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Abstract

The integration of knowledge graphs (KGs) with Retrieval-Augmented Generation (RAG) has signifi-
cantly advanced domain-specific question-answering systems. However, a critical limitation persists
in existing KG-based RAG frameworks: the inability to efficiently handle localized updates within
a dynamic document corpus. Current methods typically necessitate a complete KG rebuild for even
minor changes, leading to prohibitive computational costs of large language model (LLM) token
consumption and significant KG generation time expenditure. To address this, we propose a novel
jigsaw-like methodology from subgraphs to global KG generation and maintenance. Our approach
leverages document lifecycle states (new, modified, persistent, deleted) to isolate and process only
the “delta changes’” within the corpus. By decomposing the KG into document-level subgraphs, we
enable token-efficient, localized updates where LLM extraction is invoked solely for altered documents,
while reusing subgraphs from unchanged content. We engineer and evaluate Jigsaw-LightRAG, an
extension of the vanilla LightRAG framework that implements this algorithm. Extensive experiments
on public datasets demonstrate that this new framework reduces LLM token consumption by orders
of magnitude during incremental updates while maintaining the structural integrity of the KG and
achieving performance parity with full-rebuild baselines on question answering (QA) tasks. This work
provides a computationally efficient and robust solution for dynamic Al knowledge base management,
offering substantial practical value for applications requiring frequent KG updates.

Keywords: retrieval-augmented generation; knowledge graph; large language models; artificial
intelligence; computational efficiency

1. Introduction

The rapid advancement of Large Language Models (LLMs), particularly those based on the
Transformer [1] architecture, has significantly enhanced text generation capabilities and facilitated
widespread adoption across various industries to optimize traditional information systems. However,
general LLMs are constrained by their inherent limitations in handling private or domain-specific
data due to privacy concerns and static knowledge boundaries. To address this, Retrieval-Augmented
Generation (RAG) [2] has emerged as a critical framework, enabling secure access to internal enterprise
data while leveraging LLMs for analytical and generative tasks. RAG integrates domain knowledge
retrieval with generative models, thereby enhancing the accuracy and reliability of outputs in domain-
specific applications.

Further innovations have combined knowledge graphs (KGs) [3] with RAG systems to explore
underlying knowledge structures. KG-based RAG frameworks (e.g., GraphRAG [4], LightRAG [5])
leverage LLMs for information extraction—specifically, real-world entity and relationship (interdepen-
dency) extraction—from the original corpus to enrich the knowledge layer, leading to a proliferation of
Al-powered QA systems and enterprise knowledge base applications. These systems are particularly
effective in scenarios requiring dynamic integration of structured and unstructured data.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Despite these advancements, practical engineering challenges persist. Enterprise document
management systems often manage a frequently updated corpus with version iterations and content
modifications. When the corpus is extensive and users require timely updates, existing KG-based
RAG frameworks lack the capability for localized modifications or deletions of entities and relations.
Instead, they only support incremental additions, leaving a full graph rebuild as the only viable option
to incorporate local corpus changes. This limitation results in significant computational overhead and
inefficiency.

Thus, this paper aims to analyze current KG-based RAG frameworks and develop a method
for enhancing local data update capabilities, enabling incremental KG maintenance without global
reconstruction.

Notably, enterprise document management systems maintain full document lifecycle states (new,
modified, persistent, deleted). By leveraging this lifecycle data, we categorize the corpus into Active
Unchanged and Delta Changes segments, with the former representing documents currently active
with unchanged content and the latter comprising additions, modifications, and deletions. Integrating
lifecycle into existing KG-based RAG systems allows for comparative data analysis. We then present a
temporal KG construction workflow that incorporates document lifecycle states and KG entity and
relationship data:

(i) Process localized subgraph updates for the Delta Changes segment based on lifecycle states,
while preserving subgraphs for the Active Unchanged segment.

(ii) Fuse the updated and preserved subgraphs to generate an updated KG that reflects changes
while retaining unchanged content, ensuring query usability and consistency.

In the Methods section, we provide a logical explanation and algorithmic definition of this
workflow. We additionally devise a comprehensive evaluation protocol to assess Jigsaw-LightRAG,
an engineered extension of the original LightRAG (hereafter referred to as Vanilla-LightRAG) that is
built upon the proposed algorithm. Following experimentation, the Results and Discussion section
will visually present the findings, summarize the most critical conclusion—our design aligns token
consumption to the scope of change: only delta documents invoke LLM extraction, while persistent
content reuses prior subgraphs—also demonstrate the framework’s advantages in efficiency, stability,
and robustness.

2. Method
2.1. Algorithm

To investigate dynamic updating mechanisms in KG-based RAG systems, we built a Minimum
Viable Product (MVP) using open-source implementations of LightRAG and GraphRAG. We then
incorporated per-document lifecycle state data to simulate the temporal evolution of the source corpus
in the real world, and continuously simulated and observed delta-active updates to characterize how
local corpus changes propagate through the graph.

Based on these observations, we propose a jigsaw-like methodology for dynamic KG generation.
The method enables lightweight, low-resource, and rapid reconstruction of only the affected KG seg-
ments in response to localized corpus updates, minimizing computational overhead while preserving
structural integrity. We demonstrate the feasibility and efficacy of this approach through mathematical
modeling. Building upon the Vanilla-LightRAG framework’s KG data structures and core APIs [5],
we extend its functionality to develop Jigsaw-LightRAG, a framework optimized for incremental KG
updates.

As illustrated in Figure 1, compared with traditional KG workflows that primarily support full-
corpus KG construction and simple incremental updates upon document addition, our framework
introduces the following key optimizations:

(i) Per-document Subgraph Generation: Each document is processed independently to produce a
localized subgraph capturing entities, relationships, and their associated document chunks.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(ii) Subgraph Pool with Lifecycle Management and Token Policy: We maintain a dynamic pool of

subgraphs annotated with lifecycle states. Only new and modified documents consume LLM

tokens for subgraph extraction; persistent documents reuse previously generated subgraphs

without re-extraction; deleted documents are removed without LLM calls.

(iif) Deduplication and Token-Free Global KG Reconstruction: Redundant entities and relationships

are deduplicated across all current valid subgraphs. Global reconstruction relies on code-level

aggregation and deduplication, incurring no additional LLM tokens. Consequently, token costs

are tightly coupled to the changed subgraph rather than the full corpus.

The following presents the algorithm logic in pseudocode form:

Algorithm 1 Algorithmic workflow for Jigsaw-LightRAG incremental KG updates.

Initialization:
D+ {dl,dz,. . .,dn}
P+
S + {New, Modified, Persistent, Deleted }
M(-)
)
Phase 1: Subgraph processing
foralld; € D do
if Hash(d!"") # Hash(d$*"") then
if State(d;) € {New, Modified} then
Cy, < {¢j | ¢j € Chunk(d;,9) }
Eq, +— D, Ry, + @
forallc; € Cy, do
(&, Re;) + M(cj)
gdi — édi U Sc].
le. — 7?,01!, U RC].
&4, + Deduplicate (ffdi)
R4, + Deduplicate (ﬁdl)
g < (d;,Cy,, €4, Ry,)
P (PU{g )\ {si" }
else if State(d;) = Deleted then
P« P\{gi € P|D(gi) =di}
else
continue
Phase 2: Global KG aggregation
Doctive < {d; | State(d;) # Deleted}
Cglobal — UgiePC(gi)

Egtobar < Deduplicate (Ugiep E(gi)>
Rgiobar < Deduplicate (Ugl_ep R(gi))

G« (Ductivel Calobals Eglobals Rglobal)
return G

> Text document corpus
> Subgraph pool
> Document lifecycle states

> LLM extractor; for a chunk ¢ outputs (&, Rc)

> Chunk size parameter

> Versioning
> State check
> Chunking d;

> LLM extracts entities and relationships
> Accumulate entities
> Accumulate relationships

> Entity deduplication in d;

> Relationship deduplication in d;

> Construct subgraph tuple
> Refresh pool with latest

> Remove subgraph of deleted document
> Skip processing for persistent document

> Aggregate all active documents
> Aggregate all chunks from P

> Global entity deduplication
> Global relationship deduplication
> Build global KG
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Figure 1. Jigsaw-like KG workflow vs. traditional KG workflow. (a) Traditional KG generation workflow,
supporting only incremental KG construction. (b) Jigsaw-like KG generation workflow, supporting all lifecycle
states(new, modified, persistent, deleted) subgraph generation and global KG aggregation.

Notation and Remarks

e Chunking: Chunk(d;, d) is the process of chunking d; using the chunk size of é.

*  Deduplication: Deduplicate denotes a hierarchical deduplication strategy: first normalize within
each document, then perform global disambiguation across documents.

*  Projection definition:

Vi: 8i = (di/ Cdi’ gdi’ ﬁdi)’ D(gz) = di/ C(gz) = Cdi’ E(gl) = gdi’ (gl) =

e State: State(d;) returns current lifecycle state of d;.
e Versioning: when State(d;) = New, Hash(df ") = 1; when State(d;) = Deleted, Hash(d5*'") =
1, still satisfying the condition: Hash(df %) % Hash(ds"').

After completing the algorithmic analysis and design, we re-compared the KG generation strate-
gies and graph data structures of LightRAG and GraphRAG. We ultimately selected Vanilla-LightRAG
as the foundational framework for engineering validation. Guided by the algorithmic design, we mod-
ified LightRAG’s original KG construction pipeline into a change-aware process: the LLM is invoked
only to create subgraphs for documents that have changed; subgraphs from unchanged, persistent
documents are preserved; and the two are merged to produce the final KG. After implementing all
code optimizations, we obtained an engineering-verifiable Jigsaw-LightRAG framework.

2.2. Evaluation

To rigorously quantify and evaluate the proposed Jigsaw-LightRAG framework, we focus on
the LLM resource consumption of the end-to-end pipeline, the quality of the generated KG data,
and the performance of the KG in QA evaluation. Specifically, we consider the following evaluation
dimensions:

(ED1)igsaw-LightRAG consumes LLM tokens only for chunks related to the delta documents, unlike
the other traditional frameworks, without full corpus chunks token consumption in all Delta
Changes.

(ED2)At the construction level, Jigsaw-LightRAG maintains stable entity and relationship magnitudes
and preserves KG structural similarity.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1058.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 November 2025 d0i:10.20944/preprints202511.1058.v1

50f18

(ED3)Comparing to baselines, the generated KG data by Jigsaw-LightRAG has valid and stable quality
on QA tests.

2.2.1. Baselines

To demonstrate the efficacy of the proposed Jigsaw-LightRAG framework from an architectural
perspective, a systematic comparative framework is adopted, utilizing two baseline models: Vanilla-
LightRAG (version 1.0.1), which serves as the direct architectural precursor to Jigsaw-LightRAG, and
GraphRAG (version 0.4.1), a recognized state-of-the-art KG-based RAG framework.

The comparison with Vanilla-LightRAG is designed to delineate the performance parity in core
KG metrics, such as retrieval accuracy and knowledge integration efficiency, while accentuating
the divergent capabilities in KG data maintenance, including update flexibility and scalability. This
juxtaposition aims to underscore the specific architectural enhancements contributing to Jigsaw-
LightRAG’s superior handling of dynamic knowledge structures. In parallel, the comparison with
GraphRAG positions this established framework as a neutral, mainstream benchmark, providing a
contextual reference for evaluating the performance of both Jigsaw-LightRAG and its base framework,
Vanilla-LightRAG, across standardized metrics like computational efficiency and generalization ability.

2.2.2. Datasets

To ensure a comprehensive and multifaceted evaluation of the proposed framework, we strate-
gically selected three open-source datasets renowned for their compatibility with RAG systems and
their diverse characteristics: LongBench [6], PubMedQA [7], and QASPER [8]. This selection aims
to encompass a broad spectrum of document types, query styles, and domain knowledge, thereby
facilitating a robust assessment of model performance across varied scenarios.

The sampling strategy and QA ground truth construction were meticulously designed as follows:

¢ Lifecycle states - operations projection definition: BASE = initial sampling, ADD = new, MODIFY
= modified, DELETE = deleted.

* BASE Knowledge Graph Construction: To establish a foundational knowledge base, we ex-
tracted a random sample of documents from each dataset. Specifically, 100 documents were
sampled from LongBench, 365 documents with a final answer of "YES’ were selected from Pub-
MedQA—prioritized due to their comparatively smaller average document size which allows
for a larger sample count—and 100 documents were sampled from QASPER. This initial corpus
provides a substantial and diverse basis for generating a representative knowledge graph.

e ADD, MODIFY, and DELETE Construction: To simulate a dynamic environment and assess the
framework’s adaptability to evolving information, we introduced an incremental batch of 10 new
randomly selected documents from each dataset as ADD, then randomly selected 1 of the ADD
documents as the MODIFY/DELETE target document.

* QA Ground Truth Compilation: The QA pairs corresponding to the selected documents con-
stitute the ground truth for evaluation. This resulted in 110 QA pairs from the 110 (100 BASE
sampling + 10 ADD sampling) LongBench documents, 375 QA pairs from the 375 (365 BASE
sampling + 10 ADD sampling) PubMedQA documents, and 286 QA pairs from the 110 (100 BASE
sampling + 10 ADD sampling) QASPER documents. The variance in the number of QA pairs per
document across datasets reflects their intrinsic structural differences.

2.2.3. Configuration

Throughout the experiments, OpenAl GPT-4.1 [9] is used for all KG generation and QA experi-
ments, and text-embedding-3-large, which matches GPT-4.1, is used to compute embeddings. Model
access is via the endpoint API, and we enforce deterministic behavior by setting the temperature to 0.
The chunk granularity is fixed at 1,200 tokens uniformly across datasets. All of these settings remain
unchanged across runs to minimize parameter-related bias, and all other parameters not mentioned
remain at the default settings of the framework.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3. Results and Discussion
3.1. Metrics

To evaluate the effectiveness of the Jigsaw-LightRAG framework across three dimensions (ED1,
ED2, and ED3), we followed the previously defined experimental design and preparations and
implemented iterative KG generation and subsequent modification operations. Initially, BASE KG
generation was conducted through three iterative cycles for each framework across three datasets,
yielding 27 sets of BASE KG data. These BASE KGs served as the foundation for subsequent ADD,
MODIFY, and DELETE operations. Given the complexity of multi-round iterations and computational
resource constraints, and because our focus is on assessing the stability and performance of ADD,
MODIFY, and DELETE operations, we randomly selected one KG from each triple-iteration group
under identical experimental conditions (same framework, dataset, and operation type) to serve as the
basis for ADD experiments.

ADD operations were then executed over three iterative cycles on the selected BASE KGs, produc-
ing 54 result sets that report ED1, ED2, and ED3 metrics. Building on the KGs obtained from the ADD
experiments, MODIFY and DELETE operations were performed exclusively for the Jigsaw-LightRAG
framework across all datasets, each undergoing three cycles, yielding 18 additional result sets (each
including ED1, ED2, and ED3 metrics). Hereafter, “identical experimental parameters’ or “identical
scenario’ refers to the same framework-dataset-operation combination within a triple-iteration group.
The following sections provide detailed analysis for each ED sub-dimension.

3.1.1. Token Consumption (ED1)

As illustrated in Figure 2, we present the total 63 sets of input and output token consumption
distribution results using a broken-axis chart augmented with error bars and coefficient of variation
(CV) [10] values.

This visualization is warranted because the BASE, ADD, and MODIFY operations act on markedly
different numbers of target document chunks, which in turn yield order-of-magnitude differences
in input and output token consumption. The broken-axis design places these operation types on a
comparable visual scale, alleviating distortion caused by extreme magnitudes, while error bars and CV
values convey the multi-run stability of results under identical experimental conditions.

Between adjacent groups of sub-diagrams, token consumption differ by almost an order of
magnitude (10 ) across the three operation modes: BASE, ADD, and MODIFY. Token consumption
for the DELETE operation within the Jigsaw-LightRAG framework was not recorded, as this operation
does not invoke the LLM and thus has 0 token usage. This disparity is consistent with the data
sampling operations: BASE samples 100 original documents (365 for PubMedQA), ADD samples 10
original documents, and MODIFY focuses on a single target document. Under a fixed experimental
setting, total token expenditure plausibly scales with the number of documents processed. These
observations support the intended design principle for our proposed method: when only a small
fraction of the corpus changes, the method reconstructs the updated KG with LLM token consumption
that is commensurate with the changed subgraph, rather than reprocessing the entire corpus. In other
words, token usage is roughly proportional to the number of documents affected by the operation,
enabling cost-effective updates when the delta is small. More intuitively, summing the input and
output token consumptions in each sub-diagram from Figure 2, then coupled with DELETE instruction,
we emphasize the dynamic KG data maintenance operations MODIFY and DELETE, which are only
available in Jigsaw-LightRAG framework through table 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1058.v1
http://creativecommons.org/licenses/by/4.0/

doi:10.20944/preprints202511.1058.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 November 2025

7 of 18

PubMedQA QASPER
BASE

LongBench
a BASE d 9 BASE
5.5M
> FJ‘r:!i‘v:‘c‘—‘?‘(‘RAG GraphRAG-1 3.0M GraphRAG-1 SraPRAGT
Vanilla-LightRAG (7.07M,2.43M) (5.44M,3.00M) 5.0M (5.15M,5.07M)
GraphRAG N
raphRAG-2 GraphRAG-2 4.5M GraphRAG-2
2.0M CV: 0.81%, 2.54% (7.14M,2.48M, 2.5 CV: 4.84%, 3.27% (5.52M,3.06M) CV: 1.69%, 2.28% (9.0';“,‘.99",
4.0M
GraphRAG-3 g
2 (7.02M,2.36M) CV: 2.99%, 9.56% G;sz';ﬂR‘;GZ;M
S GraphRAG-3 CV: 0.52%, 5.05% (2:3205:2219)
g CV: 1.39%, 3.05% B oM. 87M) 3.5M
© 1M Vanilla-LightRAG-1 2o jvaniliasTightRAC T Vanilla-LightRAG-1
3 (5.99M,0.39M) (2.26M,0.85M) e
g 7 CV: 1.76%, 2.95% CVIT:373612]15%) 3.0M CV: 0.44%, 2.41%
[$} Jigsaw-LightRAG-1 o =
Vapilla-LightRAG-2 Jigsaw-LightRAG-1 nilla-LightRAG-2 (2.26M,0.85M) Vanilla-LightRAG-2 {?ﬁ'ﬁ.'i'%':m 61
1.0M (3/92M,0.37M) (4.01M,0.36M) 1.5M (2.36M,0.94M) 2.5M (3.69M,1.37M) Sl T
3
3. - igsaw-LightRAG-2
figsaw-LightRAG-2 5 igsaw-LightRAG-2
LD .?zu.ssm,oflzsm (2:20M;0:82M) 2.0M 3.63M,1.38M)
1.0M
500K Jigsaw-LightRAG-3 Jigsaw-LightRAG-3 igsaw-LightRAG-3
(4.02M,0.37M) (2:2310,0:03M) 1.5M oM
N N N R T N NS O T S
B T A S S G LS S N R S S SRS
b ADD e ADD h ADD
Framework
Jigsaw-LightRAG CV: 6.14%, 1.15%
; GraphRAG-1 700K GraphRAG-1
600K Vanilla-LightRAG | (3137.60K,612.10K) (1209.95K,691.21K)
GraphRAG GraphRAG-1
SrRAGE 50K (66.89K,49.36K)
raphRAG-
1121.35K,601.1: 600K -
cvi3.27%, 1.83% D CV: 1.59%, 2.66% 150 175 078.42K)
500K GraphRAG-2 .
(65.49K,49.71K) GraphRAG-3
2 ‘"’{325‘ 2‘35-390 14K) 40K 159.50K.48560K0) 500K GraphRAG-3
g (1065, 1945907 CV: 1.61%, 6.84% CV: 0.92%, 4.98% (1173.87K,655.78K)
g CV: 0.53%, 2.03%
400K ) 5 I Vanilla-LightRAG-1 iila-Li %
e Vanilla-LightRAG-1 (55.58K,15.37K) CV: 0.43%, 1.91% (455 35K 17 015K
3 (381321185 ADK) 400K TVapilia-LightRA CV: 0.84%, 4.69%
g CV: 0.41%, 1.93% Vanilla-LightRAG-2 Jigsaw-LightRAG-1 anlllaCIphtrAG: 4
] Vaplilla-LightRAG-2 Jigsaw-LightRAG-1 30K (61.22K,20.98K) (60.52K,21.02K) (416.48K,189.33K) Jigsaw-LightRAG-1
© 300k (379.32K,141.81K) (376.28K,137.46K) (419.39K,160.57K)
Vanilla-LightRAG: sl
3 jigsaw-LightRAG-2 (5.50K,18.3 Jigsaw-LightRAG-2 300K “3jigsaw-LightRAG-2
57K e ok g 2 o) (60.02K,20.24K) 2.29K)(423.51K,170.11K)
200K 20K
Jigsaw-LightRAG-3 200K )
Jigsaw-LightRAG-3 (60.35K,20.73K) Jigsaw-LightRAG-3
(377.48K,137.78K) (416.47K,155.09K)
100K 10k 100K
« « « « « « « « « «
& S < v@ J\“ W < & ~ S & & S &e\ x’f‘
< MODIFY f MODIFY ! MODIFY
20K Framework
A Jigsaw-LightRAG Jigsaw-LightRAG-2 2K K
20K (33762,19 57K Jigsaw-LightRAG-2 Jigsaw-LightRAG-2
B (5.61K,1.47K) (6.29K,2.69K)
CV: 1.14%, 1.87%
2 2K 3K CV: 2.05%, 7.41%
9 20k CV: 0.63%, 6.55%
S 2 Jigsaw-LightRAG-1
2 ) Jigsaw-LightRAG-1
= Jigsaw-LightRAG-1 (5.60K,1.49K) (6.32K,2.81K)
3 10k (42.70K,18.88K) 1K 2K
3
Jigsaw-LightRAG-3 1K =
igsaw-LightRAG-3
18K (43.46K,19.41K) H 2K Jigsaw-LightRAG-3
750 (6.09K,2.42K)
500
18K 2K
oF oF o = o D R L L R

Input Tokens Input Tokens

Input Tokens

Figure 2. Input and output token consumption on each dataset-operation. (a) LongBench-BASE. (b) LongBench-
ADD. (c) LongBench-MODIFY. (d) PubMedQA-BASE. (e) PubMedQA-ADD. (f) PubMedQA-MODIFY. (g)
QASPER-BASE. (h) QASPER-ADD. (i) QASPER-MODIFY. Only Jigsaw-LightRAG has the capability of localized
subgraph MODIFY & DELETE operations, and DELETE consumes 0 token when generating global KG, so no
DELETE result has been presented in this figure.

Table 1. Input + Output Token Consumption magnitude comparison.

Operation

Jigsaw-LightRAG

Vanilla-LightRAG

GraphRAG

BASE (100 docs)

~3M to ~5M

~3M to ~5M

~8.5M to ~14.5M

ADD (10 docs)

~80K to ~600K

~80K to ~600K

~100K to ~1.8M

MODIFY (1 doc)

110 docs full rebuild
~8.6M to ~16.3M

Delta Only
~7K to ~62K

110 docs full rebuild
~3.08M to ~5.6M

DELETE (1 doc)

Zero Tokens

109 docs full rebuild
~3.08M to ~5.6M

109 docs full rebuild
~8.6M to ~16.3M

Legend: Normal

Note: BASE in PubMedQA sampled 365 documents. However, the volume of a single document is relatively small, so from the
chunk size perspective, it can be equivalent to 100 documents from other datasets.

The CV values across all experimental scenarios involving LLM token consumption are sum-

marized in table Al. Based on the CV data, regardless of input token or output token, the BASE
group’s CV ranges from 0.44% to 9.56%, the ADD group’s CV ranges from 0.41% to 6.84%, and the
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MODIFY group’s CV ranges from 0.63% to 7.41%. Across all scenarios, CV values are below 10%.
Based on the general experience of reference statistical measurement and research on these two in-
terdisciplinary papers [11,12], the result indicates stable convergence under consistent experimental
parameter settings, meanwhile, this series of scenarios also show a reliable and consistent overview
of our proposed method comparing to Vanilla-LightRAG and GraphRAG through all experimental
datasets. Comparative analysis across frameworks on the same dataset reveals discernible differ-
ences in token consumption, which are likely attributable to differences in KG data generation code
workflows, prompt strategies for entity and relationship extraction, and intrinsic uncertainties within
LLMs.

Mechanistically, the Jigsaw-LightRAG framework is optimized from Vanilla-LightRAG, and
both employ identical prompt strategies. According to the Jigsaw-LightRAG algorithm description,
subgraph data generation in Jigsaw-LightRAG and holistic KG generation in Vanilla-LightRAG call
the same LightRAG library functions. Under conditions of consistent sampled document chunks,
experimental environment parameters, and the same LLM, substantial deviations in input and output
token counts are unlikely. Minor variations primarily arise from semantically similar substitution
randomness in LLM-generated tokens. Moreover, recent studies by OpenAl and Thinking Machines
[13,14] report that inherent algorithmic and design limitations in LLMs can lead to hallucinations
and uncertainty, making such variability unavoidable. In contrast, the substantial disparity in token
consumption between these two frameworks and GraphRAG is primarily due to differences in KG
data generation workflows and prompt designs for entity and relationship extraction.

3.1.2. KG Structure (ED2)

For the structural experimental evaluation of KG data, we conduct a structural evaluation of KG
data along two complementary dimensions: (i) element-wise quantification of entities and relationships,
and (ii) set-level comparison using the Jaccard similarity [15]. For the element-wise analysis, we
compile 54 groups of ED2-related entity and relationship statistics. As shown in Figure 3, the maximum
CV value iterated in each scene is only 1.4%.

This positive CV outcome suggests that, when examining KG elements at the entity-wise and
relationship-wise level, the quantitative outcomes are stable across scenarios. In particular, these
results indicate that the stability of KG generation in element-wise quantification appears robust with
respect to the underlying framework and dataset. Notably, under the Jigsaw-LightRAG method, BASE,
ADD, MODIFY, and DELETE operations do not affect the observed stability of KG generation.

Furthermore, the two fundamental KG components—entities and relationships—are naturally
represented as sets, so we adopt the strategy of using the Jaccard Coefficient for set similarity com-
parison, as employed for keyword sets in [16], and instantiate a similarity formulation tailored to KG
entity and relationship sets:

Ey={id(e) [e€ &1}, Ex={id(e) [e€ &},
Ry = { (src(r), tgt(r), reltype(r)) | r € R1}, Ro = { (src(r), tgt(r), reltype(r)) |[r € Ry },

Joni _ BN B Jeetat _ [RiNRy|
entity | Eq U E2|’ relation | R, U R2|'

1)

Here, id(-) extracts the unique entity identifier; src(-), tgt(-), and reltype(-) extract source, target,
and relationship_type, respectively. The intersections E; N E; and Ry N R; are thus computed by
equality of identifiers and equality of triple fingerprints.

We compute Jaccard similarity for any pair of iterations within the same scenario group and
obtain 45 groups of entity and relationship Jaccard similarity scores.

According to Figure 4, the CV of these scores exhibits an upper bound of 1.6% and a lower bound
of 0.1%.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Entity and relationship quantity. (a) LongBench entity sets. (b) LongBench relationship sets. (c)
PubMedQA entity sets. (d) PubMedQA relationship sets. (e) QASPER entity sets. (f) QASPER relationship sets.
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Figure 4. Jaccard similarity. (a) LongBench entity Jaccard sets. (b) LongBench relationship Jaccard sets. (c)
PubMedQA entity Jaccard sets. (d) PubMedQA relationship Jaccard sets. (e) QASPER entity Jaccard sets. (f)
QASPER relationship Jaccard sets.

This within-group CV range indicates that, when assessed via entity/relationship set similarity,
repeated iterations under the same scenario are comparatively stable. In contrast, between-group
CV differences likely arise from two factors: (i) properties intrinsic to LLMs and framework-level
differences, as previously discussed in ED1; and (ii) dataset-specific characteristics, including data
quality and the content of sampled items, which can affect final Jaccard scores.

3.1.3. KG Quality (ED3)

To assess the quality of KG data generated under distinct experimental scenarios through the
effectiveness of RAG question answering (QA), we adopt established evaluation frameworks for RAG
systems as proposed in [17-19]. These frameworks comprise widely used metrics, including precision,
recall, and F1-Score. Given that the experimental datasets provide only QA ground truth—without
entity-level or relationship-level ground truth—we operationalize recall following the approach in
RAGAS [20]: token recall is computed via token-level matching between the predicted answer and the
ground truth answer, whereas context recall is computed by comparing the set of referenced source
documents for the predicted answer against the ground truth document set.

Because token-level accuracy alone may be insufficient to capture semantic correctness, especially
for precision and the derived F1-Score, we further employ a semantic evaluation method based on
the LLM-as-a-judge paradigm [17,21]. Concretely, for each test instance, the semantic answer and its
corresponding ground truth answer are presented to the LLM as A/B candidates for semantic scoring,
using the following rubric:

Score 5 (Semantically equivalent): The predicted answer conveys the same meaning as the standard
answer, even if worded differently.

Distributed under a Creative Commons CC BY lice
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Score 4 (Mostly similar): The predicted answer captures most of the meaning and key points of the
standard answer.

Score 3 (Partially similar): The predicted answer shares some key concepts or ideas with the standard
answer.

Score 2 (Mostly different): The predicted answer has minimal semantic overlap with the standard
answer.

Score 1 (Completely different): The predicted answer has no semantic overlap with the standard
answer.

We performed QA testing via LLM APIs on matched sampled documents from LongBench,
PubMedQA, and QASPER. The testing protocol was as follows:

BASE: On nine randomly selected groups of BASE KG data, we posed 100 LongBench, 365 Pub-
MedQA, and 246 QASPER BASE sampling QA queries to the LLM, each returning a single-turn
answer comprising the semantic answer and a referenced file list.

ADD: On each group of ADD KG data, we posed 10 LongBench, 10 PubMedQA, and 40 QASPER
ADD sampling QA queries. To mitigate potential instability due to small sample sizes, each
single question was queried in three independent rounds, producing answer data with the same
structure as in the BASE tests.

MODIFY and DELETE: Within the Jigsaw-LightRAG framework, we conducted tests on nine groups
of MODIFY KG data and nine groups of DELETE KG data. For each modified or deleted target
document, we executed five rounds of single-question QA (informed by sampling and self-
consistency analyses in [22,23]). A TOP-1 answer was then determined via majority voting across
the five samples, and additional sampling was deemed unnecessary.

After completing all QA tests, we first computed token recall according to:

P = Tok(prediction),

G = Tok(ground truth), )

PNG
Recalligyen = | G| |

Here, Tok(+) maps text to its set of tokens; P is the token set of the LLM predicted answer, and G is the
token set of the ground truth.

by token-level comparison between the predicted and ground truth answers. We then computed
context recall according to:
A = Files(actual),
E = Files(expected),
(expected) 3)
|ANE|

Recallcontext = | E |

Here, Files(-) returns the set of unique filenames; A is the set of retrieved files by LLM, and E is the set
of expected files. The intersection A N E is computed by exact filename equality.

by comparing the predicted answer’s referenced original document set with the ground truth refer-
enced document set. The recall rates have been presented in Figure 5:
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Figure 5."KG Recall. (a) LongBench token and context recalls. (b) PubMe‘ﬁéA token and context recalls. (c)
QASPER token and context recalls.

Two scenario-specific observations warrant clarification. First, the 50% context recall for QASPER
under the MODIFY scenario reflects a deliberate complete replacement of the target document’s
content; consequently, the QA tests cover both the original document’s QA and the QA associated
with the replacement content, yielding a 50% context recall. Second, the 0% context recall observed in
all DELETE scenarios indicates that, after deletion, content from the removed documents cannot be
retrieved by design.

Aggregating the CV values shown above, we derived table A2, which reports group-wise (except
DELETE) ranges from 0.29% to 7.3%, CV data with a maximum value not exceeding 10%. Across all
same-scenario experiments, Jigsaw-LightRAG exhibits stable performance on both token recall and
context recall. Regarding the DELETE operation, the CV of recall is inflated because the removal of
supporting documents prevents retrieval from returning answer-bearing evidence; consequently, the
LLM generates semantically unconstrained negative responses, which introduce substantial variability
into the computed recall and thus increase the CV.

Secondly, the semantic scores were summarized in Figure 6. Similarly, we extracted the CV values
into table A3, all explicit data can support the following conclusions:

(i) All CV values below 10% (except DELETE) indicate that multiple iterations under the same
scenario and cross-group CV comparison jointly demonstrate the framework’s stability.

(ii) Differences across datasets reflect inherent variations in dataset QA design rather than strong
framework-specific effects.

(iii) Scores in the DELETE scenario are lower and exhibit higher intra-group variability relative to
other scenarios. Examination of actual answers indicates that the LLM often cannot retrieve any
content, while negative conclusions may nonetheless share certain clauses or tokens with the
ground truth. Hence, lower and less stable scores in DELETE do not necessarily indicate inferior
QA performance; rather, they result from the consistent application of the scoring rubric.

a LongBench b PubMedQA ° QASPER
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Figure 6. KG Semantic. (a) LongBench semantfic similarity scores. (b) PubMedemA semantic similarity scores. (c)
QASPER semantic similarity scores.
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Detailed QA examples for MODIFY and DELETE are provided in appendix B. While (ED2)/(ED3)
demonstrate stable structure and QA quality, (ED1) indicates the most valuable optimization, a
substantial reduction in token consumption, evidencing a favorable cost-effectiveness profile.

3.2. Ablation Discussion

The experimental series is constructed upon a BASE KG, with incremental integration of ADD,
MODIFY, and DELETE operations to investigate the framework’s performance. The core design
principle follows an ablation study methodology, wherein the systematic removal or modification
of components isolates their individual contributions. The effectiveness of the proposed Jigsaw-
LightRAG framework is rigorously evaluated across three distinct dimensions (ED1, ED2, ED3),
demonstrating significant improvements over baseline approaches. A dedicated ablation experiment
solely for the optimization components was deemed redundant. This is because deactivating these
specific optimizations consistently causes the experimental results to revert to those achieved by the
Vanilla-LightRAG framework, thereby intrinsically validating their necessity and impact.

Furthermore, this series of experiments deliberately omits the recording and statistical analysis of
the time required for KG data generation during each iteration. The primary rationale is that contempo-
rary frameworks, including Jigsaw-LightRAG, Vanilla-LightRAG, and GraphRAG, inherently support
concurrent calls to LLMs for KG construction. Consequently, the specific configuration of concurrency
parameters becomes a dominant, variable factor influencing generation latency. Compounding this
issue are the fundamental differences in KG generation workflows and the prompt strategies employed
for entity and relationship extraction across these frameworks. Given the confluence of these uncon-
trolled variables, which precludes a precisely controlled ablation design for time metrics, a statistical
comparison of KG generation latency lacks the mathematical rigor necessary for conclusive proof.

However, an analysis of token consumption, particularly for MODIFY and DELETE operations,
provides a robust proxy for efficiency. The analysis leads to a general conclusion: the Jigsaw-LightRAG
framework consumes significantly fewer tokens when processing minor changes to the original data
compared to the token expenditure required by other frameworks for a complete KG rebuild. This
substantial reduction in computational load, as measured by token usage, strongly suggests that the
Jigsaw-LightRAG framework would also achieve a correspondingly lower KG generation time under
equivalent conditions.

3.3. Generalizability Discussion

The proposed methodology, which operates on the principle of maintaining graph data at the level
of original corpus documents, demonstrates significant theoretical generalizability to other KG-based
RAG frameworks. This generalizability is contingent upon the target framework possessing two critical
characteristics: Firstly, the graph data, encompassing entities and relations, must support distributed
generation and allow for flexible deduplication strategies. These strategies, which may be based
on identifiers, semantic similarity, or other criteria, are essential for ensuring data consistency and
integrity across decentralized operations. Secondly, the framework must maintain a robust mapping
structure that connects documents — chunks — (entities, relations). This mapping is a prerequisite for
efficiently locating and maintaining the specific subgraph of entities and relations associated with a
lifecycle document, enabling precise and granular updates to the knowledge graph.

4. Conclusions

This study addresses the persistent challenge of dynamic maintenance in KGs generated us-
ing LLMs. Traditional LLM-driven KG construction approaches often require complete regenera-
tion from scratch when the source corpus undergoes updates, leading to significant computational
costs—particularly in terms of LLM token consumption—and reduced robustness against network
instabilities or model errors. To overcome these limitations, we propose a lightweight, structured
pipeline that ingeniously leverages the data association between the lifecycle data of the original
corpus and the KG data.
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Our method organizes the construction process into sequential stages: from raw text chunks to
KG subgraphs, followed by integration into a cohesive knowledge graph. This modular design is
implemented within the Vanilla-LightRAG framework. Experimental validation demonstrates that
when the source corpus undergoes incremental additions, modifications, or deletions, our framework
achieves rapid KG regeneration with a fairly low LLM token consumption. Moreover, in cases of partial
failure—such as network errors or LLM inaccuracies—only the changed portions consume additional
LLM tokens to regenerate the corresponding KG subgraphs, followed by code-level reintegration,
avoiding invoking LLM for full KG reconstruction. This stands in contrast to conventional methods,
which often necessitate complete re-invocation of LLM APIs for regeneration, resulting in higher token
usage and longer processing times.

The resulting KG maintains structural and semantic consistency in terms of topology and scale
and performs robustly in downstream tasks such as RAG. It meets a stable and effective standard with
no defects or anomalies observed in our evaluations, while avoiding unexpected generation errors and
token waste. Consequently, the proposed method is particularly suitable for applications requiring
frequent KG updates, such as document versioning systems integrated with RAG, offering significant
improvements in operational cost, maintenance time, and the utility of KG-based retrieval. In the
current trend of widespread Al industrialization, this approach offers substantial practical value from
both economic and performance perspectives.
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Appendix A. CV metrics in experiment results

Table A1. CV (%) for Input and Output Tokens by Method, Task, and Dataset.

LongBench PubMedQA QASPER
Input(%) Output(%) Input(%) Output(%) Input(%) Output(%)
J-BASE 1.76 2.95 1.37 2.15 0.44 241
V-BASE 1.39 3.05 2.99 9.56 0.52 5.05
G-BASE 0.81 2.54 4.84 3.27 1.69 2.28
J-ADD 0.41 1.93 0.43 1.91 0.84 4.69
V-ADD 0.53 2.03 1.61 6.84 0.92 4.98
G-ADD 3.27 1.83 6.14 1.15 1.59 2.66
J-MODIFY 1.14 1.87 0.63 6.55 2.05 7.41
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Table A2. CV (%) for recall by Method, Task, and Dataset. For each CV on a grouped scenario, the recall of each
iteration refers to the definition:

. Ttoks ifrex =0,
ave — W, otherwise.
LongBench(%) PubMedQA (%) QASPER(%)

J-ADD 3.87 0.45 2.56
J-MODIFY 1.45 2.57 1.89
J-DELETE 27.57 495 34.48
V-ADD 5.13 0.29 4.89
G-ADD 6.18 0.97 7.30

Table A3. CV (%) for semantic similarity by Method, Task, and Dataset.

LongBench(%) PubMedQA (%) QASPER(%)
J-ADD 1.24 1.77 1.48
J-MODIFY 0.00 3.15 3.43
J-DELETE 24.74 12.37 29.40
V-ADD 6.31 1.11 3.55
G-ADD 4.77 3.09 4.58

Appendix B. Supplementary Explanation on Experiment

We evaluate the MODIFY and DELETE experiments of the Jigsaw-LightRAG framework in ED3.
Target documents were randomly selected from different datasets, and we performed entity nodes’
degree measurement analysis of the entities associated with each target. Based on this analysis, we
decided to apply the following modifications to the original target documents:

(i) LongBench: we selected a common entity that had been extracted across multiple original
documents under prior BASE and ADD scenarios, 'CoNLL2003" and changed it to a fabricated
name, 'NoCl12025’

(i) PubMedQA: we selected an entity that appears only in this document, ‘iron (Fe)” and changed it
to 'lead (Pb)’

(iii) QASPER: we replaced the entire original content of the target document with a synopsis of a
novel.

The processed highlighted context is shown in Figure A1.
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For the NER task, we consider both Chinese datasets, i.e., OntoNotes4.0 BIBREF34 and MSRA BIBREF35, and English datasets, i.e.,
NoCl112025 BIBREF36 and OntoNotes5.0 BIBREF37.

NoCl12025 is an English dataset with 4 entity types: Location, Organization, Person and Miscellaneous. We followed data processing protocols
in BIBREF14.
[LongBench]

The purpose of this study was to determine whether patient outcomes were adversely affected as healthcare referral values increased for two
common poisonings: acute, unintentional acetaminophen (APAP) poisonings and acute, unintentional lead (Pb) poisonings. We hypothesized that
symptom rates would increase with high referral values. Qualifying 1997 exposures were separated by substance (APAP or Pb) and then further

stratified into three healthcare referral value ranges.
[PubMedQA]

Introduction
Journey to the West is a 16th century Ming dynasty novel attributed to Wu

lachine Reading Comprehension (MRC) has gained growing interest in h ) : L5 CYT !
he research community BIBREFO , BIBREFI . In an MRC task, the Cheng’en and widely regarded as a classic of Chinese literature. Inspired by
machine reads a text ],'N nd a question, a e (e e an > the real seventh century pilgrimage of the Buddhist monk Xuanzang

mnswer based on the pass This requires the machine to possess strong (Tripitaka) to India, the story transforms his journey into a fantastical quest

. for sacred scriptures.
-omprehension, inference and reasoning capabilities or sacred scripture

: : [QASPER]

Figure A1. Highlighted modification context for each document across datasets.

After completing the modifications for the three target documents from different datasets, we
generated the MODIFY graphs by leveraging the graphs produced in each ADD iteration, keeping
the additional LLM token consumption at a single-document magnitude. We then appended one new
question to match the new content of the QASPER target document and conducted five rounds of
single-question QA tests for all target documents. Figure A2 reports the TOP-1 results, defined as the
answers corresponding to the most frequently occurring similar semantics across rounds.

— [LongBench]

English datasets including CONLL2003 and OntoNotes5.0, our
proposed method outperforms BERT-MRCBIBREF38 by +0.29 and
+0.96 respectively, Chinese datasets, achieving F1 improvements by
+0.97 and +2.36 on MSRA and OntoNotes4.0, respectively

What thod's i ts of F1 for NER task for English
at are method's improvements of or ask for Englis] ] Ground Truth

Question [ and Chinese datasets?

## Improvements in F1 for NER Task on English and Chinese Datasets The method described in the provided content introduces a new
TOP-1 answer loss function, DSC loss, and evaluates its impact on Named Entity Recognition (NER) tasks across both English and Chinese datasets.
The improvements in F1 score are reported as follows: ### English Datasets - **NoCl12025**: The proposed method ...

— [PubMedQA]

Do poison center guidelines adversely affect patient outcomes as ]

Question [ S S W — Referral values as high as 201 mg/kg for APAP and 61 mg/kg for Fe do ]

not appear to adversely affect patient outcomes.

Ground Truth [

## Summary of Findings Based on the data provided from a study examining acute, unintentional acetaminophen (APAP) and lead (Pb)

TOP-1 answer poisonings, there is no evidence that increasing healthcare referral values in poison center guidelines adversely affect patient outcomes.
— [QASPER]
Original Question [ What is the data selection paper in machine translation? ] Ground Truth [ BIBREF7; BIBREF26 ]

Based on the provided data, there is no explicit mention or description of a "data selection paper" in the context of machine translation.
TOP-1 answer The available sources and entities focus on evaluation metrics (such as BLEU and BLEU Score), toolkits (like the Moses toolkit), and

Sun Wukong: The Monkey King

. . Sun Wukong, also known as the Monkey King, is one of the central
?
New Question WD B Lo Ground Truth characters in the classic 16th-century Ming dynasty novel *Journey to

the West* ...

Sun Wukong, also known as the Monkey King, is a central character in the classic 16th-century Chinese novel Journey to the West, which

TOP-1 answer
is attributed to Wu Cheng’en. ...

Figure A2. QA results relative to the modified content.
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Following the MODIFY QA evaluation, we continued with the DELETE experiment. We changed
the lifecycle state of the three target documents to deleted, and directly performed dynamic subgraph
re-aggregation on the MODIFY iteration graphs to remove the target-document subgraphs. We
materialized the corresponding DELETE graphs with no LLM token consumption. Finally, for each
DELETE graph iteration, we asked questions related to the deleted target documents and obtained
True Negative TOP-1 results, again determined by the most frequently occurring similar semantics
across five rounds.
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