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Abstract.

The comprehension and analysis of extended textual narratives present significant
challenges for contemporary computational systems. Standard approaches
largely rely on stateless processing windows that fail to maintain coherent
longitudinal representations of characters, events, and thematic developments
over hundreds of thousands of words. This paper proposes a novel framework for
stateful long-narrative reasoning that integrates a cognitive memory organization
system with rigorous evidence grounding mechanisms. Drawing inspiration from
human cognitive architecture, the proposed system segments memory into
working, episodic, and semantic tiers, allowing for dynamic updates and retrieval
based on contextual relevance. Furthermore, the framework incorporates an
evidence grounding module that tethers synthesized reasoning outputs to specific
textual citations, thereby mitigating the generation of unsubstantiated claims.
Through extensive theoretical analysis and empirical simulations, we
demonstrate that the transition from stateless, context-window-bound processing
to a stateful memory architecture drastically improves narrative comprehension
fidelity. The integration of cognitive memory hierarchies allows the system to
consolidate transient events into permanent factual knowledge, while the
evidence grounding mechanism ensures high traceability and reliability of the
final output. This research provides a foundational blueprint for developing
advanced reasoning systems capable of navigating complex, book-length
documents in domains ranging from literary analysis to legal and medical record
review.

Keywords: Long-Narrative Reasoning, Cognitive Memory, Evidence Grounding, Stateful
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1.INTRODUCTION
1.1 The Challenge Of Extended Narrative Processing

The digital age has brought about an unprecedented proliferation of extended textual documents,
including massive legal dossiers, comprehensive medical histories, and expansive literary works.
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Processing these documents requires a level of reading comprehension that extends far beyond
the capabilities of localized pattern recognition. Traditional computational approaches to text
analysis have historically operated on highly constrained segments of text, evaluating isolated
paragraphs or pages without retaining a persistent understanding of the broader narrative arc.
This stateless paradigm inherently struggles with long-narrative reasoning, a task that
fundamentally demands the continuous accumulation, modification, and synthesis of information
over time [1]. When human readers engage with a lengthy novel or a complex case file, they do
not merely process strings of text in a vacuum. Instead, they construct a dynamic internal
representation of the narrative world, updating their understanding as new events unfold,
character motivations shift, and latent themes emerge [2]. Emulating this human capacity within
artificial systems necessitates a departure from static analytical frameworks toward stateful
architectures that can maintain and evolve an internal knowledge base across the entirety of a
document sequence.

The primary limitation of current methodologies lies in their reliance on sliding window
techniques or simple retrieval-augmented generation strategies [3]. While these methods provide
a superficial semblance of extended context processing, they lack a structured mechanism for
memory consolidation. As a narrative progresses, early details are frequently overwritten or lost
entirely in the noise of subsequent text, leading to catastrophic forgetting [4]. In scenarios
requiring complex inferential reasoning, such as deducing a character's hidden motive based on
actions dispersed across several chapters, stateless models perform poorly [5]. They are unable to
connect temporally distant narrative nodes because they possess no architectural mechanism to
independently store and organize these nodes outside of their immediate processing buffer.
Therefore, there is a critical need for a new class of reasoning systems that natively support
stateful operations, enabling the continuous preservation and refinement of narrative context.

1.2 The Role Of Cognitive Memory And Evidence Grounding

To address the shortcomings of stateless processing, researchers have increasingly looked to the
field of cognitive psychology, particularly theories of human memory organization. Human
cognition is broadly understood to operate through a multi-tiered memory system, encompassing
working memory for immediate processing, episodic memory for autobiographical or
chronological event storage, and semantic memory for generalized factual knowledge [6].
Translating this cognitive architecture into a computational framework offers a compelling
solution to the long-narrative reasoning problem. By organizing artificial memory into analogous
tiers, a computational system can prioritize incoming information, deciding which transient
details to hold in working memory, which chronological events to index in episodic memory, and
which fundamental narrative truths to crystallize in semantic memory [7]. This tripartite
organization allows for highly efficient information retrieval, as the system can query different
memory stores based on the specific nature of the reasoning task at hand.

However, the implementation of complex memory structures introduces a secondary challenge:
the preservation of factual accuracy. As artificial reasoning systems synthesize disparate pieces
of information from across a long narrative, they become highly susceptible to generating
plausible but entirely fabricated assertions, a phenomenon widely documented in the literature
[8]. To counteract this, a robust stateful reasoning system must be inextricably linked to an
evidence grounding mechanism. Evidence grounding ensures that every logical deduction or
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synthesized summary produced by the system is explicitly anchored to specific, verifiable source
texts within the original document [9]. This process involves creating bidirectional traceability
between the abstracted knowledge stored in semantic or episodic memory and the raw textual
data from which it was derived [10]. By strictly enforcing evidence grounding, the proposed
architecture not only enhances the logical coherence of its reasoning but also provides human
operators with the means to independently verify the system's conclusions, a critical requirement
for applications in high-stakes environments such as law and medicine.

2. Literature Review and Background

2.1 Evolution Of Narrative Processing Models

The historical trajectory of computational text processing demonstrates a gradual but persistent
effort to expand the temporal and contextual reach of analytical models. Early approaches relied
heavily on localized feature extraction, utilizing rule-based systems and rudimentary statistical
models that were entirely incapable of capturing narrative flow [11]. The advent of recurrent
neural network architectures represented a significant conceptual leap, as these models
introduced the theoretical possibility of carrying a hidden state forward through a sequence of
words [12]. However, empirical applications quickly revealed that early recurrent architectures
suffered from severe gradient degradation, effectively limiting their functional memory to a few
sentences [13]. Subsequent innovations, such as long short-term memory networks, mitigated
these issues to some extent, allowing systems to process longer paragraphs, yet they still fell
drastically short of the capacity required for document-level understanding [14].

The paradigm shifted significantly with the introduction of attention mechanisms, which allowed
models to dynamically weigh the importance of all previously processed tokens simultaneously
[15]. This development spurred the creation of highly capable natural language processing
systems that dominated the field for several years. Despite their massive success in localized
comprehension tasks, these attention-based models were fundamentally constrained by their
quadratic computational complexity [16]. As the length of the input text increased, the
computational resources required to calculate attention across all tokens grew exponentially,
making the processing of entire books computationally intractable. Consequently, researchers
began exploring various optimization strategies, such as sparse attention and block-recurrent
architectures, to extend the functional context window [17]. While these techniques successfully
expanded processing limits from thousands to tens of thousands of words, they largely remained
stateless at the core, still relying on the simultaneous processing of all available tokens rather
than maintaining an independently evolving memory state [18].

2.2 Memory Architectures In Computational Systems

Parallel to the evolution of sequence processing models, a distinct lineage of research has
focused on the development of explicit memory architectures for computational systems. Early
efforts in this domain resulted in the creation of memory networks and differentiable neural
computers, which introduced the concept of pairing a central processing unit with an external,
read-write memory matrix [19]. These architectures demonstrated promising capabilities in
synthetic algorithmic tasks and short-form question answering, as they could explicitly store and
retrieve distinct factual propositions [20]. However, scaling these unstructured memory matrices
to accommodate the vast and nuanced information density of a lengthy narrative proved highly

59| Page



STATEFUL LONG-NARRATIVE REASONING WITH COGNITIVE MEMORY ORGANIZATION AND EVIDENCE GROUNDING

problematic. Without a structured organizational schema, the external memory quickly became
saturated with conflicting or redundant information, leading to degraded retrieval performance
[21].

This bottleneck prompted an interdisciplinary turn toward cognitive science, specifically the
adaptation of human memory models for artificial systems. Researchers proposed hierarchical
memory structures that differentiated between short-term processing buffers and long-term
storage repositories [22]. More recent advancements have attempted to explicitly model episodic
and semantic memory distinctions. Episodic computational memory typically involves logging
discrete temporal events along with their contextual metadata, allowing a system to reconstruct
timelines and track the chronological progression of a narrative [23]. Semantic computational
memory, conversely, involves abstracting general facts and entity relationships from these
episodes, creating a persistent knowledge graph that is independent of specific temporal
occurrences [24]. The integration of these distinct memory types into a cohesive architecture
represents a critical frontier in current research, promising to endow systems with the ability to
dynamically manage narrative knowledge over extended reading sessions [25].

2.3 Evidence Grounding And Verification Techniques

The imperative for evidence grounding in automated reasoning systems has grown in direct
proportion to the increasing abstractive capabilities of these models. As systems become more
adept at generating fluid, human-like summaries and inferential leaps, the risk of generating
ungrounded or contradictory statements escalates [26]. Early approaches to grounding primarily
focused on extractive summarization techniques, where the system was constrained to outputting
exact sentences from the source text [27]. While this guaranteed fidelity to the source, it severely
limited the system's ability to perform complex synthesis or abstract reasoning. To overcome
this, researchers developed retrieval-augmented generation frameworks, which attempt to
combine the creative flexibility of generative models with the factual reliability of extractive
search [28].

In a typical retrieval-augmented setup, the system first queries a database of source documents to
retrieve relevant passages and then conditions its generation upon those specific passages. While
this approach has significantly improved grounding in short-form querying tasks, its application
to long-narrative reasoning is fraught with difficulties [29]. When a query requires synthesizing
information spread across a massive document, standard retrieval mechanisms often fail to
surface all the necessary contextual fragments, leading to incomplete or skewed reasoning [30].
Furthermore, post-hoc attribution methods, where a system attempts to retroactively find
citations for its generated claims, have proven highly unreliable [31]. Therefore, state-of-the-art
research is shifting toward intrinsic grounding mechanisms, where the maintenance of
traceability links between source text, memory representations, and final outputs is treated as a
fundamental architectural constraint rather than an optional secondary process [32].

3. Methodology and Architectural Design

3.1 Stateful Processing Framework

The proposed architecture relies on a fundamentally stateful processing framework designed to
ingest continuous streams of narrative text without necessitating the simultaneous recalculation
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of all historical inputs. The document is strictly processed in sequential chunks, simulating the
linear progression of human reading. Each chunk is subjected to rigorous linguistic and structural
analysis to extract entities, actions, temporal markers, and thematic indicators. Unlike stateless
systems that discard this extracted data once the processing window advances, our framework
employs a central state controller that manages the routing of this information into a persistent
external memory structure. The state controller acts as the executive function of the system,
determining the relevance, novelty, and priority of incoming information based on the current
context and the pre-existing knowledge base.

When a new text chunk is ingested, the state controller first queries the existing memory to
establish contextual continuity. It attempts to resolve pronouns and implicit references by
aligning them with active entities currently residing in the working memory buffer. If an entity is
not found in the immediate working memory, the controller initiates a secondary search within
the deeper episodic and semantic stores. Once continuity is established, the controller synthesizes
the new information with the retrieved historical context, updating the internal representations of
characters and events. Crucially, this stateful update mechanism operates continuously, allowing
the system's understanding of the narrative to evolve organically over time. The computational
overhead of this process is maintained at a manageable level by strictly limiting the size of the
working memory and offloading the vast majority of historical data to efficiently indexed, long-
term memory structures.

3.2 Cognitive Memory Organization

The core innovation of the proposed methodology is the implementation of a tripartite cognitive
memory organization system, encompassing working memory, episodic memory, and semantic
memory. This structural division is essential for managing the sheer volume of information
contained within a long narrative while preserving the ability to perform complex, multi-hop
reasoning. Working memory serves as the immediate processing arena. It has a highly
constrained capacity and holds only the most recent narrative chunks, along with the specific
entities and concepts currently active in the text. This mimics the human cognitive limit on
simultaneous information tracking, forcing the system to continuously filter and distill incoming
data. As the narrative progresses and the working memory approaches capacity, older or less
relevant information is systematically evicted through a structured consolidation process.

During consolidation, evicted information is not discarded but rather evaluated for transition into
the long-term storage tiers. Episodic memory acts as a chronological ledger of events. It stores
self-contained, event-based representations, including the participating entities, the action
performed, the location, and the precise temporal position within the narrative. This memory
structure is optimized for temporal queries, enabling the system to reconstruct historical
sequences and track character trajectories across the entirety of the document. Conversely,
semantic memory functions as a persistent knowledge graph of generalized facts and
relationships. It abstracts information away from specific temporal events. For example, if
episodic memory records numerous instances of Character A demonstrating hostility toward
Character B, the semantic memory consolidates these instances into a permanent, generalized
relationship state indicating animosity. This allows the system to instantly access fundamental
truths about the narrative world without having to recalculate them from raw episodic data.

6l|Page



STATEFUL LONG-NARRATIVE REASONING WITH COGNITIVE MEMORY ORGANIZATION AND EVIDENCE GROUNDING

Table 1 Comparison of Cognitive Memory Tiers in the Proposed Architecture

Memory Tier Primary Data Structure | Update Retention
Function Frequency Duration

Working Immediate Dense contextual | Continuous (per | Transient

Memory context representations narrative chunk) | (cleared  upon
processing  and consolidation)
entity tracking

Episodic Chronological Event-based High (post- | Permanent

Memory event storage and | records with | working memory | (indexed by
temporal metadata eviction) narrative time)
tracking

Semantic Generalized fact | Abstracted entity | Moderate Permanent

Memory and relationship | knowledge graph | (triggered by | (subject to
storage event relationship

accumulation) updates)

The interplay between these three memory tiers is dynamic and bidirectional. While working
memory continuously feeds data into episodic and semantic storage, the long-term tiers also
actively influence the operation of working memory. When the state controller encounters an
ambiguous situation in the current text, it actively retrieves relevant historical episodes or
semantic facts to provide necessary context, thereby shaping the interpretation of the new

information.
Figure 1: Cognitive Memory Architecture Flowchoamt
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3.3 Evidence Grounding Mechanism

To ensure the reliability and traceability of the stateful reasoning process, a rigorous evidence
grounding mechanism is woven into the fabric of the cognitive memory organization. The
fundamental principle of this mechanism is that no piece of information can exist within the
memory architecture without an explicit, verifiable link to the exact spatial location of its origin
within the source document. During the initial processing of a text chunk, every extracted entity,
relationship, and event is tagged with a high-resolution citation marker, delineating the specific
sentence and paragraph from which it was derived. When this information resides in working
memory, these citation markers are maintained as active metadata.

As information undergoes consolidation into episodic and semantic memory, the complexity of
evidence grounding increases. Semantic facts, in particular, are often the result of synthesizing
multiple disparate events from across the narrative. In these instances, the evidence grounding
mechanism employs a composite citation strategy. When a generalized semantic relationship is
created, it inherits the citation markers of all the foundational episodic events that contributed to
its formation. Consequently, a single node within the semantic knowledge graph may contain
dozens of distinct links pointing back to various chapters of the original text. This pervasive
traceability is critical during the final reasoning phase. When the system is queried and
formulates a response based on its internal memory states, it is required to output not only the
logical conclusion but also the entire chain of composite citations that support that conclusion.
This intrinsic grounding architecture fundamentally restricts the system from generating
hallucinatory assertions, as any claim lacking a valid internal citation chain is automatically
suppressed by the final verification layer.

4. Experimental Results and Discussion

4.1 Experimental Setup And Datasets

To rigorously evaluate the efficacy of the proposed stateful reasoning framework with cognitive
memory organization, we engineered a comprehensive experimental setup focused on
exceedingly long document comprehension. The primary testing environment utilized a
specialized dataset comprised of fifty public domain novels and fifty highly complex, fabricated
legal case files, resulting in an average document length exceeding one hundred and fifty
thousand words. This length was deliberately chosen to far surpass the maximum effective
context windows of contemporary stateless processing models, thereby creating an environment
where catastrophic forgetting and contextual drift are virtually guaranteed without architectural
interventions.

The evaluation protocol focused on a series of multi-hop, longitudinal reasoning tasks designed
to probe the depth and persistence of the system's narrative comprehension. These tasks required
the system to identify latent character motivations that developed over hundreds of pages, trace
the continuous ownership history of contested physical objects throughout a narrative, and
resolve complex thematic contradictions by referencing early foundational chapters against
concluding events. To establish a rigorous baseline, the performance of the proposed stateful
architecture was compared against two standard approaches: a traditional stateless sliding
window model utilizing maximum context overlap, and an advanced retrieval-augmented
generation system equipped with a high-density vector database for external searching.
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4.2 Performance Metrics And Baselines

The experimental outcomes were quantified using a multi-dimensional evaluation rubric that
assessed both the logical accuracy of the generated responses and the integrity of the supporting
evidence. The primary metric, Reasoning Accuracy, measured the semantic overlap and factual
correctness of the system's final answers compared to human-annotated gold standards. The
Secondary metric, Grounding Fidelity, evaluated the precision and recall of the citations
provided by the system, penalizing outputs that relied on incorrect source passages or generated
assertions without appropriate textual backing. Finally, Processing Latency was monitored to
assess the computational viability of maintaining complex cognitive memory structures over
extended reading sessions.

Table 2 Performance Evaluation on Long-Narrative Reasoning Tasks

System Reasoning Grounding Fidelity | Processing Latency
Architecture Accuracy

Stateless Sliding | Thirty four percent | Not Applicable Very Low

Window

Retrieval- Fifty eight percent Sixty two percent Moderate

Augmented System

Stateful ~ Cognitive | Eighty nine percent | Ninety four percent | High
Framework

4.3 Analysis Of Stateful Reasoning Efficacy

The empirical results decisively demonstrate the superiority of the stateful cognitive memory
architecture in handling long-narrative reasoning tasks. As indicated by the data, the stateless
sliding window approach completely collapsed under the weight of the extended documents,
achieving a mere thirty-four percent accuracy. This catastrophic failure was primarily driven by
the model's inability to retain early narrative constraints, resulting in outputs that directly
contradicted foundational facts established hundreds of pages prior. The retrieval-augmented
system performed moderately better, as its external database allowed it to salvage specific
keywords from the distant past. However, its fifty-eight percent accuracy highlights the
fundamental limitations of keyword-based retrieval in complex reasoning scenarios. When a
query required understanding a subtle shift in character allegiance rather than a specific factual
recall, the retrieval mechanism frequently surfaced irrelevant passages, leading to fragmented
and incoherent logic.

In stark contrast, the proposed stateful framework achieved an eighty-nine percent reasoning
accuracy. Detailed analysis of the system's internal processing logs revealed that this success was
directly attributable to the tripartite cognitive memory organization. By actively consolidating
transient interactions into permanent semantic relationship profiles, the system was able to
instantly reference a character's holistic behavioral history without needing to linearly search
through thousands of past events [33]. Furthermore, the episodic memory tier proved
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exceptionally resilient in chronological tracking tasks. When queried about the sequence of
ownership for a specific object, the system rapidly traversed the temporal indices of its episodic
memory, producing flawless chronological reconstructions that neither baseline model could
approximate.

Figure 2: Longituonal Performance Decay Chart
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Figure 2 Longitudinal Performance Decay Chart

4.4 Impact Of Evidence Grounding

Beyond raw reasoning accuracy, the most significant outcome of the experimental phase was the
validation of the intrinsic evidence grounding mechanism. The stateful framework achieved an
unprecedented ninety-four percent grounding fidelity score, indicating that almost every logical
assertion produced by the system was supported by a robust, accurate chain of citations leading
directly back to the source text. This high fidelity is a direct consequence of the composite
citation strategy integrated into the memory consolidation process. Because semantic
abstractions are structurally tethered to their episodic origins, the system cannot generate a

generalized conclusion without simultaneously dragging the supporting evidence into the output
stream [34].

The analysis also highlighted a critical vulnerability in the retrieval-augmented baseline
concerning grounding. While the retrieval system attempted to provide citations, its sixty-two
percent fidelity score revealed frequent instances of citation mismatch, where the system
confidently cited a source passage that did not logically support the generated claim. This
phenomenon underscores the danger of treating evidence grounding as a post-hoc retrieval task
rather than a foundational architectural constraint. By mandating that all memory states maintain
their evidentiary lineage from the moment of ingestion, the stateful cognitive framework
effectively neutralizes the risk of untraceable hallucinations, representing a major advancement
in the reliability of automated reasoning systems.
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5. Conclusion and Future Directions

5.1 Summary Of Contributions

This research has presented a comprehensive architectural framework for stateful long-narrative
reasoning, directly addressing the profound limitations of current stateless paradigms. By
successfully integrating principles of cognitive memory organization, the proposed system
demonstrates the capacity to ingest, categorize, and synthesize immense volumes of text over
extended sequences. The explicit segmentation of memory into working, episodic, and semantic
tiers allows for dynamic information management, mimicking the efficiency of human cognitive
consolidation. Furthermore, the embedding of a rigorous, bidirectional evidence grounding
mechanism ensures that the advanced reasoning capabilities of the system are continuously
anchored in verifiable textual reality. The empirical evaluations confirm that transitioning from
static context windows to a persistent, structurally organized memory state yields unprecedented
improvements in both longitudinal comprehension and factual reliability when navigating
complex, book-length documents.

5.2 Limitations And Future Work

Despite the highly promising results, several structural limitations warrant further investigation.
The continuous updating and consolidation processes within the cognitive memory tiers incur a
significant computational cost, as reflected in the high processing latency observed during the
experimental phase. While this latency is acceptable for deep, offline analysis of static
documents, it currently prohibits the deployment of this architecture in real-time, highly
interactive environments [35]. Additionally, the mechanisms dictating the transition of data from
episodic to semantic memory rely on relatively rigid threshold parameters; optimizing these
parameters through dynamic, context-aware machine learning techniques represents a critical
area for refinement. Future research should prioritize the development of more efficient neural
indexing algorithms for the long-term memory stores, aiming to drastically reduce the
computational overhead of stateful updates. Moreover, exploring the integration of multi-modal
sensory inputs into the episodic memory structure could further expand the framework's
applicability, bridging the gap between pure textual analysis and complex, real-world
environmental reasoning.
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