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Appendix

A Baseline

Our baseline is similar to the RCM [1] implemented in [2] and is an encoder-decoder architecture.
The words in instructions are encoded in reverse order in [2], and are encoded sequentially in our
version.

The encoder includes an embedding layer and an LSTM layer.

wi = LSTM(embedding(wi)), i = 1, 2, ...,m (1)

where wi is the tokenizer encoded id of the ith word in the instruction, m is the length of the
instruction, wi is the context-aware feature of ith word in the instruction.

The decoder includes a vision attention module, a text attention module and an action prediction
module. At the tth step, the vision attention module computes attention weights for the ith view vt,i
in panoramic representation and gets the attentive visual feature ṽt.
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The agent randomly drops the concatenation of the attentive visual feature ṽt and previous action
feature ãt−1 and then inputs them combined with the context-aware hidden state h̃t−1 to an LSTM
and a dropout layer to get the hidden state ht.

ht = drop(LSTM(drop([ṽt; ãt−1]), h̃t−1)) (3)

For the text attention module, analogous to the vision attention module, the agent computes the
attentive textual feature w̃t.

w̃t = Σisoftmaxi(w
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