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Abstract

In linguistics, coherence can be achieved by
different means, such as by maintaining refer-
ence to the same set of entities across sentences
and by establishing discourse relations between
them. However, most existing work on coher-
ence modeling focuses exclusively on either en-
tity features or discourse relation features, with
little attention given to combining the two. In
this study, we explore two methods for jointly
modeling entities and discourse relations for
coherence assessment. Experiments on three
benchmark datasets show that integrating both
types of features significantly enhances the per-
formance of coherence models, highlighting
the benefits of modeling both simultaneously
for coherence evaluation.

1 Introduction

Coherence is a property of well-written texts that
makes them easier to read and understand than a
sequence of randomly strung sentences (Lapata and
Barzilay, 2005). Its modeling benefits many down-
stream NLP tasks, such as machine translation (Sia
and Duh, 2023), topic modeling (Li et al., 2023),
text generation (Guan et al., 2023), and dialog gen-
eration (Mendonca et al., 2024).

In linguistics, text coherence can be achieved in
several ways, with two of the most widely stud-
ied being entity-based and discourse relation-based
coherence (Reinhart, 1980; Jurafsky and Martin,
2025). Entity-based coherence focuses on how
entities are introduced and maintained throughout
a text (Prince, 1981; Grosz et al., 1995). In con-
trast, discourse relation-based coherence considers
the logical or rhetorical relationships between sen-
tences (Kehler et al., 2008; Rohde et al., 2018).
These perspectives have inspired distinct model-
ing approaches: entity-based methods (Barzilay
and Lapata, 2008; Guinaudeau and Strube, 2013;
Tien Nguyen and Joty, 2017; Jeon and Strube,
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Figure 1: An example of a coherent text, whose coher-
ence should be explained using both entities and dis-
course relations. We bold the interlinked entities in the
text and show the discourse relations between sentences.

2022) typically model local coherence by track-
ing entity transitions, while discourse-based meth-
ods (Lin et al., 2011; Feng et al., 2014; Wang et al.,
2019; Wu et al., 2023) evaluate coherence based
on parsed discourse relations.

While these approaches have proven effective
individually, real-world texts often require a more
integrated view. In practice, entity and discourse
relation cues frequently coexist and interact in com-
plex ways. To illustrate this, we present an exam-
ple in Figure 1, which contains four sentences and
is considered highly coherent. Establishing the
coherence using entities is not straightforward in
this case, as there are no overlapping entities be-
tween the second and third sentences. Instead, we
must use a more complex linguistic phenomenon,
namely bridging (Clark, 1975; Hou et al., 2018), to
link “city” (in “citywide”) and “road”. Meanwhile,
the connection between these sentences is more
readily explained by a discourse relation (e.g., In-
stantiation), as the third sentence elaborates on the
strike mentioned earlier. However, relying solely
on discourse relations also has limitations, as it can
compromise the smooth tracking of the protagonist
if the referents are unclear. For example, if the final
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sentence were changed to “So, Maria couldn’t get
to the airport...” the discourse relation might still
hold, but the referent switch (i.e., John — Maria)
would disrupt the overall coherence. This under-
scores the need to jointly consider both entity con-
tinuity and discourse structure. Despite their com-
plementary nature, few studies have empirically
investigated whether combining these two perspec-
tives leads to more effective coherence assessment.

To address this gap, we propose two approaches
for jointly modeling entities and discourse relations
in coherence evaluation. The first approach iden-
tifies the entities in a document and the discourse
relations between sentences, then organizes them,
along with the sentences, in a flat structure. We
introduce a fusion Transformer that jointly models
these elements to assess coherence. The second
approach avoids dedicated fusion modules by in-
corporating entity and discourse relation informa-
tion directly into prompts, allowing large language
models (LLMs) to leverage them during inference.

We evaluate! our methods on three benchmarks:
two for assessing discourse coherence and one
for automatic essay scoring. Our models signif-
icantly outperform strong baselines, demonstrating
the benefits of joint modeling. Further analysis
reveals that integrating both entities and discourse
relations enables better learning of coherence pat-
terns, which help to mitigate the effects of imbal-
anced data distributions in datasets and improve
models’ generalization across domains.

2 Related Work

Our work is related to existing approaches that en-
hance coherence modeling using entities, discourse
relations, or Transformer-based models.

Entity-based. The most well-known entity-based
model is the Entity Grid, proposed by Barzilay and
Lapata (2008), which constructs a two-dimensional
matrix to capture the transitions of entities between
adjacent sentences. This model has been improved
by various subsequent efforts, such as incorporat-
ing semantically related entities (Filippova and
Strube, 2007) and integrating entity-specific fea-
tures (Elsner and Charniak, 2011). Another promi-
nent entity-centered approach is the Entity Graph,
proposed by Guinaudeau and Strube (2013), which
measures textual coherence by evaluating the extent
to which sentences are connected to each other via
shared discourse entities. Building on similar ideas,

"https://github.com/liuweil206/EntyRelCoh

Mesgar and Strube (2015, 2016) model coherence
using the local connectivity structure of sentences.
With the rise of deep learning, neural networks
have also been applied to capture entity-based co-
herence patterns. For example, Tien Nguyen and
Joty (2017) and Joty et al. (2018) extend the entity
grid using convolutional neural networks. Jeon and
Strube (2020) introduce a structure-aware model
to approximate Centering Theory, which is further
refined by Jeon and Strube (2022) through the use
of more linguistically grounded units, such as noun
phrases and proper names.

Discourse Relation-based. Compared to entity-
based models, fewer studies have employed dis-
course relations for coherence assessment, largely
due to the limited performance of early discourse
parsers. One of the earliest works in this area is
by Lin et al. (2011), who use discourse relations
as features for evaluating coherence. Specifically,
they adopt an approach similar to the entity grid,
constructing a two-dimensional matrix where rows
represent sentences and columns represent entities,
and each cell (s;, e;) contains the set of discourse
roles of the entity e; that appears in the sentence s;.
Feng et al. (2014) extend this approach by replac-
ing shallow discourse relations with deeper ones
derived from an RST (Mann and Thompson, 1988)
parser. However, Mesgar and Strube (2015) criti-
cize these methods as conceptually flawed, arguing
that treating discourse relations as features of en-
tities contradicts their linguistic function, which
is to link sentences or elementary discourse units
(EDUs). More recently, Wu et al. (2023) propose
a multi-task framework that jointly identifies dis-
course relations between sentences and evaluates
the overall coherence of a text.

Unlike these two lines of work focusing solely
on entities or discourse relations, we aim to com-
bine both for more effective coherence modeling.
Transformer-based. Our work is also related to
recent studies that use Transformer models for co-
herence assessment. Abhishek et al. (2021) demon-
strate that RoOBERTa significantly outperforms ear-
lier embedding-based models, with performance
further improving under a multi-task training setup
incorporating NLI tasks. Laban et al. (2021) use
Transformer models to tackle the shuffle test task,
achieving near-perfect accuracy (97.88%). To
probe the capabilities of language models in co-
herence prediction, Beyer et al. (2021) design tar-
geted test suites addressing diverse aspects of dis-
course and dialogue coherence. Building on these
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Figure 2: Sentences (in Figure 1) linked by entities and
discourse relations.

directions, Zhao et al. (2023) propose DiscoScore,
a BERT-based metric inspired by Centering The-
ory, which models coherence from multiple dis-
course perspectives and shows a high correlation
with human judgments across coherence and fac-
tual consistency. More recently, large language
models have also been applied to coherence evalu-
ation. Naismith et al. (2023) show that GPT-4 can
produce coherence ratings comparable to those of
human annotators, accompanied by well-reasoned
explanations. Similarly, Mansour et al. (2024) as-
sess ChatGPT and LLaMA on essay scoring tasks,
finding that, with appropriate prompting, both mod-
els achieve strong performance even in one-shot
settings.

3 Method

In this section, we introduce how to identify entities
and discourse relations in a document, followed by
two methods that use the identified entities and
discourse relations to evaluate coherence.

Given a document, we use Stanza (Qi et al.,
2020) to identify all nouns and co-references, and
to segment the text into sentences. We focus on
nouns rather than entities because previous stud-
ies have shown that using nouns leads to better
performance in coherence modeling (Elsner and
Charniak, 2011; Tien Nguyen and Joty, 2017). For
discourse relations, we follow prior work(Lin et al.,
2011) that adopts the Penn Discourse Treebank
(PDTB) framework (Prasad et al., 2008). Specif-
ically, we use the discourse parser discopy, de-
veloped by Knaebel (2021), to extract relations
between adjacent sentences, with a few modifica-
tions. First, we use PDTB 3.0 (Webber et al., 2019)
instead of PDTB 2.0 (Prasad et al., 2008), as the
former includes more relation types and is an im-
proved version of the latter. Second, for implicit
discourse relation classification, we use the model
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Figure 3: The sentences, entities, and discourse rela-
tions in Figure 2 are organized into a flat structure, in
which each element is assigned a two-dimensional posi-
tion, indicating its start and end position in the original
sentence sequence. This flat input is then processed by
a fusion Transformer.

proposed by Liu and Strube (2023), which achieves
state-of-the-art performance. We provide more de-
tails about the parser in Appendix A.

After identifying nouns, coreference relations,
and discourse relations, we link two sentences if:
(1) they share the same nouns or there is a corefer-
ence link between mentions in the sentences, or (2)
they are connected by a discourse relation. In the
first case, we add an edge labeled “entity” between
the sentences, while in the second case, we add
an edge labeled with the specific type of discourse
relation. Figure 2 shows how the sentences in Fig-
ure 1 are linked through the identified entities and
discourse relations, forming a graph structure.

However, since the Transformer is designed
for sequence modeling (Vaswani et al., 2017),
it doesn’t naturally handle graph-structured in-
put. One possible solution is to use Graph Neu-
ral Networks (GNNs), but standard GNNs are
permutation-invariant and cannot capture order in-
formation (Wu et al., 2021), which is crucial for
coherence modeling (Lapata, 2003). Below we
introduce two approaches to address these issues.

3.1 Method I: Fusion

In this approach, we introduce a flat structure to or-
ganize sentences, entities, and discourse relations,
and design a fusion transformer to jointly model
these elements. Figure 3 shows an overview.

In the flat structure, sentences, entities, and dis-
course relations are concatenated into a sequence.
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Each element in this sequence is assigned a two-
dimensional position (see the bottom part in Figure
3), indicating its start and end positions within the
original sentence sequence. Take s; and r; for an
example, their positions are (1,1) and (1, 2), re-
spectively, which means that s; is the first sentence
in the text and rj links the first and second sen-
tences. This flat structure preserves sentence order
as well as the connections among sentences, enti-
ties, and discourse relations. Its sequential format
also makes it well-suited for Transformer models.

To handle this flat structure, we propose a fusion
Transformer that enhances the vanilla Transformer
with a novel position-aware attention mechanism
and a visible matrix. Specifically, we first use a text
encoder, such as RoBERTa or LLama, to obtain
the representations of sentences, entities, and dis-
course relations. Then, we input all the elements
along with their two-dimensional positions into the
position-aware attention. The position-aware atten-
tion between the i-th and the j-th elements in the
sequence is defined as:

A= ql-ij + qiriT_j + uij + vriT_j (1)

where q;, kj,ri—; = Wy, e; Wy, pe;, ;W,, e;
means the representation of the i-th element, pe;_;
denotes the relative position embedding between
the i-th and the j-th elements, and W,, Wy,
W,., u, v are trainable parameters. The first and
third terms in Eq. 1 are content-based addressing,
where the former calculates weight between query
and key, and the latter governs a global content
bias (Dai et al., 2019). The second and last terms
compute weight with relative positional informa-
tion, which can be used to guide the attention be-
tween relevant elements. Since each element in the
flat structure has a 2D position, we can calculate
four types of relative distances between the ¢-th and
Jj-thelements: (i) start; —start;; (ii) start; —end;;
(iii) end; — start;; (iv) end; — end;. The final rel-
ative position embedding between the ¢-th and j-th
elements, i.e., pe;_; is defined as a non-linear
transformation over the four relative distances:

Pe;_;j = (Ps;—s; ®Ps;—e; @Pe;—e; @ Pe;—e; ) Wp

2
The position embedding p is initialized as in Trans-
former, where p2*, = sin (pos/lOOOO%/dmodel)

pos

and pf,’;jl = COS (pOS/]-OOOOQk/dmodel).
To prevent sentences from attending to irrelevant

entities and discourse relations, we further intro-

duce a visible matrix M to guide the attention:

0,
Mij = {—oo

where C; is ¢ = j (i.e., self-connection), Cs is
that both ¢-th and j-th elements are sentences (text
content), Cs is that one element is a sentence and
the other is an entity, and the sentence links to
the entity (entity patterns), and Cy is defined as
nodes ¢ and j is one sentence and one relation,
and the relation works on the sentence (discourse
relation patterns). We apply the visible matrix to
the attention calculation:

ifCl|C2‘Cg|C4

otherwise

3)

A* = Softmax(A + M) 4)

Then layer normalizations and a feed-forward net-
work (as shown in Figure 3) are applied to produce
the text representation. Finally, we input the rep-
resentation into a softmax classifier, and use the
cross-entropy loss for training.

3.2 Method II: Prompt

While the first approach can model coherence us-
ing entity and discourse relation information, it
relies on an additional fusion module and cannot
fully leverage the generative capabilities of Large
Language Models (i.e., it merely treats LLMs as
a feature extractor). Inspired by Ye et al. (2024),
we explore a second approach that uses natural lan-
guage to describe the connections among sentences,
entities, and discourse relations, and then prompts
LLMs to take these information into account for
coherence assessment. Figure 4 illustrates this ap-
proach using the example from Figure 1 and its
corresponding connection graph from Figure 2.
Given a graph composed of sentences, entities,
discourse relations, and their connections, we tra-
verse all sentence nodes in the order they appear
in the text, from left to right. Sentences are added
to the prompt and labeled with their position (e.g.,
S1, s2, etc., see Figure 4). For each sentence node,
we perform a depth-first search to find all two-hop
neighboring nodes that are bridged by an entity or
a discourse relation. This allows us to break down
the graph into a list of triples, where each triple (si,
rjj, 5j) includes two sentences, s; and s;, along with
the relation rj; between them. We only retain triples
where i < j, following the natural left-to-right read-
ing order of humans, as suggested by Liu et al.
(2023b). For example, the graph in Figure 2 is bro-
ken down into the following triples: (s1, entity, s2),
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generate h|gh
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Here are the sentences in the given text:

s;: Did you know that John is still in Germany?

s,: He was planning to leave Berlin today but ran into a citywide strike.
s3: All the roads were blocked, and buses and trains were cancelled.

You are an Al assistant tasked with coherence assessment. You will be given a set of sentences from a text, along with parsed relations between some sentence
pairs. Each relation is represented as a triple in the form (s;, 1, s;), where s; and s; denote the i-th and j-th sentences from the text and r is the relation between
them. The relation r can be one of the following: (1) “entity”: indicates that the two sentences discuss the same entities; (2) a discourse relation, such as
“reason” and “contrast”: indicates there is a discourse relation between the two sentences. Your task is to evaluate the overall coherence level of the text by
considering the content of the sentences and the relations between them. Please assign one of the following coherence levels to the text: {low, medium, high}.

s4: S0, he couldn’t get to the airport and now has to stay in the city for a few more days.

\Here are the relations between sentences: (s, entity, s;), (1, reason, sy), (Sy, entity, s;), (Sz, instantiation, ss), (s, entity, s4), (Ss, result, s;)

Figure 4: Tllustration of our second approach. We use natural language to describe the relationships between
sentences, entities, and discourse relations in Figure 2, presenting the graph structure in a concise and intuitive way.
We then instruct LLMs to consider these elements for coherence assessment.

(s1, reason, s2), (s1, entity, s4), (so, instantiation,
s3), (s2, entity, s4), (s3, result, s4). These triples
are expressed in natural language format, making
them easy for LLMs to process. More importantly,
they retain all the connection information between
sentences, entities, and discourse relations. Finally,
we include the list of triples in the prompt and in-
struct the LLMs to assess coherence by considering
both the content of the sentences and the patterns
of entities and discourse relations between them
(see Figure 4).

4 Experiments

Datasets. We conduct experiments on three widely
used corpora in coherence modeling: GCDC (Lai
and Tetreault, 2018), CoheSentia (Maimon and
Tsarfaty, 2023), and TOEFL (Blanchard et al.,
2013). GCDC is a corpus designed for evaluat-
ing discourse coherence, containing texts from four
distinct domains: Yahoo online forum posts, En-
ron emails, emails from Hillary Clinton’s office,
and Yelp business reviews. Each text in the dataset
is rated by experts on a scale of 1 to 3, indicat-
ing low, medium, and high levels of coherence.
CoheSentia is another dataset used to assess dis-
course coherence. Unlike GCDC, which consists
of real-world texts, CoheSentia contains stories
generated by GPT-3 and is annotated by humans
with coherence scores ranging from 1 to 5. How-
ever, the score distribution is highly imbalanced,’
which makes it difficult for models to converge
during training (Maimon and Tsarfaty, 2023). To

20ver 50% of the data is labeled with a score of 5.

address this, we group scores 1 and 2 as low co-
herence, scores 3 and 4 as medium coherence, and
score 5 as high coherence. The TOEFL dataset
was originally created for automated essay scoring
but has since been widely used to evaluate coher-
ence models (Burstein et al., 2010; Jeon and Strube,
2020). It includes essays written in response to
eight prompts (P1 to P8) along with score levels
(low/medium/high) for each essay.
Implementation Details. We implement our mod-
els using the PyTorch library. For Method I, we ex-
periment with two widely used text encoders (Ab-
hishek et al.,, 2021; Parmar et al., 2024): the
pre-trained language model RoBERTay,s. (Liu
et al.,, 2019b) and the large language model
Llama-3.1-8B-Instruction (Grattafiori et al.,
2024).3 Training is performed using the AdamW
optimizer with an initial learning rate of le-3, a
batch size of 32, and a maximum of 20 epochs.
For Method II, which is specifically designed
for large language models (LLMs), we evaluate
it using Llama-3.1-8B-Instruction.® The evalua-
tion is conducted under two settings: zero-shot
and fine-tuned. In the zero-shot setting, the model
is not trained beforehand; instead, it is directly
prompted to generate labels. This setup tests
whether incorporating entity and discourse rela-
tion features can help with coherence evaluation
in cold-start scenarios. In the fine-tuned setting,

3We use the 8B LLaMA model instead of the 70B due
to memory limitations that prevent fine-tuning larger models.
However, our resources do support zero-shot experiments with
the 70B model. To maintain consistency across settings, we
use the 8B model throughout the main text, but include zero-
shot results for the 70B model in the Appendix E.
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GCDC
Model - CoheSentia
Clinton  Enron Yahoo Yelp Avg
Jeon and Strube (2022) 64.2004 55.3003 58.400, 57.30p> 58.90 -
Liu et al. (2023b) 66.200s 57.0008 63.6507 58.05;, 61.23 -
TextOnly 64.550.7 57.500‘9 60.050.4 58.200'8 60.10 60.641_5
ROBERTa TextEnty 66.2003 58.801; 63.1509 59.20,; 61.83 63.13,
TextRel 66.450.9 59.701‘0 63.351.1 60.401'3 62.48 63.741_8
Fusi Our Method I 67.600.5 60.500‘3 63.750.5 61. 100,4 63.24 66.241_6
usion
TCXtOl’lly 63.550.5 56.650‘8 59.450.3 57.451,0 59.27 63. 131_2
Ll TextEnty 64.8003 58.1004 62.100s 57.90¢g 60.73 65.80; 5
ama
TextRel 65. 100.7 58.750_4 62.850.3 59.350,5 61.51 66.651_6
Our Method I 67.25().4 60. 10()_3 64.100.5 61.300,5 63.18 69.121_5
TextOnly 54.50 38.00 34.00 40.50 40.88 50.10
TextEnty 55.00 39.00 41.50 44.50 45.00 51.35
Llama zero-shot
TextRel 57.50 41.00 42.00 45.50 46.50 52.17
p " Our Method IT | 56.50 41.00 42.00 48.00 46.88 53.83
Trom]
P TextOnly 63.5508 56.80p9 60.05;0 554512 58.96 64.951 4
TextEnty 65.001, 57.60p5 60.45;9 563009 59.84 65.38 5
Llama fine-tuned
TextRel 64.5507 59.1005 61.1007 57.25¢5 60.50 66.42; 4
Our Method II 65.15().6 60.551.2 62.051.2 57.55()_5 61.33 67.281,1

Table 1: Mean accuracy results (with std) on GCDC and CoheSentia.

we fine-tune the Llama model using LoRA for 3
epochs, with a learning rate of 5Se-5 and a batch
size of 2. This setup evaluates whether instruction-
tuning the LLM to consider entities and discourse
relations can enhance its performance.

To account for training variability, we perform
10-fold cross-validation on the GCDC training
dataset (Lai and Tetreault, 2018), 5-fold cross-
validation on the CoheSentia corpus, and 5-fold
cross-validation on the dataset for each prompt in
the TOEFL corpus (Taghipour and Ng, 2016). Fol-
lowing prior work, we use standard accuracy (Acc,
%) as our primary evaluation metric.*

Baselines. To validate the importance of modeling
entities and discourse relations simultaneously, we
compare it with the following baselines:

* TextOnly. This baseline relies solely on tex-
tual information for coherence modeling. In
Method I, this involves using a text encoder
to obtain sentence representations, a sentence-
level transformer to capture coherence pat-
terns, and a softmax classifier for prediction.
In Method 11, it prompts LLMs to evaluate
coherence based only on the text.

*We also report the results of Macro-F1 in Appendix C.

* TextEnty. This is an ablated version of our
approach in which the discourse relation ele-
ments are removed from the sentence-entity-
discourse relation graph.

» TextRel. This is another ablated version of
our method, where we remove the entity ele-
ments from the graph.

Further, we compare our approaches against pre-
vious state-of-the-art models on each corpus. For
more details on the datasets, implementation, and
baselines, please refer to Appendix B.

4.1 Overall Results

GCDC / CoheSentia. Table 1 shows the results
on GCDC and CoheSentia datasets, where the “Fu-
sion” block shows the results relying on an extra
fusion module to integrate entity and discourse re-
lation features, while the “Prompt” block presents
the results using natural languages to incorporate
entity and discourse relation patterns into the input
prompt of LLMs.

For the Fusion style, we show the results based
on RoBERTa and LLama. Regardless of whether
RoBERTa or Llama is used as the text encoder,
TextEnty and TextRel consistently outperform the
TextOnly baseline on GCDC and CoheSentia. This
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Model P1 P2 P3 P4 P5 P6 P7 P8 Avg
Jeon and Strube (2022) 7838 7570 7658  76.56  79.10 76.41 75.03 74.54  76.54
Liu et al. (2023b) 7579]1 76251] 7414]2 758107 770109 770811 735503 729107 75.34
TextOnly 76.3609 75.1019 75295 753315 759010 75.6119 73.7699 73.34;; 75.08
RoBERTa TextEnty 79.05 1.4 77.151.2 77-730,8 769813 77.64],6 78.32] 5 76.49],3 75.79]40 77.39
TextRel 7894()8 7741()7 7780()8 7755()3 7849()9 783315 770812 762505 71.73
Fusion Our Method I 79920.8 78.460'9 78.68()‘9 78.251.2 79.231,1 79.421.27 78.21 0.9 77.1 31‘1 78.66
TextOnly 75. 1708 73881@ 736316 736714 7589]0 75. 1009 7367]4 7287] 5 74.24
Llama TextEnty 77.0308 755914 75.1415 7520,5 77.0709 77.1203 75480 74.17,4 75.85
TextRel 76.350.9 76.400.7 75.98045 75.401.2 76.641.7 76.651.6 75.1 81.1 75.161‘3 75.97
Our Method 1 782417 781119 770111 765911 7923]3 79.471(, 7732]] 765018 717.81
TextOnly 51.39 55.19 5272 50.63 54.37 50.62 4692 4944 5141
TextEnty 56.85 53.78 5448  54.00 53.83 57.15 55.89 5464  55.08
Llama zero-shot
TextRel 58.51 56.45 54.73 55.59 5643 57.19 5741 53.72  56.25
Prompt Our Method IT | 59.90  57.75 56.73 56.13 57.28 58.02 58.19 5591 57.49
TextOnly 790311 767614 762415 775214 7949]4 760214 7669]1 7528()9 77.13
Llama fine-tuned TextEnty 80.13,, 76.63;, 75.64;3 77.7310 79.5515 765716 789514 76.41,5 77.70
TextRel 79.35],5 77-151.6 77.16]44 76.611_2 80.15” 75.41],5 78.29],3 76.89]44 77.63
Our Method IT 800216 779215 775812 781313 81.1315 772913 77881() 77.1815 78.39

Table 2: Mean accuracy results (with std) on TOEFL dataset.

suggests that incorporating entity or discourse re-
lation features enhances coherence assessment,
which is in line with the findings of previous
entity-based (Jeon and Strube, 2022) and discourse
relation-based studies (Wu et al., 2023). The im-
provement of TextRel over TextOnly is greater than
that of TextEnty over TextOnly. This is because,
in both GCDC and CoheSentia, discourse relations
are more commonly used to connect sentences than
entity cues. For instance, discourse relations like
cause and concession are frequently employed in
CoheSentia to make stories more compact and en-
gaging (Chaturvedi et al., 2017). Our Method I
significantly outperforms both the TextEnty and
TextRel baselines, showing a 1% to 2% improve-
ment on GCDC and approximately a 3% gain on
CoheSentia. These results highlight the value of
jointly modeling entity and discourse relation fea-
tures for effective coherence assessment.

For the Prompt style, we present the results of
Llama in both zero-shot and fine-tuned settings.
In the zero-shot setting, incorporating entity and
discourse relation information enhances Llama’s
performance in coherence assessment. On GCDC,
TextEnty and TextRel outperform the TextOnly
baseline by more than 4% to 5%. In contrast, the
improvement on CoheSentia is more modest, with
gains of about 1% to 2%. Combining these fea-
tures further boosts performance, leading to im-
provements of over 6 points on GCDC and 3.5%
on CoheSentia, compared to the TextOnly base-
line. These results suggest that prior knowledge of
entity- and discourse relation-based coherence can

be effectively leveraged for coherence assessment
in cold-start scenarios. When fine-tuning LLaMA
with LoRA, the performance improvements of
TextEnty, TextRel, and EntyRel over TextOnly still
exists, but the gains are smaller compared to the
zero-shot setting. We speculate that this is be-
cause fine-tuning allows the model to somewhat
implicitly capture coherence-relevant signals, such
as entity transition and discourse relations (Xiao
et al., 2021), so the explicit incorporation of them
leads to limited improvement.

TOEFL. Results on TOEFL are shown in Table 2.
Similar to the findings on GCDC and CoheSentia,
both entity and discourse relation patterns con-
tribute positively to the task in the fusion set-
ting. Specifically, TextEnty and TextRel outper-
form the TextOnly baseline by 2% to 3% when us-
ing RoBERTa or Llama as the text encoder. Com-
bining entity and discourse relation features fur-
ther enhances performance. Our Method I using
RoBERTa as the text encoder achieves an aver-
age accuracy of 78.66%, significantly outperform-
ing the previous state-of-the-art model (Jeon and
Strube, 2022). We observe similar results in the
prompt setting: in the zero-shot scenario, Method
IT achieves an accuracy of 6.08% higher than the
TextOnly baseline, and 1.26% higher in the fine-
tuned setting.

S Analysis

To understand how jointly modeling entities and
discourse relations contributes to coherence assess-
ment, we analyze the accuracy of different models

21928



[There‘s two older men here that are always in a lousy mood.], [They can’t wait for 62.], [Andrea M. is correct about the cart corrals.]; ...[Really
saves us money in that dept.]; [But I can only give 3 stars on account that their pricing for vegetables and other items is a ripoff.]; [Why is there
only one dollar sign showing above?], [People are SOOOO brainwashed into thinking that Fry‘s and Walmart save you money.]; ...

(sy, cause, s,), (s,, norel, s;), (s3, level-of-detail, s4), (s4, norel, ss), (ss, norel, s¢), (sq, cause, s;), (s, norel, sg), (s, entity, sg), ...

Model Prediction | Explanation

TextOnly

High | ...... The reviewer's tone is conversational and informal, but their points are clearly stated and easy to follow.

TextEnty Low

The relation between s; and s, is "entity", indicating that they discuss the same entities. However, s is discussing the
cost-effectiveness of prescriptions, while s, is discussing the cost-effectiveness of Fry's and Walmart. This lack of
coherence between the entities being discussed suggests a low coherence level.

TextRel Medium The relations between sentences provide a clear narrative flow, but the contrast between the customer's satisfaction
with the store's prices and their dissatisfaction with the pricing of vegetables creates a sense of inconsistency.
Ours Low The relations between sentences provide a clear narrative flow, but the content of the sentences are often abrupt and

lack cohesion, indicating a low level of coherence.

[Look at you...such a hoax spreader...ha], [Anyway, i was so busy yesterday i didn‘t have a chance to do anything about it anyway.], [so no harm,
no foul.]; [how are you doing?], [as for Enron, as you well know our stock’s not doing so great these days, but i‘m not overly stressed.]s ... [Can’t
wait to hear how your preparations are coming along...for the wedding and the move.], [btw, have you set a firm date yet?]q

(s, norel, s,), (s,, cause, s3), (s3, norel, s4), (s4, conjunction, ss), (s, conjunction, sy), (Ss, entity, sq), (Sg, conjunction, s-), (s;, conjunction, sg)

TextOnly | Medium

... seemingly unrelated statements, .... the presence of a few cohesive elements, ... indicates some level of coherence.

TextEnty Medium

... various unrelated topics... s5 and s6 discuss the same entities, which is a positive sign of coherence.

TextRel Low

The text discusses various unrelated topics ...

The relations between sentences are mostly conjunctions and

sometimes norel, which indicate a simple sequence of ideas rather than a deeper connection between them.

Ours Low

The text discusses various unrelated topics... The relations between sentences are mostly conjunctions, indicating a
lack of strong logical connections between the ideas.

Figure 5: Two examples (truncated) showing how entities and discourse relations aid coherence assessment. Both
texts are labeled as low coherence. We use a zero-shot prompt setting, and the "explanation" refers to Llama’s brief

justification for its prediction.

across each coherence label. Table 3 presents the
models’ performance on the TOEFL P5 dataset in
both the Fusion setting (with Llama as the text en-
coder) and the fine-tuned Prompt setting. TextOnly
exhibits a strong bias, achieving high accuracy on
“medium” and “high” coherence labels but signif-
icantly lower accuracy on the “low” label. We
attribute this to the imbalanced label distribution in
the TOEFL P5 dataset, where over 90% of samples
are annotated as “medium” or “high” coherence.
TextEnty and TextRel help mitigate this bias by
incorporating entity and discourse relation infor-
mation, respectively. For example, in the Fusion
setting, they improve accuracy on low-coherence
data by 6.57% and 7.69%. Our Methods I and II go
further by jointly modeling entities and discourse
relations, resulting in the smallest performance gap
across all three coherence levels. These results
suggest that incorporating entities and discourse
relations helps the model learn more effective co-
herence patterns and improves its robustness to
imbalanced data distributions.

To better understand how entities and discourse
relations influence model behavior, we present two
case studies in Figure 5. The two examples are

Low Medium High | Range

TextOnly 66.67 7899 77.88| 12.32

Fusion TextEnty 73.24 8044 76.79| 17.20
(Llama) TextRel 7436 8045 7841 | 6.09
Our Method I | 81.16  81.99 77.19| 4.80

TextOnly 68.22 83.29 8293 | 15.07

Prompt TextEnty 71.70 8523 8549 | 13.79
(fine-tuned) | TextRel 70.59 84.09 84.05| 13.50
Our Method IT | 73.47  85.39  84.71| 11.92

Table 3: Accuracy results for each coherence label on
TOEFL P5. Range indicates the difference between the
highest and lowest values.

from GCDC corpus and annotated as low coher-
ence. In both cases, we use a zero-shot prompt
setting, asking Llama to evaluate the coherence
level of a given text and provide a brief explana-
tion for its assessment (see Appendix D for de-
tails). As shown in the first example, without entity
and discourse relation information (i.e., TextOnly),
Llama evaluates the text as having high coherence.
TextRel identifies some inconsistencies but still
fails to classify it as medium coherence. In con-
trast, TextEnty and Our Method II correctly assess
the text as having low coherence, due to the lack
of cohesion, specifically, missing entity-based sig-
nals. In the second example, all models recognize

21929



Enron — Others | TOEFL P1 — Others
TextOnly 47.48 68.79
Fusion TextEnty 50.62 (+3.14) 72.02 (+3.23)
(Llama) TextRel 50.98 (+3.55) 72.87 (+4.08)
Our Method T | 53.82 (+6.34) 74.40 (+5.61)
TextOnly 52.50 76.72
Prompt TextEnty 53.67 (+1.17) 78.42 (+1.70)
(fine-tuned) | TextRel 54.75 (+2.25) 78.15 (+1.43)
Our Method IT | 56.00 (+3.50) 78.60 (+1.88)

Table 4: Accuracy of models in a cross-domain setting.

that the sentences in the text cover various unre-
lated topics. However, TextOnly and TextEnty are
slightly influenced by the presence of cohesive ele-
ments, leading them to predict the text as medium
coherence. In contrast, TextRel and Our Method
II correctly and confidently classify it as low co-
herence, due to the lack of logical connections be-
tween the sentences. These two cases effectively
illustrate the importance of modeling both entity
and discourse relation patterns for accurate coher-
ence assessment.

To assess whether our models have truly learned
more robust coherence patterns, we further eval-
uate their transferability in cross-domain settings.
Specifically, we train TextOnly, TextEnty, TextRel,
and Our Method in both Fusion and Prompt set-
tings on the Enron subset of GCDC (or Prompt 5
of TOEFL) and test their performance on other sub-
sets of GCDC (or other TOEFL prompts). Table
4 presents the results. Both TextEnty and TextRel
consistently outperform the TextOnly baseline in
cross-domain settings, indicating that entity and
discourse relation patterns are effective domain-
agnostic features for coherence assessment. More-
over, our methods achieve the best performance
across all cross-domain experiments, demonstrat-
ing the effectiveness of jointly modeling entities
and discourse relations.

6 Conclusions

This paper explores whether combining entity and
discourse relation information improves coherence
modeling. We propose two novel methods that
jointly model entities and discourse relations for co-
herence assessment. Experiments on three bench-
mark datasets show that our approaches consis-
tently outperform strong baselines, emphasizing
the value of integrating both features. Additionally,
we demonstrate that these features enhance model
robustness in scenarios with imbalanced labels and
across different domains.

Limitations

Our work has several limitations. First, the PDTB
parser used in this study is far from perfect. Future
research should focus on developing more power-
ful parsers to support discourse relation analysis
for coherence modeling. For instance, it would
be worthwhile to explore whether LLM-based ap-
proaches can produce better PDTB parsing results.
Second, our experiments are limited to PDTB-style
discourse relations. Extending the analysis to other
frameworks, such as RST (Mann and Thompson,
1988), could offer valuable insights. Finally, due to
budget and computational constraints, we only ex-
perimented with Llama-8B (and only used Llama-
70B in zero-shot setting). It would be interesting
to evaluate our approach using other or larger lan-
guage models, such as GPT-4.
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Explicit Distribution | Implicit Distribution Dataset Split  #Doc Avg #Sent Avg #Word
Asynchronous 8.69% Asynchronous 4.64% Clinton Train 1000 8.9 182.9
Cause 7.87% Cause 24.23% Test 200 8.8 186.0
Concession 19.94% Cause+Belief 0.82% Enron Train 1000 9.2 185.1
Condition 5.99% Concession 6.72% GCDC Test 200 9.3 191.1
Conjunction 36.55% Condition 0.85% Yahoo Train 1000 7.8 157.2
Contrast 4.58% Conjunction 20.84% Test 200 7.8 162.7
Disjunction 1.23% Contrast 3.86% Yelp Train 1000 10.4 178.2
Instantiation 1.30% Equivalence 1.21% Test 200 10.1 179.1
Level-of-detail 1.01% Instantiation 6.84% CoheSentia | - Total 483 7.0 122.2
Manner 1.23% Level-of-detail 14.60% Prompt 1 | Total 1656 13.7 339.1
Negative-condition 0.54% Manner 0.74% Prompt 2 | Total 1562 15.7 357.8
Purpose 1.63% Purpose 3.31% Prompt 3 | Total 1396 14.7 343.5
Similarity 0.42% Substitution 1.34% Prompt 4 | Total 1509 15.1 338.0
Substitution 0.96% Synchronous 2.35% TOEFL Prompt 5 | Total 1648 15.2 358.4
Synchronous 8.07% NoRel 8.18% Prompt 6 | Total 960 15.3 358.3
Prompt 7 | Total 1686 14.0 336.6
Table 5: Explicit and Implicit relations used in this study Prompt 8 | Total 1683 14.7 340.9

and their distribution in the training corpus.

A PDTB Parser

We use an updated version of discopy (Knaebel,
2021) to parse discourse relations in documents.
The first update involves replacing the PDTB
2.0 (Prasad et al., 2008) relation set with PDTB
3.0 (Webber et al., 2019). Specifically, we focus
on identifying both explicit and implicit discourse
relations between adjacent sentences. For explicit
relations, we select 15 types that have sufficient
training data (Liu et al., 2023a, 2024). For im-
plicit relations, we include the 14 most frequent
types, along with a “NoRel” label to account for
cases where no relation is present—common in
low-coherence texts. Table 5 lists all the relations
used in this study along with their distribution in
PDTB 3.0.

The second update incorporates the model pro-
posed by Liu and Strube (2023) for recognizing
implicit relations, due to its state-of-the-art perfor-
mance. We implement the parser using RoOBERTa
and train it on PDTB 3.0, following the data split
introduced by Ji and Eisenstein (2015). The parser
achieves 89.61% accuracy on the explicit test set
and 67.80% on the implicit test set of PDTB 3.0.

B Experimental Settings

B.1 Dataset

The GCDC dataset includes texts from four do-
mains: online forum posts from Yahoo, emails
from the Enron corpus, emails from Hillary Clin-
ton’s office, and online business reviews from Yelp.
The CoheSentia datasets consists of stories gener-
ated by GPT-3. The TOEFL dataset comprises es-
says written in response to eight different prompts.
Table 6 presents statistics for these three corpora.

Table 6: Statistics of datasets, where #Doc, #Sent, and
#Word mean the number of documents, sentences, and
words, respectively.

B.2 Implementation

Fusion. In the Fusion setting, we use a text encoder,
such as RoBERTa or LLaMA, to obtain sentence
representations. This is done by passing a sen-
tence through the encoder, extracting token-level
representations, and then averaging the representa-
tions of the tokens within the sentence. We experi-
mented with both average pooling and [CLS] pool-
ing methods. Our results show that average pooling
consistently outperforms [CLS] pooling (Liu and
Strube, 2025). For instance, on the TOEFL P1
dataset using a ROBERTa encoder, the accuracy
of the TextOnly baseline and Our Method I with
average pooling is 76.36 and 80.55, respectively,
compared to 72.58 and 77.56 with [CLS] pooling.
This improvement is likely because average pool-
ing incorporates information from all tokens in the
sentence, preserving more linguistic features. In
contrast, [CLS] pooling relies solely on the [CLS]
token’s representation, which can result in the loss
of important information. Similar results are ob-
served for average pooling and [CLS] pooling in
Mosbach et al. (2020). For entity and discourse
relation elements in the flat structure, we convert
them as vectors using GloVe embeddings (Penning-
ton et al., 2014). We use two layers of Fusion
Transformers to jointly model sentences, entities,
and discourse relations. Each layer consists of 8
attention heads and has a hidden size of 256. The
model is trained using the AdamW optimizer with
an initial learning rate of le-3, a batch size of 32, a
dropout rate of 0.1, and a maximum of 20 training
epochs.
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generate high

T input

Here are the sentences in the given text:
s;: Did you know that John is still in Germany?
s,: He was planning to leave Berlin today but ran into a citywide strike.

s3: All the roads were blocked, and buses and trains were cancelled.

You are an Al assistant tasked with coherence assessment. You will be given a set of sentences from a text. Your task is to evaluate the overall coherence level of

the text by reading the content of the sentences. Please assign one of the following coherence levels to the text: {low, medium, high}.

s4: So, he couldn’t get to the airport and now has to stay in the city for a few more days.

Figure 6: Illustration of TextOnly baseline in the Prompt setting. We instruct LLMs to consider only textual content

for coherence assessment.

GCDC
Model - CoheSentia
Clinton  Enron Yahoo Yelp Avg
TextOnly 47.580_9 48.741'0 45.710'9 45.630_8 46.92 57.081_7
TextEnt 52. 48.84 48.21 47.24 49.17 59.94
ROBERTa extEnty 3812 488414 48213 16 49 9.947,
TextRel 52.421,3 51.041'5 48.561,7 47-351.8 49.84 60.351,9
Fusi Our Method 1 5449, 5127, 48.63,3 47.86;; 50.56 62.98; 7
usion
TextOnly 475413 48.731¢ 44389 46.0914 46.68 59.95,¢
Ll TextEnty 50.8219 5098, 47.74pg 47.29:4 49.20 62.525
ama
TextRel 49.7317 507716 47379 48.53p¢ 49.10 63.67,.1
Our Method 1 53.7815 5237, 50503 47.59;3 51.06 65.25, ¢
TextOnly 34.78 32.02 32.39 32.79 33.88 40.06
TextEnty 40.24 34.71 38.69 36.56 37.55 41.09
Llama zero-shot
TextRel 41.43 36.37 39.12 36.56 38.37 42.46
Prompt Our Method II | 41.74 34.40 37.99 40.14 38.82 45.56
P TextOnly 46.181¢ 44.83;, 46414 38213 43.90 57.4617
TextEnty 474117 453715 46.691¢ 39.18;, 44.66 58.361
Llama fine-tuned
TextRel 46.9115 46.531'4 47.731_3 40.151_2 45.33 62.171_4
Our Method IT | 48.7815 49.46;3 48.2313 41.0009 46.87 63.65;5
Table 7: Mean macro-F1 results (with std) on GCDC and CoheSentia.
Prompt. In the Prompt setting, the data is tion. Notably, no entities or discourse relations are

organized in the Alpaca format (Dubois et al.,
2023). Our implementation is built on LlamaFac-
tory (Zheng et al., 2024), a unified framework
that incorporates a range of state-of-the-art effi-
cient training methods for large language models
(LLMs). In the zero-shot setting, we do not train
the models; instead, we directly use LlamaFactory
for evaluation. In the fine-tuned setting, we train
using LoRA with a rank of 24, a LoRA alpha of 48,
a dropout rate of 0.1, a learning rate of Se-5, and a
total of 3 training epochs.

B.3 Baselines

TextOnly. This baseline relies solely on textual
content for coherence assessment. In the Fusion set-
ting, we first use a text encoder to generate sentence
representations, which are then passed through a
sentence-level Transformer for feature extraction
and finally fed into a Softmax layer for classifica-

used in this process. In the Prompt setting, we eval-
uate coherence by inputting only the text into large
language models (LLMs). The prompt template
used is shown in Figure 6.

TextEnty. This baseline is an ablated version of
our approach. In the Fusion setting, we remove
discourse relation elements from the flat structure,
retaining only sentences and entities. In the Prompt
setting, we include only triples connected by entity
relations, such as (s;, entity, s;), in the prompt.

TextRel. This baseline is another ablated version of
our approach. In the Fusion setting, we remove en-
tity elements from the flat structure, retaining only
sentences and discourse relations. In the Prompt
setting, we include only triples connected by dis-
course relations, such as (s;, reason, s;), in the
prompt.
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Model P1 P2 P3 P4 P5 P6 P7 P8 Avg
TextOnly 74.92,7 70.8315 74.50;5 75.68,5 76.34;; T72.641¢ 72.141¢ T71.97,5 73.63
RoBERTa TextEnty 751818 723615 74.06,4 76261, 76.57,7 74.621¢ 7542,¢ 73.68,; 74.77
TextRel 75.0019 727019 75.6813 749416 76.70;7 72.8619 73.851¢ 73.76,5 74.44
Fusion Our Method I | 78.63p09 75.3315 77.980¢ 77.11,¢ 77.680¢ 77.23;5 75.90,9 74.82;5 76.84
TextOnly 70.52;7 682915 7091y 70.501¢ 72.42y4 T1.25,; 70.46,5; 68.72;; 70.38
Llama TextEnty 7239153 70.6619 727116 721315 73.5018 73.53;5 7129, 69.37;6 72.11
TextRel 723015 71.59;5 7298p¢ 72.1215 723615 72.50,5 71.41;5 70.57,4 71.98
Our Method I | 74.30,4 73.97,¢ 74.48,, 73.7614 75.48,4 759616 73.8213 72.54,, 74.16
TextOnly 4548  50.80 49.15 47.17 4096  48.88  41.58 47.17  46.40
TextEnty 5148 4848 5127 49.16  58.48 52.95 5226 5048  50.57
Llama zero-shot
TextRel 50.37 50.14 51.09 50.64 51.28 51.76 5256  50.15  51.00
Prompt Our Method IT | 51.89  50.70  52.73  50.87 51.77 53.06 5332 51.35 51.96
TextOnly 74.92,7 70.83;5 745015 75.68,5 76.34,; 72.641¢ T72.14;5 71.97,53 73.63
TextEnty 75.18,3 723615 74.06,4 76261, 76.57,7 T4.621¢ 7542,¢ 73.68,; 74.77
Llama fine-tuned
TextRel 75.0019 727019 75.6813 7494, 76.70,7 72.8619 73.851¢ 73.76;5 74.44
Our Method IT | 75.69,9 71.71y5 76.21;5 76.11,7 78.71,; 74.82;5 73.82, 74.48,7; 75.19

Table 8: Mean macro-F1 results (with std) on TOEFL dataset.

gcneratc
[ Large Language Models '—* high
T input
/You are an Al assistant tasked with coherence assessment. You will be given a set of sentences from a text, along with parsed relations between some sentence N
pairs. Each relation is represented as a triple in the form (s;, r, s;), where s; and s; denote the i-th and j-th sentences from the text and r is the relation between
them. The relation r can be one of the following: (1) “entity”: indicates that the two sentences discuss the same entities; (2) a discourse relation, such as
“reason” and “contrast”: indicates there is a discourse relation between the two sentences. Your task is to evaluate the overall coherence level of the text by
considering the content of the sentences and the relations between them. Please assign one of the following coherence levels to the text: {low, medium,
high}.
Here are the sentences in the given text:
s;: Did you know that John is still in Germany?
s,: He was planning to leave Berlin today but ran into a citywide strike.
s3: All the roads were blocked, and buses and trains were cancelled.
s4: So, he couldn’t get to the airport and now has to stay in the city for a few more days.
Here are the relations between sentences: (s;, entity, s,), (s;, reason, s,), (s;, entity, s,), (s,, instantiation, s;), (s,, entity, s,), (s3, result, s,)
Please format your outputs as follows:
<justification>[Explain how you arrived at the result, using at most one or two sentences, keeping it as concise as possible]</justification>
\<answer>[y0ur evaluation result]</answer> J

Figure 7: Prompt with explanation.

C Macro-F1 Results

As noted in Section 5, the labels in the GCDC,
CoheSentia, and TOEFL corpora are imbalanced.
While accuracy is commonly used as the evaluation
metric for coherence assessment (Lai and Tetreault,
2018; Jeon and Strube, 2020) and many other NLP
tasks (Fu and Frank, 2023, 2024b,a), it does not
account for the uneven label distribution (Liu et al.,
2019a, 2021). To address this, we also report model
performance using Macro-F1, a standard metric for
evaluating imbalanced datasets (Opitz and Burst,
2019). Tables 7 and 8 present the results on the
GCDC, CoheSentia, and TOEFL datasets. The
trends in Macro-F1 scores closely mirror those ob-
served in accuracy: incorporating entities and dis-

course relations improves performance, and com-
bining both yields the best results.

D Prompt with Explanation

In the case studies presented in Section 5, we
prompt LLaMA not only to evaluate the coher-
ence level of a given text but also to provide a brief
explanation for its judgment. This is done by mod-
ifying the instruction template used with LLaMA.
Figure 7 shows the prompt used in these case stud-
ies for Our Method II. Similar prompts are used for
TextOnly, TextEnty, and TextRel.

E Zero-shot results using LLama-3.3-70B

Coherence assessment involves processing entire
documents as input, which are typically quite
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GCDC

Model - CoheSentia
Clinton Enron Yahoo Yelp Avg
TextOnly 56.50 51.00 4350 47.50 49.63 55.07
Prompt Llama-3.3-70B | TextEnty 5750 51.50 4550 52.00 51.63 56.11
zero-shot TextRel 59.50 52,50 49.50 52.50 53.50 56.73
Our Method II | 60.00 53.50 52.50 53.00 54.75 57.56

Table 9: Mean accuracy results of Llama-3.3-70B on GCDC and CoheSentia in the zero-shot setting.

Model GCDC CoheSentia
Clinton Enron Yahoo Yelp Avg
TextOnly 41.84 3630 36.12 3555 3745 45.84
Prompt Llama-3.3-70B | TextEnty 4461 38.68 40.74 38.68 40.68 48.74
zero-shot TextRel 45.69 4142 4283 3974 4242 48.46
Our Method I | 47.00 40.68 41.69 41.56 42.73 50.62

Table 10: Mean macro-F1 results of Llama-3.3-70B on GCDC and CoheSentia in the zero-shot setting.

Models P1 P2 P3 P4 P5 P6 P7 P8 Avg
TextOnly 57.25 5851 54.58 54.67 5795 5646 53.62 5437 5593

Prompt Llama-3.3-70B | TextEnty 60.51 5826 5630 58.05 5825 6042 60.26 56.80 58.61
zero-shot TextRel 61.05 5935 56.88 5845 59.83 60.21 61.33 56.51 59.20

Our Method IT | 62.56 60.24 59.74 5991 61.35 62.19 61.80 58.23 60.75

Table 11: Mean accuracy results of Llama-3.3-70B on TOEFL dataset in the zero-shot setting.

Models P1 P2 P3 P4 P5 P6 P7 P8 Avg
TextOnly 4828 52.18 51.06 49.55 4829 5245 4843 5170 50.24

Prompt Llama-3.3-70B | TextEnty 51.42 51.69 5336 5234 51.72 55.06 5421 53.62 5293
zero-shot TextRel 5237 53.42 5387 53.82 5255 54.87 5645 53.88 53.90

Our Method II | 54.01 54.38 55.64 5428 5484 56.07 5735 55.16 55.22

Table 12: Mean macro-F1 results of Llama-3.3-70B on TOEFL dataset in the zero-shot setting.

lengthy (see Table 6). As a result, training and
inference require GPUs with substantial memory
capacity. Due to hardware limitations, we employ
LLaMA-3.1-8B as the language model for imple-
menting Method II in Section 4. Although we also
experimented with the more advanced LLaMA-
3.3-70B model, it caused out-of-memory errors
during fine-tuning. However, our GPU is capable
of running LLaMA-3.3-70B in a zero-shot setting
for Method II. Accordingly, we report the zero-
shot results (including Accuracy and Macro-F1)
using LLaMA-3.3-70B in Tables 9, 10, 11, and
12. As shown, the results are consistent with those
obtained using LLaMA-3.1-8B: incorporating en-
tity and discourse relations improves the model’s
performance in coherence assessment, and jointly
modeling both types of information yields the best
results.
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