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I. Introduction

Image captioning is task of describing an image in human
language. In solving this task, Transformer-based networks
[1] has been widely adopted for their ability to dynamically
align each word to different image patches [2, 3, 4]. To
generate a caption, Transformer selects relevant image
patches and translates them into word. The process of
finding relevant image patches is known as self-attention
where correlation between image patches and words is used
as the attention score. For example, for the word ‘frisbee’,
the image patch contains the object would have a high
attention score. However, the locations between ‘frisbee’
and ‘person’ are not being considered, thus resulting in a
loss of spatial information.

In this paper, we propose a novel cross-attention layer
named Spatial Cross-Attention (SCA). The key idea of the
proposed method is to utilize the relative distance between
image patches as the relative distance between objects.
More specifically, to describe a spatial word, we calculate
the distance of relevant patches. In doing so, we only extract
the relevant spatial information and ignore others spatial
relationships of other objects. We call this process a soft-
selection mechanism.

IV. Spatial Cross-Attention

We employ a Transformer-based network for image
captioning. An encoder of the Transformer divides an image
into patches and arrange them in a sequence. The input
sequence is processed by multiple self-attention layers. Each
self-attention layer projects each element of the input
sequence into query, key, and value vectors. The attention

scores are calculated via dot-product between key and query.

The output of a self-attention layer is a processed sequence
whose element is a weighted sum of a value vector with the
calculated attention scores.

Similar to the encoder, a decoder takes input as a sequence
of word embedding. The word sequence is also process by
multiple self-attention layer with look-ahead mask to follow
auto-regressive property.

We model the spatial information as the relative distance
and orientation between image patches. Formally, we
measure the 2D coordinate differences and project to an
embedding of the same dimension with the value vector. As
mentioned in Section I, we employ a soft-selection
mechanism to dynamically incorporate relevant spatial
information into the value vector. Formally, we weight
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A dog next to a person holding a frisbee

Fig 1. Without knowing the spatial relationship between
objects, the model cannot correctly describe their spatial
arrangement (1st and 2nd row)

the relative embedding with its corresponding image
patches and sum all weighted relative embeddings into a
spatial feature namely [,
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where o, and a;are the attention scores of t-th word to the
s-th and i-th image patch, respectively. R, ,; is the relative
embedding of image patches with relative distances of x-
and y-axis, respectively. The spatial feature is added into the
value vector, thus resulting in a spatial-visual value vector.

V. Conclusion

We expect to achieve a high quality image captioning. Sp
ecifically, the proposed method should help Transformer
network to generate more precise spatial description.
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