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Introduction

Projection matrices

We present an algorithm that learns a semantic
similarity measure from a network of documents.
We leverage the Scaled Dot-Product Attention
(SDPA), a recently proposed attention
mechanism, to design a mutual attention
mechanism [1] between pairs of documents. To
train its parameters, we use the network links as
supervision.

From bags of word embeddings W and W
associated to documents u and v, we generate
three sets of word representations:
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• queries

tv
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• keys Kv = W P ;
• values Vv = W tv P V .
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By averaging the attention weight in the columns
v
u
of Mu (respectively of Mv ), we can capture the
overall contribution of each of word of v
(respectively of u). In the next figure, we show
these weights by coloring accordingly the words
in the documents.

Mutual attention weights
Objective
From a network of document, we want to learn a
semantic similarity measure that confront words
representations from pairs of connected
documents.

Following the SDPA attention mechanism, each
query of document u is confronted to each
key
of
√
document v by dot-product, scaled by D. To
obtain probability laws over the words of v, we
take the softmax of each row:
v
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T
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Muv is a matrix where each entry (i, j) is a
compatibility weight between the ith word of u
and the j th word of v.

Figure 3: Average contribution of the mutual attention
weights of the words of two connected documents in a
citation network.

Mutual attention vectors

Figure 1: A hypothetical network of documents. Each node
in the network is associated with a set of pre-trained word
embeddings.
Table 1: Notations.
Sign
N
C
W
W tu
P Q, P K , P V

Muv
evu

Description
Number of nodes/documents in the network.
Multiset of pairs of connected documents in the network.
Word embeddings of dimension D.
Matrix view of the Lu words embeddings corresponding
to the document u ∈ [1, N ].
Matrices of dimensions D × D that we seek to learn and
which transform the word embeddings into queries, keys
and values.
Mutual attention weights between the words of document
u and the words of document v. Muv is of dimension
Lu × Lv . Note that Muv 6= Mvu
D-dimensional representation of u given v.

Finally, a representation of u given v is
constructed by (1) averaging the values of
document v for each word of u given the
attention weights in Muv and then (2) averaging
these new attention word vectors:
PL
v
i=0(Mu Vv )i
v
eu =
Lu

Explainability
v
Mu .

Here we show a heat map of
For each word
of u, we see the distribution of weights
associated to the words of v. We see that few
keys of v generate high compatibility weights
whereas most queries do.
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% of training data 10% 20% 30%
NeMF
59.0 67.2 77.5
TADW
68.0 82.0 87.1
MATAN
82.3 87.1 88.6

40%
83.2
93.2
90.9

Table 3: Nodes-hidden link prediction ROC AUC

% of training data 10% 20% 30% 40% 50%
TADW
64.2 75.8 80.3 81.9 82.3
MATAN
69.4 73.0 75.4 77.9 78.6
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P Q, P K and P V are meant to produce the
mutual representations from the pre-trained word
embeddings of documents u and v.
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Table 2: Edges-hidden link prediction ROC AUC

Weights for the words of document u given the document v

Overall Optimization

X

We conducted two types of evaluations, the first
where links are hidden and the second where
nodes are hidden.
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For each pair of nodes (u, v) in the network,
v
MATAN produces mutual representations eu for
u and euv for v. We aim at optimizing three
projection matrices, using noise-contrastive
estimation following [2]:
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Figure 2: Heat map of the mutual attention weight matrix
of the words of a document u given the words of a
document v. Note that each row sums to one. The higher
a weight is, the stronger is the contribution of the pair of
word to the mutual representation.
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