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Abstract
Current language models require a lot of training data to obtain high performance. For Relation Classification (RC),
many datasets are domain-specific, so combining datasets to obtain better performance is non-trivial. We explore
a multi-domain training setup for RC, and attempt to improve performance by encoding domain information. Our
proposed models improve > 2 Macro-F1 against the baseline setup, and our analysis reveals that not all the labels
benefit the same: The classes which occupy a similar space across domains (i.e., their interpretation is close across
them, for example physical) benefit the least, while domain-dependent relations (e.g., part-of ) improve the most
when encoding domain information.
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1. Introduction

Relation Classification (RC) is the task of identify-
ing the semantic relation between two given enti-
ties. The task is beneficial for many different down-
stream tasks which involve Natural Language Un-
derstanding. For example, question answering,
knowledge base population, or summarization. In
addition to the wide variety of downstream appli-
cations, as most information extraction tasks, RC
is topic-specific, meaning that depending on the
topic the information to extract can vary a lot. For
example, in the music domain we may want to ex-
tract that a song is included in a musical album,
while in the politics domain we may have a politi-
cian winning a political election. While current deep
learning models require a lot of training data, col-
lecting and annotating text from every domain is
time-consuming and expensive.

In this project, we explore the critical setup of
multi-domain training with the aim of identifying
the best setup for maximizing the training data (by
including data coming from different domains), with-
out losing domain-specific information. To do so,
we compare multiple ways of enriching the input
instances with domain information (see Section 2).

Encoding information about where a certain utter-
ance originates from has been previously explored
in other Natural Language Processing fields. In the
multi-lingual space, Conneau and Lample (2019)
exploited language embeddings for multi-lingual
model training. Ammar et al. (2016) first proposed
to use language embeddings for training a multi-
lingual syntactic parser for seven European lan-
guages, and showed improved performance. Later
work also successfully trained parsers with the so
called treebank embeddings for datasets within the

same language (Stymne et al., 2018) or language
family (Smith et al., 2018). Other work have used
special language ids to mark the language of each
instance in the context of machine translation (Liu
et al., 2020). To the best of our knowledge, these
approaches have been exploited mostly in multi-
lingual setups and syntactic tasks. In this work, we
explore a gap and test their effectiveness for encod-
ing domain information in a semantic setup: Rela-
tion Classification. We compare “dataset embed-
dings” and “domain markers” from previous work
with a new approach exploiting domain-specific en-
tity types. Our contributions are:

• CrossRE 2.0, an extension of the CrossRE
dataset (Bassignana and Plank, 2022) with
3.3k new annotations in the news domain in
order to balance data across domains;

• We propose the first multi-domain training
baseline on CrossRE;

• We test previous work for encoding dataset
information in RC, and compare it with a new
RC-specific technique; We present an in-depth
analysis of the results obtained.

2. Domain Encoding for Relation
Classification

2.1. Dataset Embeddings
The dataset embedding model tries to encode infor-
mation about the domain with ad-hoc embeddings
on the encoder side. Dataset embeddings are vec-
tor representations learned at training time that aim
at capturing distinctive properties of multiple data
sources into a continuous vector, without losing



8302

their heterogeneous characteristics. Originally they
were often concatenated to the word embedding
and then used in e.g., a Bi-LSTM (Stymne, 2020;
Wagner et al., 2020; van der Goot et al., 2021).
However, since large language models have be-
come the standard, this has become trickier, as
they have a pre-determined input size. To enable
usage of dataset embeddings, van der Goot and
de Lhoneux (2021) propose to sum them to the
input representation. In our setup, we treat each
domain as a separate data source.

2.2. Special Domain Markers
An intuitive and simple alternative way of encoding
the domain is by using special tokens appended to
the input text itself. This has been previously done
in machine translation in order to mark the differ-
ent languages (Liu et al., 2020). We concatenate a
special token at the beginning of each instance con-
taining the corresponding domain (e.g., [MUSIC]
or [NEWS]). These domain markers are treated by
the tokenizer as special tokens, i.e., they are not
tokenized into subwords, so the model learns a
representation for each of them during training.

2.3. Entity Type Information
The domain-specific entity types carry out infor-
mation which can be relevant for identifying the
correct relation label. Following Zhong and Chen
(2021) we add entity type information in the rep-
resentation of the input (see model description in
Section 3.2). We test two different approaches to
do this. First, we use the 39 fine-grained types pro-
posed by Liu et al. (2021) including e.g., musician
or political party, which are domain-specific. In the
second setup we map these fine-grained types into
five coarse-grained types. For example, musician
and political party are mapped to person and or-
ganization respectively. While this last approach
shades domain information, it guarantees a more
condensed entity type distribution, and it can be
combined with the other two setups.

3. Experimental Setup

3.1. Data

CrossRE (Bassignana and Plank, 2022),1 is a
manually-annotated dataset for multi-domain RC
including 17 relation types spanning over six di-
verse text domains: news (\), politics (ÿ), natural
science (
), music (Y), literature (_), and artifi-
cial intelligence (Æ). The dataset was annotated
on top of CrossNER (Liu et al., 2021), a Named
Entity Recognition (NER) dataset. Table 1 reports

1Released with a GNU General Public License v3.0.

sentences relations
train dev test tot. train dev test tot.

\ 217 1,320 3,053 4,590 156 1,043 2,115 3,314
\ 164 350 400 914 175 300 396 871
ÿ 101 350 400 851 502 1,616 1,831 3,949

 103 351 400 854 355 1,340 1,393 3,088
Y 100 350 399 849 496 1,861 2,333 4,690
_ 100 400 416 916 397 1,539 1,591 3,527
Æ 100 350 431 881 350 1,006 1,127 2,483

tot. 885 3,471 5,499 9,855 2,431 8,705 10,786 21,922

Table 1: CrossRE 2.0 Statistics. Number of sen-
tences and number of relations of the news exten-
sion (first row), and statistics of the original domains
of CrossRE (below).

the statistics of CrossRE. While the train, dev, and
test splits include similar amounts of sentences
across the six domains, the number of annotated
relations varies over a wider range. The reason for
this includes different average sentence lengths,
and different relation densities across the domains.
In the original dataset, the news domain is partic-
ularly small. This domain comes from a different
source with respect to the other five—the CoNLL-
2003 dataset (Tjong Kim Sang and De Meulder,
2003) and Wikipedia (Liu et al., 2021) respectively.

3.1.1. CrossRE 2.0

With the aim of mitigating the effect of dataset size
on the model performance, which influences the
comparison of results across domains, we expand
the news domain of CrossRE. We follow the anno-
tation guidelines by Bassignana and Plank (2022)2

and manually annotate more than 4.5k sentences
from the CoNLL-2003 dataset (Tjong Kim Sang
and De Meulder, 2003)—the original data source
of this domain. The data is annotated by a hired
linguist compensated fairly according to national
salary scales, who got extensive training for the
task. We refer to Bassignana and Plank (2022)
for the discussion on the annotation agreement
because for consistency we employed the same
annotator who annotated the original version of
CrossRE. Table 1 reports the statistics of our ex-
tension, with over 3k annotated relations and an
overall total in news (including the original dataset)
of 4.1k, which is in line with the other domains. The
dataset extension is public available in the CrossRE
repository.3 We train the model in a multi-domain
setup, i.e., mixing the six training sets of CrossRE.

2https://github.com/mainlp/CrossRE/
blob/main/crossre_annotation/
CrossRE-annotation-guidelines.pdf

3https://github.com/mainlp/CrossRE/

https://github.com/mainlp/CrossRE/blob/main/crossre_annotation/CrossRE-annotation-guidelines.pdf
https://github.com/mainlp/CrossRE/blob/main/crossre_annotation/CrossRE-annotation-guidelines.pdf
https://github.com/mainlp/CrossRE/blob/main/crossre_annotation/CrossRE-annotation-guidelines.pdf
https://github.com/mainlp/CrossRE/
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3.2. Model Architecture
We use the baseline model of the original CrossRE
paper.4 Following the model architecture first pro-
posed by Baldini Soares et al. (2019), the im-
plementation by Bassignana and Plank (2022)
augments the sentence with four entity markers
estart1 , eend1 , estart2 , eend2 surrounding the two entities.
When exploiting the entity types, the information is
injected in the entity markers (e.g., [E1:person])
The augmented sentence is then passed through a
pre-trained encoder, and the classification is made
by a linear layer over the concatenation of the start
markers [ŝestart

1
, ŝestart

2
]. We run our experiments

over five random seeds and report the average.
All hypermarameters follow Bassignana and Plank
(2022). Our code is available on GitHub.5

4. Results

Table 2 reports the Macro-F1 results of our experi-
ments. The dataset embeddings setup fails to beat
the baseline. The main reason for this is the limited
amount of training data in our setup, which chal-
lenges the model in learning them. 6 The dataset
embeddings are summed to the word, segment,
and position embeddings, which are then updated
all at once in the forward pass. Additionally, in set-
tings where they are successful, these embeddings
are usually used to disambiguate datasets coming
from difference data sources or languages. Here
instead we are at a more fine-grained level, trying
to model different topics, with data extracted from
the same source (except for news).

Concatenating a special domain marker at the
beginning of the sentence results in the best per-
formance (36.90 Macro-F1), with the highest im-
provement in the music domain (+2.96) and some-
times small yet consistent improvements across
all domains. The fine-grained entity types lead to
decreased performance, because their distribution
is very sparse across the six domains. For exam-
ple, out of the 39, the news domain from CoNLL
2003 only includes person, location, organization
and miscellaneous, resulting in a performance de-
crease of -1,78. Using the coarse-grained entity
types—shared across all the domains—results in a
slightly better average Macro-F1 (34.99) than em-
ploying the fine-grained ones (34.10), but it does
not improve over the baseline either. As this setup
lacks domain information, we try combining the
coarse-grained entity representation with the spe-
cial domain markers. Within this setup results are

4https://github.com/mainlp/CrossRE
5Project repository https://github.com/

viggo-gascou/multi-domain-rc
6We manually inspected the dataset embeddings be-

fore and after training.

\ ÿ 
 Y _ Æ avg.

de
v

Baseline 25.45 31.35 39.46 39.69 38.84 38.09 35.48
Dataset Emb. 15.38 22.22 24.77 32.64 30.95 29.80 25.96
Domain Mark. 26.36 32.77 40.31 42.65 40.59 38.71 36.90
Fine-grain. 23.67 32.67 35.35 38.76 38.23 35.94 34.10
Coarse-grain. 24.46 31.56 38.59 39.33 38.09 37.90 34.99
Dom. + Coarse 24.52 32.02 39.63 42.19 40.01 37.17 35.92

te
st Baseline 24.73 34.12 39.67 39.96 44.64 35.71 36.47

Domain Mark. 26.72 37.62 43.57 41.48 44.88 37.69 38.66

Table 2: Performance Scores. Macro-F1 scores
of the explored setups. Dom. + Coarse indicates
the combination of special domain markers with
the coarse-grained entity types.
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Figure 1: Domain Representation. PCA plot of
the untrained embeddings of the instances in the
development set, colored by domain.

mixed across the domains: While most of them
(except AI) improve over the coarse-grained entity
type (without domain information), only politics, sci-
ence, music and literature overcome the baseline.
The overall average across the domains results in
a minor improvement of +0.44.

We evaluate the best setup (the special domain
markers) on the test set in order to confirm our find-
ings. Following the trend on the development set,
the improvement over the baseline is +2.19 Macro-
F1. The lower performance range of news over
the other domains (both in dev and test) indicates
that the different data source has a high impact
even with the more uniform data distribution across
domains proposed with our dataset extension.

5. Analysis

Domain Representation To inspect how much
domain information the out-of-the-box embeddings
contain, in Figure 1 we plot the PCA represen-
tations of the untrained embeddings (with bert-
base-cased, the encoder used by the RC model)
of the instances in the development set. We do
not include the news domain in this plot because
given its different data source (consisting of shorter
sentences, typically news headlines), the news in-
stances are very distant from the other domains,
resulting in an high overlap of the latter. The current

https://github.com/mainlp/CrossRE
https://github.com/viggo-gascou/multi-domain-rc
https://github.com/viggo-gascou/multi-domain-rc
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Figure 2: Relation Representation. PCA plot of the trained embeddings of the most frequent relation
labels in the development set, colored by relation labels and shaped by domain.

setup allows us to shed light on the remaining five
domains, besides news which we already know is
very distinctive. The domains are already relatively
distinguishable with the untrained encoder. The
two technical domains, science and AI, marginally
overlap; politics is completely detached; and only
music and literature overlap significantly. Our intu-
ition is that encoding additional domain information
(see Section 2) may not be particularly relevant.

Relation Representation We dive deeper into
analyzing the relations and explore whether in the
baseline setup (i.e., without additional domain in-
formation) the representation of instances coming
from different domains, but belonging to the same
class, are close to each other. In Figure 2 we
plot the PCA representation of the trained base-
line model of the instances with the most frequent
relation labels in the development set, separated
by class and domain. The main finding from this
plot is that most of the classes are quite clustered,
independently from the domain they belong to. For
example, the physical relation on the right side has
instances from all the domains. Similarly, the arti-

fact and the role labels towards the bottom-left cor-
ner of the plot. Interestingly, the general-affiliation
relation presents clustered representations of the
instances in the literature and music domains, but
it still dominates the upper left side of the plot. Less
surprisingly, the related-to label, listed as None-Of-
The-Above (NOTA) in the guidelines, has a more
sparse distribution across the plot.

The labels which present a less defined clus-
ter (i.e., the ones whose meaning shifts the most
across domains) are the ones which benefit the
most from the special domain markers. For exam-
ple, related-to improves from a baseline value of
20.99 F1 up to 24.21 in the special domain mark-
ers setup; named goes from 68.25 to 71.30 F1;
and part-of improves from 32.79 to 35.54 F1. In
contrary, the relation labels which present a bet-
ter defined cluster already within the baseline (see
Figure 2) do not benefit much from the additional en-
coding of domain information. For example, the per-
label F1 scores of the physical, general-affiliation,
and role relations in the baseline and special do-
main markers setups are respectively 77.16 and
77.51, 54.09 and 54.46, 65.60 and 65.11.
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6. Conclusion

We explore how to encode domain information in a
multi-domain training setup for the domain-specific
task of RC. We propose CrossRE 2.0, a dataset ex-
tension of CrossRE (Bassignana and Plank, 2022)
for balancing the amount of data across the six do-
mains included in it. We manage to improve the
multi-domain training baseline by > 2 Macro-F1
with a simple, but effective technique which en-
codes domain information in special domain mark-
ers concatenated at the beginning of each input.
Our analysis reveals that not all of the relation labels
benefit the same from the domain encoding: The
most generic, with a diverse interpretation across
domains (e.g., part-of ) are the ones which gain the
most in terms of per-label F1.

7. Ethics Statement

We do not foresee any potential risk related to this
work. The data we use is published freely by Liu
et al. (2021) and Bassignana and Plank (2022).

For the dataset extension, we hired an expert with
a linguistics degree employed following national
salary rates. The cost of the annotation process
amounts to ≈ 1$ per annotated relation.
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