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Sentence Generation for Fetching Instruction based on Multimodal Attention Branch Network
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Domestic service robots (DSRs) are a promising solution to the shortage of home care workers. Nonetheless, one
of the main limitations of DSRs is their inability to naturally interact through language. Recently, data-driven
approaches have been shown to be effective for tackling this limitation, however, they often require large-scale
datasets, which is costly. Based on this background, we aim to perform automatic sentence generation for fetching
instructions, e.g., “Bring me a green tea bottle on the table.” In this paper, we propose a method that generates

sentences from visual inputs.

Unlike other approaches, the proposed method has multimodal attention branches
that utilize subword-level attention and generate sentences based on subword embeddings.

In the experiment,

we compared the proposed method with a baseline method using four standard metrics in image captioning.
Experimental results show that the proposed method outperformed the baseline in terms of these metrics.
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Evaluation metric
Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE METEOR CIDEr
Multi-ABN [Magassouba 19](baseline) 0.550 0.389 0.274 0.191 0.412 0.209 0.453
Proposed method 0.586 0.418 0.302 0.212 0.471 0.220 0.651

# 2 WETFHEDNT A —RRE

Opt. Adam ( Learning rate = 1.0 x 104,
method B1 =0.7,82 = 0.99999 )
Backbone CNN ResNet-50
LSTM 2 layers, 1024-dimensional cell
N 10
Generation Branch | FC: 1024, 1024
Batch size 32

Refl: “pick up the can juice” Refl: “take the rabbit please”

Ref2: “let me have an rabbit item on
the upper shelf of cabinet”

Ref2: “pick up a can on the lower shelf
of cabinet”

Ref3: “i want to bring a small can of
juice”

Ref3: “take a white stuffed toy from
the top of the shelf”

Multi-ABN: “go get a can bring on the
shelf”

Proposed method: “go get me a can
from the kitchen shelf”

Multi-ABN: “please lift the rabbit
stuffed on the upper shelf of the shelf”
Proposed method: “give me the pink
rabbit on the upper part of the shelf”
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