009 0.00005 0.00002 0.00005
ROUGE-1 score
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