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Abstract

Relation Extraction (RE) remains a challenging
task, especially when considering realistic out-
of-domain evaluations. One of the main rea-
sons for this is the limited training size of cur-
rent RE datasets: obtaining high-quality (man-
ually annotated) data is extremely expensive
and cannot realistically be repeated for each
new domain. An intermediate training step on
data from related tasks has shown to be bene-
ficial across many NLP tasks. However, this
setup still requires supplementary annotated
data, which is often not available. In this paper, we
investigate intermediate pre-training specif- ically
for RE. We exploit the affinity between
syntactic structure and semantic RE, and iden-
tify the syntactic relations which are closely
related to RE by being on the shortest depen-
dency path between two entities. We then take
advantage of the high accuracy of current syn-
tactic parsers in order to automatically obtain
large amounts of low-cost pre-training data. By
pre-training our RE model on the relevant syn-
tactic relations, we are able to outperform the
baseline in five out of six cross-domain setups,
without any additional annotated data.

1 Introduction

Relation Extraction (RE) is the task of extracting
structured knowledge, often in the form of triplets,
from unstructured text. Despite the increasing at-
tention this task received in recent years, the per-
formance obtained so far are very low (Popovic
and Farber, 2022). This happens in particular when
considering realistic scenarios which include out-
of-domain setups, and deal with the whole task—
in contrast to the simplified Relation Classifica-
tion which assumes that the cormrect entity pairs are
given (Han et al., 2018; Baldini Soares €t al., 2019;
Gao et al., 2019). One main challenge of RE and
other related Information Extraction tasks is the
"domain-specificity": Depending on the text do-
main, the type of information to extract changes.
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Figure 1: Syntactic and Semantic Structures Affinity.
Shortest dependency path (above), and semantic relation
(below) between two semantic entities.

For example, while in the news domain we can
find entities like person and city, and relations like
city of birth (Zhang et al., 2017), in scientific texts,
we can find information about metrics, tasks and
comparnisons between computational models (Luan
et al., 2018). While high-quality, domain-specific
data for fine-tuning the RE models would be ideal,
as for many other NLP tasks, annotating data is ex-
pensive and time-consuming.' A recent approach
that leads to improved performance on a variety of
NLP tasks is intermediate task training. It consists
of a step of training on one or more NLP tasks
between the general language model pre-training
and the specific end task fine-tuning (STILT, Sup-
plementary Training on Intermediate Labeled-data
Tasks; Phang et al., 2018). However, STILT as
sumes the availability of additional high quality
training data, annotated for a related task.

In this paper, we explore intermediate pre-
training specifically for cross-domain RE and look
for alternatives which avoid the need of extenal
manually annotated datasets to pre-train the model
on. In particular, we analyze the affinity between
syntactic structure and semantic relations, by con-
sidering the shortest dependency path between two
entities (Bunescu and Mooney, 2005; Fundel et al.,
2006; Bjorne et al., 2009; Liu et al., 2015). We re-
place the traditional intermediate pre-training step

"For example, Bassignana and Plank, 2022 report a cost of

19K USD ( = 1$ per annotated relation) and seven months of
annotation work for an RE dataset including 5.3K sentences.
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Figure 2: Pre-training Example. Given the dependency tree (above), we filter in for pre-training only the UD
labels which are on the shortest dependency path between two semantic entities (below).

on additional annotated data, with a syntax pre-
training step on silver data. We exploit the high
accuracy of current syntax parsers, for obtaining
large amount of low-cost pre-training data. The use
of syntax has a long tradition in RE (Zhang €t al.,
2006; Qian et al., 2008; Nguyen et al., 2009; Peng
et al., 2015). Recently, work has started to infuse
syntax during language model pre-training (Sachan
et al., 2021) showing benefits for RE as well. We
instead investigate dependency information as sil-
ver data in intermediate training, which is more
efficient. To the best of our knowledge, the use
of syntax in intermediate pre-training for RE is
novel. We aim to answer the following research
questions: 1 Does syntax help RE via interme-
diate pre-tr@ﬂng (fast and cheap approach)? and
2 How does it compare with pre-training on addi-

al labeled RE data (expensive)? We release our
model and experiments.2

2 Syntax Pre-training for RE

Syntactic parsing is a structured prediction task
aiming to extract the syntactic structure of text,
most commonly in the form of a tree. RE is also
a structured prediction task, but with the aim of
extracting the semantics expressed in a text in the
form of triplets—entity A, entity B, and the seman-
tic relation between them.: We exploit the affinity
of these two structures by considering the shortest
dependency path between two (semantic) entities
(see Figure 1).
The idea we follow in this work is to pre-train
an RE baseline model over the syntactic relations—

2https: //g%lthub com/malnlp/

synfax-pre- ralnlng -for-R
t, we foIIow previous work, and assume gold
entities, leaving end -to-end RE for future work.

Universal Dependency (UD) labels—which most
frequently appear on the shortest dependency paths
between two entities (black bold arrows in Fig-
ure 2). We assume these labels to be the most
relevant with respect to thefinal target task of RE. In
order to feed the individual UD relations into the
RE baseline (model details in Section 3.1) we treat
them similarly as the semantic connections. In respect
to Figure 2, we can formalize the semantic relations
as the following triplets:

* NAMED(LFP,Linear-fractional programming)

* TYPE-OF(linear programming,Linear-fractional
programming)

* NAMED(LP linear programming).

Accordingly, we define the syntax pre-training in-
stances as:

* appos(programming,LFP)
* nsubj(generalization,programming)
* nmod(generalization,programming)
* appos(programming,LP).

In the next section we describe the detailed train-
ing process.

3 Experiments

3.1 Setup

Data In order to evaluate the robustness of our
method over out-of-domain distributions, we ex-
periment with CrossRE (Bassignana and Plank,
2022),+ a recently published multi-domain dataset.
CrossRE includes 17 relation types spanning over
six diverse text domains: news, politics, natural
science, music, literature and artificial intelligence
(Al). The dataset was annotated on top of a Named

“Released with a GNU General Public License v3.0.
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Figure 3: UD Label Distribution Over the Shortest Dependency Paths. Statistics of the UD labels which are on the
shortest dependency path between two entities over the six train sets of CrossRE (Bassignana and Plank, 2022).
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Figure 4: Shortest Dependency Path Length. Statis-
tics of the shortest dependency path length between two
entities over the train sets of CrossRE (Bassignana and
Plank, 2022).

Entity Recognition dataset—CrossNER (Liu et al.,
2021)—which comes with an unlabeled domain-
related corpora.c We used the latter for the syntax
pre-training phase.

UD Label Selection In order to select the UD
labels which most frequently appear on the shortest
dependency path between two semantic entities,
we parsed the training portions of CrossRE. Our
analysis combines RE annotations and syntacti-
cally parsed data. We observe that the syntactic
distance between two entities is often higher than
one (see Figure 4), meaning that the shortest depen-
dency path between two entities includes multiple
dependencies—in the examples in Figure 1, the
one above has distance one, the one below has dis-
tance two. However, the shortest dependency paths
contain an high frequency of just a few UD labels
(see Figure 3) which we use for syntax pre-training:
nsubj, obj, obl, nmod, appos. See Appendix A for
additional data analysis.

Model Our RE model follows the current state-
of-the-art architecture by Baldini Soares €t al., 2019
which augments the sentence with four entity mark- ers
e, e, e e before feeding it into
a pre-trained encoder (BERT; Devlin et al., 2019).

SReleased with an MIT License.

The classification is then made by a 1-layer feed-
forward neural network over the concatenation of
the start markers[&stan, &star]. Ve run our exper- iments
over five random seeds and report the aver- age
performance. See Appendix B for reproducibil-

ity and hyperparameters settings of our model.

Training The training of our RE model is di-
vided into two phases. In the first one—which we
are going to call syntax pre-training—we use the
unlabeled corpora from CrossNER for pre-training
the baselin€ nhodel over the RE-relevant UD labels. To
do so, 1 we sample an equal amount of sen-
tences from each domains (details in Section 4),
and (2 use the MaChAmp toolkit (van der Goot
et al., 2021) for inferring the syntactic tree of each of
them. We apply an additional sub-step for dis-
entangling the conj dependency, as illustrated in
Appendix C. Then,(3 we filer in only the nsubj,
obj, obl, nmod, and appos UD labels and 4 feed
those connections to the RE model (asexplainedin the
previous section). Within the RE model archi-
tecture described above, each triplet corresponds
to one instance. In this phase, in order to assure
more variety, we randomly select a maximum of
five triplets from each pre-train sentence.

In the second training phase—the fine-tuning
one—we replace the classification head (i.e. the
feed-forward layer) with a new one, and individu-
ally train six copies of the model over the six train
sets of CrossRE. Note that the encoder is fine-tuned in
both training phases. Finally, we test each model on
in- and out-of-domain setups.

8Regarding the news domain, which does not have a cor-
responding unlabeled corpus available, we sampled from the
train set of CrossNER which is not included in CrossRE.
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TEST

‘ TRAIN

news politics science music literature Al avg.

news | 10.98 1.32 124  1.01 149 142 291
politics | 16.07  11.30 6.74 7.24 729 554 | 903
science | 6.54 5.95 857 7.3 6.65 7.29 | 702
music| 3.99 9.91 9.22 19.01 10.43 8.53| 10.18
literature| 11.30 9.60 9.79 1249 1717  9.79| 1169
Al | 6.58 742 11.03 7.1 6.15 15.57| 898
news | 6.67 1.15 0.72 0.61 113 075 | 184
politics | 13.72  12.09 747 715 7.78 6.24 | 9.08
science | 8.46 7.08 8.69 8.19 752 891 | 814
music| 3.35 10.65 9.35 18.63 11.62 10.34| 10.66
literature| 11.85 9.84 10.35 13.58 18.64 9.94| 1237
Al | 8.87 8.59 11.87 8.29 7.68 15.93| 10.21
news | 11.88 2.30 2.09 1.13 1.82 216 | 356
politics | 14.25  13.55 6.52 7.12 742 7.07 | 932
science| 8.27 10.31 13.59 9.09 7.78 11.11 | 1003
music| 541 11.84 10.85 21.39 12.26 11.22| 1216
literature| 12.36 8.05 8.87 13.13 16.44 9.40| 11.37
Al | 11.00 10.12 14.03 8.93 8.50 18.89| 11.91

Table 1: Performance Scores. Macro-F1 scores of
the baseline model, compared with the proposed syntax
pre-training approach, and—as comparison—with the
traditional pre-training over the manually annotated Sci-
ERC dataset (Luan et al., 2018).

3.2 Results

Table 1 reports the results of our cross-domain
experiments in terms of Macro-F1. We com-
pare our proposed approach which adopts syntax
pre-training with the zero-shot baseline model.”
Five out of six models outperform the average of
the baseline evaluation, including in- and out-of-
domain assessments. The average improvement—
obtained without any additional annotated RE
data—is 0.71, which considering the low score
range given by the challenging dataset (with lim-
ited train sets, see dataset size in Appendix D),
and the cross-domain setup, is considerable. The
model fine-tuned on the news domain is the only
one not outperforming the baseline. However, the
performance scores on this domain are already ex-
tremely low for the baseline, because news comes
from a different data source with respect to the
other domains, has a considerable smaller train
set, and present a sparse relation types distribution,
making it a bad candidate for transferring to other
domains (Bassignana and Plank, 2022).

As comparison, we report the scores obtained
with the traditional intermediate pre-training which
includes additional annotated data. We pre-train the
language encoder on SciERC (Luan €t al., 2018),
a manually annotated dataset for RE. ScIERC con-
tains seven relation types, of which three overlap

"While utilizing the model implementation by Bassignana and
Plank, 2022, our score range is lower because we include the no-
relation case, while they assume gold entity pairs.
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Figure 5: Pre-train Data Quantity Analysis. Average
(dev) performance of the six models when pre-trained
over increasing amounts of syntactic instances.
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Figure 6: Per-Domain Pre-train Data Quantity Anal-
ysis. Individual (dev) performance of the model fine-
tuned on Al when pre-trained over increasing amounts of
syntactic instances.

with the CrossRE relation set. In this setup, the
improvement over the baseline includes the news,
but not the literature domain. Nevertheless, while
the gain is on average slightly higher with respect
to the proposed syntax pre-training approach, it
comes at a much higher annotation cost.

4 Pre-training Data Quantity Analysis

We inspect the optimal quantity of syntactic data
to pre-train our RE model on by fine-tuning this
hyperparameter over the dev sets of CrossRE. The
plot in Figure 5 reports the average performance
of the six models when pre-trained on increasing
amounts of syntactic dependencies: Starting from
84K instances onward, the performance stabilizes
above the baseline. We select the peak (20.4K,
albeit results are similar between 18-20.4K) for re-
porting our test set results in Table 1. While we are
interested in the robustness of our method across
multiple domains, and therefore consider the aver-
age (Figure 5), domain-optima could be achieved
by examining individual domain performance. As
example, we report in Figure 6 the plot relative to
themodel-fine-tuned on Al, which is the one obtain-

8Pre-training performance in Appendix E.
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ing the highest gain. The model fine-tuned on Al
generally gains a lot from the syntax pre-training
step, with its peak on 15.6K pre-training instances.

5 Conclusion

We introduce syntax pre-training for RE as an alter-
native to the traditional intermediate training which
uses additional manually annotated data. We pre-
train our RE model over silver UD labels which
most frequently connect the semantic entities via
the shortest dependency path. We test the proposed
method over CrossRE and outperform the baseline in
five out of six cross-domain setups. Pre-training over
a manually annotated dataset, in comparison, only
slightly increases our scores in five out of six
evaluations, but at a much higher cost.

Limitations

While we already manage to outperform the base-
line, the pre-training data quantity is relatively
small (~20K instances). Given the computational
cost of training 30 models—six train sets, over five
random seeds each—and testing them within in-
and cross- domain setups, we break the inspection of
the optimal pre-training data amount at 24K in-
stances. However we do not exclude that more
pre-training instances would be even more benefi-
cial for improving even more over the baseline.

Related to computation cost constrains, we test
our syntax pre-training approach over one set of
UD labels only (nsubj, obj, obl, nmod, appos).
Different sets could be investigated, e.g. including
acl and compound, which present a lower, but still
considerable amount of instances (see Figure 3).

Finally, while approaching RE by assuming that
the gold entities are given is a common area of
research, we leave for future work the inspection
of the proposed method over end-to-end RE.
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A UD Analysisfor RE

We inspect the same statistics as Figure 3 and Fig-
ure 4—UD labels on the shortest dependency paths,
and shortest dependency path lengths respectively—
but instead of at domain level, at semantic relation
type level. Table 2 and Table 3 report this analysis,
revealing similar trends over the 17 types.

B Reproducibility

We report in Table 4 the hyperparameter setting of
our RE model (see Section 3.1). All experiments
were ran on an NVIDIA® A100 SXM4 40 GB
GPU and an AMD EPYC™ 7662 64-Core CPU.
Within this computation infrastructure the baseline
converges in ~ 7 minutes. The the syntax pre-
training step takes ~ 10 minutes, to which we
have to add ~ 7 minutes in order to obtain the
complete training time.

We train MaChAmp v0.4 on the English Web
Treebank v2.10 with XLM-R large (Conneau €t al.,
2020) as language model with all default hyperpa-
rameters of MaChAmp.
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\ rel-to  artifact cause-eff compare gen-aff named opposite origin part-of physical role social temporal topic type-of usage win-def \
nsubj 8910€ z 1z 1205461 68 7511€ 24¢ 3¢ 54 1C 1€ 3 68
obj 7851 1 € 76364¢ M 835E 12¢ ¢ 4¢ 17 14 31 86
iobj 0cC C ( 0 1 0 0 0 1 3 000000
ccomp 5 7C A 710¢ z 2290 C ooc O
xcomp 6 9C 4 155¢ 4 511171 1€ 312 10
obl 8862 £ 14 92532¢ 44 77202 224 1€ 121 17 2¢€ [
advcl 109 03 4 & 47211¢ 1C 1814 10 4 3 1€ 2 € 7 20
advmod 0 100C C 0 1 0 ocC
nmod 100140 2 12 1815747 58 148276 386 29 72 43 35 19 48
appos 2689 02 8510811 23 4172 112 9 12 6 6 1 20
nummod 1C ocC 0 0 0 00000C C C c o
acl 4024 0 0 39 10 25 48 33 74 011242 13 15
amod 51 0 2 31 3 3 5 2 3 0320 34
det 0c 0 0 0 0 0 0 0 1 0000 00
conj 14 23 0 3 1 0 1 2 3 11 0110 0003
flat 0 1 12 8 0 2 11 37 8710
lcompound 2924 0 5 5 7 54 53 57 2925 10 22
list 015710 0 2 2 0 0 0 0200 000100
parataxis 01 0 30 14 0 0 14 5 17 1815 00
orphan 0 0 0 0 0 0 0 0 0000
punct 0 0 0 0 0 0 0 0 0000

Table 2: UD Label Distribution Over the Shortest Dependency Paths per Relation Type. Statistics of the
UD labels which are on the shortest dependency path between two entities divided by the 17 relation types of

CrossRE (Bassignana and Plank, 2022).

[related-to artifact causeeff compare gen-aff named opposite origin

part-of physical

role social temporal topic  type-of usage win-def \

12 3 43 0003 7392 1 1926
3 47799 43 5923 25 2851
5 ¢ &_ 21 3314 21 2957
78 24 24 5220 13 1237
9 17 12 05 04 3612 186 14 818
10 9 7 4 58 02
11 4 0 0 043 0

0 0 0 0 0 3 1 0

0 1 0 0 0 1 0 0

0 0 0 0 0 2 0 0

0 0 0 0 0 2 0 0

72 6405717

1271041611
75 1361730143
M 104728617
28 3351082 100212 4 32
12 1
6 405000 5
0 1 1 0 3 0 00 0
0 0 2 0 0 0 00 0
0 0 0 0 0 0 00 0
0 0 0 0 0 0 00 0

Table 3: Shortest Dependency Path Length per Relation Type. Statistics of the shortest dependency path length
between two semantic entities divided by the 17 relation types of CrossRE (Bassignana and Plank, 2022).

Parameter ‘ Value

Encoder

Classifier|
Loss
Optimizer
Batch size
Learning rate
Learning rate

bert-base-cased

1-layer FFNN
Cross Entropy
Adam optimizer
12,24
1es (pre-train)
2e5 (fine-tuning)

Seeds‘ 4012, 5096, 8878, 8857, 9908

Table 4: Hyperparameters Setting. Model details for
reproducibility of the baseline.

C Handling of Conj

In UD, thefirst element in a conjuncted list govems all
other elements of the list via a conj dependency and
represents the list syntactically w.rt. the re-
mainder of the sentence. CrossRE (Bassignana and
Plank, 2022) relations, on the other hand, directly
link the two entities involved in the semantic struc-
ture. To account for this difference, we propagate
the conjunction dependencies in order to reflect the
semantic relations, as shown in Figure 7.

| SENTENCES | RELATIONS

‘ train  dev test ‘ tot. ‘ train dev test ‘ tot.

news| 164 350 400 914 175 300 396 871
politics | 101 350 400 851 502 1,616 1,831| 3,949
science| 103 351 400 854 355 1,340 1,393| 3,088
music‘ 100 350 399 ‘ 849 ‘ 496 1,861 2,331% 4,690
Iiterature‘ 100 400 416 ‘ 916 ‘ 397 1,539 1,591‘ 3,527
AI‘ 100 350 431 ‘ 881 ‘ 350 1,006 1,121 2,483
tot.‘ 668 2,151 2,446‘ 5,265‘ 2,275 7,662 8,671‘ 18,608

Table 5: CrossRE Statistics. Number of sen-

tences and number of relations for each domain of
CrossRE (Bassignana and Plank, 2022).

D CrossRE Size

We report in Table 5 the dataset statistics of
CrossRE (Bassignana and Plank, 2022) including
the number of sentences and of relations.

E Syntax Pre-training Performance

Figure 8 reports the performance of the RE model
during the syntax pre-training phase, over increas-
ing amounts of pre-training dependency instances.
The scores are computed on a set including 600
sentences (100 per domain) not overlapping with
the train set used in the syntax pre-training phase.
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[...] opinion-based recommender system utilize various techniques including text mining , information retrieval , sentiment analysis|...]
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[...] opinion-based recommender system utilize various techniques including text mining , information retrievél, sentiment analysis|[...]

Figure 7: Example of conj Alteration. Original UD dependencies (above), and disentangled conjunction depen-
dencies reflecting the semantic relation annotations (below).
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Figure 8: Pre-train Performance. Pre-train perfor-
mance of the RE model over increasing amounts of
dependency instances
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