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[Abstract]

Conventional chunking methods process each chunk independently, causing essential context to be omitted when segmenting
narrative data with long-range dependencies, such as novels or screenplays. Therefore, this study proposes a sequential context
injection—based chunking method that selectively summarizes and integrates past context necessary for understanding the current
chunk. Experimental results on the NarrativeQA dataset show that the proposed method achieves higher context recall than
existing approaches across all settings, effectively securing the information required for answer generation with fewer retrieved
chunks. Although this study was conducted on a limited data scale, future studies should validate generalizability across diverse
datasets to further enhance the reliability and practical applicability of the proposed method.
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Table 1. Prompt for context-aware summary generation

Content

You are an expert in narrative flow analysis.
[Retrieved Past Context]
[Current Chunk]

Based on the retrieved past context, summarize key information
helpful for understanding the current chunk in 1-2 sentences. If not
relevant, output “No relevant information”.
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Table 2. Example of context injection results.

Stage Content

NICK: I'm talking personal, private stuff. The stuff
that nobody on earth is supposed to hear, | hear that
stuff! You know what I’'m saying, man? | can hear
what women think.

MORGAN: Can you? Good, 'cause that’s not a talent
a lot of guys have these days.

NICK: Oh, you don’t believe me, huh? You want me
to prove it?

NICK (O.S.): See this attorney coming toward us?
MORGAN (0.S.): Yeah.

In the previous scenes, Nick recounts a humorous
incident where he accidentally electrocuted himself
while trying on women’s products, which resulted in
him gaining the ability to hear women’s thoughts.
This sets the stage for the current chunk, where Nick
is trying to convince Morgan of his newfound ability,
leading to a challenge to prove it as a woman
approaches.

Original

Summary

[Context Summary] In the previous scenes, Nick
recounts a humorous incident where he accidentally
electrocuted himself while trying on women’s
products, which resulted in him gaining the ability to
hear women’s thoughts. This sets the stage for the
current chunk, where Nick is trying to convince
Morgan of his newfound ability, leading to a
challenge to prove it as a woman approaches.
NICK: I’'m talking personal, private stuff. The stuff
that nobody on earth is supposed to hear, | hear that
stuff! You know what I'm saying, man? | can hear
what women think.

MORGAN: Can you? Good, 'cause that’s not a talent
a lot of guys have these days.

NICK: Oh, you don’t believe me, huh? You want me
to prove it?

NICK (O.S.): See this attorney coming toward us?
MORGAN (0.S.): Yeah.

Result
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Table 3. Data of the 5 selected stories from the NarrativeQA

dataset

No. (LCer:frt:) (#522:12) Questions

1 307,482 59,522 30

2 283,946 51,337 30

3 345,973 65,825 28

4 147,698 49,756 29

5 209,986 74,488 29
Total 1,295,085 300,928 146
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Table 4. Performance comparison between baseline chunking
methods and the proposed method
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Fig. 2. Visualization of performance comparison between
baseline chunking methods and the proposed method
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Method k=1 k=2 k=3 k=4 k=5 of past chunks(%,,,,)
Fixed 0.327 | 0.466 | 0.523 | 0.554 | 0.596 Method | k= k=2 | k=3 | k=4 | k=5
Chunking
: ke =1| 0421 | 0552 | 0606 | 0.632 | 0.657
Recursive | 344 | 0433 | 0484 | 0514 | 0.553
Chunking : : : : : k=3 | 0416 | 0544 | 0600 | 0620 | 0.643
Semantic | a39 | 0470 | 0543 | 0592 | 0.616 ky,q =5 | 0.432 | 0537 | 0.583 | 0.617 | 0.640
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Proposed 0.421 0.552 0.606 0.632 0.657
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Table 6. Token cost analysis across chunking methods

Method Total Final Chunk Additional Input
Chunks Tokens Tokens
Fixed
+ -
Chunking 1621 231.7+77.2
Recursive
+ -
Chunking 1683 205.3 £ 70.7
Semantic
791 1 +£482.4 -
Chunking 9 380 8
Proposed
_ 1683 2759+ 731 | 4711 £131.6
(kpasl - 1)
Proposed
_ 1683 278.0 £ 73.0 | 895.1 £ 249.8
(kpast - 3)
Proposed
_ 1683 278.1 £ 72.6 | 1319.5 £ 374.1
(kﬁast - 5)
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