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ABSTRACT: Long-context question answering over narrative documents remains challenging because many questions
require reconstructing event sequences while preserving local contextual flow under limited context budgets. Existing
retrieval-augmented generation (RAG) methods typically retrieve document snippets independently, which can
fragment narratives and harm temporal dependencies. We propose ChronoRAG, a retrieval framework for narrative
question answering that first converts sequential document chunks into concise relation descriptions and then retrieves
relevant units together with their adjacent chronological context. This design preserves retrieval precision while
providing the generator with coherent local narrative structure. Experiments on NarrativeQA and GutenQA show that
ChronoRAG improves performance on NarrativeQA and remains competitive on GutenQA, with particularly strong
gains on questions that require chronology-sensitive context. These results suggest that explicitly modeling local event
order is a useful retrieval signal for narrative question answering.

KEYWORDS: Retrieval-augmented generation; narrative question answering; long-context reasoning; temporal
reasoning; knowledge graphs

1 Introduction
Long-context question answering tasks, which require the ability to utilize one or more long docu-

ments [1], present a significant challenge in natural language processing. While modern transformer-based
Large Language Models (LLMs) have shown a remarkable ability to handle long contexts [2,3], they face
fundamental limitations when confronted with extremely long-form text. Processing extensive documents
for every query leads to major computational inefficiency, and as the context grows longer, the models’ ability
to accurately identify and prioritize relevant information decreases, impacting the reliability of their outputs.

To address these challenges, Retrieval-Augmented Generation (RAG) [4] has become a standard
approach, focusing on efficiently retrieving only relevant segments from large documents to integrate into
the model’s context window. This selective retrieval method helps models leverage vast knowledge bases far
beyond their built-in context limits.

However, a fundamental methodological gap exists in most RAG frameworks [4,5]: they primarily treat
documents as a collection of short, independently-retrieved snippets of information. This methodology
fundamentally conflicts with the sequential nature of long-form narratives, such as those found in history,
literature, and film. Narrative texts are uniquely defined by their structure; they can be extremely long, their
individual passages often fail to convey the full story unless read in order, and grasping the chronological and
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relational connections between passages is essential for comprehension. Treating passages as isolated facts
severs these critical links, fragmenting the narrative timeline.

Fig. 1 illustrates the mismatch between conventional retrieval strategies and the characteristics of
narrative text. As shown in Fig. 1a, a common approach is to retrieve as many sentences as possible that are
likely to match the query based on textual similarity. To do so, documents are typically stored as isolated
sentences. While such methods may successfully retrieve a sentence containing the correct answer, they often
fail to provide sufficient contextual cues. This can create ambiguity, making it unclear whether “London”
or “Paris” is the location relevant to the question, even if both are mentioned in the retrieved results. In
narrative question answering, the meaning of an event is rarely determined by a single sentence alone; rather,
it depends on how that event is situated within the surrounding sequence of events. Consequently, even when
retrieval succeeds at locating a relevant fact, it may still fail to recover the local narrative context required to
interpret that fact correctly.

Figure 1: Retrieval comparison for a narrative query. (a) Fine-grained indexing returns six standalone sentences, leav-
ing key clues detached. (b) Our chronological assembling retrieves passages that include their immediate chronological
context, preserving the narrative flow. Boxes indicate the directly retrieved sentences.

To address this issue, we introduce ChronoRAG, a novel RAG-based approach grounded in the obser-
vation that narrative question answering fundamentally requires preserving the chronological organization
of events. ChronoRAG addresses this challenge by separating retrieval precision from contextual recon-
struction: it first retrieves fine-grained relation units as precise retrieval keys, and then reassembles their
adjacent chronological context to restore the local meaning of the retrieved evidence. Instead of maximizing
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the number of retrieved sentences, our framework, as shown in Fig. 1b, retrieves fewer distinct informational
units but includes their surrounding context to disambiguate meaning. This approach provides the crucial
contextual clues—indicating that “London” is associated with a reunion while “Paris” pertains to a farewell—
that are essential for accurate question answering. ChronoRAG achieves this by transforming dispersed
narrative content into structured passages while preserving cues that help recover the local narrative flow,
enabling the retrieval of a coherent sequence of evidence rather than a collection of isolated facts.

We empirically validate our proposed approach on the NarrativeQA [6] and GutenQA [7]. For auxiliary
analysis, we isolate a subset of “Time Questions” subset containing questions with explicit temporal markers.
Our experiments show that our method achieves significant improvements in both the complete dataset
and the specialized Time Question set. Notably, these results are achieved using lighter graph construction
and retrieval mechanisms than those found in existing summary and graph-based methods, demonstrating
enhanced performance in identifying individual facts and comprehending complex relational structures.

Our contributions are as follows:
• We introduce a local chronology-aware retrieval unit, in which a fine-grained relation description

serves as an atomic retrieval key and its immediate narrative neighbors are dynamically assembled as
supporting context, preserving local coherence without sacrificing retrieval precision.

• We introduce a novel RAG framework, ChronoRAG, which refines raw text into structured passages,
explicitly maintains temporal links between events, and incorporates adjacent context.

• Through benchmark experiments and ablation studies, we show that local chronological linking
improves answer quality, especially on questions that benefit from chronology-sensitive context.

2 Related Work

2.1 Long Context Question Answering
Long-context question answering (LCQA) refers to the task of answering questions over documents

that are too long to be directly processed in full under the target inference setting [1,8,9]. Unlike conventional
question answering, which assumes that the full input can be handled at once, LCQA addresses settings
in which the source document exceeds the practical context budget, requiring the system to selectively
access, compress, or structure evidence before answer generation. This setting commonly arises in domains
involving long-form text, such as books, legal documents, and narratives, where questions may range from
localized fact lookup to broader contextual interpretation over surrounding discourse. Prior work on LCQA
can be broadly categorized into two directions: (1) approaches that expand the amount of context that can
be processed directly by the model, and (2) retrieval-based methods that select and process only a subset of
the available context. These two paradigms reflect different strategies for addressing long-context question
answering under finite context and computational budgets.

2.2 Long-Context Modeling Approaches
One line of research addresses LCQA by expanding the amount of context that can be processed directly

by the model. Prior work has proposed architectures with more efficient attention mechanisms, such as
Longformer [10] and BigBird [11], and more recent long-context language models have further increased the
amount of text that can be handled in a single input. These approaches reduce the need for external retrieval
by allowing the model to access longer spans of source text directly.

However, when source documents are very long, repeatedly processing the full document for each
question can still be computationally expensive and may introduce substantial distractor content, especially
when only a small portion of the document is relevant. These trade-offs motivate alternative approaches to
long-context question answering, which we discuss next.
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However, when source documents are very long, repeatedly processing the full document for each
question can still be computationally expensive and may introduce substantial distractor content, especially
when only a small portion of the document is relevant. These trade-offs have motivated retrieval-based
approaches, which aim to identify and process only the evidence most useful for answering a given question.

2.3 RAG Based Long Context Question Answering
An alternative line of work addresses long-context question answering through retrieval rather than

direct full-context processing. Instead of increasing the amount of text consumed by the model, retrieval-
based methods identify and process only the evidence most useful for answering a given question. This
paradigm is valuable not only for efficiency, but also for evidence selection and noise reduction when
only a limited portion of a long document is relevant. In this setting, many methods improve retrieval by
transforming source documents into structured intermediate representations, often generated or refined
with the help of LLMs, that make long-context evidence easier to retrieve and organize.

Existing RAG-based approaches for long-context QA have developed along several directions. One
line of work studies retrieval granularity, moving from document- or passage-level retrieval toward finer-
grained units such as propositions or relations. Another line uses summarization or abstraction to compress
source content into more retrieval-efficient representations. A third line incorporates graph-structured or
knowledge-aware representations to better model dependencies among retrieved units. ChronoRAG is most
closely related to this retrieval-side line of work: rather than increasing the model context window, it seeks
to improve how long narrative documents are structured and retrieved under a fixed evidence budget.

2.3.1 Retrieval Granularity
Document indexing approaches have explored a wide range of retrieval granularities. DenseXRe-

trieval [12] shows that proposition-level indexing can improve retrieval precision by transforming text
into fine-grained, self-contained factoid units. At the same time, MolecularFacts [13] argues that fully
atomic decompositions often lose the context needed to interpret a claim correctly, and therefore advocates
minimally decontextualized units that remain understandable in isolation. Our work shares this concern
with retrieval unit design, but differs in how it conceptualizes fine-grained evidence. We do not treat fine-
grained relations as an unordered collection of independent units. Instead, we view them as a sequence of
locally dependent narrative states. Accordingly, ChronoRAG indexes relation descriptions at fine granularity
for precise matching, but retrieves them together with their adjacent neighbors so that the local order of the
story is preserved. In narrative QA, this distinction matters because the answer often depends not only on
which fact is retrieved, but also on what immediately precedes and follows it.

2.3.2 Summary-Based Document Augmentation
A second line of work augments documents through hierarchical compression. RAPTOR [5] recur-

sively clusters and summarizes chunks into a tree, enabling retrieval across multiple levels of abstraction.
MemWalker [14] and A Human-Inspired Reading Agent [15] likewise use summary structures or gist
memories to navigate long contexts efficiently. These approaches demonstrate that abstraction can substan-
tially improve long-document retrieval by filtering irrelevant material and exposing higher-level document
structure. However, this strength can also be a limitation for narrative QA, where answers often depend on
fine-grained local details. Repeated summarization is designed to preserve salient themes, not necessarily
the specific details that align with the wording of a question. In addition, recursive summarization may
amplify recurring information across levels, creating redundancy while overlooking sparse but answer-
critical details. As a result, important narrative cues may be lost even when the global summary remains
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faithful to the overall story. ChronoRAG therefore adopts only a shallow summarization step and preserves
access to the original source chunks so that such details remain recoverable at inference time.

2.3.3 Knowledge Graph-Based Document Augmentation
Graph-based augmentation introduces explicit relational structure into retrieval. Conceptually, many

methods in this family resemble an Open Information Extraction [16]-style decomposition of text
into atomic relational statements, where entities function as nodes and relations function as edges.
GraphRAG [17] builds an entity knowledge graph and community summaries to support graph-based
retrieval and question-focused aggregation, while LightRAG [18] improves efficiency through graph-
structured dual-level retrieval. These approaches are effective when the key challenge is exposing latent
relations beyond flat chunk similarity. However, they mainly reorganize text into entity-centered neighbor-
hoods rather than preserving the original order in which the narrative unfolds.

Recent work has begun to address this limitation more directly. EventRAG [19] decomposes text into
interconnected events and organizes them in an event knowledge graph with temporal-aware reasoning.
Entity–Event RAG [20] separates entity and event subgraphs and links them through a bipartite mapping so
that temporal and causal information is not collapsed into a single entity node. KG-IRAG [21] further extends
graph-based retrieval through iterative reasoning over temporal and logical dependencies. These methods
are important steps toward chronology-aware retrieval, but they still start by transforming the story into
graph components and then reasoning over those components. ChronoRAG takes a different view. Rather
than first dissolving the narrative into graph elements and later reconstructing chronology, we preserve the
linear discourse order itself as part of the index by linking adjacent fine-grained relation units according to
their original narrative sequence. In this sense, our graph is not only relational but also sequence-preserving,
which makes it particularly suited to narrative question answering.

A related line of work in graph-based question answering uses the graph itself as the substrate for
answering queries. Within this paradigm, some methods answer questions by directly retrieving a relevant
local portion of the graph, whereas others decompose the query into relational chains and solve it through
multi-hop reasoning [22–24]. ChronoRAG follows the former, single-hop setting. Our focus is not on
constructing long reasoning chains over a knowledge graph, but on preserving narrative flow within a single
retrieval step.

3 Proposed Method
We present ChronoRAG, a novel RAG framework specialized for narrative texts where chronological

context is crucial. Most RAG systems treat documents as a collection of independent facts, which fragments
the timeline and severs the contextual links essential for understanding sequential events. To address this,
we design our framework to reconstruct narrative flow by explicitly modeling and preserving the temporal
order of events. As described in Fig. 2, our framework is composed of two primary stages: an offline
Graph Construction phase where the original documents are processed into a hierarchical, linked structure,
and an online Passage Retrieval and Answer Generation phase where the constructed graph is used to
answer queries.

3.1 Offline Graph Construction
This offline phase transforms a raw document into a structured, two-layer graph that captures both

factual information and narrative chronology. As shown in Fig. 2, this graph is composed of two levels: a
foundational Layer 0 containing the original document text divided into sequential, fixed-length chunks,
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which preserves narrative detail, and an abstract Layer 1 built from concise, structured relation descriptions
that represent the key events and relationships. The graph construction process involves four steps.

Figure 2: The offline graph construction pipeline of ChronoRAG. This process transforms an unstructured narrative
document into a structured, two-layer graph that explicitly encodes chronological relationships.

3.1.1 Document Chunking
Due to inherent limitations in processing an entire document simultaneously, we first divide the original

document (D) into fixed-length chunks (di), each consisting of up to k tokens. This approach ensures that
all retrieved document segments fit within a predefined context length, thereby maintaining both the quality
and manageability of retrieval results. The document is initially segmented into individual sentences, which
are then sequentially appended to each chunk. When the cumulative length exceeds k tokens, the next
sentence is assigned to a new chunk, ensuring that sentences are not split across chunks. In rare cases where
a single sentence itself exceeds k tokens, the sentence is split to guarantee that every chunk remains within
the token limit. These segmented document chunks serve as the fundamental retrieval units and constitute
Layer 0 of the graph constructed in subsequent stages. The document D is thus represented as a set of chunks,
where each chunk di has a token count less than k, as follows:

D = {d1 , d2, d3, . . . , di}, ∣di ∣ < k (1)

3.1.2 Chunk Summarization
Next, we sequentially cluster the chunks in the original document order, grouping every l chunks. We

concatenate and summarize each cluster’s texts using an LLM. We utilize sequential clustering because it
preserves the document’s original order while maintaining a controllable and consistent input length for
the LLM. This summarization step facilitates higher-level representation learning by focusing on the overall
flow of the document rather than retaining excessive local detail. For example, the left panel of Fig. 2 shows
how a raw Document Chunk about Madeline Hall is condensed into a more concise Chunk Summary. For
each cluster of l chunks, we generate a summary Si by an LLM using a summarization prompt Psummarize as
formulated below (We provide a full prompt in Appendix A):

si = LLM(Psummarize , {di1 , di2, di3, . . . , di l}) (2)
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3.1.3 Entity-Relation Extraction
We then transform the generated summaries via LLM into relational descriptions among entities. We

adapt the prompt of GraphRAG [17] into a one-shot instruction for entity–relation extraction (Full prompts
are in Table A1 of Appendix A). From LLM’s outputs, which consist of both entity descriptions (Ei) and
relation descriptions(Ri), we only use the relation descriptions to form the Layer 1 nodes of the graph. This
extraction step decomposes the summarized text into retrieval-friendly fragments, as described in the left
panel of Fig. 2, where the summary is broken down into atomic facts like “Madeline Hall is owned by Miss
Delmar”.

Here, we exclude entity descriptions because identical entities may appear redundantly across multiple
chunks. Finally, we formalize this extraction step, where an LLM processes each summary Si to produce a
set of entities Ei and relations Ri , as shown below (Full prompts are in Appendix A):

{Ei , Ri} = LLM(Pextraction, Si) (3)

3.1.4 Hierarchical and Temporal Indexing
This step involves assigning indices to the relation description sentences (Ri) derived from the summary

and the document chunks (di) from the original text. Document chunks are indexed sequentially according
to their original order in the source text, while the relation description sentences are indexed either based
on the earlier chunks from which they are derived and in the order in which they were generated during
information extraction.

Each document chunk corresponds to a Layer-0 node, and each relation sentence forms a Layer-1 node.
For quick access, each Layer-1 node connects to its corresponding Layer-0 nodes—those within the cluster
from which it was derived—by establishing directed edges. Additionally, adjacent Layer-1 nodes (according to
their index) are also linked via edges. This indexing step preserves the temporal order of the source document
while aligning it with its fine-grained relation units for subsequent graph construction.

3.1.5 Graph Establishing
As shown in Fig. 2, the final graph is established by combining the outputs of the previous stages

into a unified node-based structure. Each node stores (1) an index, (2) a text embedding, (3) linked-node
information, and (4) its associated text field, which is either a source-chunk text or a relation text extracted
from a summary. The index preserves the position of the node within the original document flow, and the
linked-node information specifies which other nodes are connected to the current node. These stored node
links are then instantiated as graph edges, allowing the graph to encode both hierarchical source–relation
connections and local chronological adjacency.

The resulting structure is a two-layer graph in which each layer represents the document at a different
granularity. The lower layer consists of the original document chunks arranged in their sequential order,
thereby preserving the surface narrative flow of the source document. The upper layer consists of fine-
grained relation nodes extracted from the summaries of chunk groups, providing compact semantic units
for retrieval. Each upper-layer relation node is linked back to the chunk group from which it was derived,
which preserves traceability to the original evidence while also enabling contextual reconstruction during
retrieval. By jointly modeling fine-grained semantic facts and their neighboring temporal context, the graph
allows ChronoRAG to retrieve precise evidence without losing the narrative coherence of the source text.
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3.2 Online Passage Retrieval
At inference time, we handle a query through a hierarchical retrieval process that leverages the

constructed graph to assemble a rich, chronologically-aware context for the LLM.

3.2.1 Hierarchical Retrieving
We leverage the hierarchical granularity of Layer 1 and Layer 0 for retrieval. We begin by retrieving

high-precision relation descriptions from Layer 1 based on semantic similarity to the query. Then, using the
links established during indexing, we retrieve the related Layer 0 chunks to provide a comprehensive and
balanced context. As illustrated in Fig. 3, this process first identifies a key event in Layer 1 and later retrieves
the detailed source text from Layer 0. This step is crucial because Layer 0 often retains omitted details and
original dialogues that are valuable for question answering.

Figure 3: The online passage retrieval process of ChronoRAG for a sample query. This demonstrates how the pre-
constructed graph is used at inference time to assemble a chronologically coherent context for the LLM.

3.2.2 Neighborhood Assembling
We then augment retrieved relational descriptions with their surrounding context to reconstruct a

narrative flow. Rather than relying on isolated facts, we aim to provide contextually rich information.
As in the example of Fig. 3, after ChronoRAG retrieves a key event, such as “Gandalf orders Aragorn

to lead the Fellowship of the Ring (idx 39)”, the system automatically appends its chronological neighbors,
including “Gandalf confronts the Balrog... (idx 38)” and “Gandalf falls off a cliff... (idx 41)”. This creates a
coherent, temporally ordered passage that preserves the local storyline, providing crucial context that isolated
facts would lack. The overall procedure is summarized in Algorithm 1.

Algorithm 1: Neighborhood assembling
Input: Query q; Layer-1 relation nodes R with temporal index idx(⋅);
Top-k retrieved nodes K; neighborhood window size w
Output: Chronologically assembled passage P
N ← ∅
foreach r ∈ K do

foreach r′ ∈ R do
(Continued)
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Algorithm 1 (continued)
if ∣idx(r′) − idx(r)∣ ≤ w then

N ← N ∪ {r′}
P ← ∅
foreach r ∈ N do

append text of r to P
return P;

3.2.3 Answer Generation
Finally, we combine the original query with the context obtained through hierarchical retrieval and

neighborhood assembling and feed them into the language model. We separate each passage by double line
breaks and sort by relevance, enabling accurate and coherent answer generation.

4 Experimental Results
In this section, we describe the experimental settings for validating the effectiveness of the proposed

method and report the comparison results with five existing methods.

4.1 Experimental Settings
4.1.1 Datasets

We evaluate ChronoRAG on the test splits of NarrativeQA [6] and GutenQA [7], two benchmarks for
long-context narrative question answering. NarrativeQA contains 10,557 story–question–answer triples, with
source narratives drawn from Project Gutenberg books and movie scripts scraped from the web. GutenQA
contains 3000 question–answer pairs built over long-form literary narratives from Project Gutenberg. These
benchmarks allow us to evaluate the proposed method on different forms of narrative documents under
long-context settings. The average source-document length is about 57,780 tokens for NarrativeQA and about
156,700 tokens for GutenQA

In addition to the full test sets, we construct an auxiliary temporal-cue subset for each benchmark by
selecting questions that contain at least one explicit temporal cue word, such as when, while, during, after,
or before. This procedure yields 1111 questions from NarrativeQA and 662 from GutenQA. Because these cue
words impose explicit temporal conditions on question interpretation, this heuristic provides a simple and
reproducible diagnostic subset enriched with questions that are more likely to require chronology-sensitive
understanding. We use this subset for auxiliary analysis.

4.1.2 Preprocessing
For both datasets, we preprocess each source document by retaining only the title and main body

text, while removing non-content metadata such as author information, copyright notices, and other
auxiliary fields. All methods, including ChronoRAG and the comparison baselines, construct their doc-
ument representations from this preprocessed text and retrieve evidence only from this material during
answer generation.

The two datasets differ in how chunk-level inputs are provided. NarrativeQA does not include prede-
fined chunk boundaries, and its source documents are often too long to be directly structured by methods
that require chunk-level processing. Therefore, for methods without a dataset-provided chunk structure,
we first segment NarrativeQA documents using the same length-based chunking strategy adopted in
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RAPTOR [5] and then perform method-specific structuring on top of these chunks. In contrast, GutenQA
provides semantically chunked inputs as part of the dataset, and we use those chunks directly as the basis
for subsequent structuring and retrieval. This preprocessing ensures that each method operates on tractable
input units while preserving a consistent evaluation setting across methods.

4.1.3 Evaluation Metric
We measure answer quality using ROUGE-L [25], which computes the Longest Common Subsequence

(LCS) overlap between a generated answer and its corresponding human reference. Due to the short and
pronoun-heavy nature of NarrativeQA answers, ROUGE-L effectively captures agreement in key word
sequences without penalizing minor rephrasings.

In addition to ROUGE-L, we employ cosine similarity and LLM-based evaluation to better assess
semantic fidelity. ROUGE may fail to capture semantically similar answers that differ lexically, so we
incorporate complementary metrics to address this limitation. We compute cosine similarity using the
Snowflake model [26], which is also used during the retrieval process. It measures the embedding-based
similarity between the generated answer and the reference answer.

For LLM-based evaluation, we use GPT-4.1 Mini [27]. Given the question, summary, gold passage, and
ground-truth answer, the GPT model performs binary classification—[Correct] or [Wrong]—to determine
whether the generated answer can be considered valid. See Appendix A for the detailed prompt.

4.1.4 Baselines
We compare against five existing methods that differ in information extraction, representation, and

retrieval structure:

• NaiveRAG: A standard RAG pipeline that performs chunk-level retrieval only, without further
structuring [4].

• RAPTOR: Clusters semantically similar chunks via embedding similarity and builds a recursive
summarization tree over clusters to guide retrieval—CT (Collapsed Tree) flattens each root-to-leaf path
into one high-level summary, whereas TT (Tree Traversal) retains the full hierarchy and drills down
level-by-level to gather finer-grained context [5].

• LightRAG: Constructs a lightweight entity–relation graph to enable fast context retrieval using dual-
level extraction, prioritizing computational efficiency and incremental updates [18].

• GraphRAG: Builds a richer graph with detailed relation weighting and neighborhood assembly to
support deeper multi-hop retrieval, capturing both high-level relation summaries and their underlying
chunks [17].

• Propositionizer: Transforms the entire source text into fine-grained propositions (atomic sentences)
and treats each proposition as a retrieval unit, then feeds retrieved propositions into the generation
model [12].

4.1.5 Implementation Details
All methods share the same answer generator, embedding model, decoding strategy, and context budget

of 1500 tokens. This token budget serves as the primary shared evaluation constraint. We do not enforce
a uniform top-k across methods, because the compared architectures differ in chunk granularity, retrieval
units, and intermediate retrieval procedures. Instead, each method uses its own internal retrieval parameters
under the same final context-budget constraint, and these settings are reported separately as method-
specific implementation details. We perform all summarization and entity–relation extraction steps with
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meta-llama-3-8B-Instruct [28]. We compute retrieval scores using dense embedding similarity exclusively in
order to isolate the effect of word alteration during summarization and information extraction. Specifically,
we employ the arctic-Snowflake-embed-l [26] for generating embeddings, and use unifiedqa-v2-t5-3b-
1363200 [29] for final answer generation. For each baseline, the method-specific hyperparameters were
chosen based on the strongest ROUGE-L performance on subset of NarrativeQA validation split under the
shared 1500 token context-budget setting. For clarity, Table 1 summarizes the retrieval mode, retrieval unit,
top-k, and shared token limit used for each method. See Appendix B for the detailed hyperparameters.

Table 1: Retrieval settings used in our experiments. All methods share the same final token limit.

Method Retrieval Retrieval Unit Top-k Token Limit
NaiveRAG Chunk 20

1500

RAPTOR_CT Summary/Chunk 20
RAPTOR_TT Dense Summary/Chunk 20
Propositionizer Retrieval Proposition 100
LightRAG Entity/Relation/Chunk (hybird mode) 10 per unit
GraphRAG Entity/Relation/Chunk (local mode) 10 per unit
ChronoRAG Relation/Chunk 15 per unit

4.2 Main Results
4.2.1 Performance Comparison

Table 2 reports a clear dataset-dependent pattern. On NarrativeQA, ChronoRAG achieves the best
performance among all baselines on both ROUGE-L and LLM-based evaluation, for both the full dataset and
the Time Question subset. In particular, it obtains ROUGE-L scores of 0.308 on the full set and 0.268 on the
Time Question subset, outperforming the strongest baseline, RAPTOR_CT, which reaches 0.298 and 0.262,
respectively. The same trend is observed for LLM Eval, where ChronoRAG records the highest accuracy on
both subsets (0.257 and 0.195). Although it does not surpass every baseline on cosine similarity, it remains
competitive, indicating that its gains are not limited to lexical overlap but extend to answer validity as judged
by semantic and LLM-based metrics.

Table 2: QA Performance on NarrativeQA and GutenQA across ROUGE, CosineSim, and LLM Eval metrics. Top
performance is bolded, Second best is underlined. The dagger mark at ROUGE and ACC indicates statistical significance
at the 5% level.

NarrativeQA

Metric ROUGE CosineSim LLM Eval (ACC)

Subset Whole
Data

Time
Question

Whole
Data

Time
Question

Whole
Data

Time
Question

NaiveRAG 0.255† 0.227† 0.841 0.844 0.183† 0.144†

Propositionizer 0.262† 0.238† 0.846 0.852 0.189† 0.141†

RAPTOR_CT 0.298† 0.262 0.854 0.858 0.241† 0.178
RAPTOR_TT 0.289† 0.253† 0.851 0.854 0.231† 0.170†

LightRAG 0.240† 0.214† 0.841 0.845 0.182† 0.123†

GraphRAG 0.195† 0.185† 0.823 0.830 0.139† 0.106†

(Continued)
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Table 2 (continued)

NarrativeQA

Metric ROUGE CosineSim LLM Eval (ACC)

Subset Whole
Data

Time
Question

Whole
Data

Time
Question

Whole
Data

Time
Question

ChronoRAG (Ours) 0.308 0.268 0.853 0.854 0.257 0.195

GutenQA

NaiveRAG 0.166† 0.172 0.769 0.778 0.251 0.278
Propositionizer 0.151† 0.142† 0.779 0.785 0.167† 0.140†

RAPTOR_CT 0.159 0.164 0.775 0.784 0.244 0.269
RAPTOR_TT 0.104† 0.102† 0.762 0.769 0.086† 0.082†

LightRAG 0.083† 0.083† 0.740 0.750 0.075† 0.077†

GraphRAG 0.122† 0.115† 0.760 0.767 0.134† 0.119†

ChronoRAG (Ours) 0.159 0.170 0.776 0.785 0.248 0.275

On GutenQA, the ranking pattern differs. NaiveRAG records the strongest ROUGE-L and LLM Eval
scores, with ChronoRAG consistently following as the next-best method. Specifically, NaiveRAG achieves
ROUGE-L scores of 0.166 and 0.172 and LLM Eval scores of 0.251 and 0.278 on the full and temporal subsets,
respectively, while ChronoRAG reaches 0.159 and 0.170 in ROUGE-L and 0.248 and 0.275 in LLM Eval.
Despite this gap, ChronoRAG remains highly competitive across all metrics and stays near the top even
under a different question construction regime. Notably, its cosine similarity is also among the strongest on
GutenQA, ranking second on the full set and tied for the best score on the Time Question subset. Taken
together, these results indicate that ChronoRAG does not suffer a large performance drop across datasets
and remains one of the top-ranked methods in both benchmarks.

4.2.2 Discussion
We attribute this difference to the way the two benchmarks are constructed. NarrativeQA questions are

created from summaries and paired with free-form answers, which makes broader narrative reconstruction
and local event ordering especially useful. In contrast, GutenQA is built directly from original books using
automatically generated, highly specific questions, and it provides concise verbatim answer spans anchored
in the source text. As a result, GutenQA more strongly rewards direct access to local source wording, which
naturally favors chunk-level retrieval methods such as NaiveRAG. ChronoRAG, by contrast, first abstracts
chunks into relation descriptions and then assembles adjacent chronological context, which is particularly
helpful when answering requires recovering how nearby events connect rather than locating a short source
span alone. This helps explain why ChronoRAG is strongest on NarrativeQA while still remaining com-
petitive on GutenQA. The difference in ChronoRAG’s relative ranking between NarrativeQA and GutenQA
suggests that the method is more beneficial when answering depends on recovering nearby narrative context.
Its relative advantage becomes smaller when a single directly matching passage is often sufficient.
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4.3 Analysis
4.3.1 Ablation Study

We conduct ablation studies to assess the contribution of each component of ChronoRAG. As shown
in Table 3, removing any component leads to a performance drop, indicating that the full framework benefits
from combining fine-grained relation-based retrieval with local context expansion. Excluding neighborhood
assembly causes a consistent decrease, with a larger drop on the temporal-cue subset, suggesting that adjacent
contextual linking is particularly helpful when questions depend more strongly on local chronological cues.
Removing chunk summarization also degrades performance, suggesting that shallow summarization helps
produce retrieval-friendly relation descriptions by suppressing noisy details. The largest drop occurs when
relation extraction is removed, indicating that structured relation descriptions serve as effective retrieval
keys. Overall, the ablation results show that ChronoRAG performs best when relation descriptions are used
for retrieval and the retrieved units are expanded with adjacent context and linked source chunks.

Table 3: Ablation study of ChronoRAG’s core components on the NarrativeQA dataset, with performance measured
by ROUGE-L. The dagger mark at ROUGE and ACC indicates statistical significance at the 5% level.

Method Whole Data Time Question
ChronoRAG 0.308 0.268

w/o Passage Assembling 0.295† 0.252†

w/o Chunk Summarization 0.272† 0.233†

w/o Relation Extraction 0.255† 0.227†

4.3.2 Trade-Off between Linking Window and the Number of Retrieved Passage
We analyze the trade-off of using a larger linking window for passage assembly. While a wider window

provides more local context, it also reduces the number of distinct passages that can be retrieved within
a fixed token budget. Our experiment confirms this is detrimental; as shown in Table 4, extending the
window to two neighbors (“Extended Link Window”) lowers performance on both the whole dataset and
the temporal questions subset. This result validates that our default approach of using a more concise,
immediately adjacent context is more effective.

Table 4: Analysis of design variations within the ChronoRAG framework on the NarrativeQA dataset measured by
ROUGE-L. The dagger mark at ROUGE and ACC indicates statistical significance at the 5% level.

NarrativeQA Whole Data Time Question
ChronoRAG 0.308 0.268

Extended Link Window 0.300† 0.258†

Merged Key 0.302† 0.257†

4.3.3 Key-Value Separation in Information Retrieval
We investigate the effectiveness of key-value retrieval design of ChronoRAG, which separates the precise

fact used for retrieval (the key) from the broader context provided to the model (the value). To validate
this, we test an alternative “Merged Key” approach where the retrieved fact and its neighbors are combined
into a single text unit before retrieval. As shown in Table 4, this modification results in a slight performance
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decrease, indicating that our key-value separation is an effective strategy for balancing retrieval precision
and contextual coherence.

4.3.4 Effect of Neighborhood Assembling
We validate the effectiveness of neighborhood assembling in enriching the retrieved context with

information that is chronologically relevant but not necessarily the most semantically similar to the query. To
demonstrate this, we compare the average embedding similarity between the query and the initially retrieved
sentences vs. the final assembled passages. As shown in Table 5, the average similarity for the assembled
passages is discernibly lower than that of the sentences retrieved by similarity alone. This gap indicates that
the neighboring passages, while chronologically adjacent, are semantically distinct from the initial query hit.
In narrative texts where surrounding content carries strong causal or temporal relevance, this mechanism
allows the model to incorporate pertinent information beyond the limits of pure similarity search, thereby
improving the context for answer generation.

Table 5: Embedding similarity between query and retrieved/assembled passages.

# of Sentence Mean (Similarity)
Retrieved Sentences 104,981 0.838

Assembled Sentences 209,092 0.785

4.3.5 Case Study
Fig. 4 presents excerpts of the original passages retrieved by each method for the example shown

in Fig. 1. RAPTOR retrieves summary passages, which enable access to content covering a wide range of
information. However, these summaries frequently include information that is not pertinent to the query,
or conversely, omit critical details necessary for answering the question due to length constraints imposed
by the summarization process. LightRAG and GraphRAG extract entities and relations directly from the
original text. In particular, GraphRAG was found to underperform compared to direct retrieval to the
source chunk, likely due to its tendency to include exhaustive explanations of all elements. Propositionizer
and LightRAG offer relatively general-level granularity explanations, yet they still struggle to address
questions that require understanding the changes in the relationship between Anna and George. In contrast,
ChronoRAG identifies the minimal set of chronologically adjacent passages while suppressing unrelated
narrative details, illustrating its strength in maintaining temporal coherence and reducing retrieval noise.

In Table 6, we present another representative case demonstrating how ChronoRAG assembles adjacent
passages. Bracketed sentences mark the retrieved evidence aligned with the query, while the surrounding
context ensures coherence. This example shows how linking preserves narrative flow and enables the model
to answer correctly (“a dog”), reducing ambiguity compared to isolated retrieval.

But ChronoRAG is less effective on queries that require document-level synthesis beyond the local
neighborhood window, such as identifying the overall theme of a story. Hierarchical summarization methods
such as RAPTOR can better support such queries by aggregating information across the document, whereas
ChronoRAG is designed for locally coherent, chronology-preserving retrieval.
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Figure 4: A qualitative comparison of retrieved context and model answers for the query, “Where is George Darrow
residing when he prepares to join Anna Leath in France?”.

Table 6: Representative linking case used in ChronoRAG.

Example Linking Case
Correct: [Correct]
Question: What kind of animal does Anna have when Gurov first sees her?
Golden Answer: [“A dog”, “Small dog”]
Generated Answer: a dog
Passage:

Dmitri Gurov becomes infatuated with the lady with the dog and tries to get to know her,
[Gurov is drawn to Anna’s innocence and vulnerability, and they spend time together],
Gurov and Anna share a romantic moment, but Anna is overcome with guilt and shame.
Kovrin and the Pesotskys are preparing for the wedding,
[Kovrin is deeply in love with Tanya, and their relationship is central to the story],
The black monk appears to Kovrin, filling him with pride and a sense of exalted consequence,
and Kovrin is obsessed with his work.
Gurov is drawn to Anna’s innocence and vulnerability, and they spend time together,
[Gurov and Anna share a romantic moment, but Anna is overcome with guilt and shame],
Anna confesses her infidelity to her husband, feeling she has betrayed him.
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4.3.6 Computation Costs
Our pipeline is computationally efficient, requiring just two LLM calls per 1000 tokens for graph

construction. Although this cost increases linearly with document length, it remains lower than competing
methods like recursive summarization. Furthermore, only one LLM call is required for answer generation
during search, with our method still attaining the highest performance despite its efficiency.

5 Limitations
Our proposed ChronoRAG framework explicitly models temporal order to improve narrative question

answering. However, the approach has several limitations. First, while our graph construction pipeline is
lightweight compared to prior graph-based methods, it still requires multiple LLM calls for summarization
and relation extraction, which may introduce latency in large-scale deployments. Second, our evaluation
focuses primarily on two English narrative datasets (NarrativeQA and GutenQA), and results may not
directly generalize to non-English narratives or other domains such as legal or medical texts. Third, Although
our method improves performance on chronology-sensitive questions, it does not yet capture more complex
discourse phenomena such as causal chains spanning distant events. Moreover, our temporal-question subset
is constructed heuristically using cue words. As a result, it does not fully capture all questions involving
temporal or causal structure. Future work could explore integrating richer discourse structures and extending
experiments to multilingual or domain-specific corpora.

6 Conclusion
We present ChronoRAG, an RAG framework that can effectively and efficiently handle narrative

text. Our framework refines content through summarization and relation extraction, and improves overall
performance through simple passage augmentation that connects adjacent events via an index. This suggests
that it is important not only to organize individual events and elements in narrative texts but also to connect
events that are spatially and temporally close to each other.
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Appendix A Prompts

Appendix A.1 Graph Construction Prompt
As shown in Table A1, we employ task-specific prompts for both summarization and entity–relation

extraction. For summarization, the model is instructed to condense each cluster of document chunks into
a concise description without pronouns, ensuring that the resulting text remains self-contained. For entity–
relation extraction, the model is guided by a structured instruction that requires listing entities with type and
description, followed by explicit relationships between entities with a numeric strength score. This structured
output is essential for constructing the ChronoRAG graph, as it enables us to represent both the factual
content of the story and the temporal or relational dependencies between entities. By combining these two
prompts, we distill long narrative texts into coherent graph structures that support accurate and temporally
consistent retrieval.

Table A1: Prompt templates used in ChronoRAG for summarization and entity–relation extraction.

Summarization Prompt
System: Write a summary of the following context as short as possible within five sentences. DO NOT
USE PRONOUN.
Context: <document chunk>
Summary:

Entity–Relation Extraction Prompt

Goal
Given a text document that is potentially relevant to this activity and a list of entity types, identify all
entities of those types from the text and all relationships among the identified entities.

Steps
1. Identify all entities. For each identified entity, extract:

– entity_name: Name of the entity, capitalized
– entity_type: One of [Leading Role, Supporting Role, Object]
– entity_description: Comprehensive description of the entity’s attributes and activities

Format: (“entity”/<entity_name>/<entity_type>/<entity_description>)
2. From step 1 entities, identify clearly related (source, target) pairs and extract:

– source_entity, target_entity
– relationship_description
– relationship_strength (numeric)

Format:
(“relationship”/<source_entity>/<target_entity>/<relationship_description>/<relationship_strength>)
3. Return all items in English as a single list delimited by &.
4. Finish with <End>.

Appendix A.2 LLM Eval
In addition, as shown in Tables A2 and A3, we assess model outputs with an LLM-based judge. GPT-4.1

Mini is prompted with a structured template that includes the question, a gold passage providing narrative
context, the gold answer, and the model-generated answer. The prompt explicitly instructs the judge to output
only one of two labels—[Correct] or [Wrong]—without explanation. This design ensures consistency and
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avoids subjective variation. The evaluation complements automatic metrics such as ROUGE and embedding-
based similarity by correctly recognizing semantically valid answers even when they differ lexically.

Table A2: Prompt used for LLM-based evaluation on narrativeQA.

System Prompt
You are the grader who determines the correct answer precisely.

User Prompt

Determine whether the user’s answer to the following question is correct or not.
Choose only one of the two options: [Correct] or [Wrong].
Do not explain your reasoning; state only your judgment.

- Question: <question>
- Summary: “<document_summary>”
- Golden answer: <gold_answer>
- User’s answer: <model_answer>
- Judgement:

Table A3: Prompt used for LLM-based evaluation on GutenQA.

System Prompt
You are the grader who determines the correct answer precisely.

User Prompt

Determine whether the user’s answer to the following question is correct or not.
Choose only one of the two options: [Correct] or [Wrong].
Do not explain your reasoning; state only your judgment.

- Question: <question>
- Literature Context: “<chunk_must_contain>”
- Golden answer: <gold_answer>
- User’s answer: <model_answer>
- Judgement:

Appendix B Supplementary Implementation Details
We conduct our experiments using an AMD EPYC 7313 CPU (3.0 GHz) paired with four NVIDIA RTX

4090 GPUs. We use Python 3.11.5 and PyTorch 2.3.1 for the software environment. We access meta-llama-
3-8B-Instruct via the OpenRouter (2025) API with temperature set to 0 (greedy decoding) for generating
answers from GutenQA. The detailed hyperparameters used in our experiments can be found in Table A4.

We utilize the nano-graphrag repository1 and the lightrag repository2 to implement the GraphRAG
and LightRAG baselines, respectively. For proposition generation of Propositionizer from the original
documents, we employ the chentong00/proposition-izer-wiki-flan-t5-large model.

1https://github.com/gusye1234/nano-graphrag
2https://github.com/HKUDS/LightRAG

https://github.com/gusye1234/nano-graphrag
https://github.com/HKUDS/LightRAG
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Table A4: Configuration parameters for ChronoRAG pipeline.

Parameter Value
Max token length in chunk 100
Number of cluster in chunk 10
Max token length in summarization 2000
Max token length in Entity Relation Extraction 2000
do_sample False
Summarization model meta-llama/Llama-3.1-8B-Instruct
Entity relation extraction model meta-llama/Llama-3.1-8B-Instruct
Model for answer generation unifiedqa-v2-t5-3b-4281363200
Embedding model for text embedding Snowflake/snowflake-arctic-embed-l
Max token length of context 1500
Retrieving top_k 15/each layer
Max number of retrieved passage 20

In our experiments, GraphRAG is configured in local mode and LightRAG in hybrid mode. For both
methods, we first collect candidates by taking the top 10 retrieved units from each of the entity, relation
and chunk-level views, and then construct the final context from up to 20 retrieved units, truncating the
assembled evidence whenever it exceeds the shared 1500 token budget. In contrast, because Propositionizer
yields much finer-grained and shorter textual units, we retrieve up to the top 100 propositions and retain as
many as possible within the same 1500 token constraint.
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