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| ABSTRACT 

This research investigates the role of Cognitive Divergence as a critical factor in determining the comprehensibility of Large 

Language Models' (LLMs) outputs. Despite recent breakthroughs in artificial intelligence that have greatly enhanced the 

readability and grammar of machine-generated text, there is uncertainty about the comprehensibility of such language for 

human readers. 
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Abstract 

This research investigates the role of Cognitive Divergence as a critical factor in determining the comprehensibility of Large 

Language Models' (LLMs) outputs. Despite recent breakthroughs in artificial intelligence that have greatly enhanced the 

readability and grammar of machine-generated text, there is uncertainty about the comprehensibility of such language for 

human readers. Established evaluation measures such as BLEU, ROUGE, and other textual similarity measures primarily focus 

on surface-level textual similarity and may not reflect deeper cognitive compatibility between human and machine-generated 

language. To overcome this challenge, this study proposes a benchmarking framework that considers LLM outputs in relation 

to human-generated text under similar circumstances. Cognitive Divergence is defined as a multi-dimensional difference, 

including syntax, semantics, and discourse structure. The research uses a multi-pronged approach, integrating quantitative and 

qualitative discourse analysis in various natural language processing tasks such as translation, summarization and question 

answering. The results show that Cognitive Divergence is a better predictor of comprehensibility than conventional evaluation 

measures. Texts with lower divergence scores are perceived as more comprehensible than others, even when factors such as 

grammatical accuracy and vocabulary complexity are accounted for. Moreover, the findings show this approach is not only 

suitable for the task of translation but can also be applied to a range of text generation scenarios. This research adds to the 

debate about human-centered AI evaluation by introducing a holistic approach that combines cognitive science with relative 

benchmarking. It also underscores the need to align machine language with human cognitive processes to improve human-

machine interaction. This study has implications for the development of future evaluation metrics, creation of more human-

centered language models, and enhancement of AI communication technologies. 
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Introduction:- 
Large Language Models (LLMs) represent a significant breakthrough in natural language processing (NLP), with impressive 

abilities to generate human-like text for a variety of applications, such as translation, summarization, conversational agents and 

even writing papers (Brown et al., 2020; Achiam et. al., 2023). These models, which are based on transformer networks, are 

trained on large data sets to generate coherent and relevant text (Vaswani et al., 2017). However, a key question remains: how 

do we assess the readability of these outputs for human consumption?Classic evaluation metrics, like BLEU and ROUGE, have 

been popular for evaluating machine-produced text, using the overlap between generated text and reference text as a metric 

(Papineni et al., 2002; Lin, 2004). These metrics offer a formalized way of evaluation, but they lack consideration for deeper 

aspects of meaning, coherence, and human understanding. Specifically, they are based on the assumption that more similarity 

to a reference text led to better quality, which is not the case in many open-ended language generation tasks (Callison-Burch et 

al., 2006). In response, neural evaluation metrics have been developed, such as BERT Score and COMET, which use 

contextual embedding’s to compute semantic similarity (Zhang et al., 2019; Rei et al., 2020).  

 

These methods have shown better alignment with human evaluation; however, they are still largely black boxes and do not 

explicitly include models of human cognitive processing. This prevents them from fully accounting for why some texts are 

easier to comprehend than others. In recent years, research has started to focus on considering cognitive and psycholinguistic 

aspects in language assessment. Theories like Cognitive Load Theory propose that comprehension is affected by the cognitive 

load associated with processing information (Sweller, 1988). Linguistic principles such as Dependency Length Minimization 

suggest humans also favor syntactic structures that ease comprehension (Futrell et al., 2015). But empirical evidence indicates 

that absolute measures of complexity are not enough to explain comprehensibility (Gibson, 1998; Touvron et al., 2023). 

 

This paper addresses these problems by proposing Cognitive Divergence as the extent to which machine-generated text 

diverges from human cognitive and linguistic processing patterns. Instead of using absolute measures, Cognitive Divergence 

uses a benchmarking approach relative to human performance, by comparing the output of LLMs with that of humans in 

identical tasks. This approach reframes the problem from linguistic to cognitive similarity. The key hypothesis of this paper is 

that text comprehensibility is not merely a function of linguistic correctness and complexity but rather alignment with human 

expectations and cognition. Thus, assessing LLM generated output needs to consider these cognitive aspects. Moreover, while 

past work has mostly focused on such concepts in the context of machine translation, this paper applies these measures to 

different NLP tasks such as summarization and question answering. This will enable the establishment of Cognitive 

Divergence as a universal measure of comprehensibility. The rest of this paper is organized as follows: the literature review 

identifies current evaluation approaches and cognitive theories; the theoretical framework outlines the concept of Cognitive 

Divergence; the methodology section gives an overview of the research design; and the results and discussion section presents 

the findings and their discussion. 

 

Literature Review:-  
Traditional Evaluation Metrics:- 

Automatic evaluation metrics such as BLEU, ROUGE and METEOR have been used to assess the quality of machine-

generated text. BLEU (Bilingual Evaluation Understudy) counts the overlap of n-grams between a candidate translation and 

one or more reference translations (Papineni et al., 2002). ROUGE, on the other hand, measures recall-based overlap, often 

used in summarization (Lin, 2004), and METEOR accounts for synonymy and stemming to enhance the evaluation process 

(Banerjee & Lavie, 2005). However, these metrics have been shown to miss semantic and discourse level aspects of quality. 

They rely on the assumption that similarity in words is synonymous with quality, which can result in misleading results, 

especially in tasks with multiple valid solutions (Callison-Burch et al., 2006). Moreover, these measures are not sensitive to 

different phrasings that humans might find acceptable. Text comprehensibility has also been measured using readability 

formulas like the Flesch Reading Ease score. But these metrics are largely based on sentence length and word complexity, and 

overlook more complex cognitive and contextual considerations (Pitler &Nenkova, 2008). Thus, they offer a limited 

perspective on text comprehensibility. 

 

Neural Evaluation Metrics:- 

Neural-based metrics have been proposed to address shortcomings of traditional metrics. The BERT Score assesses text quality 

by measuring embedding’s from pre-trained language models (Zhang et al., 2019). COMET employs neural networks trained 

with human judgement data to assess translation quality (Rei et al., 2020). Both metrics show better agreement with human 

judgements, especially in machine translation. But they have limitations. First, they are black-box models, with little 

explanation of how scores are derived (Celikyilmaet al., 2020). Second, they do not explicitly leverage cognitive principles, 

and it is hard to interpret their relationship with human understanding. Third, neural metrics still require reference-based 

comparisons, which can be absent or inappropriate in some tasks, such as generating dialogues and writing stories. This makes 

it apparent that we need task-independent and cognitively-based frameworks for evaluation.  
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Cognitive and Psycholinguistic Theories:- 

Cognitive theories can tell us a lot about language processing. Cognitive Load Theory proposes that ease of comprehension is 

affected by the processing demands of linguistic information (Sweller, 1988). Passages with high cognitive load are harder to 

comprehend. Dependency Length Minimization (DLM) proposes that languages minimize the length of dependencies to ease 

comprehension (Futrell et al., 2015). Likewise, Gibson (1998) claims that comprehension is influenced by linguistic 

complexity via memory limitations. But such models tend to only consider absolute complexity and ignore the variability in 

language use. Research shows that texts with comparable levels of complexity can vary in comprehensibility, implying that 

other factors such as familiarity and expectations are important.  

 

Discourse and Coherence:- 

In addition to sentence-level aspects, discourse features are essential for comprehension. Halliday and Hasan (2014) stress the 

cohesive function of text, connecting various elements, while Rhetorical Structure Theory (Mann, 1987) points to the 

importance of relations among discourse units. Kintsch (1998) argue comprehension involves building a mental model of the 

text, which requires coherence and logical structure. Discourse errors can have a major impact on comprehension, even if 

sentences are grammatically accurate. This research implies that when assessing LLM responses, discourse features - which are 

often ignored by existing metrics - must be considered.  

 

Cognitive Divergence:- 

A New Approach A recent study has proposed Cognitive Divergence as a metric to evaluate the differences between human 

and LLM outputs (Liu, 2025; Lu et al., 2023). This moves away from absolute measures to relative ones, with a focus on 

human cognitive patterns. Cognitive Divergence measures variations across syntactic, semantic and discourse levels. Early 

research suggests a correlation between higher divergence and lower readability, suggesting its potential as a predictor. 

Furthermore, relative-to-human comparisons are in line with recent shifts in AI evaluation towards human-centered methods 

(Liang et al., 2022).  

 

Theoretical Framework:- 

This research is based on a multidisciplinary theoretical framework combining cognitive psychology, linguistics and artificial 

intelligence evaluation. The notion of Cognitive Divergence is situated at the juncture of these fields, building on existing 

theories of human comprehension and applying them to the assessment of AI-generated text.  

 

Cognitive Load Theory:- 

Cognitive Load Theory (CLT) suggests that humans have a limited capacity for working memory and that understanding is 

based on the effective processing of information (Sweller, 1988). Foreigner texts that overload intrinsic and/or extraneous 

cognitive load stop comprehension, even if they are grammatically correct. For LLM-generated texts, even grammatically 

correct sentences may not be easy to understand if they are cognitively demanding. Cognitive load increases when language 

diverges from human preferences in cognitive divergence idea. If LLM output deviates from human norms, readers have to 

work harder to make sense of it, leading to lower comprehensibility.  

 

Dependency Length Minimization (DLM):- 

DLM theory suggests languages strive to keep syntactically dependent words closer together to ease comprehension (Futrell et 

al., 2015). Minimizing dependency length decreases working memory load and enhances reading. But LLM generated text may 

not always observe these principles. Cognitive Divergence quantifies such deviations in terms of the differences in the syntax 

of human and machine texts. This finding is consistent with research showing processing efficiency is crucial for 

comprehension (Gibson, 1998).  

 

Processing and Coherence:- 

Readers don't just process and understand sentences but also build a meaningful representation of the text as a whole (Kintsch, 

1998). Discourse theories highlight the roles of coherence, cohesion and logical organization (Halliday & Hasan, 2014; Mann, 

1987). Cognitive Divergence builds on these notions and assesses the extent to which LLM-generated texts maintain discourse-

level congruence with human texts. Inconsistencies such as topic shifts and poor logical connections are seen as signs of 

divergence.  

 

Relative-to-Human Benchmarking:- 

Most evaluation metrics use absolute measures, but recent research has argued for the need for relative-to-human evaluation 

(Freitag et al., 2021). Relative-to-human assessments includes comparison of machine output to text produced by humans in 

the same task. This study incorporates this method as part of Cognitive Divergence. Using human output as the standard, the 

approach takes into account the variation in acceptable language usage and offers a more meaningful quality assessment.  
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Cognitive Alignment Hypothesis:- 
Drawing on the above theories, this study puts forward the Cognitive Alignment Hypothesis: The extent to which machine-

generated text aligns with human cognitive-linguistic processes affects its comprehensibility. This hypothesis underpins the 

empirical studies in this work. 

 

Methodology:-  
Research Design:- 

The research adopts a quantitative- qualitative mixed-methods approach. The aim is to investigate the association between 

Cognitive Divergence and comprehensibility in various NLP tasks.  

 

Data Sources:-  

We used three types of data:  

1. Machine translation data created from previous research's standard benchmark (Hassan et al., 2018).  

2. Summarization data based on news summarization data (Narayan et al., 2018).  

3. Question answering data adapted from SQuAD (Rajpurkar et al., 2016). For each of the datasets, we gathered both human 

and LLM responses for comparison. 

 

Operationalizing Cognitive Divergence:- 

Cognitive Divergence was operationalized in three ways:  

 Syntactic Divergence: Variations in syntax and dependency  

 Semantic Divergence: Differences in semantic representation  

 Discourse Divergence: Coherence and discourse structure 

These were calculated using both automated and manual methods.  

 

Evaluation Metrics:- 

We used the following evaluation metrics:  

 Cognitive Divergence Score (CDS) (new)  

 COMET Score (Rei et al., 2020)  

 BERTScore (Zhang et al., 2019)  

 Human Evaluation Scores (Celikyilma et al., 2020) Humans scored outputs for comprehensibility on a 5-point scale  

 

Data Analysis Techniques:- 

The following analytical methods were applied: 

 Correlation Analysis: To assess the correlation between CDS and human scores  

 Regression Analysis: To assess predictive power  

 Discussion Analysis: To detect qualitative themes Data were statistically analyzed to determine p-values and effect sizes.  

 

Reliability and Validity:- 

Reliability was assured by using multiple human annotators, for which inter-rater agreement was measured. Validity was 

ensured by comparing CDS to other metrics and human ratings.  

 

Results and Discussion:- 
Quantitative Findings:- 

Our findings show a strong negative relationship between Cognitive Divergence and comprehensibility. Increasing divergence 

is associated with decreasing human scores. The traditional metrics (BLEU and ROUGE) show low correlation, as previously 

reported (Papineni et al., 2002; Lin, 2004). Neural metrics like COMET and BERTScore have higher moderate correlation but 

are still inferior to Cognitive Divergence (Rei et al., 2020; Zhang et al., 2019).  

 

Regression Analysis:- 

Linear regression shows that Cognitive Divergence is a significant predictor of comprehension, better than all baseline metrics. 

CDS increases the explanatory power.  

 

Qualitative Analysis:- 

Qualitative analysis reveals a number of insights:  

 Syntactic Misalignment: LLM responses have unnatural sentence structure  

 Semantic Ambiguity: Shifts in meaning create ambiguity  

 Discursive Disconnect: Poor connectives confuse  
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These results are consistent with the Cognitive Alignment Hypothesis. 
 

Generalization across Tasks:- 

Our approach works across:  

 Translation tasks (Hassan et al., 2018)  

 Summarization tasks (Maynez et al., 2020)  

 Question answering tasks (Rajpurkar et al., 2016)  
This shows its consistency and versatility. 
 

Theoretical Implications:- 

The findings indicate that comprehensibility is a cognitive rather than a linguistic concept. This calls for a rethink of current 

levels of evaluation, and the need for human-centered metrics.  

 

Implications:- 

Implications for NLP:- 

The current research reveals the lack of effectiveness in conventional evaluation metrics and emphasizes the need for cognitive 

evaluation (Liang et al., 2022). Researchers should work towards incorporating cognitive considerations into evaluation.  

 

Design Recommendations for AI:- 

AI text generators should be human-friendly. They should be trained to be not only fluent but also cognitively compatible with 

human readers (Bowman et al., 2022; Mehmood et al., 2026).  

 

Implications for Education:- 

Cognitive Divergence can be applied to assess AI outputs in educational settings, to ensure that they are accurate as well as 

comprehensible.  

 

Implications for Human-AI Interaction:- 

Better comprehension increases the human trust and acceptance of AI systems, which is crucial in critical areas like healthcare 

and education.  

 

Conclusion:-  
This research confirms Cognitive Divergence as a valid measure of the comprehensibility of LLM-generated text. It offers a 

more relevant and human-centred approach by moving away from absolute and towards relative-to-human text metrics. The 

research shows that adherence to human cognitive and language processing patterns is critical in achieving effective 

communication. Existing metrics, although valuable, overlook this aspect, suggesting more sophisticated methods of 

evaluation. Moreover, this research generalizes the notion of Cognitive Divergence beyond translation, showing its use in other 

NLP applications. Such generalization is a key advancement. It would be interesting for future work to develop automated 

approaches to compute Cognitive Divergence and to use it in real-time evaluation applications. Finally, incorporating this 

approach into training could enhance LLM performance. Ultimately, this study adds to the emerging research on human-

centred AI by suggesting a cohesive, cognitively-driven evaluation framework. Its focus on human understanding lays the 

foundation for more efficient and reliable language tools. 
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