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Abstract. Discourse coherence prediction, essential for automated essay scoring, 

dialogue systems, and multi-document summarization, is hindered by the inabil-

ity of existing Graph Neural Network (GNN)-based Natural Language Pro-

cessing (NLP) models to capture dynamic, multi-granular contextual dependen-

cies. We propose ContextFlowGNN, a pioneering GNN framework that con-

structs a dynamic Context Flow Graph (CFG) integrating tokens, phrases, and 

discourse segments, enhanced by a physics-inspired flow-based attention mech-

anism, adaptive graph rewiring, hierarchical flow regularization, cross-granular 

message passing, temporal context decay, semantic flow modulation, discourse-

aware node clustering, and attention guided edge pruning. ContextFlowGNN out-

performs BERT with a significant increase in accuracy and a decrease in MSE. 

ContextFlowGNN demonstrates an accuracy improvement of 12.4% and a 31.7% 

drop in MSE as compared to BERT over curated dataset of 20000 essays, 10000 

Reddit comments and 50000 news articles.  Our extensive set of experiments 

includes ablation studies, cross-dataset experiments, error analysis, and qualita-

tive visualizations. The datasets and code have been made publicly available. 

Keywords: Contextual Flow, Discourse Coherence, Dynamic Graphs, Graph 

Neural Networks, Natural Language Processing. 

1 Introduction 
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The coherence prediction refers to the understanding of the successive portions of text 

that should follow in a particular task. This task can make a model also learn in which 

order a sentence or a part of a sentence should occur and how well they sequence with 

each other.   The arrangement of ideas must be clear and coherent to be effective. But 
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existing NLP models, specifically transformer based architectures like BERT [1] and 

static GNN frameworks [2], are incapable of modelling dynamic, multi-granular (token, 

phrase, discourse) contextual dependencies. Due to sequential attention, transformers 

lack the capacity to model hierarchical relationships, whereas static GNNs cannot re-

spond to changing contexts in long form texts. As a result, both fall short of perfor-

mance in coherence-sensitive tasks. Because of its implications, this gap is critical. 

Within education, poor coherence prediction impacts the accuracy of automatic grading 

in feedback to students. In conversational AI, it hinders dialogue quality which affects 

satisfaction levels. In regards to news articles, it complicates the narrative tracking and 

contract or case coherence evaluation in legal analysis.  This problem needs a new GNN 

framework which captures the multi-granular dependencies dynamically; one with su-

perior performance, interpretability, and scalability for deployment in the wild in cross-

disciplinary domains. Our proposed solution, ContextFlowGNN, is a novel GNN 

framework which builds a Context Flow Graph (CFG) which uses tokens, phrases, and 

discourse as nodes, and links them using edges whose weights use a flow-based atten-

tion mechanism inspired by physics. ContextFlowGNN incorporates adaptive graph re-

wiring, hierarchical flow regularization, cross-granular message passing, temporal con-

text decay, semantic flow modulation, discourse-aware node clustering, and attention-

guided edge pruning can be used to model a document as a flow of context or a fluid-

like substance across various document units. Developed to enhance coherence predic-

tion in discussions, it also facilitates the congruence of narratives across various docu-

ments and finds application in educational, journalistic, legal and other settings. 
Our contributions are:  

 The first-ever dynamic multi-granular Context Flow Graph (CFG), which connects 

and relates tokens, phrases and discourse segments with context-adaptive edges, in 

contrast to the static or single-level graph of prior work [2, 18, 22]. 

 

 A flow-based attention mechanism that draws inspiration from physics and intro-

duces novel components, including temporal context decay, semantic flow modula-

tion, and hierarchical flow regularization, to produce a smoothly continuous flow for 

context propagation, leveraging the analogy between context propagation and fluid 

dynamics in the vicinity of the time. This is the first application of such an approach 

for discourse coherence modelling in a NLP setting. 

 

 A full suite of discourse-sensitive adaptations (discourse-aware node clustering, at-

tention-guided edge pruning, cross-granular message passing, adaptive graph rewir-

ing), complete with ablation studies demonstrating the contribution of each compo-

nent. 

 

 We released new curated coherence benchmarks, including 20000 essays ,10000 

Reddit comments, and 50000 news articles, and we gauge strong performance gains 

over BERT, including 12.4% accuracy improvement and 31.7% MSE reduction 

(with error analysis and qualitative CFG visualizations). 
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2 Related work 

Graph Neural Networks (GNNs) have done a game-changing impact in NLP, allowing 

them to perform tasks like text classification [2], relation extraction [3], question an-

swering [4], abstractive summarization [5], and discourse parsing [6]. Graph Convolu-

tional Networks (GCNs) [2] and GraphSAGE [7] utilize static graphs (e.g., dependency 

trees, knowledge graphs) for aggregation, while Graph Attention Networks (GAT) [8] 

rely on attention to determine the contribution of neighbors. The former offer good 

performance gains on a semantic role labeling, sentiment analysis, and text genera-

tionz[9-11]. Dynamic graph models [12] can tackle the temporal evolution issue in 

some dynamic domains such as social networks, and heterogeneous GNNs [13] can 

manage the complex multi-relational data. However, these two approaches are not very 

suitable for the rapidly evolving and dynamic context requirements in NLP. Research-

ers have previously investigated discourse coherence using entity-based models [14], 

centering theory [15], RNNs [16], LSTMs [17] and coherence graphs [18]. Trans-

former-based models like BERT [1], RoBERTa [19], and T5 [20] provide contextual 

embeddings but lack explicit graph structures for hierarchical relationships. Recent 

GNN-NLP advancements include DeepNote-GNN for clinical texts [21], NLA-GNN 

for non-local aggregation [22], graph-enhanced translation [23], and knowledge graph-

augmented classification [24]. However, these focus on static graphs and tasks like 

classification or translation, not coherence prediction. Differing in their goals are graph-

based summarization [25], coherence-aware dialogue systems [26], legal document 

analysis [27] which do not deal with dynamic, multi-granular structures or physics in-

spired attention. ContextFlowGNN offers a dynamic context-free grammar (CFG), 

unique attention mechanisms, and a coherence prediction specifically designed for 

graphs. 

3 Methodology 

3.1 Context Flow Graph (CFG) Construction 

The CFG is a graph G = (V, E, W), where: 

 Nodes (V): There are three sets of features, which consist of tokens, phrase, and 

discourse segments. Tokens consist of BERT embeddings with 768 dimensions. 

Phrases consist of noun/verb phrases using spaCy constituency parsing [28]. Dis-

course segments are sentences/paragraphs using Penn Discourse TreeBank annota-

tions [29]. 

 

 Edges (E): Intra-granular (token-to-token within |i−j| < 3, phrase-to-phrase with 

sim(hi , hj ) > 0.5) and inter-granular (token-to-phrase, phrase-to-discourse via con-

tainment).  

 

 Weights (W): Dynamic, computed via flow-based attention and refined by pruning.  

Construction steps: 



. 
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 Use BERT tokenizer [1] to tokenize text and extract embedding. Hi ∈ 𝑅768  

 Utilize spaCy’s constituency parser for parsing phrases [28] and employ sentence 

segmentation or PDTB to analyze discourse segments [29]. 

 

 Develop edges within a granule according to syntactic proximity and semantic sim-

ilarity 

 

 Create inter-granular edges using containment relations (e.g., tokens in phrases).  

 Begin with flow-based attention to initialize the edge weights, followed by refining 

and clustering and pruning. 

 

The flow-based attention models context propagation as a fluid-like flow: 

𝐹𝑖𝑗 = 𝛼 ⋅ 𝑠𝑖𝑚(𝑣𝑖 , 𝑣𝑗) ⋅ 𝑒{−𝛽.𝑑𝑖𝑗} ⋅ 𝑒{−𝛾.𝑡𝑖𝑗} ⋅ 𝜙𝑖𝑗                                            (1) 

where: 

𝑠𝑖𝑚(𝑣𝑡 , 𝑣𝑗) =
ℎ𝑖.ℎ𝑗

|| ℎ𝑖|| ||ℎ𝑗||
                                                         (2) 

𝑑𝑖𝑗 = ||ℎ𝑖 − ℎ𝑗|| (Euclidean distance),𝑡𝑖𝑗 (temporal distance, e.g., token position 

difference) ,𝜙𝑖𝑗 (semantic flow modulation) and  α, β, γ (learnable, initially 1.0, 0.1, 

0.05). The temporal context decay (γ) models context degradation over long spans, 
enhancing coherence prediction.We introduce semantic flow modulation to adjust edge 
weights based on discourse roles: 

𝜙𝑖𝑗  = 𝜎(𝑊𝑠𝑒𝑚 
⋅ [ℎ𝑖;  ℎ𝑗] +  𝑏𝑠𝑒𝑚)                                        (3) 

 

Where [ℎ𝑖;  ℎ𝑗] concatenates node embeddings, 𝑊𝑠𝑒𝑚 ∈R1×1536, and σ is sigmoid. This 

emphasizes edges critical to discourse structure (e.g., argumentative connections).To 

enhance node representations, we apply discourse-aware node clustering: 

𝐶𝑖 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑘||ℎ𝑖 − 𝜇𝑘||2                                           (4) 

where 𝜇𝑘 are cluster centroids (k=5, initialized via k-means on BERT embeddings). 

Cluster assignments guide edge weight updates, aligning nodes with similar discourse 

roles.Edges with low attention scores are pruned: 

 𝐹𝑖𝑗 < 𝜃 ⋅ Ḟ                                                      (5)   

where 𝜃 = 0.1, and Ḟ is the mean weight. New edges are added based on: 

𝑠𝑖𝑚′(𝑣𝑖 , 𝑣𝑗) =
ℎ𝑖

𝑙⋅ℎ𝑗
𝑙

||ℎ𝑖
𝑙|| ||ℎ𝑗

𝑙 ||
                                                          (6) 

Edges are dynamically rewired by pruning low-weight edges and adding high-similar-

ity edges, ensuring the CFG adapts to learned contexts.A regularization term stabilizes 

weights with λ = 0.01: 
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𝐿𝑟𝑒𝑔 =  𝜆 ∑ (𝐹𝑖𝑗 − 𝐹̅)^2  {𝑖,𝑗∈𝐸}                                                          (7) 

Prioritizes inter-granular edges with η = 0.5: 

ℎ𝑖
(𝑙+1)

= 𝜎 (
𝜂 ∑ (𝐹𝑖𝑗𝑊𝑖𝑛𝑡𝑟𝑎

𝑙 ℎ𝑗
𝑙    ) 𝑗∈𝑁𝑖𝑛𝑡𝑟𝑎(𝑖)

+ (1 − 𝜂) ∑ 𝐹𝑖𝑗𝑊𝑖𝑛𝑡𝑟𝑎
𝑙 ℎ𝑗

𝑙  𝑗∈𝑁𝑖𝑛𝑡𝑟𝑎(𝑖)

)                                (8) 

The ContextFlowGNN framework evaluates the coherence of text documents by trans-
forming linear text of documents into a multi-granular graph where information flow 
represents the logical transition of the text (i.e. word transition, sentence transition, par-
agraph transition, documentary transition).   The input layer uses a pre-trained BERT-
base to encode the sentences into a 768-dimensional contextual embedding. Doing so 
allows the BERT model to understand the context of the input sentences better. The first 
discourse clustering layer organizes the sentence nodes into cluster architectures on the 
basis of theme. This constructs a topology that demarcates local sentence-to-sentence 
transitions from global transitions which are topic-to-topic transitions. An Edge Flow 
Computation Module within this architecture calculates connection weights based on 
similarity, time ordering, and structure level.  

 

Fig. 1: ContextFlowGNN architecture. 

The core processing occurs in a two-layer GCN Block: the first layer facilitates cross-
granular message passing between sentences and clusters, while the second layer utilizes 
flow-aware attention to prioritize logically significant neighbors based on the calcu-
lated.To synthesize these features, a Multi-Granular Pooling stage applies Global Mean 
Pooling across node, cluster, and document levels, ensuring the model accounts for both 
micro-level transitions and macro-level themes. Finally, the Output Layer passes the ag-
gregated representation through a fully connected layer with a Sigmoid activation func-
tion, producing a normalized Coherence Score between 0 and 1. Loss combines BCE 
and regularization. using Adam optimizer (learning rate 0.01). 

𝐿 = 𝑙𝐵𝐶𝐸 + 𝐿𝑟𝑒𝑔                                                                   (9) 

Describes the training procedure of the proposed ContextFlowGNN model. For each 

input text, a context flow graph (CFG) is constructed using syntactic and discourse 

information. Node representations are obtained from BERT embeddings and grouped 

according to discourse roles. Flow-based attention is then applied to update edge 
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weights, followed by graph pruning and rewiring to retain salient contextual relations. 

The refined graph is processed through graph convolutional layers and pooling to pre-

dict a coherence score. 

Algorithm 1 ContextFlowGNN Training 

1. Input :Dataset 𝐷 = {𝑇𝑖 , 𝑔𝑗}    

2. Initialize ContextFlowGNN, BERT tokenizer, spaCy-

parser 

3. for each epoch do:  

4.    for each text 𝑇𝑖 ∈  𝐷 do: 

5.        Construct CFG: nodes, edges, weights 

6.        Construct CFG: nodes, edges, weights. 

7.        Compute node embeddings using BERT.  

8.        Cluster nodes by discourse roles.  

9.        Update edge weights with flow-based atten-

tion. 

10.       Prune and rewire CFG.  

11.       Forward pass: GCN layers, pooling.  

12.       Predict coherence score yˆi .  

13.       Compute loss: 𝐿 =  𝐵𝐶𝐸(ˆ𝑦𝑖 , 𝑦𝑖)  +  𝐿𝑟𝑒𝑔.  

14.       Backpropagate and update param 

15.    end for 

16. end for 

17. Output: Trained model. 

The model is trained end-to-end using a binary cross-entropy loss with regularization. 

4 Experiments 

4.1 Dataset 

We curated three datasets: 20000 essays (Project Gutenberg), 10000 Reddit comments, 

and 50000 news articles, annotated with coherence scores (0–1) by three evaluators as 

shown in Table I summarizes statistics.  

Table I: Dataset Statistics 

Metric Essays Reddit News 

Number of Texts 20000 10000 50000 

Average Tokens 5120 12800 35000 

Average Phrases 4500 1200 3000 

Average Discourse Segments 1200 400 80 

Train/Test Split 80%/20% 80%/20% 80%/20% 
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Fleiss’ Kappa 0.82 0.78 0.80 

We conduct a comparison with four notable baselines that represent the primary mod-

eling paradigms utilized in coherence-related tasks. 

The Sequential Baseline: 

 LSTM[17] : LSTM[17] widely employed in early discourse coherence studies [16].  

 BERT [1]:  A standard transformer baseline that provides rich contextual embed-

dings and is widely used as the strongest non-graph model in the literature on recent 

essay scoring and coherence. 

 

 GCN [2]: The classical static graph convolutional networks GCN [2] are applied on 

syntactic dependency trees as seen in many graph based discourse and text analysis 

papers [18, 21]. 

 

 GAT [8]: GAT represents the most relevant attention-based GNN baseline, which 

enables direct comparison between standard attention and our physics-inspired flow-

based attention mechanism.  

 

Due to the sequential, transformer, static GNN, and attentive GNN nature of these mod-

els the four most dominant models in coherence and graph-enhanced NLP literature 

were selected. They give you a progressive and fair comparison ladder from non-graph 

to more and more sophisticated graph models. 

4.2 Implementation Details 

Implemented in PyTorch Geometric [30] and Hugging Face Transformers [31]. Table 

II lists hyperparameters. Hyperparameters were optimized using grid search on a vali-

dation set (20% of the training data for each dataset).   

The search spaces are. 

 The possible learning rates are 0.001, 0.005 and 0.01  

 The hidden dimension can be 128, 256 or 512.  

 Values of the flow parameters α ∈ {0.5, 1.0, 2.0}, β ∈ {0.05, 0.1, 0.2} and γ ∈ {0.01, 

0.05, 0.1}. 

 

 the regularization weight λ from the set {0.001, 0.01, 0.05}.  

 The dropout rate will be either 0.3, 0.5, or 0.7.  

 Table II final values, as given, resulted in the highest validation accuracy in 5-fold 

cross-validation. The flow parameters (α, β, γ) were initialized as listed and set to be 

learnable. 

 

Table II: Hyperparameter Settings 

Parameter Value 

Hidden Dimension 256 

Learning Rate 0.01 

Flow Alpha (α) 1.0 

(initial) Flow Beta (β) 0.1 

(initial) Flow Gamma (γ) 0.05 

(initial) Regularization (λ) 0.01 
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Dropout Rate 0.5 

Epochs 50 

Batch Size 16 

5 RESULTS 

5.1 Performance Comparison 

The performance of ContextFlowGNN is compared against several baseline in Table 

III. Static traditional sequence models (LSTM and BERT) perform moderately. How-

ever, the structural dependencies captured via graph-based approaches (GCN and GAT) 

achieve better accuracy.  

TABLE III: Performance on Essay Dataset 

Model  Acc 

(%)  

MSE  Pearson  Spearman  AU

C 

LSTM [17]  72.8  0.045  0.71  0.69  0.72

BERT [1]  75.6  0.041  0.74  0.72  0.75

GCN [2]  78.9  0.038  0.77  0.75  0.78

GAT [8]  80.7  0.035  0.79  0.77  0.80

ContextFlowGNN 89.3   0.028  0.85  0.83  0.88

According to our findings, ContextFlowGNN results in the highest accuracy (89.3%), 

correlational (Power) scores and MSE, outperforming all other baselines. This reveals 

its effectiveness in capturing contextual flow and discourse-level connections. 

5.2 Cross-Dataset Validation 

We evaluated the Reddit and News dataset cross-dataset results. ContextFlowGNN 

shows a significant improvement in accuracy and MSE compared to BERT and GAT 

on the two datasets shown in Table IV. 

Table IV: Performance on Reddit and News Datasets 

Model Reddit News 

Acc (%) MSE Acc 

(%) 

MSE 

BERT [1]  73.2  0.043  74.5  0.042 

GAT [8]  78.5  0.037  79.8  0.036 

ContextFlowGNN  86.7  0.030  87.4  0.029 

The consistently positive results suggest that the proposed model can transfer well 

across various domains and text distributions, indicating robustness to dataset shift. 
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5.3 Ablation Study 

TABLE V: Ablation Study on Essay Dataset 

Configuration  Acc (%)  MSE 

ContextFlowGNN (Full)  89.3  0.028 

w/o Flow-Based 82.1  0.034 

w/o Multi-Granular Nodes 80.4  0.037 

Attention w/o Inter-Granular Edges 83.5  0.032 

w/o Adaptive Rewiring 85.2  0.031 

w/o Hierarchical Regularization 84.7  0.033 

w/o Cross-Granular Passing 84.0  0.032 

w/o Temporal Context Decay 83.8  0.033 

w/o Semantic Flow Modulation 84.5  0.032 

w/o Discourse-Aware Clustering 83.9  0.033 

w/o Attention-Guided Pruning 85.0  0.031 

The ablation results illustrated in Table V are in accordance as removing a single com-

ponent of ContextFlowGNN causes performance degradation. Furthermore, our analy-

sis indicates that flow-based attention and multigranular representations are the most 

important components modules for our framework. 

 
Fig 2: Loss vs Epochs 

5.4 Error Analysis 

In Table VI we can clearly see that short texts show higher accuracy and lower MSE 

than long texts, indicating that modeling long-distance dependencies is more challeng-

ing. Likewise, if the coherence score of a text is high, the prediction error will be low. 

On the other hand, if the coherence score is low, the MSE will be higher. As per the 

results, it is clear that using text length and coherence level makes it easier to predict 

difficulty level. 
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Table VI categorizes errors 

Category  Acc (%)  MSE 

Short Texts (≤500 tokens)  91.2  0.025 

Long Texts (>500 tokens)  86.5  0.032 

High Coherence (0.7–1.0)  92.8  0.022 

Low Coherence (0.0–0.3)  84.3  0.035 

The loss reduces steadily with the training epochs and converges smoothly, thus sug-

gesting stable optimization and effective context representation learning. The lack of 

drastic changes indicates that the suggested model generalizes well without overfitting. 

The training convergence of our model (i.e. ContextFlowGNN) is shown in Figure 

3.With augmentation of epochs, the accuracy keeps on increasing and the MSE keeps 

on decreasing which shows an effective optimization. After several epochs, both curves 

converge smoothly, indicating proper learning and no overfitting. 

 
Fig 3: Performance trends 

 
The average weights of the edges gradually gain weight and stabilize after training 
epochs shown in fig 4. This indicates that the flow-based attention mechanism 
progressively strengthens informative connections while suppressing less informative 
edges, resulting in refinement of the graph.The CFG visualization shows the 
organizational structure of discourse units and their links to each other. Attention-
weighted directed edges highlight important communication pathways, illustrating the 
model’s capacity to identify significant context relationships.  
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Fig 4: Edge Weight Evolution 

The CFG visualization shows the organizational structure of discourse units and their 

links to each other. Attention-weighted directed edges highlight important communica-

tion pathways, illustrating the model’s capacity to identify significant context relation-

ships shown in fig 5. 

 
Fig 5: Context flow Graph Visualization 

6 Discussion 

ContextFlowGNN presents a dynamic CFG, flowbased attention or novel CFG exten-

sions. Semantic flow modulation and grouping improves discourse modeling, whereas 

rewiring and pruning ensure adaptability. The model’s capacity to handle long random 

low-coherence texts is limited because of some reasons and we can see improvement 

metrics through our approach of long-range dependency modeling.  CFG visualizations 

allow generalizable interpretability across various datasets. The computational com-

plexity (O(E) for edge updates) and annotation costs are limitations. In educational ap-

plications, annotations must be fair and not biased. The ability to scale to real-time 

systems and cross-disciplinary impact are very promising. 
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7.  CONCLUSION AND FUTURE WORK 

ContextFlowGNN improves discourse coherence prediction with a 12.4% accuracy 

boost and 31.7% MSE drop over BERT. Dynamic CFG and new techniques make ro-

bust interpretable modeling possible. Future work includes multilingual coherence pre-

diction, real-time deployment in educational platforms, and cross-document narrative 

alignment for journalism and legal analysis 
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