




Figure 3: The overall architecture of our Graph-based Generative Model. Prob(“beta”, g) and Prob(“beta”, c)
denote the probabilities based on the generation-mode and copy-mode respectively.

gene text, while the value for the gene-term edge is
1 if the gene can be annotated by the term.

Representation Learning. The initial represen-
tation for the word node is the word embeddings.
For the gene node, the gene alias and description
encoded by a GRU model is used as the initial rep-
resentation. Regarding to the term node, the pool-
ing over all the representations of the related gene
nodes is used as the initial representation. Then, we
update the node representation via a GCN model
due to its effectiveness in modeling the structure
information (Kipf and Welling, 2016), which is
formulated as follows:

X 0= ÂReLU
�
ÂXW (0)

�
W (1) (1)

where Â = A + I , A is the adjacency matrix of
the graph, and I is the identity matrix. X is the
initial representation for the nodes, denoted as X =
(t, g1...gm, w1, ..., wn), where gi, wi, t denote the
initial representation for the ith gene, word and
term respectively. W (0) and W (1) represent the
weight matrix in the first and second layer of GCN.

3.2 Graph Attention based Decoder
Motivated by the effectiveness of the attention
mechanism for generation (Bahdanau et al., 2014),
we adopt a graph attention based decoder to gen-
erate the term name. The attentive word node rep-
resentation by GCN is utilized and formulated as:

at =
nX

j=1

αjw
0
j

αj = softmax(vT tanh(Wa[ht� 1;w
0
j ]))

(2)

where ht� 1 is the previous hidden state, w0
j is the

word node representation by GCN, v is a parameter
vector, and Wa is a parameter matrix.

Given the word overlaps between the gene text
and term name, we utilize the copy mechanism in

CopyNet (Gu et al., 2016) for decoding, making
it possible to generate the word from either the
vocabulary of the training set or the current gene
text. The initial hidden state h0 is the term node
representation (i.e., t0) obtained by GCN, and the
hidden state is updated as:

ht = f([ht� 1;wt� 1; at;w
0
SR]) (3)

where f is the RNN function, wt� 1 is the word
embedding of the previous generated word, w0

SR is
a selective read (SR) vector in CopyNet. When the
previous generated word appears in the gene text,
the next word will also probably come from it, and
thus w0

SR is the previous word node representation;
otherwise it is a zero vector.

The probability of generating a target word yt is
calculated as a mixture of the probabilities by the
generation-mode and copy-mode as follows:

p (yt|ht) =
1

Z
eψg (yt ) +

1

Z

X
eψc(xj ) (4)

where ψg (yt) and ψc (xj) are score functions for
the generate-mode and copy-mode respectively,
which can be defined as demonstrated in (Gu et al.,
2016). Z =

P
v2V e

ψg (v)+
P

x2S e
ψc(x), where V

denotes the word vocabulary in the training set, and
S denotes the source word set in the gene text. It is
notable that there are a lot of fixed patterns in the
term names as mentioned in section 2. Therefore,
we extract top ranked bigrams and trigrams, and
treat them as new words for ease of generation.

4 Experiment
4.1 Experimental Setup
Implementation Details. The dataset is divided
into the training, validation and test sets with a
proportion of 8:1:1. We adopt the widely used
evaluation metrics like BLEU1-3 (Papineni et al.,
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Model Rouge-1 Rouge-2 Rouge-L BLEU-1 BLEU-2 BLEU-3

TF-IDF 9.6 * * 9.6 * *
LexRank 9.7 * * 9.7 * *
Seq2Seq 18.8 10.0 16.0 11.7 7.4 2.5
HRNNLM 19.0 10.1 16.3 11.7 7.4 2.8
Transformer 17.7 8.7 16.7 15.0 9.1 3.9
full model 21.6 10.3 22.1 17.8 10.6 4.0
Ablation study

No copy 22.5 10.3 20.6 17.5 10.2 3.8
No pattern 21.3 9.7 22.0 16.5 9.2 3.3
No copy and pattern 21.0 10.1 18.6 15.6 9.2 3.1

Table 2: Overall performance of different models. The best result is marked in bold. Only the Rouge-1 and
BLEU-1 scores for the extractive models are shown since they usually extract the unigrams independently.

2002) and Rouge1,2,L (Lin, 2004) for the genera-
tion task. The word embeddings are initialized
from N (0, 1) with a dimension of 300 and up-
dated during training. The dimension of the hidden
units for GRU (Chung et al., 2014) and GCN is
300. We initialize the parameters according to a
uniform distribution with the Xavier scheme (Ku-
mar, 2017), and the dropout rate is set to 0.5. The
Adam (Kingma and Ba, 2014) method with a learn-
ing rate of 1e-3 is used for training.
Baseline Methods. To evaluate the effective-
ness of our proposed model, we apply the ad-
vanced baselines in two categories for compari-
son: (1) TF-IDF; (2) LexRank (Erkan and Radev,
2004); (3) Seq2Seq (Sutskever et al., 2014);
(4) HRNNLM (Lin et al., 2015); (5) Trans-
former (Vaswani et al., 2017). The former two
are extractive models which extract words from the
gene text as the term name, and the latter three are
generative models which generate words from the
vocabulary space as the term name.

4.2 Experimental Results
The experimental results are shown in Table 2. It is
observed that the generative models perform better
than the extractive models by incorporating the lan-
guage probability into generation, which makes the
generated term name more coherent. Whereas, the
extractive models usually extract keywords inde-
pendently, which are hard to form a complete and
brief term name. It is also notable that our graph-
based generative model achieves the best perfor-
mance in all cases by incorporating the relations
between the genes, words and terms into generation.
While other generative models bring unnecessary
sequential information of multiple genes, which
may have a side effect on term name generation.

From the ablation study, we find that when we
treat the frequent patterns as new words during gen-
eration and then restore them, the performance can

be further boosted. In addition, the copy mecha-
nism can help improve the generation performance
especially in the metric of BLEU scores, which
proves the effectiveness of using the shared words
between genes and terms for term name generation.

4.3 Visualization of Attention
To have an insight of why our proposed graph-
based generative model is more effective, we ran-
domly sample a generated term name that is the
same as the ground truth, and draw an attention
heatmap for the words in the term name and the
corresponding gene aliases in Figure 4. The atten-
tion result for the gene descriptions is not presented
here due to the limited space. We observe that the
word Tweety that represents a gene group5 in gene
aliases is highly related to the words as Transporter
and Activity in the term name, which indicates the
potential of modeling the relations between words,
genes and terms for enhancing the performance of
term name generation.

Figure 4: Attentive weight visualization. The verti-
cal and horizontal axises denote the words in the term
name and gene aliases respectively.

5 Conclusions and Future Work
In this paper, we propose a novel task of automatic
term name generation based on the gene text for
GO. We construct a large-scale dataset and provide
the insights of this task. Experimental results show
that our proposed graph-based generative model
is superior to other strong baselines by modeling

5https://flybase.org/reports/
FBgg0000560.html

https://flybase.org/reports/FBgg0000560.html
https://flybase.org/reports/FBgg0000560.html
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the relations between genes, words and terms. In
the future, we will explore how to utilize more
knowledge to guide term name generation.

Acknowledgement

This work is partically supported by National
Natural Science Foundation of China (No.
71991471, 61702421, 61906045), Science and
Technology Commission of Shanghai Municipal-
ity Grant (No.20dz1200600, No.18DZ1201000,
17JC1420200), CURE (Hui-Chun Chin and Tsung-
Dao Lee Chinese Undergraduate Research Endow-
ment) (19931), China Postdoctoral Science Founda-
tion(No.2019M661361), and National University
Student Innovation Program (202010246045).

References
Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Ben-

gio. 2014. Neural machine translation by jointly
learning to align and translate. arXiv preprint
arXiv:1409.0473.

Hyunghoon Cho, Bonnie Berger, and Jian Peng. 2016.
Compact integration of multi-network topology for
functional analysis of genes. Cell systems, 3(6):540–
548.

Junyoung Chung, Caglar Gulcehre, KyungHyun Cho,
and Yoshua Bengio. 2014. Empirical evaluation of
gated recurrent neural networks on sequence model-
ing. arXiv preprint arXiv:1412.3555.

Gene Ontology Consortium. 2015. Gene ontology con-
sortium: going forward. Nucleic acids research,
43(D1):D1049–D1056.

Gene Ontology Consortium. 2016. Expansion of the
Gene Ontology knowledgebase and resources. Nu-
cleic acids research, 45(D1):D331–D338.

Janusz Dutkowski, Michael Kramer, Michal A Surma,
Rama Balakrishnan, J Michael Cherry, Nevan J Kro-
gan, and Trey Ideker. 2013. A gene ontology in-
ferred from molecular networks. Nature biotechnol-
ogy, 31(1):38.
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