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Figure 4: Attention feature across positive and negative
matching in the first layer.

highest results and outperforms other methods by
a significant margin.

3.6 Visualization

In order to demonstrate the effectiveness of spatio-
temporal information matching mechanism, we
visualize attention features across positive and
negative examples.

To clarify how our model identifies important
matching information between context and candi-
dates, we visualize the attention matching matri-
ces in Figure 4. The first row is positive match-
ing matrices and the sencond is negative match-
ing example. We denote the y-axis of Figure 4 as
response sentence and the X-axis as utterances in
context. Each colored grid represents the match-
ing degree or attention score between two words.
Deeper color represents better matching. Atten-
tion images in the first row are related to posi-
tive matching while those of the second row are
related to negative matching. Intuitively, We can
see that important words such as “vic”, “wma” are
recognized and carried to match “drm” in correct
response. In contrast, the incorrect response has
no correlation and thus little matching spaces.

Note that our model can not only match word-
level information, but also can match segment-

Figure 5: Attention feature in different granularities.
Left picture represents the second layer matching ma-
trix for segment granularities, while right picture match
at the third layer.

level or sentence level information using 3D con-
volution. As it shows in Figure 5, the second layer
tends to concentrate on segment-level information
for which “wma patch” in utterance highly match
“the home page drm” and ‘“nasty nasty standard
drm” in response. Furthermore, we find in our ex-
periment that third layer tends to focus on sentence
topic and more abstract meaning of the segments,
which achieve better performance. However, more
than three layers will destroy model ability in our
experiments.

4 Conclusion and Future Work

In this paper, we proposed an End-to-End spatio-
temporal matching model for response selection.
The model uses a dual stacked GRU or pre-trained
BERT to embed utterances and candidates respec-
tively and apply spatio-temporal matching block
to measure the matching degree of a pair of context
and candidate. Visualization of attention layers il-
lustrates that our model has the good interpretative
ability, and has the ability to pick out important
words and sentences.

In the future, we would like to explore the ef-
fectiveness of various attention methods to solve
indefinite choices task with interpretive features.
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