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Abstract
Recently, the transformer-based pre-trained
models have made significant progress in the
Relation Extraction (RE) task. However, what
the transformer models have learned from the
RE task fine-tuning is still unclear. To answer
this question, analyzing the attention distribution and figuring out what kinds of tokens contribute more to the final prediction can be helpful. In this work, we hypothesize that the finetuned transformer will pay more attention to
the Shortest Dependency Path (SDP) tokens
than non-SDP tokens. To validate this hypothesis, we define a metric, Attention Target Averaged Count (ATAC), to measure the importance of different token types for the RE task.
Experiments show that the transformer model
does utilize the SDP information during the inference: There is a considerable growth on the
ATAC score regarding the SDP type after the
fine-tuning. Moreover, a much sharper performance drop is observed after pruning the SDP
attention heads compared with pruning those
non-SDP attention heads.
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Introduction

Relation Extraction (RE) is a task to detect the
predefined relations between two given entities in
a sentence (see example in Figure 1). Recently,
transformer-based models such as BERT (Devlin
et al., 2019) are applied to RE task and achieve
impressive results (Shi and Lin, 2019; Wu and He,
2019; Baldini Soares et al., 2019; Wang et al., 2019;
Joshi et al., 2019; Alt et al., 2019).
Meanwhile, the effectiveness of transformer motivates a growing body of research investigating
what aspects of language they are able to learn.
Clark et al. (2019) analyzed the attention head pattern in the pre-training phase, showing that certain
attention heads specialize to specific dependency
relations. Goldberg (2019); Hewitt and Manning

Figure 1: A dependency tree example. Entities are
“fever” and “weather”. The Shortest Dependency
Path (SDP) between two entities is colored in red
(edges and tokens).

(2019); Tenney et al. (2019); Liu et al. (2019); Tenney et al. (2019); Jawahar et al. (2019); Htut et al.
(2019) showed that representation constructed from
BERT can encode rich syntactic phenomena.
However, none of them explore the sources of
the performance gains in the fine-tuning phase for
the RE task. In this work, we try to answer the
question by hypothesizing that the Shortest Dependency Path (SDP) information contributes to the
effectiveness of the transformer on RE task. To
verify this hypothesis, we design the experiments
with three steps: We firstly classify the tokens into
different types, and then investigate the importance
of them based on the attention head pattern changes
before and after the fine-tuning phase, measured
by our proposed metric, Attention Target Averaged
Count (ATAC). We further verify the importance of
each token type by the head pruning experiments,
by observing the performance drops.
The major contribution of our work is to answer
the question: What kind of knowledge do the transformers learn in RE task? We find that transformers automatically learn SDP information and prove
that the learned SDP information is a key factor for
the performance gains. Our work makes the transformer models more interpretable and connects the
existing feature engineering with deep transformer
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Figure 2: Attention patterns in different heads. From
left to right: [CLS] → [CLS], [CLS] → [SEP],
[CLS] → Others, [CLS] → SDP. The <layer
number>-<head number> denotes a particular attention head.

models. To the best of our knowledge, this is the
first study on analyzing transformer models for the
RE task from the syntactic perspective.

2

Model and Dataset

Model We use BERT (Devlin et al., 2019) as the
transformer (Vaswani et al., 2017) based model for
the experiment. In the fine-tuning experiments, we
construct the input sequence in the form of <[CLS],
T OKEN, ..., [SEP]>, where [CLS] and [SEP] are
two special tokens. To prevent overfitting, we
replace the entity mentions in the sentence with
masks (Zhang et al., 2017), composed of argument
type (subject or object) and entity type (such as
location and person), e.g., S UBJ -L OC, denoting
that the subject entity is a location. The hidden
representation of [CLS] from BERT is used for the
final prediction over the predefined relation types.
Cross-entropy loss function is used. With the finetuned model, we extract the attention map of each
self-attention head for further analysis.
Dataset TACRED (Zhang et al., 2017) is a widely
used relation extraction dataset, covering 41 relation types (e.g., per:schools attended). Examples
are labeled as no relation if no defined relation is
held. Our analysis is based on two settings: full
dataset (full 15,509 test samples) and positive
dataset (3,325 positive samples where samples
tagged with no relation are removed). F1 is the
evaluation metric for the dataset.
Setting We use BERT base (12 layers and 144
attention heads in total) for experiments. <layer
number>-<head number> denotes a particular attention head. We fine-tune the model on TACRED dataset, achieving 70.46% F1 score on average with three different random seeds (these three
models obtain 70.87%, 70.22%, 70.3% on F1 score,
respectively), and we use the model that achieves
70.87% for the analysis.

Methodology

Our analysis method has three steps: Token types
classification, attention pattern analysis, and head
pruning based verification.
Token Type Classification: For each example, we
classify the tokens into four token types, namely
SDP tokens (the tokens in the Shortest Dependency
Path, including the two entities), [CLS] token,
[SEP] token, and Others. To obtain the SDP
tokens, we leverage the off-the-shelf dependency
parser1 to acquire the dependency tree and extract
the Shortest Dependency Path between two given
entities. The tokens fell along the path are classified as SDP tokens (see example in Figure 1).
[CLS] and [SEP] are the two special tokens in
BERT model. And other tokens automatically fall
in Others type.
Attention Pattern Analysis: Based on the token
type classification, we then observe how the attention patterns of the self-attention heads change. To
achieve this, we firstly define the major attention
token type (MATT) of a head as:
MATT(h, s) = type(argmaxt αh,s,t ),

(1)

where h, s, t and α denote an attention head, attention source token, attention target token and
attention weight, respectively. In this work, the
model has totally 12 × 12 = 144 heads in total. When a specific attention head h is applied
to a token s, namely the attention source token,
the attention weight α from s to another token t,
namely the attention target token, can be computed.
We define the type of t that has largest attention
weight as MATT of the attention head h on the
token s. For example, in Figure 2 where the darker
color denotes the larger attention weight score, a
M AT T (h = 1-4, s = [CLS]) = [CLS] and
M AT T (h = 10-7, s = [CLS]) = Other, because the token “child” has the largest attention
weight α and its type is Others in the context.
Intuitively, the MATT shows the token type that
an attention head cares about the most. Based on all
the examples in the corpus, we define the Attention
Target Averaged Count (ATAC) of a specific MATT
p that an attention head h attends to:
P
ATAC(h, s, p) =

σ(MATTi (h, s) = p)
,
N

(2)

where N is the total sample size, the
σ function equals to 1 when the expres1

spacy: https://spacy.io
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[SEP]
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Table 1: Head examples of ATAC for different MATTs
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Figure 4: ATAC on SDP(non-ent),
SDP
and SDP(ent) before and after fine-tuning phase.
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Figure 3: ATAC for different MATTs before and after
fine-tuning phase grouped by layers.

sion true otherwise equals to 0, and p
{SDP, [CLS], [SEP], Others}.

∈

Considering the [CLS] hidden state represents the whole sentence, it will be the only attention source token in this work. Intuitively,
ATAC(h, s = [CLS], p) shows the average count
of an attention head attending to the token type
p from [CLS]: Higher value implies that this attention head cares more about the token type p
when the attention source token is [CLS]. For example, in Table 1, the ATAC (the attention source
token is [CLS]) of some attention heads are shown.
Head 11-9 attends to 1.1582 SDP tokens, and
0.8277 Others tokens. We can further aggregate ATAC(h, s = [CLS], p) over all the attention heads globally
or within a layer: ATAC(s =
P
[CLS], p) = h ATAC(h, s = [CLS], p), which
shows the attention patterns in higher level. With
the ATAC metric, we can further determine the token types on which the attention heads focus more
after the fine-tuning phase.
Head Pruning Based Verification: In this step,
we quantify the token type importance with the
heads pruning experiments. Firstly, we gather topk (k=10 in this work) heads based on the value
of AT AC(h, s = [CLS], p) for a specific token
type p. Then we mask out these heads during the
model inference phase, and observe the changes of
the model performance. Intuitively, if those heads
that are attending to important tokens are masked
out during the inference, the evaluation metric will
drop significantly.

In this section, we give a comprehensive analysis
for the head attention pattern changes before and
after the fine-tuning phase to determine the important token types. Figure 3 demonstrates how ATAC
changes before and after fine-tuning phases in layer
level. We can observe that the increase of the ATAC
regarding Others and [SDP] reveals mainly in
top 4 layers (layer 9, 10, 11, 12). Correspondingly,
the decrease of the ATAC regarding [SEP] also
locates in top 4 layers. The variances of the ATAC
in other layers are small.
Attend to SDP In Figure 3, when the layers are
close to the output layer, such as layer 10, 11
and 12, it is clear that the attention heads attend
more to [SDP] tokens after fine-tuning phase.
Based on the ATAC aggregated within a layer,
AT AC(h, s = [CLS], p = [SDP]) has the largest
increase after the fine-tuning, when compared with
other token types, such as Others, which remains
unchanged or slightly increases. This pattern reveals that the fine-tuned model captures the representative syntactic features from the raw sentences.
For example, in Figure 2, the subject entity token
and object entity token are “Assaf” and “15”, respectively and the relation is per:age between these
two entities. Before the fine-tuning phase, the head
10-7 attends to token “child”. But after the finetuning phase, the head 10-7 attends to token “15”.
In order to further investigate the pattern changes
of SDP tokens, we categorize SDP tokens into
SDP(ent) (entity tokens in SDP) tokens and
SDP(non-ent) (non-entity tokens in SDP) tokens, represented as AT AC(s = [CLS], p =
[SDP(non-ent)]) and AT AC(s = [CLS], p =
[SDP(ent)]). In Figure 4, as we mask the both
entities as entity types to prevent overfitting, it is
not surprising that the SDP(ent) tokens attract
more attention in the fine-tuning phase. But we
can also observe that AT AC(s = [CLS], p =
[SDP(non-ent)]) increases with a large margin, in-
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[SEP]
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Table 2: Top-10 important heads based on ATAC-based
method and gradient-based method

dicating that the model can automatically detect
the SDP structure in the raw sentence, to encode
distinctive features for classification.
Attend to [Others] When the layers are very
close to the output layer, such as layer 12, the attention heads attend more to [Others]. However the change is less significant than the one of
[SDP] because the [Others] tokens are less informative than the [SDP] tokens, attracting less
attention overall.
Attend to [CLS] and [SEP] An obvious phenomenon in Figure 3 is that the heads in the bottom three layers (layer 1, 2, 3) pay most of the
attention on the [CLS] token. Also, similar to
the results from Clark et al. (2019), we also
find that a significant number of heads attend to
[SEP] tokens in the middle layers (from layer
4 to layer 9 in Figure 3). The absolute value
changes of AT AC(s = [CLS], p = [CLS]) are
subtle when we compare fine-tuned models with
the pretrained one in bottom layers. Similarly for
AT AC(s = [CLS], p = [SEP]) in middle layers.
When the layers are closer to the top layer, these
two values start to decrease in both stages because
the top layers are more important for extracting
task specific features and attending to [CLS] can
not contribute to producing useful information.
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Methods

11-9
11-5
10-9
11-2
9-1
10-4
10-8
12-11
3-6
12-12

Head Pruning Based Verification

Until now, our analysis shows that in the fine-tuned
model, the attention weight of [SDP] boosts, indicating the importance of [SDP] token type. In
this section, we further quantify it with the head
pruning experiments.
Table 2 (Columns 2-7) shows the
ranked top-10 heads based on the value of
AT AC(h, s = [CLS], p) (p ∈ {SDP, SDP(ent),
SDP(non-ent), Others, [CLS], [SEP]}).
After pruning these heads regarding different token
types, Table 3 shows the quantitative results. If we
mask the top-10 heads that are attending to SDP
tokens, the F1 score on positive dataset drops

Fine-tuned(no pruning)
SDP
SDP(ent)
SDP(non-ent)
ATAC-based
Others
[CLS]
[SEP]
Gradient-based

F1 after pruning
Positive Dataset Full Dataset
80.77
70.87
-16.02
-9.58
-14.60
-8.49
t
-5.49
-3.12
-4.77
-1.82
-1.06
-0.47
-0.06
-0.50
-10.11
-5.10

Table 3: F1 scores (%) after pruning top-10 heads
based on different methods. Positive means 3,325 test
data with real relation. Full data means 15,509 test data,
containing non-relation.

16% and the one on full dataset drops 9.58% in
absolute value. Both scores drop far larger than
pruning the heads regarding other token types. The
results prove that the SDP information learned
during the fine-tuning phase makes the greatest
contribution than other token types. The results
of SDP(ent) and the SDP(non-ent) show
that the SDP(ent) is the major contributions in
SDP token type. And the SDP(non-ent) makes
more contributions than other token types such as
Others, [CLS] and [SEP].
We further compare our ATAC-based head
pruning method with the gradient-based
method (Michel et al., 2019).
From Table 2 (Column 2 and Column 8), we can observe
that 6 attention heads overlap (10-9, 12-11,
11-9, 10-4, 11-5, 12-12) in the ranked
top-10 heads lists obtained from the ATAC-based
method (SDP) method (based on the value of
AT AC(h, s = [CLS], p = [SDP])) and the
gradient-based method. After the head pruning, we
observe that ATAC-based (SDP) method leads to
larger performance drop than the gradient-based
method (14.60% v.s. 10.11% on positive dataset
and 9.58% v.s. 5.10% on full dataset), indicating
that the ATAC-based (SDP) is a better measurement in determining the head importance for RE
task than the gradient-based method.
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Conclusion and Future Work

In this work, we propose a new metric, Attention
Target Averaged Count (ATAC), for tracking attention patterns. With this metric, we prove our
hypothesis that the transformers have learned shortest dependency path knowledge in the fine-tuning
phase for relation extraction (RE) task, contributing to the performance gains, which is further supported by the ATAC-based head pruning experiments. Based on the conclusion, exploring how
to encode SDP information more effectively for
transformers will be an interesting direction.
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