








Figure 2: The architecture of GAM. The left part is an input example of the document and a corresponding
prompt. The graph construction module (a) constructs a semantic mention graph including co-existence,
co-reference and co-type relations from entity mentions and mask mentions. The ensembled graph
transformer module (b) handles the text features combined with three semantic relations. Finally, the
graph-augmented encoder-decoder module (c) is utilized to conduct the feature fusion and predict the

arguments.

tives by extracting three types of relations, includ-
ing co-existence relation within entity mentions
and mask mentions, co-reference relation between
entity mentions and the co-type relation between
mask mentions and entity mentions.

3.1.1. Co-existence Relation

In the co-existence relation, GAM focuses on men-
tions within the same sentence. Intuitively, entity
mentions in the same sentence represent all spe-
cific information and they are more likely to become
arguments for the same event. Mask mentions
also represent the same event. The aggregation of
the co-existence relation within the mask mentions
enables the subsequent sub-modules to better un-
derstand which argument roles are present in the
current event, thus better reflecting the complete
event ontology information in the graph. Therefore,
we construct the co-existence relation to enhance
the same sentence connection.

If nodes m; and m; are in the same sentence,
we establish a direct connection between men-
tions m, and m;. These connections confined
within a single sentence in the document or prompt.
This relation is reflected in the adjacent matrix
M., € RE*X of the co-existence relation, where
M, [m;, m;] = 1, where K is the total number of
the nodes, i.e., the sum of the entity mentions and
mask mentions.

Consider Fig. 1 for example, in the same sen-
tence, entity mentions a homemade bomb and
Aaron Driver have an edge connecting them. Sim-
ilarly, mask mentions attacker {(argl) and explo-
siveDevice {(arg2) also share a direct connection
within the same sentence.

3.1.2. Co-reference Relation

The co-reference relation aims to make better use
of co-reference information between entity men-
tions. As introduced in the section 1, it is evident
that the co-reference commonly exists in the entire
document, showcasing a significant characteristic
of co-reference. Hence, we focus on constructing a
co-reference relation that captures co-reference re-
lations among entity mentions throughout the entire
document.

While, the number of the nodes K is the same as
the count of mentions with the co-existence relation.
Following the extraction of co-reference relation us-
ing the tool fastcoref(Otmazgin et al., 2022), we
establish direct connection between co-reference
entity mentions m; and m;. Notably, these con-
nections can occur within sentences or across sen-
tences in the document. Such linkage is repre-
sented in the adjacent matrix M,..; € RE*X of the
co-reference relation as M, s[my, m;] = 1.

Note that in Fig. 1, the co-reference entity men-
tions Aaron Driver, a Canadian man, Harun Abdu-
rahman and the driver. There is a direct connection
between each of them respectively.

3.1.3. Co-type Relation

The co-type relation comprises entity mentions and
mask mentions, detailing the relation between the
two. Unlike previous methods, we consider the
explicit connection between entity mentions and
mask mentions in our approach.

A fundamental and logical assumption is that
each mask mention should be filled with the same
type of entity mentions. In other words, each mask
mention should be associated with the same type
of entity mentions. Consequently, we compose
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Figure 3: The illustration of graph transformer. The
inputs are the node sequence as well as the node
position and the outputs are omitted. The Co-ex,
Co-ref and Co-typ semantic mention relations are
fused as a attention bias.

the third relation to establish co-type connections
between mask mentions and entity mentions.

For consistency, the number of the nodes, de-
noted as K, aligns with the count in the previous two
relations. Directed connections can be established
between mask mention m, and entity mention m;
of the same type. These connections link entity
mentions in the document to mask mentions in the
prompt. These relations are represented in the ad-
jacent matrix M, € RE*K of the co-type relation,
where My, ,[ms, m] = 1.

As depicted in Fig. 1, the mask mentions attacker
(argl) and entity mention Aaron Driver share the
same type, GAM establishes a connection between
the two.

3.2. Ensembled Graph Transformer

Several studies (Zhang et al., 2020; Dwivedi and
Bresson, 2020) have highlighted drawbacks in
graph neural network, including the problem of
over-smoothing (Li et al., 2018). Consequently,
we have incorporated the individual approach of
graph transformer (Ying et al., 2021; Cai and Lam,
2020). Following the extraction of the three types of
relations, we utilize ensembled graph transformer
structures (Xu et al., 2022a) to handle them collec-
tively.

The merged graph transformer is visually repre-
sented in Fig. 3 for a concise overview. First of all,
We define text markers as (tgr) / (/tgr) and insert
them into the document X before and after the trig-
ger word, respectively. It is essential to obtain the
original feature embedding for each node. Given
the concatenated sequence of the i** document:

fi = [1'1,1'2, ceey <tgr> s LTtgrs </tgr> ) "'axn]a (1)

where z; represents the j'" token in the document,
and tgr denotes the index of the trigger word. The
document z; is then encapsulated, together with
a prompt template p, using a function denoted as

A(e )
X, = Np. &) = [CLS)p|SEP)&[SEP],  (2)

where [CLS] and [SEP] serve as separators in
BART, X, denotes the concatenated input se-
quence of prompt p and the document z;.

We utilize the BART model as the encoder for ob-
taining the token-level representation V, € RV*d
of X,,, where N is the token numbers of the input
sequence and d is the dimension of the hidden
state. Subsequently, we extract the order of entity
mentions and mask mentions from V. To obtain
the embedding of node m;, with the length L, we av-
erage the token embedding constituting the node:

L
1 k
Ve= T ZVE ). (3)
i=1
We integrate positional embedding and node em-
bedding to maintain the consistency of node order
within the document:

Vi = Vtoken + POS'L.tZ'OTL(VtOken)y (4)

where Vioken = [V1;Va;...;Vk] and Vioken €
RE>d_ The function Position(-) generates a d-
dimensional embedding for each node within the
input sequence.

This module revolves around multi-head atten-
tion mechanism. Firstly, to incorporate graph infor-
mation into the transformer architecture, we first ob-
tain the fused topology information M. Considering
the attention bias M.,, M, and My, € REXK,
these three biases, although having the same di-
mension, may not contribute equally to the final
prediction. To aggregate them effectively, GAM
assigns proper hyper-parameters to balance their
influence. The representation of M is as follows:

M =aM.; + M5 + (1 —a— B)My,.  (5)

Hence, GAM employs the obtained matrix M as
attention bias to adjust the self attention formula:

/ QKT
Att(Q, K, V) = softmax
( ) ( N

where matrices Q, K,V € RX*% is the projec-
tion of V; by projection matrices WQ, WK WV ¢
Rdxdk.

To learn diverse feature representations and im-
prove the adaptability of the graph, we implement
multi-head attention mechanism with a specified
number of heads, denoted as M H:

+M)-V. (6)

MH(Q,K,V) = [Heads;...; Heady] - W°, (7)
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DataSet Split Doc  Event Argument
RAMS Train 3,194 7,394 17,026
Dev 399 924 2,188
Test 400 871 2,023
WikiEvents Train 206 3,241 4,542
Dev 20 345 428
Test 20 365 556

Table 1: Data statistics of RAMS and WikiEvents.

where WO ¢ R(H*dk)xdk ig the linear projection
matrix, Head; = Att;(Q, K, V) .

To better capture the diversity and complexity of
the attention module, we fuse the last two hidden
layers as the updated node features:

Vimen = 0.5-VED 1 05. v, (8)

where V., € RExd and VE-1D v(L) ¢ RExd
denote the hidden states of the last two layers.

3.3. Graph-Augmented Encoder-Decoder
Model

As the previous methods on DEAE (Lin et al.,
2022a; Ma et al., 2022; Zeng et al., 2022) adopt,
we choose and expand pre-trained language model
BART as our encoder-decoder model.

We have obtained the token-level representa-
tion V; and the updated mention node represen-
tation V,,.,,. To maintain dimension consistency,
we broadcast the feature of each node to all the
tokens it encompasses. The transformed features
are denoted as V,, V, _, € RVx4,

To enhance the ability to perceive semantic men-
tions, we integrate node embedding into the initial
embedding. GAM then configures a proper weight
to balance these two features. The resulting fused
input embedding V is as follows:

V=LN(V,+X-V,..), (9)
where LN (-) denotes the layer normalization oper-
ation. Then V as the input embedding is fed into
BART.

To further enhance the effectiveness, GAM in-
corporates a graph-augmented encoder section
of BART. GAM employs the fused topology infor-
mation M as attention bias, similar to the graph
transformer module. The representation of the self
attention formula is adjusted as Eq. 6.

For each instance, the graph-augmented BART
module can be employed to generate a completed
template, replacing the placeholder tokens with the
extracted arguments. The model parameter 0 is
trained by minimizing the argument extraction loss,
which is the conditional probability computed over
all instances:

L=-Y log,, (y|X,t,p). (10)

4. Experiments

4.1.

We conduct comprehensive experiments on two
widely recognized DEAE benchmark datasets:
RAMS (Ebner et al., 2020) and WikiEvents (Li et al.,
2021), which have been extensively utilized in pre-
vious studies (Lin et al., 2022a; Ma et al., 2022;
Zeng et al., 2022). As shown in table 1, the RAMS
dataset comprises 3,993 paragraphs, annotated
with 139 event types and 65 argument roles. The
WikiEvents dataset consists of 246 documents, an-
notated with 50 event types and 59 argument roles.

We deem an argument span as correctly identi-
fied when its offsets align with any of the reference
arguments of the current event (i.e., Argument
Identification), and as correctly classified when its
role matches (i.e., Argument Classification). Fur-
thermore, we evaluate the argument extraction per-
formance using Head Match F1 and Coref Match
F1 metrics on the WikiEvents dataset, where Head
Match indicates alignment with the head of the
span, and Coref Match indicates an exact match of
the span with all co-reference spans. In the case of
the latter, full credit is assigned when the extracted
argument is coreferential with the gold-standard
argument.

We compare GAM with several state-of-the-
art models in two categories: (1) FEAE (Wei
et al., 2021), EEQA (Du and Cardie, 2020), BART-
Gen (Li et al., 2021), PAIE (Ma et al., 2022) on
RAMS dataset; (2) BERT-CRF (Shi and Lin, 2019),
ONEIE (Lin et al., 2020), BART-Gen (Li et al.,
2021), EAZE (Zeng et al., 2022) on WikiEvents
dataset. Among them, BERT-CRF is a seman-
tic role labeling method, ONEIE is a graph-based
method, FEAE and EEQA utilize QA patterns,
whereas BART-Gen, PAIE, and EA2E employ dif-
ferent prompts directly.

Datasets and baselines

4.2.

GAM extends upon the BART-style encoder-
decoder transformer structure. Each model, includ-
ing baselines and GAM, is trained for 4 epochs with
a batch size of 4, utilizing NVIDIA-V100 with 32GB
DRAM. The model is optimized using the Adam op-
timizer with a learning rate of 3e-5, « = 0.3, 3 =04
and A = 0.015. These hyper-parameters are metic-
ulously selected through grid search, based on
model’s performance on the development set.?

Implementation Details

2The learning rate is chosen in {3e-5, 5e-5}, o and 8
is chosen from {0.1, 0.2, 0.3, 0.4, 0.6, 0.7, 0.8}, and \ is
chosen from {0.01, 0.015, 0.02, 0.03, 0.04, 0.05}.
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Argument Identification

Argument Classification

Model Head Match Coref Match Head Match Coref Match
P R F1 P R F1 P R F1 P R F1
BERT-CRF 7266 53.82 61.84 7458 5524 63.47 6187 4583 52.65 63.79 47.25 54.29
ONEIE 68.16 56.66 61.88 70.09 5826 63.63 6346 5275 57.61 6517 54.17 59.17
BART-Gen 7043 7194 71.18 7183 73.36 7258 6539 66.79 66.08 66.78 68.21 67.49
EAZE 76.51 7282 74.62 77.69 7395 75.77 70.35 66.96 68.61 71.47 68.03 69.7
GAM 79.05 7297 75.89 80.36 74.08 77.09 73.47 67.07 70.12 7459 68.96 71.66
GAMw/o co-ex 7834 71.66 7485 80.28 73.09 76.52 7286 66.80 69.70 73.69 67.29 70.34
GAM w/o co-ref 75.63 70.24 72.84 76.07 7072 73.30 69.85 64.05 66.82 70.53 64.74 67.51
GAM w/o co-typ 76.44 7095 7359 7862 7234 7535 7196 67.16 69.48 7281 66.46 69.49
GAM w/o G.T. 78.46 70.52 7428 7945 714 7521 7134 6412 67.54 7233 65.01 68.48
GAM w/o N.E. 77.08 7229 7461 78.03 73.18 7553 70.64 66.25 68.38 7159 67.14 69.29
GAM w/o bias 76.85 70.16 7335 77.82 71.05 7428 7023 64.12 67.04 7121 65.01 67.97

Table 2: Overall performance on WikiEvents dataset. In the results, the best-performing model is
highlighted, and the second best is underlined. G.T.: graph transformer module. N.E.: node embedding
module. bias: attention bias for graph transformer and BART encoder module.

Model Argument Identification Argument Classification
FEAE 53.5 47.4
EEQA 48.7 46.7
BART-Gen 51.2 47.1
EEQA-BART 51.7 48.7
PAIE 55.6 53.0
GAM 56.83 54.20
GAM w/o co-ex 54.52 52.19
GAM w/o co-ref 52.86 50.65
GAM w/o co-typ 53.16 51.82
GAM w/o G.T. 54.24 53.02
GAM w/o N.E. 53.64 51.17
GAM w/o bias 53.94 52.45

Table 3: Overall performance on RAMS dataset.

4.3. Comparison Results

Tables 2 and 3 demonstrate the superior perfor-
mance of our proposed GAM compared to strong
baseline methods across various datasets and eval-
uation metrics. Specifically, on the WikiEvents
dataset, our model achieves a notable 1.32% im-
provement in absolute argument identification F1
and a 1.96% improvement in argument classifica-
tion F1. Similarly, on the RAMS dataset, GAM
exhibits the improvements with a 1.23% increase in
argument identification and 1.20% in argument clas-
sification F1 scores. These results underscore the
outstanding performance of our proposed method.

Furthermore, our graph-augmented encoder-
decoder model outperforms graph-based methods
and directly prompt-tuning encoder-decoder meth-
ods, including ONEIE and BART-Gen. From the
experimental results shown in Tables 2 and 3, we
can conclude that: (1) Compared to graph-based
methods, GAM can utilize rich information from the
graph to enhance the initial embedding and the
encoder part of encoder-decoder model. (2) Com-
pared to directly prompt-tuning encoder-decoder
methods, These results emphasize the effective-
ness of our semantic mention graphs in leveraging
the BART architecture, enhancing semantic inter-
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Figure 4: The illustration of ablation study on
WikiEvents dataset. The model performances un-
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Figure 5: The different performance on RAMS
dataset under different .

actions within documents, and bridging the gap
between documents and prompts.

4.4. Ablation Studies

In this section, we assess the effectiveness of our
primary components by systematically removing
each module one at a time. The components are
as following: (1) three types of relations. Here, we
analyze the gain brought by these relations by con-
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Event Type: ExchangeBuySell

drag-car racetrack in Ennis, Texas. ~DENVER - A Texas ra
McVeigh's alleged confessions - recalled Monday selling $2.

Trigger Word: selling

The salesman said the customer bought three 54-gallon barrels of nitromethane for $925 each on Oct. 21, 1994, at a

g fuel salesman - found by the FBI from one of Timothy
75 in nitromethane to a customer who claimed to race
bikes in Oklahoma City.--if they are going to buy gas such as nitromethane from me, they will buy a gallon to five
gallons. Now, nitro Harley bikes, you couldn't even afford to even put one of those on the street.

Prompt: Giver<argl> sold acquiredEntity <arg3> to recipient <arg2> in exchange for...

Gold Standard

BART-Gen

GAM

The salesman sold
nitromethane to the customer

Output
in exchange for $2.775...

Timothy McVeigh sold
nitromethane to the customer
in exchange for $2,775...

The salesman sold
nitromethane to the custmoer
in exchange for $2,775...

Entity Mentions

@ the salesman @ nitromethane @ a**- salesman
the customer @ Denver @ $2,775
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Figure 6: The illustration of an DEAE case. This case mainly showcases the construction of semantic
mention graph and compares the extraction results between BART-Gen and GAM.

sidering the removal of one of the three; (2) graph
transformer. We exclude the graph transformer,
thereby disregarding the updating of node repre-
sentation in the semantic mention graph; (3) node
embedding. We eliminate the node embedding
component from the input of the BART encoder-
decoder module, retaining only the initial embed-
ding; (4) attention bias. We withhold the attention
bias from both the graph transformer and the BART
encoder module.

The results of ablation studies are summarized
in Table 2 and Table 3. We can observe that all
of the three types of relations, graph transformer,
node embedding and attention bias modules can
help boost the performance of DEAE.

Regarding the module of the semantic mention
graph construction, we remove one of the three re-
lations at a time to observe the decrease it causes.
According to the ablation results, the co-reference
relation contributes the most among the three types
of relations, followed by co-type relation and co-
existence relation. Itis evident that the co-reference
relation significantly reduces ambiguity, enhances
the accuracy of DEAE, and provides a more com-
prehensive, consistent, and precise semantic rep-
resentation. The decrease brought by the co-type
relation follows closely behind because, ideally, the
correctly extracted arguments should all come from
corresponding co-type entity mentions in the origi-
nal document.

Moreover, the absence of the graph transformer
module leads to a obvious drop in performance,
with F1 score decreasing by more than 2 points
on both RAMS and WikiEvents datasets. This
clearly emphasizes the crucial role of the graph
transformer in updating nodes. Similar patterns
are observed in other modules, underscoring the

effectiveness of each component in enhancing ar-
gument extraction. We are pleasantly surprised to
discover that withholding attention bias from both
the graph transformer and the BART encoder mod-
ule resulted in the largest decrease, excluding the
semantic mention graph construction module. This
is because, in the transformer architecture, the at-
tention mechanism tends to allocate more attention
to the emphasized parts.

In particular, Dropping out all of the above mod-
ules—essentially eliminating all components re-
lated to the graph—results in the variant model
regressing to BART-Gen. BART-Gen is a stan-
dard model that relies solely on prompts and PLMs.
Upon reviewing the results in Table 2 and Table
3, GAM outperforms BART-Gen by 4.17% on the
WikiEvents dataset and 5.5% on the RAMS dataset.
This comparison strongly emphasizes the signifi-
cant performance enhancement achieved by the
graph-enhanced model over BART.

4.5. Supplementary Analysis

Throughout the experiments, hyper-parameters are
employed in many places. Due to space con-
straints, we focus on analyzing one specific pa-
rameter—namely, the node embedding weight A
used to consolidate the initial embedding fed into
BART. As shown in Eq. 9, V; refers to the initial
embedding of the document, while V, __ refers to
the updated node embedding, reflecting the GAM
model’s modeling of nodes in the semantic mention
graph, addressing the independent modeling of en-
tity mentions and document-prompt isolation. X is
the balanced weight of V| _, enhancing the input
of the graph-augmented encoder-decoder module.
The results corresponding to different values of A
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are presented in Fig. 4 and Fig. 5.

The results demonstrate that the optimal perfor-
mance is achieved when X is set to 0.015. A de-
crease in the hyper-parameter X implies less con-
sideration of node features and underutilization of
semantic information. Conversely, as X increases,
additional semantic information is incorporated into
the initial embedding. However, this might be detri-
mental to subsequent decoder stages because the
encoder-decoder architecture heavily depends on
the transmission of initial embedding within this
context.

5. Case Study

Fig. 6 presents a representative example from
the WikiEvents dataset, illustrating the process of
graph-augmented DEAE. Initially, the graph con-
struction module comprises nodes representing all
entity mentions and mask mentions, along with
edges depicting three semantic mention relations.
In this instance, nodes are represented as circles
in green and gray. GAM generates the seman-
tic mention graph based on these relations. The
connections efficiently capture the co-existence,
co-reference and co-type information within and
between the document and the prompt, highlight-
ing GAM'’s interpretability capability.

Finally, GAM accurately extracts arguments cor-
responding to their respective roles using an un-
filled prompt p. As depicted in Fig. 6, the output of
BART-Gen differs from that of GAM. When com-
pared to the gold standard, BART-Gen incorrectly
identifies the argument role Giver due to its failure
in considering the three types of relations within and
between the document and the prompt. Conversely,
GAM accurately aligns with the gold standard.

While effective, GAM can inadvertently propa-
gate errors during graph construction. Furthermore,
a scenario might arise where an argument role
lacks a corresponding argument in the document.
In such cases, the co-type relation may still assign
edges of the same type of entity mention to these
mask mention nodes.

6. Conclusion

We propose an end-to-end framework named se-
mantic mention Graph Augmented Model to ad-
dress the independent modeling of entity men-
tions and the document-prompt isolation problems.
Firstly, GAM constructs a semantic mention graph
by creating three types of relations: co-existence,
co-reference and co-type relations within and be-
tween mask mentions and entity mentions. Sec-
ondly, The ensembled graph transformer module
is utilized to handle the mentions and their three
semantic relations. Lastly, the graph-augmented

encoder-decoder module integrates the relation-
specific graph into the input embedding and opti-
mize the encoder section with topology information
to enhance the performance of PLMs. Extensive
experiments report that GAM achieves the new
state-of-the-art performance on two benchmarks.

In the future, we plan to delve into DEAE
within the framework of Large Language Models
(LLM) (Xu et al., 2023). Due to the ambiguity (Liu
et al., 2023) and polysemy (Laba et al., 2023) inher-
ent in entity mentions within documents, LLM faces
limitations in DEAE. We aim to leverage the se-
mantic mention graph to provide guidance to LLM
in DEAE. Furthermore, we will strive to integrate
prior knowledge and employ logical reasoning (Lin
et al., 2022b, 2023) to enhance event extraction
with greater precision and interpretability.
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