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Abstract
Character Coreference Resolution in Movie
Screenplays (MovieCoref) is a newly emerg-
ing task for understanding complex movie
plots and character relationships. This task
poses greater challenges than traditional coref-
erence resolution, due to the intricate narrative
structures and character interactions unique to
screenplays. In light of these challenges, we
introduce a novel approach: a Structure-aware
Triaffine Parser (STPar) for the MovieCoref
task. STPar combines discourse and syntac-
tic structures in the feature encoding process,
enabling comprehensive analysis of ternary re-
lationships and complex interactions. During
the pairing process, STPar utilizes a triaffine
scorer to consider high-order relations between
candidate mention pairs, thus enhancing its
ability to capture detailed narrative structures.
In addition, STPar incorporates multi-task
learning, encompassing singleton and span de-
tection tasks, to further improve coreference
resolution performance. Our evaluations on the
MovieCoref dataset demonstrate that STPar
significantly outperforms the best baseline by
7.4%, 21.5%, 7.1%, and 10.2% in F1 scores
of B3, CEAFe, LEA, and CoNLL. Further
analysis highlights the benefits of integrating
structural discourse and syntactic information
as well as the combined approaches of triaffine
and multi-task learning.1

1 Introduction

Coreference resolution (Lee et al., 2017; Dai et al.,
2019; Lu and Ng, 2021; Zheng et al., 2024a), a
pivotal technique in natural language processing
(NLP), has significantly advanced the accuracy of

∗Corresponding author.
1Code available at https://github.com/ZhengL00

/STPar.

text comprehension and information extraction.
This task focuses on identifying and associating
entity mentions within a text, such as people,
places, organizations, etc., to determine whether
they refer to the same entity. It plays a vital
role in many downstream tasks, including sen-
timent analysis (Zheng et al., 2023a,b), relation
extraction (Feng et al., 2025; Yuan et al., 2024),
and complex task reasoning (Zheng et al., 2024b,
2025). Character Coreference Resolution in Movie
Screenplays (MovieCoref) (Baruah et al., 2021)
is an emerging and practical task in media analy-
sis, which aims to help audiences understand the
movie plot and disentangle the intricate character
relationships.

Traditional coreference resolution methods pri-
marily focus on dialogue and news texts, modeling
the context as sequences (Zhang et al., 2023b;
Wu et al., 2020) or diverse graphs (Jiang and
Cohn, 2022, 2021) to learn feature represen-
tations. In contrast, movie screenplay scenarios
introduce additional and richer information (e.g.,
scene descriptions, dialogues), with intricate clues
and character relationships. As a result, it is chal-
lenging to directly transfer existing coreference
resolution approaches to solve the MovieCoref
task. Recent efforts (Baruah et al., 2021; Baruah
and Narayanan, 2023) establish coreference mod-
els by designing structural rules and scoring word
pairs, yielding certain improvement. However, the
lack of in-depth structural analysis and modeling
of the movie screenplay greatly hampers their
performance.

To solve the MovieCoref task, we conduct com-
prehensive analysis of movie screenplay scenarios
from both global and local perspectives, and iden-
tify the following core challenges in constructing
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Figure 1: Left: An example screenplay excerpt
from the movie Zootopia. Like-colored mentions are
co-referring. Right: Discourse dependency parsing
structure. Different colored lines represent different
types of discourse dependencies.

models for character coreference resolution: 1
Labyrinth of character and plot clues caused by
complex screenplay structures. 2 Character
coreference resolution difficulty caused by the
shortage of high-order information.

For the clues labyrinth challenge, as depicted in
Figure 1, it is evident that screenplays possess
a rich and intricate composition, encompass-
ing not only dialogues between characters but
also additional elements such as actors, and
scene descriptions. Moreover, the discourse de-
pendencies between characters are often spread
across multiple sentences. Simply concatenating
the screenplay into a long flat sequence lacks
the ability to differentiate and filter out different
clue information, resulting in the disruption of
the screenplay’s structure and the interruption of
clues between characters. For example, the men-
tion of ‘‘Judy Hopps’’ in Sa and ‘‘Hopps’’ in
Sc exhibit a coreferent relationship, but there are
five sentences between them, making the clues
easily interrupted. However, if we consider the
discourse dependency relationships in the screen-
play structure, such as ‘‘Continuation’’ between
Sa and Sc, it facilitates predicting the coreferent
relationship between ‘‘Judy Hopps’’ in Sa and
‘‘Hopps’’ in Sc. Therefore, explicitly modeling
the multi-level structure of the screenplay enables
effective navigation through the clues labyrinth.

For the coreference ambiguity challenge, there
are numerous complex interactions between char-
acters in screenplays. For instance, in Figure 1,
there exist complex interactions among the men-
tions ‘‘Hopps’’, ‘‘a MOTHER RABBIT’’ and
‘‘her’’ due to their close-related context. If the
model solely relies on pairwise scoring between

two mentions ‘‘her’’ and ‘‘Hopps’’ for coref-
erence resolution, there is a risk of incorrectly re-
ferring ‘‘her’’ to ‘‘Hopps’’ instead of the correct
antecedent ‘‘a MOTHER RABBIT’’. However, if
we already know that ‘‘her’’ and ‘‘a MOTHER
RABBIT’’ are coreferent and introduce such
high-order information for coreference resolution
between ‘‘her’’ and ‘‘Hopps’’, the model is more
likely to make correct prediction.

Furthermore, after surveying the data, we have
found that movie screenplays often contain sin-
gleton mentions (about 15.6% of all characters),
which refer to unique characters that exhibit
distinct behaviors and traits compared to other
entities. Failing to accurately identify and dif-
ferentiate singleton mentions lead to confusion
in identifying non-singleton mentions and result
in the performance deterioration for coreference
resolution. Therefore, distinguishing singleton
mentions can effectively eliminate coreference
ambiguities and provide a more precise solution
to the MovieCoref task.

Based on the aforementioned observations, in
this paper, we propose a Structure-aware Triaffine
Parser (STPar) for the MovieCoref task. The
primary goal of STPar is to interconnect var-
ious elements, effectively aggregate discourse
information and high-order information in the
screenplay. STPar has three main characteris-
tics: 1 It explicitly models the discourse
and syntactic structures of screenplays utilizing
dialogue discourse dependency relationships and
syntactic dependency relationships, respectively.
By combining such structural information with
graph attention networks, movie screenplay struc-
tures can be well captured in both discourse and
sentence levels. 2 It is equipped with a triaffine
scorer to take the third mention as input when cal-
culating the pairwise score of the target pair of
mentions. The intuition is that the third mention is
considered as high-order information and a sup-
plemental clue for disambiguating in coreference
resolution. 3 It performs multi-task learning
and inference, including singleton detection and
span detection tasks, to further boost the perfor-
mance of MovieCoref. The former is to alleviate
the negative impact of the coreference chains own-
ing only one mention and the latter is to prune low
quality mention candidates.

We perform experiments on the benchmark
MovieCoref dataset. The experimental results
show that our model significantly outperforms
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the best baseline Fusion-based model by 7.4%,
21.5%, 7.1%, and 10.2% in F1 scores of B3,
CEAFe, LEA, and CoNLL. Further ablation ex-
periments indicate that each component of our
framework is essential. Specifically, applying the
graph component in our model leads to an increase
of 4.2% in LEA F1 score. Moreover, further anal-
ysis reveals that our framework better handles
coreference resolution for long mentions and the
ones that are located far beyond one sentence.
To sum up, this paper contributes mainly in three
ways.

• We propose a novel syntactic and discourse
graph model that integrates syntactic and
discourse clues to capture the complex re-
lationships and rich structural information
among different elements in the screenplay.

• We employ multiple mechanisms to model
different key factors in screenplay character
coreference resolution such as triaffine scor-
ing, singleton detection, and span filtering to
harness more valuable features and reduce
noise.

• Our extensive experimental results on the
MovieCoref dataset demonstrate that STPar
achieves state-of-the-art (SOTA) perfor-
mance and outperforms the best baseline with
large margins.

2 Related Work

2.1 Coreference Resolution
Coreference resolution has long been a funda-
mental NLP task (Lu and Ng, 2018; Kong and Fu,
2019), aiming at identifying mentions of the same
entity. Early works primarily focused on syntac-
tic features for coreference resolution. Ge et al.
(1998) propose the Hobbs distance for ranking
candidate antecedents of a given pronoun based
on Hobbs’ pronoun resolution algorithm utilizing
syntactic parse trees (Hobbs, 1978). Kong and
Zhou (2011) introduce various path-related fea-
tures, such as the root path between the root node
and the current reference. Durrett et al. (2013)
integrate entity-level information for coreference
resolution. Lee et al. (2018) introduce a fully dif-
ferentiable approximation method for addressing
higher-order inference in coreference problems.

With the advancements in deep learning, exist-
ing traditional coreference resolution tasks are
primarily divided into sequence-based (Zhang

et al., 2023b; Wu et al., 2020) and graph-based
(Jiang and Cohn, 2022, 2021) approaches. In terms
of sequence-based methods, Zhang et al. (2023b)
employ a pre-trained seq2seq transformer model
and fine-tune it to map an input document to
a tagged sequence. Wu et al. (2020) apply a
question-answering framework to the task. On
the other hand, graph-based methods (Jiang and
Cohn, 2022) investigate the use of constituent
syntax in neural coreference models. Jiang and
Cohn (2021) propose a heterogeneous graph to
solve the coreference resolution task.

Recently, character coreference resolution in
movie screenplays has been proposed to help
audiences understand the movie plot and disen-
tangle the intricate character relationships. Baruah
et al. (2021) introduce a coreference annota-
tion guideline for movie screenplays and devise
rules based on the structure of the screenplay
to enhance performance. Baruah and Narayanan
(2023) propose a screenplay character coreference
dataset and apply a word-level model to address
this task. However, existing methods overlook
in-depth analysis of critical screenplay structures,
lack discrimination and filtering of different clue
information.

2.2 Discourse Dependency Parsing

Discourse dependency parsing has demonstrated
its effectiveness in various discourse understand-
ing tasks, such as dialog sentiment recognition
(Zhang et al., 2023a) and multi-party dialogues
(Wang et al., 2021). Existing research (Jiang and
Cohn, 2022; Meng et al., 2023) indicates that syn-
tactic dependency is a commonly useful feature
in several coreference systems, while the util-
ity of discourse relations is more intricate and
has not been thoroughly explored. Recently, var-
ious discourse parsers have been proposed. Liu
and Chen (2021) design a transformer-based dis-
course parser, DDP, which is characterized by
16 types of discourse relations. Ko et al. (2023)
treat each sentence as an answer to the questions
triggered by the preceding context and adopt a
linguistic framework for discourse analysis. Their
parser, QUD, is based on 10 types of discourse
relations, which are designed to capture certain se-
mantic and syntactic connections within the text.
These parsers provide explicit discourse struc-
tures for downstream applications. In this paper,
we choose to utilize QUD to incorporate discourse
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Figure 2: The overall architecture of our proposed model.

structure information into STPar model. The pur-
pose is to enhance the model’s ability to perceive
the close interactions among various elements in
the screenplay.

3 Methodology

In this paper, we propose a Structure-aware Tri-
affine Parser (STPar) to address the MovieCoref
task, whose architecture is depicted in Figure 2.

Task Definition. Following Lee et al. (2017),
we formulate the MovieCoref task as a set of an-
tecedent assignments yi for each word wi. Our
goal is to learn a probability distribution P over
all possible antecedent words Ywi for each word
wi:

P (ywi) =
es(wi,ywi

)

∑
y′∈Ywi

es(wi,y′)
(1)

where s(wi, ywi) is the coreference score between
words wi and ywi . The set Ywi = {w1, . . . , wi−1}
represents the potential antecedents for wi.

3.1 Encoder
In accordance with the approach described
in Baruah and Narayanan (2023), we adopt
RoBERTa (Liu et al., 2019) to encode each seg-
ment of the screenplay text S and then combine
them to recover the screenplay representation that
comprises a sequence of n words. The same ap-
proach as Baruah and Narayanan (2023) is adopted
for screenplay segmentation to divide long screen-
plays into segments, which allows us to effectively
handle lengthy screenplays. The encoding process
can be formulated briefly as:

{v1, . . . ,vn} = RoBERTa ({w1, . . . , wn}) (2)

where vn is the output representation for the
word wn.

3.2 Syntactic and Discourse Graph Network

Due to the rich elements and complex hierarchical
structure of the screenplay, we design a syn-
tactic and discourse graph network to represent
different types of nodes and their relationships,
aiming to capture the global multi-level structural
information and dependencies.

Node Construction. The graph consists of three
different types of nodes: token nodes (T), dialogue
nodes (D), and scene nodes (S). The representation
of token nodes is contextual embeddings from the
RoBERTa encoder. Dialogue nodes and scene
nodes are initialized by averaging the embeddings
of the tokens they encompass.

Edge Construction. Based on the feature struc-
tures, we establish four distinct types of edges
to represent the rich dependency relationships
between nodes.

• Token-Token Edges are constructed based
on the syntactic dependency trees that are
produced by the Stanford CoreNLP parser.2

Specifically, each syntactic dependency edge
connects a head word with a dependent word
that has a specific syntactic label. Self-loop
edges with loop labels are also added to each
node in the graph. Additionally, we connect
the root nodes of two adjacent sentences to
allow for inter-sentence interactions.

• Scene-Dialogue Edges are constructed based
on the discourse dependency structure of
screenplays. Specifically, we employ 16 dis-
course dependency types derived from a
pre-trained discourse parser (Liu and Chen,
2021) to predict discourse dependencies in

2https://stanfordnlp.github.io/CoreNLP/.
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the screenplay. This facilitates a better un-
derstanding of the relationships between
sentences and the integration of screenplay
structure information.

• Dialogue-Token Edges connect utterances
with their corresponding text tokens, en-
abling the transfer and aggregation of
features and leading to a more comprehensive
understanding of contextual information.

• Scene-Token Edges link the scene descrip-
tions in the screenplay with their correspond-
ing text, incorporating scene information to
enhance tokens’ semantic representation.

Graph Attention Layer. After learning contex-
tualized word representations from the screenplay,
we propose a novel graph attention network to
model the relationships between elements, aim-
ing to capture the structural information and
dependencies at different levels of the screen-
play. Specifically, the graph attention network
propagates information between different nodes
by stacking multiple graph attention layers. In
each layer, the network learns updated node
representations by aggregating information from
neighboring nodes using self-attention. The graph
attention mechanism operates on each node
through the following aggregation scheme:

h
(t)
i = ReLU(

∑

k∈κ

∑

j∈Nk(i)

(α
(t)
ij W

(t−1)
k h

(t−1)
j + b

(t−1)
k )) (3)

where h
(t)
i is the hidden representation of the

word wi in the t-th layer,3 W
(t−1)
k and b

(t−1)
k

are learnable parameters, κ are different types
of edges, and Nk(i) denotes the neighbors of
the node i connected with the kth type of edge.
The attention weight α(t)

ij reflects the strength of
aggregation level between nodes and is learned
through an MLP parameterized by ω(t):

e
(t)
ij = ω(t)�tanh([W (t)h

(t−1)
i ;W (t)h

(t−1)
j ]) (4)

α
(t)
ij =

exp(LeakyReLU(e
(t)
ij ))

∑
k∈N (i) exp(LeakyReLU(e

(t)
ik ))

(5)

where [·; ·] is concatenation. By stacking T lay-
ers, we obtain enhanced node representations that
capture both syntactic and discourse information.
The output of the final layer is the updated word

3The input h(0)
i of the first layer is vi, obtained from the

encoder (cf. Eq. 2).

Figure 3: Detailed process of CorefChainResolver,
where ‘her’ is the target word, ‘a MOTHER RABBIT’
is the candidate antecedent, ‘Hopps’ is the third part
for triaffine computation.

representations H = {h1, . . . ,hn}. By utilizing
a graph attention network composed of multi-
ple graph attention layers, we effectively model
the interactions between nodes in the screenplay.
This network is capable of capturing the rela-
tionships between nodes by adaptively integrating
information from other nodes. By doing so, we
generate expressive node representations that al-
low for a thorough exploration of the inter-node
relationships present in the screenplay.

3.3 CorefChainResolver: Multi-Task
Learning for Coreference Prediction

We present a CorefChainResolver module for
multitask learning and inference, as depicted in
Figure 3. This module effectively handles sin-
gleton detection and span detection auxiliary
tasks while incorporating the triaffine scorer for
high-order scoring to enhance the performance of
the MovieCoref task.

Singleton Detection. We design a singleton pre-
dictor to distinguish singleton mentions from
non-singleton mentions. The singleton score
ssl(wi) of a word wi denotes the likelihood of
it being the head word of a singleton mention:

ssl(wi) = FFNNsl(hi) (6)

where hi is the representation of the word wi ob-
tained from Eq. 3. By integrating this additional
task into the character coreference resolution
framework, our approach strengthens the ability
to accurately identify and differentiate singleton

927



mentions. In turn, this contributes to improving
the overall performance of character coreference
resolution by addressing the challenges posed by
singleton characters in screenplays.

Coarse Coreference Scores. For the corefer-
ence relation determination between the target
word wi and its antecedent wj , we follow previ-
ous work (Dobrovolskii, 2021) to compute both
coarse and fine coreference scores. The intuition is
to balance computational efficiency and accuracy.
Coarse scores assist in narrowing down the range
of candidate antecedents, reducing computational
complexity. Meanwhile, fine scores introduce ad-
ditional features to assess the relevance between
tokens at a more granular level. Moreover, we
design a triaffine scorer (Carreras, 2007) to con-
sider the third part wk as a supplementary clue for
disambiguation in coreference resolution. Con-
cretely, the head word wk belongs to the mention
k that is adjacent to the left side of the men-
tion i or j, where mention i or j contains the
word wi or wj . Therefore, the coarse coreference
score (Dobrovolskii, 2021) calculated via Biaffine
(Dozat and Manning, 2017) can be extended via
triaffine as below:

sc(wi, wj , wk) = hk · hi ·W c · h�
j

+sm(wi) + sm(wj) + sm(wk)
(7)

where hi, hj , hk are the representations of the
target word, antecedent and third part, and W c

is a learnable parameter. Following Dobrovolskii
(2021), we employ a feed-forward neural network
to calculate the mention candidate score sm(wi)
to evaluate how likely wi belongs to a mention.

Fine Coreference Scores. Following Dobrovolskii
(2021), we calculate the fine-grained coreference
scores as below:

sa(wi, wj , wk) = FFNNa([hk,hi,hj ,hk � hi � hj , φ])
(8)

where φ is the concatenation of features such as
the distance between wi and wj and whether they
are spoken by the same character. By incorporat-
ing distance and speaker information features into
the φ, our model can gain additional contextual
information. This enhances the model’s ability
to capture subtle relationships and improves the
accuracy of MovieCoref. The word representa-
tions and their concatenation and element-wise
products (�) are also used. Concatenation allows
for a comprehensive representation of individual

and combined information, while element-wise
product emphasizes shared features and interac-
tions. This combination approach provides a more
holistic representation of token embeddings, en-
hancing the model’s understanding of contextual
relationships. All above features are fed into a
feed-forward neural network.

Overall Coreference Scores. The overall coref-
erence scores are defined as the sum of two
scores:

s(wi, wj , wk) = sc(wi, wj , wk)+sa(wi, wj , wk) (9)

The candidate antecedent wj with the highest
score is considered as the true antecedent for
the word wi. If s(wi, wj , wk) is negative for all
candidates, the word wi is considered to have no
antecedents.

Span Detection. For each word wi determined
to have coreferent relationships with other words,
we reconstruct its span by expanding its start and
end boundary words wp and wq. The range of
the start boundary word can be w1 to wi, and
the end boundary word can be wi to wn. The
span detection scorer, SpanPredictor, consists of a
feed-forward neural network and a convolutional
block.

sspan(wi) = SpanPredictor(hi,hp,hq) (10)

where hi, hp, and hq are the word representations.
The span with the highest score is used as the
mention for the word wi.

3.4 Training
Following Dobrovolskii (2021), we train the
coarse- and fine-grained coreference scorers by
utilizing the negative log marginal likelihood
(LMLL) as the primary loss function. Addition-
ally, we incorporate a binary cross-entropy loss
(LBCE) as an additional regularization factor:

LMLL = −log

n∏

i=1

∑

ŷ∈Yi∩Gi

P (ŷ) (11)

Lcoref = LMLL + αLBCE (12)

where Gi denotes the set of words in the gold
cluster containing word wi, Yi denotes the set of
words to the left of wi, α is the hyper-parameter to
control the weight of the BCE loss and we set it as
0.5 following prior work. We train the singleton
detection module and span detection module using
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MUC B3 CEAFe LEA CoNLL

P R F1 P R F1 P R F1 P R F1 F1
Rule-based 89.3 79.2 83.7 54.8 63.3 57.5 61.5 40.9 47.9 63.2 54.7 57.3 63.1
Hierarchical-based 94.2 92.4 93.2 70.6 78.8 73.8 39.5 60.4 46.2 70.3 78.6 73.5 71.1
Fusion-based 93.9 92.8 93.3 81.3 69.0 74.5 34.7 62.9 43.3 81.0 68.7 74.2 70.4
STPar (ours) 96.1 93.9 95.0 81.6 82.2 81.9 75.7 56.7 64.8 80.9 81.9 81.3 80.6

(+1.9%) (+1.1%) (+1.7%) (+0.3%) (+3.4%) (+7.4%) (+14.2%) (−6.2%) (+16.9%) (−0.1%) (+3.3%) (+7.1%) (+9.5%)

Table 1: Results on the MovieCoref dataset. The numbers in parentheses are the improvements of our
model over the best-performing baseline(s).

the cross-entropy loss, denoted as Lsl and Lspan,
respectively. Finally, the total loss function is the
summation of all the aforementioned losses:

L = Lcoref + Lsl + Lspan (13)

4 Experiments

4.1 Experimental Setup
Dataset. We evaluate our model on the stan-
dard MovieCoref dataset (Baruah and Narayanan,
2023). The dataset consists of six full-length
movie screenplays and excerpts from three movie
screenplays. The average document length of the
full-length movie screenplays is approximately
30,000 words. MovieCoref contains 418 charac-
ters involved in 25,793 mentions across a total of
201,804 words.

Evaluation Metrics. In terms of evaluation met-
rics, we align with the MovieCoref (Baruah and
Narayanan, 2023), and utilize CoNLL F1, which
is the average F1 score of three metrics: MUC
(Vilain et al., 1995), B3 (Bagga and Baldwin,
1998), and CEAFe (Luo, 2005), as well as LEA
F1 score (Moosavi and Strube, 2016).

Hyperparameter Settings. We train our model
by setting the epoch, dropout, GCN layers and
batch size to 50, 0.2, 2, and 64, respectively. The
learning rate is set to 2e-5 for RoBERTa and 2e-4
for other modules. L2 regularization is applied
with a decay rate of 1e-3. We retain the top 50
antecedent candidates. All scores are averaged
over five runs with different random seeds.

4.2 Baseline Systems
To validate the effectiveness of our model, we
compare it against the following SOTA baselines:

• Rule-based: Baruah et al. (2021) combined
neural models with structural rules to adapt
to the MovieCoref task.

• Fusion-based: Baruah and Narayanan
(2023) partitioned the screenplay into
overlapping sub-documents and performing
inference separately on each sub-document.

• Hierarchical-based: Baruah and Narayanan
(2023) divided the screenplay into non-
overlapping sub-documents and merged them
for coreference clustering.

Notably, all baselines do not explicitly model the
multi-level structure of the screenplay and capture
the high-order dependency relationships.

4.3 Overall Results

The experimental results for the MovieCoref task
are presented in Table 1, revealing several key
findings. First of all, compared to the best base-
line Fusion-based model, our model achieves a
substantial improvement of 7.1% in LEA F1 and
10.2% in CoNLL F1. Moreover, when compared
to the Rule-based model, the performance gains
are even more substantial, enhancing LEA F1 by
24.0% and CoNLL F1 by 17.5%. These results
clearly demonstrate the substantial superiority of
STPar over other strong baselines. Secondly, in
terms of the fine-grained metrics, STPar surpasses
the baselines across almost all categories, includ-
ing MUC,B3, and CEAFe, thereby confirming the
robustness of our model. Moreover, the substan-
tial improvements in our model’s performance are
particularly evident in the CEAFe F1 and B3 F1
scores, where it records increases of 21.5% and
7.4% respectively compared to the best baseline.
This can be attributed to our model’s accurate
identification and grouping of coreferent men-
tions at the entity and boundary levels. Overall,
the performance highlights the efficacy of STPar
in leveraging syntactic and discourse features, as
well as capturing high-order dependency relations.
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MUC B3 CEAFe LEA CoNLL
STPar (ours) 95.0 81.9 64.8 81.3 80.6
w/o Graph 93.1(−1.9) 76.2(−5.7) 57.8(−7.0) 76.7(−4.6) 75.7(−4.9)

w/o T-T edge 93.9(−1.1) 78.4(−3.5) 60.8(−4.0) 78.7(−2.6) 77.7(−2.9)

w/o D-T edge 94.1(−0.9) 79.4(−2.5) 61.5(−3.3) 79.3(−2.0) 78.3(−2.3)

w/o S-T edge 94.0(−1.0) 79.1(−2.8) 61.2(−3.6) 79.0(−2.3) 78.1(−2.5)

w/o S-D edge 93.5(−1.5) 78.1(−3.8) 60.3(−4.5) 78.2(−3.1) 77.3(−3.3)

w/o Triaffine 93.8(−1.2) 78.2(−3.7) 60.5(−4.3) 78.4(−2.9) 77.5(−3.1)

w/o Singleton 94.1(−0.9) 78.9(−3.0) 61.1(−3.7) 79.2(−2.1) 78.0(−2.6)

Table 2: Ablation results on MovieCoref. The
numbers in parentheses are the decreased values
compared with our full model.

4.4 Ablation Study

We conduct ablation experiments to assess the
contribution of each component in our model.
Our ablation experiments involve removing a
particular component from the complete model,
retraining the model on the modified architecture
without that component, and then comparing the
performance of the retrained model with that of the
original model. The results in Table 2 show that
no variants can compete with the complete model,
implying the indispensability of each component
for MovieCoref. Specifically, the absence of the
syntactic and discourse graphs led to the most sig-
nificant performance degradation, with a decrease
of 4.6% in LEA F1 and 4.9% in CoNLL F1. This
indicates its significant impact on modeling the
complex structural information of screenplays. To
validate the necessity and effectiveness of each
node and edge plays in the syntactic and dis-
course graphs, we individually removed them.
The sharp decrease in results demonstrates the
pivotal role that nodes and edges in capturing
speaker, discourse, scene text, and their interac-
tions. Additionally, the decrease in results when
removing the triaffine scorer highlights the crucial
impact of high-order scoring on the MovieCoref
task. Furthermore, the removal of singleton detec-
tion leads to a performance drop, indicating that
enhanced identification of singletons contributes
to improving model’s performance.

4.5 Analyses and Discussion

To further investigate the effectiveness of STPar,
we conduct in-depth analyses to answer the ques-
tions (in bold) in the following sections, with the
aim to reveal how our proposed methods advance.

Figure 4: Performance comparisons with and without
discourse dependencies in different mention distances.

Figure 5: Results of different third word selection
methods.

1) Does discourse information play an impor-
tant role in coreference resolution if context
and mention distance become long? We inves-
tigate the impact of discourse structure parsing
on the performance of coreference at different
mention distances in MovieCoref. In Figure 4, we
observe that regardless of the distance between
mentions, the inclusion of discourse structure pars-
ing consistently outperforms the model without it,
indicating the effectiveness of discourse struc-
ture parsing for the MovieCoref task. Especially
when the distance between mentions increases,
the performance gap between the models with
and without discourse structure parsing becomes
more significant. Specifically, when the distance
exceeds 20, the performance decline without dis-
course parsing amounts to 3.7% in LEA F1 and
3.8% in CoNLL F1. This highlights the crucial role
of discourse structure parsing in bridging larger
gaps between mentions and facilitating accurate
coreference resolution across longer distances.
2) Does the method of selecting the third word
in triaffine influence the performance? We are
curious about the impact of different triplet com-
binations on model performance in high-order
scoring. In Figure 5, we employ various strategies
for selecting the third word, including no third
word, random selection, and selecting a word at
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Figure 6: Performance comparisons with and with-
out syntactic dependencies across different mention
lengths.

Figure 7: Performance comparisons with and with-
out syntactic information for intra-sentence and
inter-sentence coreference resolution.

different distances from the mention. We observe
that the performance is poorest when using only
the binary features, highlighting the necessity of
utilizing the triaffine scorer for high-order scor-
ing. Additionally, we find that the performance
of randomly selecting the third word is signifi-
cantly lower than that of specifying its position,
with closer distances yielding better results. This
suggests that the relationship between the men-
tion and neighboring words is crucial for accurate
coreference resolution.
3) What is the role of syntactic information in
performance improvement? Figure 6 displays
the performance comparison of our complete
model, our model without syntactic informa-
tion, and the best baseline model across different
mention lengths. The results demonstrate the con-
sistent superiority of our complete model over
both the baseline and the model without syn-
tactic information. Notably, our complete model
exhibits a more substantial performance improve-
ment for longer mentions. This may be because
syntactic information can help singleton detection
and span detection in long mentions that entail
syntactic structures, thereby boosting the overall
performance.

On the other hand, we investigate the role of
syntactic information in context understanding

Figure 8: Distribution of syntactic and discourse de-
pendency types with regards to coreference mentions.

and representation. Concretely, we compare the
models’ performances with and without syntactic
dependencies for coreference resolution of both
intra-sentence and inter-sentence mentions. As
shown in Figure 7, incorporating syntactic infor-
mation has a positive influence on the MovieCoref
task in both cases. The effect of syntactic infor-
mation on the MovieCoref task is particularly
significant for intra-sentence mentions. This is
because syntactic information directly capture
the grammatical dependencies between mentions
and their antecedents, providing valuable clues
and contextual information. Additionally, syntac-
tic information provides assistance in resolving
coreference for inter-sentence mentions. When
mentions and antecedents are located in different
sentences, the utilization of syntactic informa-
tion offers additional clues to aid the model in
determining the correct coreferent relationships.

4) What dependency types of syntactic and dis-
course are more strongly associated with the
MovieCoref task? We first analyze the discourse
dependency types associated with coreferent men-
tions identified by our model. Concretely, we
count the discourse dependency types occurred
between two sentences with coreferent mentions
in Figure 8(a). We observe a clear correlation
between certain discourse dependency types and
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sentences. For instance, the presence of a ‘‘con-
tinuation’’ dependency type strongly suggests
coreference between the mentions in those sen-
tences. Conversely, ‘‘Result’’ or ‘‘Hypothetical’’
dependency types indicate a less prominent coref-
erent relationship between the mentions. This
emphasizes the value of discourse dependency in-
formation in resolving character coreference and
enhancing our understanding of the screenplay’s
multi-level structure.

Next, we delve into the analysis of syntactic
dependency types, exploring the most relevant
syntactic dependency types for coreferent men-
tions within the same sentence. As illustrated in
Figure 8(b), we observe that when the dependency
types are ‘‘nsubj’’, ‘‘poss’’, and ‘‘compound’’,
there is a higher likelihood of a coreferent relation-
ship between the two words. STPar demonstrates
a stronger ability to establish coreferent relation-
ships for such cases. On the other hand, for
words with dependency types such as ‘‘attr’’
and ‘‘advmod’’, the existence of coreferent re-
lationships can be ignored. In summary, these
analysis highlight the successful learning of struc-
tural correlations within and between sentences
by STPar.
5) How does STPar generalize to traditional
coreference datasets? To validate the generaliza-
tion ability of our approach, we compare STPar
with the state-of-the-art traditional coreference
resolution model, wl-coref (Dobrovolskii, 2021),
CorefQA (Wu et al., 2020), Link-Append (Bohnet
et al., 2023) and Maverick-mes (Martinelli et al.,
2024) on two traditional coreference resolution
datasets, Litbank (Bamman, 2020) and OntoNotes
(Pradhan et al., 2012). The experimental results,
as shown in Table 3, clearly indicate that STPar
outperforms the current SoTA models on both
datasets.
6) How is the efficiency of our model? To eval-
uate the efficiency of our model, we conduct
experiments with and without the Graph and Tri-
affine. The results are presented in Table 4. We
observe significant improvements when utilizing
Graph and Triaffine. Specifically, LEA F1 in-
creased by 7.2%, ConLL F1 increased by 7.4%,
and CEAFe F1 increased by 11.4%. Furthermore,
the inference speed between the two methods re-
main relatively consistent, indicating that the use
of Graph and Triaffine does not have a signifi-
cant impact on the model’s inference speed. These
comprehensive findings emphasize the advantage

Method(dataset) CoNLL MUC B3 CEAFe

wl-coref (litbank) 79.7 84.1 81.5 73.6
CorefQA (litbank) 79.9 84.4 81.7 73.7
Link-Append (litbank) 80.2 85.0 81.9 73.8
Maverick-mes (litbank) 79.5 84.0 81.2 73.3
STPar (litbank) 81.0 85.9 82.6 74.5
wl-coref (ontonotes) 82.9 87.2 82.0 79.4
CorefQA (ontonotes) 83.1 88.0 82.2 79.1
Link-Append (ontonotes) 83.3 87.8 82.6 79.5
Maverick-mes (ontonotes) 83.4 88.1 82.7 79.3
STPar (ontonotes) 83.9 88.8 83.5 79.6

Table 3: The results on Litbank and OntoNotes
dataset.

LEA CoNLL MUC B3 CEAFe speed(s)
w/o Graph and Triaffine 74.1 73.2 91.6 74.5 53.4 224
STPar 81.3 80.6 95.0 81.9 64.8 240

Table 4: Comparison of results and efficiency
between using Graph and Triaffine and not
using them.

LEA CoNLL MUC B3 CEAFe

• RoBERTa(125M)
Fusion-based 74.2 70.4 93.3 74.5 43.3
STPar 81.3 80.6 95.0 81.9 64.8
• Flan-T5(11B)

Fusion-based 80.5 79.7 94.3 81.0 63.9
STPar 87.8 86.9 97.5 89.7 73.5

Table 5: Experimental results of large genera-
tive language models in screenplay coreference
resolution task.

of incorporating Graph and Triaffine to enhance
the accuracy of screenplay coreference resolu-
tion without compromising the efficiency of the
inference process.
7) How do large generative language models
perform in screenplay coreference resolution
task? To investigate the applicability of large
language models in MovieCoref, we conduct ex-
periments using the flan-t5-11B in combination
with STPar. We compare the experimental re-
sults with the SOTA model, and the specific
findings are presented in Table 5. It is evident
that STPar outperforms fusion-based models by a
significant margin, regardless of whether a large
or small language model is utilized. This indi-
cates the impressive performance of STPar in
modeling complex screenplay structures and se-
mantic understanding. Additionally, we discover
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LEA CoNLL MUC B3 CEAFe

DDP (16) 80.9 80.1 94.5 81.4 64.4
DDP (2) 79.6 79.1 93.9 80.3 63.1
QUD (10) 81.3 80.6 95.0 81.9 64.8
None 78.2 77.3 93.5 78.1 60.3

Table 6: Experimental results on different dis-
course parsers and types of discourse relations.

MUC B3 CEAFe LEA CoNLL
wl-coref 93.3 74.5 43.3 74.2 70.4
Maverick-mes 93.9 78.9 56.8 78.9 76.5
STPar (ours) 95.0 81.9 64.8 81.3 80.6

Table 7: The results on MovieCoref dataset.

that incorporating LLMs further improves perfor-
mance, affirming the suitability and effectiveness
of LLMs in MovieCoref.
8) How do different discourse parsers and
types of discourse relations influence coref-
erence resolution? To investigate the impact of
discourse information on screenplay coreference
resolution, we conduct experiments using two
discourse parsers with differing discourse the-
ories and relation types. DDP (Liu and Chen,
2021) comprises 16 discourse relation types, while
QUD (Ko et al., 2023) encompasses 10 discourse
relation types. As shown in Table 6, our ex-
perimental results consistently demonstrate the
superiority of using discourse parsers over not
using them, underscoring the necessity of analyz-
ing the discourse structure of scripts. Figure 8(a)
analyzes which discourse relations are most ben-
eficial for coreference resolution. To discern the
truly helpful information, we reduce the discourse
relation types to only two categories: continuation
and non-continuation. We observe a decrease in
performance, indicating the need to analyze the
fine-grained relations between script discourses to
aid coreference resolution.
9) How does the performance of tradi-
tional coreference resolution methods fare
in MovieCoref? To explore the performance
of traditional coreference resolution methods in
MovieCoref, we transfer the current SOTA models
in traditional resolution tasks to our MovieCoref
task. The results are shown in Table 7. We find
that Maverick-mes (Martinelli et al., 2024), due
to its design of probability-based calculation of

Figure 9: Three examples of case studies on STPar (Up-
per) and Fusion-based method (Lower). Like-colored
mentions are co-referring in every example.

mention start and end positions, which helps to
more accurately identify character mentions in the
screenplay, outperforms wl-coref (Dobrovolskii,
2021). However, it is slightly inferior compared to
our method, which is specifically designed for the
screenplay structure. This further indicates that
screenplays, different from ordinary documents
and dialogues, have a unique structure, and how
to clarify the structural clues of the screenplay is
of crucial importance.

10) Case Study To gain a deeper understanding
of our model’s capabilities, we conduct a com-
prehensive case study on the MovieCoref task.
As shown in Figure 9, our full model success-
fully performs coreference resolution. In contrast,
the Fusion-based model struggles in cases in-
volving singletons, long mentions, and large
mention distances. For instance, in Eg1 where
mention distances are large, the Fusion-based
model faces challenges in establishing correct
links between ‘‘Gideon’’ and ‘‘you’’ and be-
tween ‘‘SHARLA’’ and ‘‘her’’. This highlights
the limitations of the Fusion-based method in
capturing long-range dependencies. Similarly, in
Eg2 and Eg3, both containing long mentions,
the Fusion-based method fails to identify the
correct coreferences, illustrating its struggle in
handling complex and lengthy references. Fur-
thermore, in Eg3, the Fusion-based method fails
to recognize the singleton mention ‘‘a WEASEL
KID’’, indicating its difficulty in handling isolated
mentions. Overall, this analysis emphasizes the
critical role of our model in effectively leveraging
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Figure 10: Two examples of error analysis on
STPar method (Upper) compared with gold (Lower).
Like-colored mentions are co-referring.

the multi-level screenplay structure and capturing
high-order dependencies.
11) Error Analysis In Figure 10, we conduct an
error analysis on STPar to gain insights for fu-
ture work. We analyze 100 examples and identify
two types of errors, including pronoun referencing
errors (58%) and discourse relation recognition er-
rors (42%). The first error, as shown in Eg1, occurs
in dialogues with multiple roles where pronoun
references are ambiguous, leading to incorrect
identification of coreference relationships. This
ambiguity arises from the presence of multiple po-
tential referents among the dialogue participants.
Future research can design models that better un-
derstand context and semantic information. The
second error, as illustrated in Eg2, involves the
failure to recognize coreference relationships be-
tween mentions in sentences with unrecognized
dependency relationships. STPar relies on the out-
put of the discourse parser, and errors may occur
when the parser fails to correctly parse sentence
relationships or the relationships between sen-
tences are ambiguous. Future work can focus on
enhancing discourse parsing techniques to accu-
rately capture the dependencies and relationships
between sentences.

5 Conclusion

In this paper, we propose a novel model, STPar, for
character coreference resolution in movie screen-
plays. Our model has mainly addressed three
problems. First, it leverages discourse and syn-
tactic information via graph attention network to
model the complex screenplay structure. Second,

it introduces the triaffine mechanism instead of bi-
affine to consider high-order information which is
crucial for coreference resolution. Third, it simul-
taneously performs coreference scoring, singleton
detection and span detection for mutual benefit
of multiple tasks. Through experiment evaluation,
we have found that all of our claimed innovative
approaches and hypotheses have been demon-
strated to be effective. Our work provides an
insightful view to check the effect of discourse
and syntactic information in MovieCoref and a
promising model to boost the line of this task.
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