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Abstract

Existing Retrieval-Augmented Generation
(RAG) methods predominantly retrieve doc-
uments by relying on surface-level similarity
to the query or by aligning entities and rela-
tions to the graph. However, in multi-hop sce-
narios, such strategies frequently yield insuffi-
cient or redundant retrieval, failing to account
for document complementarity and potential
information gain, which are critical for effec-
tively reducing query uncertainty. To address
this issue, we introduce iG2RAG, which con-
structs a novel information Gain Graph as the
foundation of the retrieval process. In the of-
fline phase, we treat documents as nodes, mine
similar neighbors to form subgraphs, and use
a Large Language Model (LLM) to evaluate
these neighbors, creating an information gain
graph. During the online query phase, seed
nodes are identified based on the query, and
the Personalized PageRank (PPR) algorithm is
applied to iteratively retrieve the optimal set of
documents with high information gain. This
process simulates foraging behavior, where the
information gain graph acts as a map and PPR
mimics the search for better food. Our exper-
iments show that iGZRAG outperforms base-
lines on multi-hop datasets, achieving state-of-
the-art results and validating the framework’s
effectiveness.

1 Introduction

RAG has emerged as a critical approach to miti-
gating the hallucination problem in large language
models (LLMs) (Lewis et al., 2020; OpenAl et al.,
2024). Its central idea is to enhance the generation
process by retrieving relevant evidence documents
from external knowledge bases (Mei et al., 2025;
Singh et al.). Although initially introduced several
years ago, RAG remains indispensable in many
LLM applications, as it improves performance even
under constrained model capacity (Huang et al.).
Notably, the evolution of RAG has shifted from
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Figure 1: Graph-based RAG relies on query—entity triple
matching, which is insufficient as many implicit rela-
tions cannot be directly linked. In contrast, iG2RAG
matches queries with documents and leverages informa-
tion gain edges to capture complementary evidence.

relying on retrievers to fetch highly similar doc-
uments toward the graph-based RAG paradigm,
which leverages structured knowledge bases as a
core feature, thereby demonstrating stringent re-
quirements for the quality of retrieved documents
(Gao et al., 2023; Peng et al., 2024).

However, when addressing multi-hop questions,
both similarity-based RAG and graph-based RAG
baselines exhibit inherent limitations, as such
queries typically require diverse and complemen-
tary evidence to support accurate reasoning (Zhang
et al., 2025a; Saleh et al., 2024). Similarity-
based RAG tends to retrieve a set of documents
with high surface-level semantic similarity to the
query. While these documents are indeed relevant,
they often contain substantial redundancy and con-
tribute little new insight for subsequent generation
(Zhuang et al., 2024). In contrast, graph-based
RAG constructs nodes by extracting entities and re-
lations from documents using an LLM and retrieves
documents through structured element matching
(Guo et al., 2024; Edge et al., 2024; Jimenez Gutier-
rez et al., 2024). Although this approach can par-
tially reveal latent entity relations to support multi-
hop reasoning, the organization of nodes neglects
the contextual information of the original corpus
(Xu et al., 2025). Consequently, prioritizing entity-
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Figure 2: The framework of iGZRAG. In the offline phase, we construct an information gain graph using document

chunks as nodes and information gain as edge weights.

In the online phase, we perform a Personalized PageRank

(PPR) walk on the information gain graph, starting from seed nodes that are most similar to the query, to retrieve
documents that maximize informational gain for the query.

level relational similarity can introduce approxi-
mate but spurious links or semantically similar yet
nonequivalent entities, leading to redundant or even
misleading retrieval and weakening the focus on
cross-document informational complementarity, as
illustrated in Figure 1. Whether similarity-based
or graph-based, the retrieved document sets may
not provide sufficient support for the final answer.
This reveals a core limitation of existing RAG ap-
proaches, namely their lack of consideration for
document complementarity during retrieval (Zhang
et al., 2002). In essence, these methods over-
look whether retrieved documents provide com-
plementary knowledge and effective information
gain, thereby failing to reduce query uncertainty.

Consequently, we proposed an informational
Gain Graph-based RAG framework, termed
iG’RAG, which aims to minimize query uncer-
tainty through an optimized retrieval process and
thereby ensure improved generation performance,
as shown in Fig. 2. Specifically, we construct the
corpus as a graph, where iG?RAG differs from
prior approaches by defining document chunks,
rather than entities, as nodes. At the same time,
instead of adopting traditional relations as edges,
we determine edge weights based on the LLM’s
evaluation of informational gain between chunks,
resulting in the construction of an informational
gain graph. In this graph, each chunk computes
its informational gain with its n nearest neighbors
to assign the corresponding edge weights. On this
basis, the key challenge lies in how to perform ef-
fective retrieval over the informational gain graph.

Inspired by animal foraging theory, we adopt the
classical random walk algorithm, namely Person-
alized PageRank (PPR) (Page et al., 1999), to effi-
ciently traverse the graph structure. iG?RAG first
selects h chunks with the highest similarity to the
query as seed nodes and then executes PPR on the
informational gain graph until convergence. This
process parallels the foraging behavior of animals,
where they follow an “information scent” to ex-
plore promising paths in search of the most valu-
able food clusters (Pirolli and Card, 1999). In our
framework, informational gain serves as the “in-
formation scent”, while the PPR strategy guides
the model to explore and aggregate the most valu-
able information within the graph. In summary, the
main contributions of this paper are as follows:

* We proposed iGZRAG, a graph-based retrieval
framework that pioneers the explicit modeling
of inter-document relationships through the
perspective of information gain.

* We formulate an information-gain-driven
graph representation that treats document
chunks as nodes and weights edges by their
potential to reduce query uncertainty, and we
integrate PPR to identify complementary doc-
ument sets with maximal informational value.

* We present comprehensive experiments on
public multi-hop query-answer benchmarks,
showing that iGZRAG achieves substantial im-
provements over strong baselines, highlight-
ing its advancement and effectiveness.



2 Related Work

RAG. Although RAG was first proposed in 2020
(Lewis et al., 2020), its value in LLLM applications
remains significant, even for models equipped with
long context windows (Chang et al., 2024; Dong
et al., 2025). Early research in this area primarily
focused on more efficient methods for database
chunking, such as MetaChunking (Zhao et al.,
2024) and LateChunking (Glinther et al., 2024).
However, with the advancement of LLMs, rule-
based data organization has gradually been super-
seded by the models’ intrinsic capabilities for data
comprehension and structuring. Concurrently, pow-
erful dense retrievers like Qwen3-Embedding-8B
(Zhang et al., 2025b) and NV-Embed-v2 (Lee et al.,
2024), which are comparable in scale to LLMs,
have significantly improved the efficiency of vector-
ization and matching. This has allowed traditional
RAG pipelines to continue achieving excellent re-
trieval performance and enhance answer quality.
Nevertheless, in multi-hop question scenarios, a
sole reliance on surface-level similarity matching
struggles to capture the latent connections between
a query and the knowledge base, often leading to
the retrieval of repetitive or redundant information.

Structured-Augmented RAG. To address multi-
hop questions, structured-enhanced RAG improves
retrieval by extracting entities or relations from the
corpus to build knowledge graphs (Gao et al., 2025).
Representative works include RAPTOR (Sarthi
et al., 2024), which strengthens cross-corpus links
via recursive tree-structured retrieval; GraphRAG
(Edge et al., 2024) and its lightweight variant Ligh-
tRAG (Guo et al., 2024), which employ LLMs
for graph construction; and HippoRAG?2 (Gutiér-
rez et al., 2025), which extends entity relations
with phrase-based links and document nodes for
a more refined pipeline. Yet these methods often
rely on entity or phrase matching, where associ-
ations to the source text may be weak, leading
retrieval to favor relationally similar but topically
divergent documents, thereby introducing redun-
dancy. Such redundancy stems from overlooking
document complementarity. An effective retrieval
set should preserve thematic consistency while con-
tributing novel information to reduce query uncer-
tainty. This paper proposes a graph-based frame-
work that improves question answering by empha-
sizing complementarity and information gain in
retrieval.

Iterative RAG. Such approaches typically em-
ploy multi-turn retrieval interaction mechanisms
spanning both unstructured corpora and struc-
tured knowledge bases, thereby constituting a
Retrieval-Augmented Generation paradigm cen-
tered on agent-based workflows. Representative
studies, such as Iter_RetGen (Shao et al., 2023)
and IterDRAG (Yue et al., 2025), leverage Chain-
of-Thought (CoT) frameworks to facilitate itera-
tive interactions with knowledge bases. Further-
more, research efforts including TRACE (Fang
et al., 2024), GraphReader (Li et al., 2024), and
GeAR (Shen et al., 2025) prioritize the multi-hop
exploration of structured knowledge repositories.
However, these approaches exhibit notable limita-
tions. While continuous iteration significantly en-
hances multi-hop QA performance, they inevitably
incur substantial online inference overhead. Fur-
thermore, the unguided retrieval of related docu-
ments often introduces unnecessary noise. Cru-
cially, this paper proposes a robust graph-based
solution designed to achieve optimal inference via
a single-pass retrieval-generation framework. This
approach effectively shifts the computational bur-
den to the offline construction phase, thereby sig-
nificantly reducing online latency while identifying
key documents through information gain guidance.

3 Method

Overview. In this section, we will introduce the
construction process of iGZ?RAG. Section 3.1 will
describe the offline construction of the informa-
tion gain graph, Section 3.2 will introduce how to
traverse the information gain graph using Person-
alized PageRank, and Section 3.3 will explain the
advantages of incremental graph updating.

3.1 Offline: Information-Gain Graph
Construction

Nodes. Both Naive RAG and graph-based RAG
require tailored processing of the database. For
iG?RAG, the primary objective during the offline
knowledge base construction phase is to create an
information gain graph. However, in the absence of
prior knowledge about user queries, it is infeasible
to predetermine the information gain for specific
queries, making it challenging to directly reduce
uncertainty. Instead, during the offline phase, only
document chunks are available from the knowledge
base. Consequently, iG?RAG constructs the infor-
mation gain graph using these chunks as nodes



(v € V). Intuitively, in the online phase, queries
are matched against these chunks, implying that
chunks indirectly represent the distribution of fu-
ture queries.

Edges. Having established documents as graph
nodes, we proceed to define their interconnections.
Motivated by the objective of discovering novelty
and complementarity among documents, we con-
struct directed edges (£) weighted by information
gain to facilitate targeted graph traversal during the
subsequent offline retrieval process. In contrast to
similarity metrics that merely capture content over-
lap, the utilization of information gain establishes
an information flow at the semantic level.

Information Gain Graph. Under the setting
where chunks serve as nodes, a critical challenge
arises: directly computing information gain for all
pairs of chunks incurs prohibitively high computa-
tional costs and results in an inefficient construction
process. To address this, we adopt a coarse-to-fine
construction strategy.

First, we operate in the embedding representa-
tion space (E € RV*%) to efficiently acquire the
local neighborhood for each chunk. For each node
v, we construct a candidate subgraph by retrieving
the top-n neighbors based on cosine similarity:

Gub(vi, Neighbor(Egirn)) € RY*™, (1)

where Neighbor(+) denotes the set of neighboring
nodes obtained using a simple top-n strategy, and
Esim represents the normalized similarity. This
step effectively prunes the search space, providing
a manageable candidate set (unweighted subgraphs
G"up) for fine-grained analysis.

Subsequently, we refine these subgraphs by eval-
uating the directed semantic increment. Drawing
inspiration from information theory, we reframe
information gain as the magnitude of the seman-
tic state update. Specifically, we aim to assess the
Semantic Divergence introduced by a candidate
chunk v; given a baseline v;. We formalize this as
an ideal semantic divergence function JF:

wiy = F(vj | vi) 2

where w;; represents the theoretical magnitude of
the update between the knowledge state of v; and
the updated state incorporating v;. Theoretically,
this corresponds to the Kullback-Leibler (KL) Di-
vergence between the underlying latent semantic

distributions (see Appendix D.1). However, in a

complex high-dimensional semantic space, explic-
itly modeling such precise distributions is compu-
tationally expensive and intractable.

To construct a robust graph structure, we lever-
age the LLM (M) as a parameterized Semantic
Distance Metric to approximate this ideal value.
To overcome calibration noise, we apply a quantiza-
tion function ()(-) to map the continuous estimation
into discrete edges:

wij ~ Q(M(v; | vi)) €C 3)

where w;; is the final discrete edge weight and
C = {Redundant, Minor, Significant, Novel} de-
notes the set of information categories.

Ultimately, we concatenate all processed
nodes to form the final global graph structure
Ginfo(V, Einfo) € RN where edges are explic-
itly weighted by their robust information gain. The
pseudocode for constructing the information gain
graph and detailed theoretical analysis can be found
in the Appendix D.1 and Algorithm 1.

3.2 Online: Graph PPR Search

Based on the obtained Gy, ro(V, Ein o), this work
employs the classic Personalized PageRank ran-
dom walk algorithm to integrate knowledge via in-
formation gain. This differs from prior approaches
which match the query with entity nodes before per-
forming the walk. In contrast, our method matches
the query with chunk nodes to anchor the top-h
relevant nodes and subsequently expands via ran-
dom walks. Since information gain is established
between chunks, directly matching the query en-
ables the implicit transfer of information gain to
the query, thereby reducing its uncertainty. The
pseudocode for PPR traversal in the graph can be
found in the Appendix D Algorithm 2.
Personalized Seed Nodes. The PPR process
involves random walks starting from a set of per-
sonalized seed nodes. We first identify these nodes
by computing a similarity vector S € RV *1, which
scores each node’s relevance to the query. This is
calculated by taking the dot product of the query’s
embedding (Embed,) and the node embeddings.

S = Embed, - E € RV*!, 4)

Subsequently, the personalization vector P &€
RY*1 g constructed by selecting the top-h simi-
larity scores from S and nullifying the rest. This
operation can be expressed as:

Py =S -1(i € Sort(S,h)) e RVX1 (5)



where I[(-) is the indicator function, and Sort(S, h)
returns the set of indices for the top-h values in S.
The resulting vector P is then normalized.

PPR Walk. Based on the obtained vector P, we
employ it simultaneously as both the initial vector
and the restart vector for the PPR walk. PageR-
ank is fundamentally a Markov chain random walk
model, and PPR extends this by incorporating the
personalized vector P. In this Markov chain, the
transition matrix (7°) is denoted as G, 7o (V, Einfo)-
The specific walk (transition) process can be ex-
pressed by the following equation:

rt) = (1—a)- T-rD +a-P, (6)

where (") denotes the rank vector after the ¢-th
iteration, which we refer to as R € RV*L repre-
senting the probability distribution over node se-
lections. The parameter « signifies the probability
of restarting the walk using P as the restart vector.
During the iterative process, we define the follow-
ing convergence criterion:

7D — O]y <, (7)

where ¢ is a small threshold, typically set to
1 x 1075, Finally, we obtain the converged vec-
tor R, which contains the selection probability for
each node. These probabilities also represent the
likelihood of integrating the respective node within
the information gain graph. We sort R, select the
top-k nodes, and index their corresponding chunk
knowledge, with the specific process outlined as
follows:

D = Index (Sort(R, k)) C {di,....dx}, (8)

here, Index(*) indicates indexing the original doc-
ument, and q represents the query, which is then
input into M, to generate the final response. By
performing a PPR walk on the information gain
graph, we obtain the combination of documents
that maximizes information gain for the query. This
process mirrors the foraging behavior of animals
in nature: starting from an initial food source, they
follow information cues of food (i.e., information
gain) to progressively maximize their gains.

3.3 Incremental update

Unlike conventional chunk-based knowledge bases,
graph-structured knowledge bases, such as those

Table 1: Statistics of datasets used in experiments

MuSiQue 2Wiki HotpotQA
Num. of queries 1000 1000 1000
Num. of documents 11656 6119 9811

used in LightRAG and GraphRAG, require addi-
tional consideration of node duplication and in-
terconnections during updates. In contrast, the
graph constructed by iG?RAG offers streamlined
incremental update capabilities. Since the iGZRAG
knowledge graph uses document chunks as nodes
and builds a graph with information gain-weighted
edges based on neighboring documents, incremen-
tal updates can be efficiently performed. This in-
volves matching newly added documents to their
neighboring nodes through similarity matching and
utilizing M; for information gain analysis and eval-
uation. Similarity matching is performed via dot-
product computation, allowing node updates with-
out disrupting the database, as nodes are repre-
sented as chunks for lightweight incremental up-
dates, shown in Appendix E, Algorithm 3.

4 Experimental Setup

Datasets. We evaluated our method on Musique,
HotpotQA, and 2WikiMultiHopQA (2Wiki), which
are curated versions provided by HippoRAG2.
Each dataset includes supporting documents, dis-
tractors, and ground-truth answers to enable com-
prehensive evaluation of retrieval and question an-
swering as shown in Table 1. According to Hip-
poRAG(Jimenez Gutierrez et al., 2024), Musique
presents greater reasoning challenges, whereas Hot-
potQA poses relatively lower demands.

Baselines. We compare three categories of
models: Only LLM, using Qwen?2.5-72B-Instruct
and Llama3.3-70B-Instruct without external knowl-
edge; Naive RAG, employing dense retrievers like
BGE-M3 (Chen et al., 2024), text-embedding-v3!,
and Qwen3-Embedding-8B (Zhang et al., 2025b);
and Structured-augmented RAG, incorporating
structured knowledge methods such as LightRAG
(Guo et al., 2024), HippoRAG2 (Gutiérrez et al.,
2025), and RAPTOR (Sarthi et al., 2024). Imple-
mentation details are in Appendix B.

Metrics. We evaluate each method using stan-
dard metrics, including Exact Match (EM), F1, and
Recall@10. EM and F1 reflect QA performance,

!Closed-source embedding model from

https://bailian.console.aliyun.com/



while Recall @ 10 measures retrieval coverage. For
multi-hop questions, however, higher Recall does
not necessarily improve QA performance, as often
only one among the retrieved relevant documents
serves as the actual source of the answer.

5 Main Results

In this section, we evaluate iGZRAG against alter-
native methods in terms of QA quality (EM and
F1) and retrieval quality (Recall@10), as shown in
Table 2 and Table 3. iG?RAG consistently achieves
the highest EM and F1 scores with both Qwen2.5-
72B-Instruct and Llama-3.3-70B-Instruct, indicat-
ing that its retrieved documents provide stronger
support for query answering. Among dense re-
trievers, Qwen3-Embedding-8B performs competi-
tively with structured methods and even surpasses
them on Musique, reflecting the advantage of pre-
serving full semantic similarity. Yet, its reliance
on surface matching limits its ability to capture
complementary information. In contrast, iG?RAG
combines an information gain graph with PPR to
assemble a complementary document set, yielding
superior performance. For example, with Qwen2.5-
72B-Instruct, iG?’RAG outperforms the next-best
structured method by 1.88%, 3.4%, and 1.93% in
F1 score on Musique, 2Wiki, and HotpotQA, re-
spectively, underscoring its strength in retrieving
documents with genuinely high informational gain
rather than superficial entity links. For retrieval
quality, iG?RAG is slightly outperformed by Hip-
poRAG?2 on Musique, but its recall is more critical,
retrieving not just relevant documents but those
that provide complementary evidence, thereby opti-
mizing downstream QA. By contrast, HippoRAG2
and other baselines emphasize relevance alone, ne-
glecting complementarity. As dataset difficulty de-
creases, iGZRAG further improves recall while sus-
taining its QA advantages.

Overall, the superior performance of iG?’RAG
stems from the integration of the information gain
graph with PPR, which enables richer feedback of
essential information to the LLM. This mechanism
yields substantial information gain and significantly
reduces semantic uncertainty in query answering.

6 Discussions

In this section, we provide the ablation studies of
iG?RAG, node reranking experiments, hyperparam-
eter selection, and exploratory investigations into
iterative paradigms.

6.1 Ablation Study

We performed ablation studies on iG?RAG with
four variants: Naive RAG, similarity matrix graph
with PPR walks (Sim w/ PPR), information gain
graph with a greedy strategy (iG? w/ GS), and infor-
mation gain graph with PPR (iG?RAG). As shown
in Table 4, the combination of the information gain
graph and PPR walks achieves the best QA per-
formance. PPR on the similarity graph provides
limited improvement, as its lack of explicit direc-
tionality leads to convergence on redundant infor-
mation. The iG? w/ GS variant shows that the infor-
mation gain graph significantly boosts performance.
Further analysis reveals that PPR outperforms GS
by iteratively identifying optimal gain combina-
tions. Overall, iG?RAG outperforms Naive RAG
across all datasets, with F1 score improvements of
2.45%, 6.85%, and 2.96% on Musique, 2Wiki, and
HotpotQA, respectively, demonstrating the effec-
tiveness of the information gain graph.

6.2 Number of gain edges

To evaluate the impact of graph connectivity in
iG?RAG, we conducted a sensitivity analysis on
the top-n hyperparameter, which determines the
number of edges linked to each node. Specifically,
we explored this effect on the most challenging
Musique dataset, comparing Qwen2.5-72B-Instruct
and Llama3.3-70B-Instruct under top-n values of 3,
5, and 7 (Table 5). Results indicate that both mod-
els exhibit comparable performance across settings,
with top-n = 5 yielding slightly more balanced
outcomes. However, a clear trade-off exists, as low-
ering the top-n risks omitting extended reasoning
paths, while increasing the top-n may introduce re-
dundant edges without improving retrieval quality.
Therefore, in this work we set top-n = 5.

6.3 Number of Seed Nodes

We also investigated the impact of using different
numbers of seed nodes (top-h) on Musique dataset.
As shown in Table 6, using 5 seed nodes yields the
optimal QA performance when retrieving 10 rele-
vant documents, although its Recall@10 is lower
than that achieved with 7 seed nodes. This indicates
that an excessive number of seed nodes can easily
fall into the trap of surface similarity, whereas leav-
ing adequate room for the PPR algorithm to explore
allows for better discovery of the optimal combi-
nation of information gain. Furthermore, using too
few seed nodes fails to provide effective initial con-



Table 2: Performance of Qwen2.5-72B-Instruct on EM, F1 and Recall@10 across three Multi-Hop Datasets.
"Dense Retriever" denotes a Naive RAG baseline, and "Structure-Augmented RAG" represents more advanced
structured-enhanced RAG methods. In the table, bold values indicate the best performance, and underlined values

indicate the second-best performance.

Methods/Metrics Musique 2Wiki HotpotQA
EM Fl1 Recall@10 EM Fl1 Recall@10 EM Fl1 Recall@10
Qwen2.5-72B-Instruct 0.0510 0.1357 0.2650  0.3081 - 0.2560 0.3464 -
Dense retriever
BGE-M3 (Chen et al., 2024) 0.2380 0.3411 0.6189 0.4420  0.5077 0.7465 0.5290 0.6619 0.9035
text-embedding-v3 0.2550 0.3630 0.6366 0.4290  0.4967 0.7382 0.5090 0.6415 0.8790
Qwen3-Embedding-8B (Zhang et al., 2025b) 0.2720 0.3891 0.7035 0.4510 0.5163 0.7563 0.5390 0.6708 0.9385
Structure-Augmented RAG

LightRAG (Guo et al., 2024) 0.1572  0.2503 0.3316 0.3869 0.4855 0.7503 0.4230 0.5741 0.9639
RAPTOR (Sarthi et al., 2024) 0.2660 0.3864 0.6868 0.4670 0.5366 0.7442 0.5440 0.6740 0.9185
HippoRAG2 (Gutiérrez et al., 2025) 0.2640 0.3841 0.7169 0.5040 0.5807 0.8405 0.5433  0.6723 0.9545
iG?RAG (Ours) 0.3000 0.4079 0.7057 0.5310 0.6147 0.9062 0.5630 0.6933 0.9520

Table 3: Performance of Llama-3.3-70B-Instruct on EM, F1 and Recall@ 10 across three Multi-Hop Datasets.

Methods/Metrics Musique 2Wiki HotpotQA
EM Fl  Recall@l0 EM Fl  Recall@l0 EM Fl  Recall@10
Llama-3.3-70B-Instruct 0.0690 0.1667 0.292  0.3534 - 0.297  0.4063 -
Dense retriever
BGE-M3 (Chen et al., 2024) 0.2620 0.3856 0.6892 0.4500 0.5215 0.7523 0.5300 0.6621 0.9385
text-embedding-v3 0.2650 0.3958 0.6406 0.5520 0.6312 0.8548 0.5330 0.6752 0.9215
Qwen3-Embedding-8B (Zhang et al., 2025b)  0.2703  0.4040 0.6976 0.5600 0.6453 0.8495 0.5490 0.6924 0.9385
Structure-Augmented RAG
LightRAG (Guo et al., 2024) 0.1446 02318 02848  0.3410 0.4037  0.5565  0.3303 0.4234  0.3750
RAPTOR (Sarthi et al., 2024) 0.2770 0.4135  0.6918  0.4670 0.5366  0.7445  0.5480 0.6921  0.9175
HippoRAG? (Gutiérrez et al., 2025) 0.2680 0.3984  0.7198  0.5610 0.6465  0.8505  0.5480 0.6936  0.9585
iG2RAG (Ours) 0.2940 0.4328 0.7069 0.6080 0.6891 0.9095 0.5640 0.7144 0.9545
Table 4: QA Performance for Ablation Study. Table 6: Performance for Different top-h.
Methods Musique 2Wiki HotpotQA top-h Qwen2.5-72B Llama3.3-70B
EM F1 EM Fl EM F1 EM FI  Recall@l0 EM FI  Recall@10
Naive 0.2720 0.3891 0.4510 0.5163 0.5390 0.6708 1 0.2300 0.3338 0.5396 0.2450 0.3694 0.5418
Sim w/ PPR 0.2630 03834 0.4740 05462 0537 0.6640 303000 04079 07057 02650 0.3998  0.6660
iG2 w/ GS 0.2720 03864 05210 0.5998 0.5530 0.6852 5 03000 04079 07057  0.2940 04328  0.7069
iG2 w/ PPR (iG®RAG)  0.3000 0.4079 0.5310 0.6147 0.5640 0.6933 7 0.2900 0.3998  0.7215  0.2870 0.4267  0.7227

Table 5: QA Performance on Varying top-n.

Model top-n EM F1 Recall@10

3 0.2910 0.4011 0.7002
Qwen2.5-72B-Instruct 5 0.3000 0.4079 0.7057

7 0.2870  0.4297 0.7072

3 0.2870  0.4297 0.6994
Llama3.3-70B-Instruct 5 0.2940 0.4328 0.7069

7 0.2830  0.4251 0.7025

ditions, leaving the PPR algorithm without a solid
foundation to build upon.

6.4 Prompts of Different Granularities

We discretize information gain into four semantic
intervals ranging from Redundant to Novel. To
validate this granularity, we compare our default
Coarse-grained strategy against Fine-grained and
Binary variants. As shown in Figure 3, the Coarse-
grained mapping consistently yields superior per-

Table 7: Performance for Rerank Study.

Musique 2Wiki HotpotQA

Mode Method

F1 Recall@10  F1 Recall@10  Fl1 Recall@10

Qwen2.5-72B-Instruct
HippoRAG2 0.3841 0.7169  0.5807  0.8405 0.6723  0.9545
iG2RAG 04079  0.7057  0.6147 09062  0.6933  0.9520
HippoRAG2 04072  0.7402 05849  0.8720  0.6875  0.9635
iG’RAG 04138  0.7163  0.6292 09055  0.7056  0.9610

w/o Rerank

w/ Rerank

Llama-3.3-70B-Instruct
HippoRAG2 0.3984  0.7198  0.6465 0.8505 0.6936  0.9585
iG?RAG 04328  0.7069  0.6891 09095 07144  0.9545
HippoRAG2 0.4324  0.7369  0.6518  0.8407  0.7076  0.9640
iG2RAG 04522 07218  0.6908 09073 07174  0.9610

w/o Rerank

w/ Rerank

formance, striking an optimal balance between se-
mantic distinctiveness and model decision confi-
dence. It provides clear semantic anchors that miti-
gate the ambiguity inherent in fine-grained numeri-
cal scoring, while preserving critical intermediate
information often lost in binary truncation.



Table 8: Performance for Different top-£ Values.

Musique 2Wiki
EM F1 Recall@e10  EM F1

HotpotQA
Recall@10 EM F1 Recall@10

top-k

Naive
04590 0.5297 07900  0.5430 0.6728  0.9610
04510 05163 07563 05390 0.6708  0.9385
iG’RAG
05310 0.6147 09062 05630 0.6933  0.9520
0.5360 0.6185 09197 05610 0.6917  0.9635
05290 0.6164 09223 05550 0.6927  0.9655

10 0.2830 0.3957 0.7667
20 0.2720 0.3891 0.7035

10 0.3000 0.4079 0.6992
15 0.2930 0.4051 0.7356
20 0.3030 0.4105 0.7597

6.5 Top-k Study

By studying the top-k£ hyperparameter (using
Qwen2.5-72B-Instruct), we can investigate the ef-
fectiveness of the information gain mechanism in
iG?RAG. As the performance of the Naive method
in Table 8 shows, simply increasing the amount
of retrieved content does not effectively yield cru-
cial supporting evidence. Instead, it introduces un-
necessary noise that interferes with the generation
process. From the performance of iGZRAG, we
can see that although increasing top-k expands the
search space for the PPR algorithm, the effective
evidence is often sparse. Consequently, an overly
large exploration space does not lead to significant
performance improvements, because the critical
evidence has already been efficiently identified in
advance by PPR on the information graph. Con-
versely, this demonstrates that iG?RAG achieves
high efficiency in acquiring key evidence by lever-
aging information gain.

6.6 Rerank Study

The selection of seed nodes influences the effec-
tiveness of PPR walks (Jimenez Gutierrez et al.,
2024). To mitigate model capability biases, we
used Qwen2.5-72B-Instruct and Llama-3.3-70B-
Instruct to rerank seed nodes before inference. As
shown in Table 7, reranking nodes prior to PPR
improves document recall, both HippoRAG?2 and
iG?RAG, while significantly enhancing RAG’s re-
sponse capability (F1 score). Comparing iGZRAG
with HippoRAG2, iG?RAG consistently achieves
the best F1 score, though its Recall@10 may be
slightly lower in some cases. This supports our
view that document recall alone does not guaran-
tee effective information acquisition. By focus-
ing on the information gain graph, iG?RAG re-
trieves documents that truly reduce query uncer-
tainty, thereby achieving superior QA performance
even with lower recall.

6.7 Iterative Comparative Exploration

We assess iG?RAG’s extensibility by adapting it to
the “Retrieve-Rewrite-Generate” workflow, bench-

Table 9: Iterative Comparison on Different Datasets.

Methods Musique 2Wiki HotpotQA
EM F1 EM F1 EM F1
iterDRAG 0.3560 0.4785 0.5660 0.7140 0.5750 0.7203
GeAR 0.3570 0.5149 0.4940 0.6735 0.4990 0.7066
iGRAG +iter  0.3720 0.5133  0.6470 0.7311 0.6160 0.7466

F1 Score . Recall@10

09625 0,960 0.9610

09065 0.9052 09073

07003 0719107174
06908

.......

Musique 2Wiki HotpotQA Musique 2Wiki HotpotQA

Figure 3: QA Performance on Varying Granularity of
Graph-Construction Prompts.

marking against iterative baselines like IterDRAG
(Yue et al., 2025) and GeAR (Shen et al., 2025),
detailed settings are provided in the Appendix B.3.
Focusing on final QA performance, results (Table
9) demonstrate that iG?’RAG integrates seamlessly
and significantly outperforms these methods. This
advantage derives from our information gain-based
PPR, which ensures precise topological navigation
toward high-value nodes. In contrast, GeAR uti-
lizes beam search to deliberately expand towards
a global scope. This introduces unavoidable noise,
imposing a cognitive burden on the model that ulti-
mately limits its performance.

7 Conclusion

In this paper, we presented iG?RAG, a structured-
enhanced RAG framework that integrates an infor-
mation gain graph with the Personalized PageRank
algorithm to advance multi-hop question answer-
ing. Within iG?’RAG, large language models are
employed in the offline stage to assign gain values
between document nodes, while the online retrieval
stage leverages PPR to identify optimal document
combinations that maximize informational gain for
a given query. This process parallels animal forag-
ing, where information gain serves as an "informa-
tional scent" guiding the search toward the most
valuable evidence. Extensive experiments on multi-
hop QA benchmarks validate the effectiveness and
superiority of iGZRAG, highlighting its potential as
a new paradigm for retrieval-augmented reasoning.



Limitations

Although iG?RAG outperforms existing baseline
methods in overall QA and document retrieval ca-
pabilities, it still has several limitations:

* The information gain graph in iG?RAG relies
heavily on the strong comprehension capabil-
ity of large language models. This reliance
inevitably incurs substantial corpus process-
ing costs during the initial development phase,
representing a common challenge faced by
graph-based RAG approaches.

+ Although iG?RAG demonstrates strong per-
formance on multi-hop questions, the opti-
mal choices of edge number in the informa-
tion gain graph (top-n) and seed node number
in the PPR process (top-h) are not fixed, but
rather correlated with the intrinsic distribution
of different datasets. Therefore, a key chal-
lenge for iG?RAG lies in how to pre-bind top-
n and top-h to dataset characteristics, thereby
reducing manual intervention.

Despite these limitations, these issues also pro-
vide clear directions for future research and opti-
mization.
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Appendix
A Appendix: LLM Prompts

We mainly present the graph construction prompt
of iG’RAG and the QA prompt of the RAG
pipeline. This prompt primarily assigns informa-
tion gain evaluation levels to the LLM, provides
few-shot examples, and requires the LLM to gener-
ate outputs in a structured format.

A.1 LLM Prompts of iG’RAG

We present the prompts used for building the infor-
mation gain graph of iG?RAG and the reasoning
process in Figure 4. The main objective of this
prompt is to guide the LLM in evaluating the in-
formational gain of the evaluation documents rela-
tive to the baseline document, with the assessment
categorized into four levels. Furthermore, the out-
put is structured to facilitate subsequent parsing.
Additionally, we provide both fine-grained and bi-
nary prompts, as detailed in Figure 5 and Figure 6,
whereas the default coarse-grained prompt used in
this paper is presented in Figure 4.

A.2 QA Prompts of RAG Pipeline

The prompt shown in Figure 7 is used in all RAG
pipelines of this paper. We employed a unified
QA prompt to ensure fair evaluation, preventing bi-
ases that may arise from inconsistent output length
distributions across models.

A.3 LLM Prompts of Others

In addition to maintaining a unified final-answer
prompt across all methods, each variant of the struc-
tured retrieval-augmented generation employs its
own default prompts for knowledge graph construc-
tion. These include prompts for entity, relation,
and phrase extraction, as well as prompts for graph
comprehension and summarization.

A.4 LLM Prompts of Iterative iGZRAG

We adopt the iterative framework of iterDRAG,
where the intermediate retrieval process is replaced
with iG?RAG; the specific iterative prompts are
illustrated in Figure 8. As for GeAR, we follow the
prompts for its iterative process as described in the
original paper.

B Appendix: Detailed Implementation
B.1 LLM and Embedding Models settings

In this paper, all LLMs use a temperature co-
efficient of 0, with the maximum model output
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length set to 8192 tokens and the model’s context
length opened up to 32648 tokens. For the Em-
bedding models, the context length is only opened
up to 8192, the encoding format adopts the float
type, and the embedding dimension of the Qwen3-
Embedding-8B model used is 4096, while that of
the other models is 1024.

B.2 Hyperparameters of
Structure-Augmented RAG

iG’RAG. Unless otherwise specified for analyz-
ing the impact of parameter variations, we keep
all hyperparameters consistent across experiments.
Specifically, the number of information gain edges
(top-n) is fixed at 5, and the number of seed nodes
used in the random walk (fop-h) is also set to 5.
The restart probability in Personalized PageRank,
denoted as «, for Qwen2.5-72B-Instruct, « is set
to 0.3 for Musique and HotpotQA, and 0.5 for
2Wiki. For Llama3.3-70B-Instruct, « is set to 0.5
for Musique, 0.2 for HotpotQA, and 0.3 for 2Wiki.
During the offline graph construction process, we
selected four intervals for mapping, namely: Re-
dundant (0.0-0.2), Minor (0.3-0.5), Significant
(0.6-0.8), and Novel (0.9-1.0).

RAPTOR, constructs a hierarchical semantic
tree by recursively clustering and abstracting tex-
tual units: starting from fine-grained leaf nodes
(e.g., sentences or paragraphs), semantically simi-
lar nodes are iteratively grouped based on embed-
ding similarity, and a LLM generates abstractive
summaries to form parent nodes, resulting in a
multi-level tree that enables retrieval at varying
granularities. In our implementation, the tree depth
is set to 5, and a pruning threshold of 0.5 is ap-
plied to the cosine similarity between node em-
beddings, only pairs exceeding this threshold are
merged, thereby balancing abstraction fidelity and
retrieval precision.

LightRAG, is a graph-based RAG method that
constructs a knowledge graph by extracting entities
from documents and linking them based on co-
occurrence and contextual relationships to capture
structured semantic dependencies. For LightRAG,
we adopt the “local” query model setting, which
restricts retrieval to the immediate neighborhood
of relevant entities in the graph, thereby focusing
on contextually coherent and relationally grounded
evidence.

HippoRAG2, is a retrieval framework that struc-
tures knowledge into a graph of phrase nodes, en-
abling associative search across concepts. For Hip-



Information Gain Graph Prompt (coarse-grained)

You are an expert analyst specializing in textual information assessment. Your task is to meticulously evaluate the "information gain" of a
"Paragraphs to Evaluate" relative to a "Baseline Paragraph".

Primary Goal: The purpose of this evaluation is to identify paragraphs that add new, significant, and complementary information to the
baseline, helping to build a more comprehensive understanding of the core topic.

Definition of Information Gain:Information gain is a score from 0.0 to 1.0 that quantifies how much new, relevant, and significant
information the "Paragraph to Evaluate" provides beyond what is already present in the "Baseline Paragraph". Relevance is determined by how
closely the new information relates to the main subject and key entities of the baseline.

Evaluation Rubric (Score from 0.0 to 1.0):

0.0 - 0.2 (Redundant / Trivial): The paragraph largely repeats information already in the baseline, or adds only trivial, irrelevant details (e.g.,
rephrasing, common knowledge filler).

0.3 - 0.5 (Minor Addition): The paragraph adds some new, relevant information, but it is of low significance. It might be a minor detail, a
specific example of a point already made, or a slight expansion of an existing concept.

0.6 - 0.8 (Significant Addition): The paragraph introduces substantial new facts, perspectives, or details that are highly relevant and
complementary to the baseline. This new information significantly enriches the understanding of the core topic.

0.9 - 1.0 (Highly Novel & Critical): The paragraph provides entirely new information that is critical and highly relevant to the baseline's topic.
It might introduce a new dimension, a surprising counter-argument, or key data that fundamentally changes or completes the picture presented
in the baseline.

Example

Baseline paragraph:

FC Barcelona

Barcelona is one of three founding members of the Primera Division that have never been relegated from the top division, along with Athletic
Bilbao and Real Madrid. In 2009, Barcelona became the first Spanish club to win the continental treble consisting of La Liga, Copa del Rey,
and the UEFA Champions League, and also became the first football club to win six out of six competitions in a single year, completing the
sextuple in also winning the Spanish Super Cup, UEFA Super Cup and FIFA Club World Cup. In 2011, the club became European champions
again and won five trophies. This Barcelona team, which reached a record six consecutive Champions League semi-finals and won 14 trophies
in just four years under Pep Guardiola, is considered by some in the sport to be the greatest team of all time. In June 2015, Barcelona became
the first European club in history to achieve the continental treble twice.

</baseline_content>

Paragraphs to evaluate:

<chunk id>doc 3 78ee7a4c1f82</chunk id>

<content>

FC Barcelona

Barcelona is the only European club to have played continental football every season since 1955, and one of three clubs to have never been
relegated from La Liga, along with Athletic Bilbao and Real Madrid. In 2009, Barcelona became the first club in Spain to win the treble
consisting of La Liga, Copa del Rey, and the Champions League. That same year, it also became the first football club ever to win six out of six
competitions in a single year, thus completing the sextuple, comprising the aforementioned treble and the Spanish Super Cup, UEFA Super Cup
and FIFA Club World Cup. In the 201415 season, Barcelona won another historic treble, making them the first club in European football to
win the treble twice.

</content>

<reasoning>

Most facts are already in the baseline (treble in 2009, sextuple, treble in 2015). The only new fact is "only European club to have played
continental football every season since 1955", which is minor new info. Therefore, low gain.

</reasoning>

<info gain>0.2</info_gain><chunk id>doc 6 6953a7af7c5b</chunk id>

<content>

FC Barcelona

FC Barcelona had a successful start in regional and national cups, competing in the Campionat de Catalunya and the Copa del Rey. In 1902, the
club won its first trophy, the Copa Macaya, and participated in the first Copa del Rey, losing 1-2 to Bizcaya in the final. Hans Gamper — now
known as Joan Gamper — became club president in 1908, finding the club in financial difficulty after not winning a competition since the
Campionat de Catalunya in 1905. Club president on five separate occasions between 1908 and 1925, he spent 25 years in total at the helm. One
of his main achievements was ensuring Barga acquire its own stadium and thus generate a stable income.

</content>

<reasoning>

Almost entirely new historical details about early years, trophies, and leadership. Very little overlap with baseline’s modern achievements.
</reasoning><info_gain>0.9</info_gain>

Expected JSON output for example:

{"data": [ {"chunk _id": "doc_3_78ee7a4c1{82", "info_gain": 0.2}, {"chunk id": "doc_6_6953a7af7c5b", "info_gain": 0.9},]}

Now your task:

You will receive a new baseline paragraph and new paragraphs to evaluate in the exact same format.

Instructions:

For each paragraph, compare with the baseline paragraph. In your internal reasoning, follow the same explanation style as the example above,
but DO NOT include explanations in the final output. Output only the JSON with chunk_id and info_gain. Keep <chunk_id> exactly as
provided. Do not change order. Values must be numbers with one decimal place.

The JSON should contain the “chunk_id" and ‘info_gain" of each evaluated paragraph, with no omissions allowed.

Baseline paragraph:

{baseline}

Paragraphs to evaluate:

{chunks_text}

Output (Only JSON):

Figure 4: Coarse-grained LLM prompts used in iGZRAG for constructing the information gain graph and reasoning
process.
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Information Gain Graph Prompt (fine_grained)

You are a precise data analyst specializing in evaluating semantic information density. Your task is to calculate the specific "Information Gain
Score" for a list of paragraphs relative to a "Baseline Paragraph".

Goal: Assign a precise float value (2 decimal places) representing how much *new* and *relevant* knowledge a paragraph adds.

Scoring Guidelines (Continuous Scale 0.00 - 1.00):
Do not limit yourself to round numbers. Use the full granularity of the scale to reflect subtle differences.

0.00 - 0.10 (Negligible): Fully redundant or effectively noise. (e.g., 0.03 for a rephrased sentence).

0.11 - 0.30 (Marginal): Adds minor specific details, dates, or numbers to existing facts. (e.g., 0.25 for adding a specific date to an event already
mentioned).

0.31 - 0.60 (Moderate): Adds a new sub-topic, a clear specific example, or expands on a "who/what/where" that was missing. (e.g., 0.45 for
introducing a key player not mentioned in the baseline).

0.61 - 0.85 (Significant): Fills a major gap in the story or provides a completely new perspective that is highly relevant.

0.86 - 1.00 (Transformative): Contains entirely new, critical block of information that is essential for a complete understanding.

Example

Baseline paragraph:

FC Barcelona

Barcelona is one of three founding members of the Primera Division that have never been relegated from the top division, along with Athletic
Bilbao and Real Madrid. In 2009, Barcelona became the first Spanish club to win the continental treble consisting of La Liga, Copa del Rey,
and the UEFA Champions League, and also became the first football club to win six out of six competitions in a single year, completing the
sextuple in also winning the Spanish Super Cup, UEFA Super Cup and FIFA Club World Cup. In 2011, the club became European champions
again and won five trophies. This Barcelona team, which reached a record six consecutive Champions League semi-finals and won 14 trophies
in just four years under Pep Guardiola, is considered by some in the sport to be the greatest team of all time. In June 2015, Barcelona became
the first European club in history to achieve the continental treble twice.

</baseline_content>

Paragraphs to evaluate:

<chunk id>doc 3 78ee7adc1f82</chunk id>

<content>

FC Barcelona

Barcelona is the only European club to have played continental football every season since 1955, and one of three clubs to have never been
relegated from La Liga, along with Athletic Bilbao and Real Madrid. In 2009, Barcelona became the first club in Spain to win the treble
consisting of La Liga, Copa del Rey, and the Champions League. That same year, it also became the first football club ever to win six out of six
competitions in a single year, thus completing the sextuple, comprising the aforementioned treble and the Spanish Super Cup, UEFA Super Cup
and FIFA Club World Cup. In the 201415 season, Barcelona won another historic treble, making them the first club in European football to
win the treble twice.

</content>

<reasoning>

The treble info is redundant. The "continental football since 1955" is a new fact, but it's a specific statistical detail, not a major conceptual add.
</reasoning>

<info_gain>0.24</info_gain><chunk id>doc 6 6953a7af7c5b</chunk id>

<content>

FC Barcelona

FC Barcelona had a successful start in regional and national cups, competing in the Campionat de Catalunya and the Copa del Rey. In 1902, the
club won its first trophy, the Copa Macaya, and participated in the first Copa del Rey, losing 1-2 to Bizcaya in the final. Hans Gamper — now
known as Joan Gamper — became club president in 1908, finding the club in financial difficulty after not winning a competition since the
Campionat de Catalunya in 1905. Club president on five separate occasions between 1908 and 1925, he spent 25 years in total at the helm. One
of his main achievements was ensuring Barca acquire its own stadium and thus generate a stable income.

</content>

<reasoning>

The document supplements new details regarding the club’s early participation in regional and domestic competitions, as well as the tenures and
contributions of key figures.

</reasoning>

<info_gain>0.88</info_gain>

Expected JSON output for example:

{"data": [ {"chunk id": "doc_3 78ee7a4c1{82", "info_gain": 0.24}, {"chunk id": "doc_6_ 6953a7af7c5b", "info_gain": 0.88},]}

Now your task:

You will receive a new baseline paragraph and new paragraphs to evaluate in the exact same format.

Instructions:

For each paragraph, compare with the baseline paragraph. In your internal reasoning, follow the same explanation style as the
example above, but DO NOT include explanations in the final output. Output only the JSON with chunk id and info_ gain.
Keep <chunk id> exactly as provided. Do not change order. Values must be numbers with one decimal place.

The JSON should contain the “chunk_id" and “info_gain" of each evaluated paragraph, with no omissions allowed.
Baseline paragraph:

{baseline}

Paragraphs to evaluate:

{chunks_text}

Output (Only JSON):

Figure 5: Fine-grained LLM prompts used in iG?RAG for constructing the information gain graph and reasoning
process.
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Information Gain Graph Prompt (binary)

You are an expert analyst specializing in textual information assessment. Your task is to meticulously evaluate the "information gain" of a
"Paragraphs to Evaluate" relative to a "Baseline Paragraph".

Classification Task:

Assign a binary score (0 or 1) to each paragraph.

Criteria:

0 (No Gain):

Redundant: Repeats facts already stated in the baseline (even if worded differently).
Irrelevant: Discusses a completely different topic unrelated to the baseline's context.
Trivial: Only adds filler words or empty rhetoric without new facts.

1 (Has Gain):

New Facts: Adds at least one new specific detail (date, name, number, location).
Expansion: Elaborates on a concept mentioned in the baseline with concrete evidence.
Complementary: Provides a different perspective or timeline of the same event.

Example

Baseline paragraph:

FC Barcelona

Barcelona is one of three founding members of the Primera Division that have never been relegated from the top division, along with Athletic
Bilbao and Real Madrid. In 2009, Barcelona became the first Spanish club to win the continental treble consisting of La Liga, Copa del Rey,
and the UEFA Champions League, and also became the first football club to win six out of six competitions in a single year, completing the
sextuple in also winning the Spanish Super Cup, UEFA Super Cup and FIFA Club World Cup. In 2011, the club became European champions
again and won five trophies. This Barcelona team, which reached a record six consecutive Champions League semi-finals and won 14 trophies
in just four years under Pep Guardiola, is considered by some in the sport to be the greatest team of all time. In June 2015, Barcelona became
the first European club in history to achieve the continental treble twice.

</baseline_content>

Paragraphs to evaluate:

<chunk_id>doc_3_78ee7a4c1{82</chunk id>

<content>

FC Barcelona

Barcelona is the only European club to have played continental football every season since 1955, and one of three clubs to have never been
relegated from La Liga, along with Athletic Bilbao and Real Madrid. In 2009, Barcelona became the first club in Spain to win the treble
consisting of La Liga, Copa del Rey, and the Champions League. That same year, it also became the first football club ever to win six out of six
competitions in a single year, thus completing the sextuple, comprising the aforementioned treble and the Spanish Super Cup, UEFA Super Cup
and FIFA Club World Cup. In the 201415 season, Barcelona won another historic treble, making them the first club in European football to
win the treble twice.

</content>

<reasoning>

Most facts are already in the baseline (treble in 2009, sextuple, treble in 2015). The only new fact is "only European club to have played
continental football every season since 1955", which is minor new info. Therefore, low gain.

</reasoning>

<info_gain>0</info_gain>

<chunk id>doc 6 6953a7af7cSb</chunk id>

<content>

FC Barcelona

FC Barcelona had a successful start in regional and national cups, competing in the Campionat de Catalunya and the Copa del Rey. In 1902, the
club won its first trophy, the Copa Macaya, and participated in the first Copa del Rey, losing 1-2 to Bizcaya in the final. Hans Gamper — now
known as Joan Gamper — became club president in 1908, finding the club in financial difficulty after not winning a competition since the
Campionat de Catalunya in 1905. Club president on five separate occasions between 1908 and 1925, he spent 25 years in total at the helm. One
of his main achievements was ensuring Barga acquire its own stadium and thus generate a stable income.

</content>

<reasoning>

Almost entirely new historical details about early years, trophies, and leadership. Very little overlap with baseline’s modern achievements.
</reasoning>

<info_gain>1</info_gain>

Expected JSON output for example:

{"data": [ {"chunk id": "doc_3_78ee7a4c1{82", "info_gain": 0}, {"chunk _id": "doc_6_6953a7af7c5b", "info_gain": 1},]}

Now your task:

You will receive a new baseline paragraph and new paragraphs to evaluate in the exact same format.

Instructions:

For each paragraph, compare with the baseline paragraph. In your internal reasoning, follow the same explanation style as the example above,
but DO NOT include explanations in the final output. Output only the JSON with chunk_id and info_gain. Keep <chunk_id> exactly as
provided. Do not change order. Values must be numbers with one decimal place.

The JSON should contain the ‘chunk_id" and “info_gain® of each evaluated paragraph, with no omissions allowed.

Baseline paragraph:

{baseline}

Paragraphs to evaluate:

{chunks_text}

Output (Only JSON):

Figure 6: Binary LLM prompts used in iG?RAG for constructing the information gain graph and reasoning process.
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QA Prompt

Based on the following retrieved content, please answer the user's question.

User Question: {query}
Retrieved Content:
{pasg_content}
Instructions:

1. Analyze the content to find relevant information.
2. Provide only the final answer without any explanation or analysis process.
3. If multiple pieces contain relevant information, synthesize them

appropriately.

4. Only the final answer, no other content. The answer may be entities such as
names of people, organizations, places, relationships, times, dates, etc.
Answer (Only the final answer, no other content):

Figure 7: QA prompt used in the RAG pipeline.

poRAG?2, the number of documents initially re-
trieved is set to 100, with each node forming up to
10 links. The PPR restart probability « is fixed at
0.5.

For experimental settings not explicitly specified
in the baseline methods, we adhere to their default
implementations. Furthermore, apart from the final
answer prompt, which is kept identical across all
methods, the prompts used for constructing knowl-
edge graphs in each structured-augmented RAG
variant also follow their respective defaults.

B.3 Hyperparameters of Iterative RAG

Regarding the comparative analysis of iterative
paradigms in Section 6.7, the number of iterations
for GeAR was set to 4, in accordance with its rec-
ommended configuration. Meanwhile, the iteration
counts for both iterDRAG and iG?’RAG + iter were
uniformly set to 4.

B.4 Reproducibility Variability and Stability

To further investigate the performance upper bound
of iG?RAG, we found that HippoRAG2, equipped
with the state-of-the-art NV-embed-v2 ? retriever
and Llama3.3-70B generator, has demonstrated
exceptional capabilities. Although prior experi-
ments were conducted to ensure fairness, we fur-
ther perform an additional fair comparison between
iG?ZRAG and HippoRAG?2 on the most challenging
Musique dataset by replacing the retriever with N'V-
embed-v2, aiming to mitigate potential biases that
may arise from discrepancies in retrievers. We con-

Zhttps://huggingface.co/nvidia/NV-Embed-v2
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duct an in-depth investigation into the performance
variations induced by tuning the core parameter
link_top_k of HippoRAG2 (this parameter regu-
lates the node connection density prior to graph
traversal) and the number of initially retrieved doc-
uments for iGZRAG, respectively. Experimental
results demonstrate that HippoRAG?2 (as shown in
Figure 9), equipped with NV-embed-v2, achieves
superior performance and exhibits remarkable sta-
bility. As link_top_k increases, performance sta-
bilizes within a consistent range, validating the re-
producibility of HippoRAG2 under the current ex-
perimental framework. Nevertheless, even against
this highly competitive baseline, iGZRAG consis-
tently outperforms HippoRAG?2 under the same
configuration, yielding gains of up to 0.01 (1%) in
F1 and 0.012 (1.2%) in EM. This underscores that
iG2RAG’s performance gains are not dependent
on specific model configurations but stem from
the inherent advantages of our proposed method,
specifically its capability for active exploration of
critical evidence.

B.5 Selection of the parameter «

The PPR damping factor «, also reflects the restart
probability of the random walk on the graph. To in-
vestigate whether its specific value has a significant
impact on the performance of iG?’RAG, we con-
ducted experiments with multiple values for o.. As
shown in Tables 10 and 11, the variation in « has a
relatively minor impact on model performance, re-
gardless of the dataset or the large language model
used. However, when « is set to zero, which repre-
sents no random walk (a 100% restart probability),



Iterative iG'RAG Prompt

You are an expert in question answering. I am going to give you one or more example sets of context, question,
potential follow up questions and their respective answers, in which the context may or may not be relevant to the questions. The

examples will be written.
Context:
<Retrieved documents>

Question: What nationality is the director of film Boggy Creek Ii: And The Legend Continues?
Follow up: Who is the director of the film Boggy Creek II: And The Legend Continues?
Intermediate answer: The director of the film Boggy Creek II: And The Legend Continues is Charles B. Pierce.

Follow up: What is the nationality of Charles B. Pierce?

Intermediate answer: The nationality of Charles B. Pierce is American.

So the final answer is: American
<Further demonstrations>

After the examples, I am going to provide another pair of context and question, in which the context may or may

not be relevant to the question. I want you to answer the question. When needed, generate follow up question(s)

using the format ’Follow up: X’, where X is the follow up question. Then, answer each follow up question using

’Intermediate answer: X’ with X being the answer. Finally, answer to the main question with the format ’So the final answer is: X’,

where X is the final answer.

Context:

<{RetrievedContext}>

Question: {question}

Follow up: | Intermediate answer: | So the final answer is:

Figure 8: Iterative iGZRAG prompt used in the RAG pipeline.
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Figure 9: Performance Stability Analysis between Hip-
poRAG?2 and iG?RAG on Musique Dataset.

the outcome depends entirely on the initial seed
node selection. This leads to a significant drop in
both QA and retrieval performance. This finding
demonstrates that while the specific non-zero value
of o may not strongly influence the results, a value
of zero is completely ineffective, different non-zero
values primarily affect the convergence speed of
the PPR algorithm. Therefore, this also highlights
the soundness of the graph in iG?RAG, as it can
achieve excellent performance without requiring
strong intervention from the o parameter. Addition-
ally, across the three datasets, the optimal choices
for o with Qwen2.5-72B-Instruct were 0.3, 0.3, and
0.5, respectively, while for Llama3.3-70B-Instruct,
they were 0.5, 0.2, and 0.3, respectively.

B.6 Evaluation Metrics

We evaluate each method using three standard
metrics in RAG: Exact Match (EM), F1, and Re-
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call@10.

Exact Match. The EM score evaluates whether
the predicted answer exactly matches at least one
ground-truth answer after normalization:

1 N

EM

¥ > maxl(nom(j,) = norm(y))

=1

(10)
where NN is the total number of questions, ¢; is
the prediction for the i-th question, Y is the set of
ground-truth answers, norm(-) denotes text normal-
ization, and I(-) is the indicator function.

F1 Score. The F1 score is computed at the char-
acter level and averaged across all samples:

1 N

Flz—z
1

N 4
1=

2 - Precision(g;, y;) - Recall(y;, y;)
Precision(7;, y;) + Recall(9;,y;)
(11

where NV is the total number of questions, ¥; is the
prediction for the ¢-th question, y; is its ground-
truth answer, and both Precision and Recall are
computed based on character-level overlap between
¥; and y;.

Recall@10. Recall@10 evaluates how many
ground-truth documents are covered within the top-
10 retrieved results:

1 & ot D)

N& o DE

Recall@10 = 12)

where N is the total number of questions, D™
is the set of all ground-truth documents relevant



Table 10: Performance of Qwen2.5-72B-Instruct on three multi-hop datasets under different damping factors («).
Dark orange indicates the optimal option, while light orange indicates the suboptimal one.

o Musique HotpotQA 2Wiki
EM F1 Recall@10 EM F1 Recall@10 EM F1 Recall@10

0.8 0.2830 0.3931 0.7027 0.5500 0.6865 0.9505 0.5310 0.6085 0.9005
0.7 0.2920 0.3998 0.7059 0.5590 0.6927 0.9525 0.5300 0.6120 0.9028
0.6 0.2860 0.3955 0.7050 0.5620 0.6936 0.9520 0.5300 0.6120 0.9050
0.5 0.2900 0.4002 0.7069 0.5610 0.6907 0.9520 0.5310 0.6147 0.9062
0.4 0.2920 0.4010 0.7064 0.5600 0.6915 0.9525 0.5260 0.6116 0.9060
0.3 0.3000 0.4079 0.7057 0.5630 0.6933 0.9520 0.5270 0.6147 0.9060
0.2 0.2930 0.4052 0.7006 0.5590 0.6921 0.9520 0.5290 0.6152 0.9065
0.0 0.2430 0.3505 0.6098 0.5170 0.6439 0.8795 0.4380 0.5024 0.7210

Table 11: Performance of Llama3.3-70B-Instruct on three multi-hop datasets under different damping factors («).

o Musique HotpotQA 2Wiki
EM F1 Recall@10 EM F1 Recall@10 EM F1 Recall@10

0.8 0.2940 0.4291 0.6835 0.5590 0.7042 0.9510 0.5710 0.6578 0.9055
0.7 0.2870 0.4232 0.7096 0.5610 0.7074 0.9510 0.5730 0.6593 0.9073
0.6 0.2840 0.4247 0.7085 0.5590 0.7024 0.9540 0.5900 0.6759 0.9093
0.5 0.2940 0.4328 0.7069 0.5630 0.7104 0.9540 0.5933 0.6755 0.9095
0.4 0.2840 0.4222 0.7060 0.5610 0.7116 0.9540 0.6060 0.6853 0.9093
0.3 0.2930 0.4290 0.7058 0.5580 0.7100 0.9540 0.6080 0.6891 0.9095
0.2 0.2910 0.4292 0.7064 0.5640 0.7144 0.9545 0.6040 0.6845 0.9097
0.0 0.2610 0.3880 0.6098 0.5200 0.6623 0.8795 0.4960 0.5657 0.7220

to the i-th question, and DZOO) denotes the set of

top-10 retrieved documents. The numerator counts
the number of relevant documents successfully re-
trieved in the top-10.

C Appendix: Supplementary discussion

In the main discussion Section 6, we investigated
the effects of edge construction in the information
gain graph and node selection in the PPR stage us-
ing the Musique dataset. This choice was motivated
by the fact that Musique represents a more chal-
lenging multi-hop dataset, where performance fluc-
tuations are more indicative. To examine whether
these conclusions generalize to a broader range
of datasets, we further conducted experiments on
HotpotQA and 2Wiki.

Furthermore, we conducted an additional set of
comparative experiments employing MMR (Maxi-
mal Marginal Relevance) as a baseline, given that
this re-ranking method is fundamentally designed
to enhance document diversity. Specifically, we
initially retrieved the top-50 documents using the
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Naive RAG approach and subsequently applied
MMR re-ranking to select the top-10 documents for
answer generation. These results were compared
against iG?RAG and Naive RAG, utilizing the
Qwen3-embedding-8B retriever and the Qwen2.5-
72B-Instruct model.

C.1 Number of gain edges

In Section 6.2, we have already concluded that too
few edges lead to insufficient exploitation of in-
formational gain, while too many edges introduce
redundancy. As shown in Table 12, for the rela-
tively less challenging multi-hop datasets 2Wiki
and HotpotQA, the models can better capture the
logical connections within the datasets, making
it meaningful to establish additional information
gain edges. These edges refine the granularity
of inter-document relationships, thereby enabling
the PPR process to more effectively integrate doc-
ument combinations that maximize information
gain. However, the performance trend suggests
that there is no fixed top-n value that consistently



Table 12: Performance comparison between Qwen2.5-72B-Instruct and Llama3.3-70B-Instruct on 2Wiki and

HotpotQA with different top-n settings.

Models Top-n 2Wiki HotpotQA
EM Fl1 Recall@10 EM F1 Recall@10

3 0.5310 0.6106 0.8968 0.5430 0.6784 0.9515
Qwen2.5-72B-Instruct 5 0.5310 0.6147 0.9095 0.5630 0.6933 0.9520

7 0.5440 0.6233 0.9107 0.5500 0.6862 0.9506

3 0.5850  0.6666 0.8945 0.5680 0.7104 0.9495
Llama3.3-70B-Instruct 5 0.6080 0.6891 0.9095 0.5640 0.7144 0.9545

7 0.6000 0.6841 0.9175 0.5700 0.7166 0.9595

Table 13: Performance comparison between Qwen2.5-72B-Instruct and Llama3.3-70B-Instruct on 2Wiki and

HotpotQA with different top-£ settings.

Qwen2.5-72B-Instruct

Llama3.3-70B-Instruct

top-h
EM Fl1 Recall@10 EM Fl Recall@10
2Wiki
1 0.4570  0.5428 0.7117 0.5070 0.5897 0.7097
3 0.5430 0.6250 0.9110 0.6060 0.6837 0.9130
5 0.5310 0.6147 0.9062 0.6080 0.6891 0.9095
7 0.5300 0.6116 0.8908 0.5690 0.6529 0.8902
HotpotQA

1 0.4930 0.62740 0.8055 0.5060 0.6539 0.8100
3 0.5430 0.67920 0.9360 0.5590 0.7056 0.9370
5 0.5620 0.6936 0.95200  0.5590 0.7024 0.9540
7 0.5480 0.68310 0.9590 0.5670 0.7092 0.9565

yields the best results. Smaller top-n values fail to
sufficiently exploit information gain relationships,
while larger top-n values are not necessarily opti-
mal. Instead, selecting a moderate top-n in align-
ment with dataset characteristics provides more
stable performance for iG?RAG.

C.2 Number of seed nodes

In Section 6.3, we have concluded that too few
seed nodes fail to provide an effective initializa-
tion probability for PPR, whereas an excessively
large set of random seeds reduces the exploration
space of PPR. As shown in Table 13, the conclu-
sion drawn in Section 6.3 still holds for the 2Wiki
and HotpotQA datasets. Although some numerical
fluctuations are observed, the overall trend first in-
creases and then decreases, reflecting the stability
of using a moderate number of seed nodes.
Overall, as shown in Table 12 and Table 13, the
performance trends for both top-n and top-h ex-
hibit a rise-then-fall pattern. Although in the case
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of the HotpotQA dataset, Llama3.3-70B-Instruct
tends to favor larger values, this reflects a form
of synergy between external knowledge and the
model’s internal knowledge. At the same time,
this highlights an important phenomenon, namely
that the performance peak varies with knowledge
distributions of different characteristics, and such
variation is inherently coupled with the parameter-
ized knowledge of the model.

C.3 MMR Baseline

Figure 10 illustrates the performance comparison
between MMR, Naive RAG, and iGZRAG. Con-
trary to the expectation that diversity promotion
enhances performance, MMR yields lower results
than the Naive RAG baseline. This decline sug-
gests that MMR’s reliance on vector-based surface
similarity is ill-suited for the complex semantic
ranking required in long-sequence contexts.

A critical failure mode is observed in multi-hop
reasoning scenarios: a candidate document d; often
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Figure 10: Comparison of MMR, Naive RAG,

exhibits high embedding similarity to an already
selected document d;, thereby incurring a sub-
stantial penalty under MMR. However, such doc-
uments frequently harbor distinct, non-redundant
entities or relations that are crucial for the subse-
quent reasoning hop. While MMR’s penalty mech-
anism indiscriminately suppresses these candidates,
iG’RAG successfully identifies and retains these
“high-similarity, high-gain” documents by evaluat-
ing their actual information gain rather than surface
overlap. Consequently, iG?RAG significantly out-
performs the MMR baseline.

D Appendix: Pseudocode for Graph
Construction and Traversal

D.1 Theoretical Analysis of Information Gain.

In the main text, we elucidated the motivation for
employing LL.Ms to evaluate information gain. To
provide a robust theoretical foundation for this ap-
proach, we detail herein the complete derivation
process. It builds a bridge between theoretical anal-
ysis and practical application.

Theoretical Definition via Relative Entropy
We define the “Information Gain” of a candidate
chunk c; given a baseline ¢; as the magnitude of
the update to the system’s semantic state. Formally,
let P(- | ¢;) represent the knowledge distribution
given only the baseline, and P(- | ¢;, ¢j) represent
the updated distribution after incorporating the can-
didate. The information gain is quantified by the
Kullback-Leibler (KL) Divergence (or Relative
Entropy) between these two latent distributions:

T(e; | ei) ~ Dicr (P(- | cives) || P | )
(13)

* Redundancy: If c; is semantically encom-
passed by ¢;, the knowledge distribution re-
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and iGZRAG on three multi-hop datasets.

mains largely unchanged, implying Dg —
0.

* Novelty: If c; introduces significant new con-
cepts or orthogonal information, it forces a
substantial reconstruction of the semantic dis-
tribution, implying a large D,

Infeasibility of Classical Formulations Clas-
sical information-theoretic measures face a pro-
hibitive barrier in this context: Computational In-
tractability. Computing the exact KL divergence
between latent semantic distributions requires inte-
gration over a high-dimensional continuous space,
which is analytically intractable and computation-
ally expensive to estimate via sampling. Further-
more, explicitly constructing such a precise contin-
uous probabilistic model is inherently difficult to
model and control, often leading to instability when
attempting to capture subtle semantic nuances in
high-dimensional spaces.

Operationalizing Divergence via LLM Estima-
tion To bridge this gap, we utilize the LLM not as
a token generator, but as a parameterized Semantic
Divergence Estimator. Through instruction tun-
ing, the model is aligned to assess the magnitude of
the semantic gap directly. We posit that the output
score .S serves as a direct proxy for the latent KL
divergence:

Scorem(c; | &) = D (P(: | eivey) | P(-| )

(14)
under this formulation, the heuristic score is
grounded as a numerical approximation of the for-
mal divergence:

» High Score (e.g., Novel): Corresponds to
a large divergence value, indicating that c;



forces a significant update to the semantic
state.

* Low Score (e.g., Redundant): Corresponds
to a divergence approaching zero, indicating
that the posterior distribution is virtually iden-
tical to the prior.

Implementation via Robust Quantization To
translate this continuous divergence estimation into
a stable graph structure, we employ a Quantiza-
tion Mapping Function Q(-). This step interprets
the continuous distance estimation as discrete In-
formation Energy Levels:
w;j = Q(Scorep) € C (15)
Mathematically, this quantization acts as a se-
mantic Low-Pass Filter, filtering out minor noise in
the distance estimation while preserving significant
semantic state transitions. This ensures that the con-
structed graph edges represent robust knowledge
increments rather than stochastic fluctuations in the
model’s output. In practice, we implement this pro-
cess using few-shot prompting to guide the LLM in
mapping semantic comprehension onto discretized
intervals. By adhering to the prompt instructions,
the LLM interprets the intended information gain
and maps it onto predefined quantitative intervals,
thereby deriving a discrete value that represents the
document’s relative contribution.

Information gain graph. The construction of
the information gain graph in iG?RAG is detailed
in Algorithm 1. This process involves comput-
ing embeddings for document chunks, identifying
neighboring nodes based on embedding similar-
ity, and using a large language model to evaluate
the information gain between nodes. The result-
ing graph captures the informational relationships
among documents, which is then utilized in the
retrieval process.

Graph PPR search. The Personalized PageRank
(PPR) search process on the information gain graph
is outlined in Algorithm 2. This algorithm com-
putes a relevance score for each document node
based on a given query, using the PPR method to
traverse the graph. The final ranked list of docu-
ments is then retrieved based on these scores, facil-
itating effective information retrieval for question
answering tasks.
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Algorithm 1 Information-Gain Graph Construction

Require: LLM M;, neighbor size n, Document
chunks node V = {v,v2,...,un}
Ensure: Information gain graph Giy, 7o (V, Einfo)
1: Initialize &, ¢, < 0
2: Compute embeddings: E €
3: for each chunk v; € V do

RNXd

4:  Find top-n similar chunks Neighbors(v;)

5:  Construct subgraph {Eq. (1)}

6: Remove edge weights to get unweighted
subgraph G% ;.

7. for each v; € Neighbors(v;) do

8: Wij =3 Q(M(’L)] | Ul)) € C {Eq. (3)}

9: ginfo A ginfou{(viavj7wij)}

10:  end for

11: end for

12: Concatenate all subgraphs to form

ginfo(vvginfo> € RNXTL

13: return G, 1o(V, Einfo)

Appendix: Incremental Update for
iG’RAG Graph

As detailed in Algorithm 3, the incremental updat-
ing process in iG?RAG is highly efficient. It only
requires using the saved embeddings of existing
documents to identify the neighboring nodes for
a new document, after which an LLM evaluates
the information gain of these neighbors. This pro-
cess does not alter the previously established graph
structure at all; instead, it seamlessly incorporates
the new nodes. To further investigate the efficiency
of this process, we measured the number of graph
edges, time, token consumption, and F1 scores dur-
ing incremental updates. We started with a base of
1,000 documents, incrementally added documents
in batches of 500 up to a total of 2,500, and used
a set of 100 questions to test QA performance at
each stage.

The results in Table 14 show that the initial con-
struction time for each dataset was approximately
25 minutes, consuming around 3 million tokens.
When adding new documents, the additional time
and token consumption for each 500-document
batch were roughly proportional to the initial cost,
demonstrating the efficiency and stability of the
incremental updating process. Moreover, it can
be observed that as the cardinality of the graph
increases, the time required for incrementally up-
dating 500 documents consistently remains around
15 minutes. This indicates the efficiency of the



Table 14: Performance vs. incremental update across three datasets.

Nodes Musique 2Wiki HotpotQA
Edges Time (min) Tokens F1 Edges Time (min) Tokens F1 Edges Time (min) Tokens F1
1000 3648 25.63 3143081 0.3306 2481 2539 3091916 0.6429 2858 2588 3204260 0.7186
1000 + 500 5079 1603 1587661 0.4435 3953 1331 1614195 0.6126 4403 13.27 1619992 0.7156
1500 +500 6679 13.50 1576503 0.4667 5474 1333 1570036 0.6290 5980 1333 1606094 0.7019
2000 +500 8173 1402 1582141 04536 7065 13.66 1546862 0.6376 7550 1334 1609052 0.7119
Algorithm 2 Graph PPR Search Algorithm 3 Incremental Update
Require: Query ¢, Information gain graph  Require: Existing information gain graph

Ginfo(V,Einfo), seed nodes h, top-k docu-
ments, damping factor «, threshold e
Ensure: Retrieved documents D
1: Compute query embedding Embed,
Compute similarity vector {Eq. (4)}
Construct personalization vector {Eq. (5)}
Normalize P to ensure ||P||; =1
Initialize 7(*) <~ P, t + 0
Construct transition matrix 7 < G, ro
repeat
rtD) — (1—a)-T-r®) + o P {Eq. (6)}

tt+1
until ||r® — 7Dy < € {Eq.(7)}
R « r®) {Converged rank vector}
D < Index(Sort(R, k)) {Eq. (8)}
return D

10:
11:
12:
13:

incremental updating mechanism, which is largely
independent of the size of the original graph and
instead depends primarily on the number of newly
added documents. Regarding the F1 score, the
Musique dataset showed improved performance as
more documents were added, reaching a satura-
tion point at 2,000 documents. For the other two
datasets, however, performance saturation occurred
with the initial 1,000 documents, a result directly
related to the size of those datasets. Further docu-
ment additions to these datasets led to fluctuations
in the F1 score, which can be attributed to the imbal-
ance between the limited number of queries and the
increased information contained in the constructed
graph, providing the model with more information
than it can effectively align, thus introducing inter-
pretive bias.

F Cost Analysis

Index Cost. To thoroughly investigate the trade-
off between resource consumption and system sta-
bility in iGZRAG, we conducted a scaling experi-
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Ginfo(V, Einfo), New document chunks Vyeu,
LLM M;, Embeddings E, Neighbor size n
Ensure: Updated graph G;, ,,(V', &}, 1,)
1: Compute embeddings for new chunks:
Epcy € RIVnewlxd

Concatenate embeddings: E' <+ E @ E,,.,,

3: for each new chunk v,ey € View do
4:  Find top-n similar chunks from existing V
using dot-product: Neighbors(vpey) C V
5: Construct subgraph: Ggup < {vnew} U
Neighbors(vpew )
6:  for each v; € Neighbors(vpe.) do
7: Compute information gain: Wyew,j <
Mi(vnewa Uj)
8: Add edge: A info Y
{('Uneun Vj, wnew,j)}
9: end for
10: end for

11: Update nodes: V' + V U Ve

12: Update edges: &, 1, < Einfo U &y,
13: return gz{nfo(vl7 z{nfo)

ment on Musique, the largest dataset in our eval-
uation suite. Specifically, we employed models
of varying parameter sizes (Qwen2.5-14B/32B-
Instruct and Llama-3.3-70B-Instruct) as Graph In-
dexers, while fixing the inference model to Llama-
3.3-70B-Instruct. This setup decouples the quality
of index construction from downstream generation
capabilities. The experimental results, summarized
in Table 15, reveal two critical observations: (1)
Scale-Dependent Performance. Although models
of varying sizes exhibit marginal differences in
raw document retrieval recall, smaller models (e.g.,
14B) demonstrate significant performance degra-
dation in the quality of final response generation.
This suggests that smaller models face capability
bottlenecks in accurately discerning information
gain, thereby hindering the construction of high-
quality reasoning paths. This observation further



Table 15: Performance and resource consumption of different index models on Musique dataset.

Index Model Recall@10 EM F1 Total Tokens (M) Prompt Tokens (M) Completion tokens (M) Index GPU Memory (GB) Index Time (min)
Qwen2.5-14B-Instruct 0.7008 0.234 03572 36.81 34.87 1.95 38 48.29
Qwen2.5-32B-Instruct 0.7024 0.290 0.4242 36.81 34.87 1.95 96 64.26
Llama-3.3-70B-Instruct 0.7069 0.294 0.4328 3473 33.11 1.61 256 104.48

Table 16: PPR retrieval time (in seconds) under different damping factors.

damping(«) 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

HotpotQA 0.1545 0.3755 0.4156 0.5289 0.6298 0.7333 0.7691 1.067
MuSiQue 0.1611 0.3108 0.3914 0.4680 0.5244 0.8783 1.1450 1.459
2Wiki 0.3026 0.3742 0.4482 0.4838 0.7682 0.9598 1.1950 1.540

corroborates a strong positive correlation between
system robustness and model scale. (2) Overhead
Structure and Optimization Potential. During the
graph construction phase, input token consumption
remains relatively balanced across different mod-
els. Our analysis indicates that the primary token
overhead stems from pre-defined system prompts
rather than dynamic data inputs. This characteristic
holds significant engineering implications, suggest-
ing that in practical deployment, the substantial
input overhead can be effectively amortized via
the KV Cache mechanism, thereby significantly
reducing marginal costs.

Inference Cost. While prior discussions primar-
ily centered on resource consumption during the
index construction phase, we now shift our atten-
tion to the inference phase. A core advantage of
iG?RAG lies in the complete decoupling of graph
construction from inference-time retrieval. During
inference, the information gain graph permits direct
traversal without LLM intervention. Consequently,
the entire RAG pipeline necessitates only a single
LLM call during the final generation stage. There-
fore, inference efficiency is primarily determined
by the computational latency of the Personalized
PageRank (PPR) algorithm. Using the Llama-3.3-
70B-Instruct model as a basis, we conducted stress
tests on 200 randomly sampled instances from each
of the MuSiQue, 2Wiki, and HotpotQA datasets.
Our experiments specifically investigated the im-
pact of the damping factor on PPR convergence
speed. As presented in Table 16, although compu-
tational time exhibits an upward trend with increas-
ing damping factors—indicating a positive corre-
lation—the overall retrieval latency consistently
remains at the millisecond level (0.1s to 1.0s). This
result confirms that, leveraging the architectural
advantage of a single LLM call, iG?RAG effec-
tively balances low computational costs with high

Table 17: Performance on different embedding models.

. Dense iG’RAG
Embedding Models F1 Recall F1 Recall
BGE-M3 0.3411 0.6189 0.3577 0.6279
text-embedding-v3 0.3630 0.6366 0.3743 0.6427
Qwen3-Embedding-8B  0.3891 0.7035 0.4138 0.7163

response speeds during the inference phase.

G Appendix: Dense Retriever Flexibility

As shown in Table 17, as the capabilities of the
embedding model improve, both the F1 score and
Recall of the RAG pipeline increase significantly.
Furthermore, iG?’RAG consistently outperforms
the Dense mode. This demonstrates the flexibility
of iG?RAG when paired with different retrievers.

H Appendix: Details of case study

Case Illustration Compared with the Baseline.
As shown in Figure 11, we provide a qualitative
case study showing that iG?RAG recalls crucial
documents more effectively than a strong dense re-
triever and HippoRAG?2. For the query “Who is Mu-
gain’s mother-in-law?”’, both Qwen3-Embedding-
8B and HippoRAG?2 initially retrieve the document
about “Mugain” but subsequently return results fo-
cused only on “mother” or “mother-in-law,” which
are insufficient to answer the question. In contrast,
iG?RAG links the “Mugain” document to a com-
plementary one via its information gain graph and
retrieves it through PPR, enabling the correct rea-
soning path.

Musique Case. When asking “Who is the child
of the Victim of Romance performer?”, the query is
first matched with documents based on similarity,
yielding seed nodes. Among these, the document
“Victim of Romance\nVictim of Romance ...” is most
relevant to the query. However, relying solely on
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similarity for seed nodes lacks additional supple-
mentary information from this document. iG2RAG
instead enables PPR to discover the document “Wil-
son Phillips\nWilson Phillips is an ...” within the in-
formation gain graph. Consequently, the final input
to the generative model is sufficiently informative,
effectively reducing the query’s uncertainty. In the
document “Victim of Romance\nVictim of Romance
.7, it is explicitly stated that “Victim of Romance”
was performed by “Michelle Phillips”, while the

document “Wilson PhillipswwWilson Phillips is an ...’

further supplements that “Chynna Phillips” is the
daughter of “John and Michelle Phillips”, details
as shown in Fig 12.

HotpotQA Case. When asked "Who is the film
dedicated to that Paramount Classics and MTV
Films co-purchased the rights to?", the initial
seed nodes primarily match prominent fields such
as "Paramount Classics" and "MTV Films", yet
these alone are insufficient to substantially reduce
the query’s uncertainty. Through PPR expansion,
iG?RAG is able to retrieve the passage "Hustle
& Flow ...", which, when connected to "Beneath
(2007 film) Beneath is a straight-to-DVD ...", pro-
vides the critical complementary information that
the film is dedicated to "Sam Phillips", details as
shown in Fig 13.

2Wiki Case. When requesting “Who is Mugain’s
mother-in-law?” (a detailed case in Figure 3), the
query first retrieves relevant documents from the
seed nodes via the key field “Mugain”. From
this document, it can be learned that “Mugain”
is the wife of “Conchobar mac Nessa”, and that
“Conchobar mac Nessa” is the “king of Ulster”.
The documents obtained through PPR expansion
provide further information on “Conchobar mac
Nessa”, from which it is revealed that his mother
is “Ness”. Therefore, “Mugain’s mother-in-law”
is “Ness”, details as shown in Fig 14.

I Appendix: Statistical Significance Test

To verify that the improvements of iGZRAG over
HippoRAG?2 are not simply due to random varia-
tion, we conducted statistical significance testing
using a paired permutation test on the F1 scores.
The permutation test works by repeatedly shuffling
the pairwise results of the two methods and recal-
culating the performance difference, thereby esti-
mating how likely it is to observe a difference at
least as large as the actual one under the assump-

’

23

Table 18: Differences and p-values for F1 Scores on
Datasets

Metric Musique 2Wiki HotpotQA
Diff  p-value Diff p-value Diff  p-value
F1 0.0345  0.0004 0.029 0.0117 0.0168  0.041

tion that both methods perform equivalently. The
resulting probability is reported as the p-value. By
convention, a threshold of 0.05 is used: if the p-
value is below this level, it means that the chance
of the observed improvement arising purely from
random fluctuations is less than 5%. In other words,
a low p-value provides strong evidence that the per-
formance gain is systematic and meaningful. As
shown in Table 18, all datasets yield p-values well
below 0.05, confirming that the improvements of
iG?RAG are statistically significant rather than ran-
dom artifacts.

J Appendix: Graph Statistics

In Table 19, we present the number of graph nodes
and edges in iG?RAG compared to other meth-
ods on Qwen2.5-72B-Instruct setting. This demon-
strates that iG?RAG is more efficient and more
advantageous for management and storage. Addi-
tionally, in Figure 15, we illustrate the local graph
structure centered on the node "Lionel Messi After
ayeara..".

K Appendix: Detailed hardware and
software settings

The iG?RAG framework relies on the OpenAl API
request format 3. For deployment, we use vLLM
4 to run the large language model (LLM) on four
NVIDIA A800 Tensor Core GPUs and expose it
as an API that is compatible with the OpenAl in-
terface. Similarly, for the embedding model, we
deploy it on a single NVIDIA GeForce RTX 4090
using vLLM and also interact with it using the Ope-
nAl API format. We chose vLLM for deployment
and the OpenAl interface for requests to facilitate
easy extension to different models, a benefit de-
rived from the continuous development and support
of both communities.

3https://github.com/openai/openai-python
*https://github.com/vllm-project/vlim



Query: Who is Mugain’s mother-in-law? Answer: Ness

Qwen3-Embedding-8B HippoRAG2 iG’RAG
"Mugain, daughter of Eochaid & 7 Document - Lugaid fardonn, son ... his mother is Ness,
Feidlech, ... queen in the Ulster" W \7’:7 of Enna Derg, was ... daughter of Eochaid
! { ; ; | Sélbuide, King of Ulster.
2 | "Tjuyu( sometimes transliterated as  Eochaid Feidlech |
": Thuya or Thuyu) ..." + Ofpeeeees .
s { Prince Harry | "Mugain, daughter
= 1 (of of Eochaid g
i Doria L. Ragland nAaw © . 92  Conaing Begeclach
"Doria L. Ragland( born September 2, : g iother ™ Feidlech, ... queen N was, ac%()rdjg}lg to
1956) is the mother of Meghan ..." Document in the Ulster" medieval ...
"Mugain, daughter of Eochaid | "Mugain, daughter of Eochaid | "Mugain, daughter of Eochaid Feidlech, ... gueen in
» | Feidlech, ... queen in the Ulster" Ttop1| Feidlech, ... queen in the Ulster" top1| the Ulster" TOP1
=E
E“E‘ "Doria L. Ragland( born September 2, Peju Ogunmola is a Yoruba film actress "Doria L. Ragland( born September 2, 1956) is the
S5 | 1956) is the mother of Meghan ..."1gp 4 | Whostarsin ... top4| mother of Meghan ..." TOP4
e
= | Akisue was close to Emperor | "Doria L. Ragland( born September 2) ... | ... his mother is Vess, daughter of Eochaid Salbuide,
Shirakawa, as his mother was ... Topg| the mother-in-law of Prince Harry ..."yop ¢ | King of Ulster. TOP 6

Figure 11: Case study illustrating the advantages of iG?’RAG. Qwen3-Embedding-8B embeds the corpus into a
vector store, while graph-based RAG constructs an entity-relation database to index source documents. In contrast,
iG?RAG builds an information gain graph with documents as nodes, capturing informational complementarity
across documents. Black bold text indicates similarity sources, purple bold denotes relational similarity, and green
italic highlights complementary relations.

Table 19: Graph Statistics for Different Methods on

Datasets
Method Musique 2Wiki HotpotQA
Nodes Edges Nodes Edges Nodes Edges
iG?’RAG 11656 58281 6119 30595 9811 49055
HippoRAG2 89364 2031466 45947 1287189 83854 1861013
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iIG’RAG

i Victim of Romance\nVictim of Romance is singer and songwriter Michelle Phillips' first and oandsolo album, and was released in |

i February 1977 (see 1977 in music). The record was unsuccessful and Phillips (previously with The Mamas & the Papas) then favored |
:Lher acting career. The front cover photography was by Terry O'Neill. &
The Last Song\nAt seventeen, Veronica *'Ronnie "Miller (Miley Cyrus) remains as rebellious as she was the day her parents divorced |
and her father moved to North Carolina three years prior. Once a classical piano child prodigy under the tutelage of her father, Steve |
! Miller (Greg Kinnear), Ronnie now ignores the instrument and has not spoken with her father since he left. While Juilliard School has |
; been interested in her since she was young, Ronnie refuses to attend. |

i American Idol\nPhillips became the winner, beating Sanchez. Prior to the announcement of the winner, season five finalist Ace
Young proposed marriage to season three runner-up Diana DeGarmo on stage — which she accepted.

i Lina Medina\nMedina has never revealed the father of the child nor the circumstances of her impregnation. Escomel suggested that
! she might not actually know herself, as she \"couldn't give precise responses\". Lina's father was arrested on suspicion of child sexual |
1 abuse, but he was released due to lack of evidence and the biological father was never identified. Her son grew up healthy. He died :
1 in 1979 at the aﬁe of 40. In young adulthood, Medina worked as a secretary in the Lima clinic of Lozada, which gave her an education :
i and helped put her son through high school. She married Raul Jurado, who fathered her second son in 1972. As of 2002, they lived in :
i a poor district of Lima known as \"Chicago Chico\". She refused an interview with Reuters that year, just as she had turned away :
| many reporters in years past. i

The Official Story\nThe film deals with the story of an upper middle class couple who lives in Buenos Aires with an illegally adopted |
child. The mother comes to realize that her daughter may be the child of a desaparecido, a victim of the forced disappearances that |
occurr%d during Argentina's last military dictatorship (1976 - 1983), which was marred by widespread human rights violations and a |
genoci

i Wilson Phillips\nWilson Phillips is an American vocal group consisting of Carnie Wilson, Wendy Wilson, and Chynna Phillips, the
IL daughters, respectively, of Brian Wilson of The Beach Boys and of John and Michelle Phillips of The Mamas & the Papas.

| I 3oulog Seine, France, the son of French singer Louis Chedid, |
i and the grandson of the Egyptian-born French writer and poet of Lebanese descent Andrée Chedid who has written lyrics for him. His
1 sister is the music video and concert director Emilie Chedid.

Je dis aime\nJe dis aime (1999) is the second studio album by French singer-songwriter Matthieu Chedid, in his persona as -M-,
described by reviewers as a \"conceptual icon to rival Bowie's Ziggy Stardust and Aladdin Sane\". The album manages to take a
remarkable variety of musical directions and pull them together into a consistent whole. Another reviewer describes the album as
sounding like a 'French Lenny Kravitz' and notes the 'vintage 70s sound and textures'.

Figure 12: Details of Musique case study. It details the selection of seed documents (Seed Nodes) for iGZRAG
in Musique and the documents obtained through the random walk expansion of PPR (PPR to Expand). Among
them, documents with the same background color are indicated as complementary documents, even if they are not
retrieved during seed selection, they can be obtained through PPR expansion to supplement multi-hop questions. In
the document nodes, black bold text indicates fields with a relatively large contribution to similarity, while red
italic bold text indicates fields that complement each other in terms of facts.
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{ MTV Films\nMTV Films is the motion picture production arm of the American cable television channel MTV. Founded in 1996, it !
» has produced films based on MTV programs such as \"Beavis and Butt-head Do America\" and \"\", as well as other adaptations and !
1 original projects. Its films are released by fellow Viacom division Paramount Pictures. On August 21, 2006, Nickelodeon Movies and |

i MTV Films became full labels of the Paramount Motion Pictures Group. It currently has 40 films with four direct-to-video titles.

. Paramount Vantage\nParamount Vantage (originally known as Paramount Classics) was the specialty film division of Paramount
i Pictures (which, in turn, has Viacom as its parent company), charged with producing, purchasing, distributing and marketing films,

' generally those with a more \"art house\" feel than films made and distributed by its parent company.

E Beneath (2007 film)\nBeneath is a straight-to-DVD thriller-horror film co-produced in a first time partnership between Paramount |
: Classics (a Viacom subsidiary) and MTV Films (although both co-purchased the rights to \""Hustle & Flow\" in 2005). The film is |
' directed by the newcomer Dagen Merrill, who co-wrote ﬁle script with Kevin Burke, and the list of producers include Sean Covel and |
' Chris Wyatt (\"Napoleon Dynamite\", \"Think Tank\"), as well as Troy Craig Poon. In Paramount Classics's first horror movie, which |
' marks the company's expansion from acquisitions into the Froduction arena, the cast includes Nora Zehetner (\"Brick\", \"May\", |
1 \"R.S.V.P\", \"Everwood\") and Matthew Settle (\"U-571\", \"Band of Brothers\"). Shooting started 2005 in Vancouver, the film was |
i released on DVD August 7, 2007. It was the first direct-to-video title produced by MTV Films. i

i Paramount Famous Productions\nParamount Famous Productions is a made-for-home entertainment division of Paramount Pictures. :
It develogs home entertainment sequels to films from Paramount Pictures, Paramount Vantage, MTV Films, DreamWorks Pictures 1
i (pre-2005 library), Nickelodeon Movies, and other Paramount-related properties. The name also revives the \"Famous\" moniker !

previously used by the Paramount-owned Famous Studios.

 Jackass: The Movie\nJackass: The Movie is a 2002 American reality comedy film directed by Jeff Tremaine with the tagline \"Do not
. attempt this at home.\" It is a continuation of the stunts and pranks by the various characters of the MTV television series \"Jackass\", |
+ which had completed its unique series run by this time. The film was produced by MTV Films and Dickhouse Productions and !

released by Paramount Pictures.

'
'
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+ Jackass Number Two\nJackass Number Two is a 2006 American reality comedy film. It is the sequel to \"\" (2002), both based upon |
' the MTV series \"Jackass\". Like its predecessor and the original TV show, the film is a compilation of stunts, pranks and skits. The !
' film stars the regular \"Jackass\" cast of Johnny Knoxville, Bam Margera, Chris Pontius, Steve-O, Ryan Dunn, Dave England, Jason !
1 \"Wee Man\" Acuiia, Preston Lacy and Ehren McGhehey. Everyone depicted in the film plays as themselves. All nine main cast |
| {n}am}l{)ers\from the first film returned for the sequel. The film was directed by Jeff Tremaine, who also directed \"\" and produced |
i \"Jackass\". !

| Hustle &amp; Flow\nHustle & Flow is a 2005 American independent drama film written and directed by Craig Brewer and |
i produced by John Singleton and Stephanie Allain. 1t was released on July 22, 2005. Terrence Howard stars as a Memphis hustler and

' pimp who faces his aspiration to become a rapper. The film is dedicated to Sun Records founder Sam Phillips. %

i Ryan Dunn\nRyan Matthew Dunn (June 11, 1977 — June 20, 2011) was an American stunt performer, television personality, comedian,
:L actor, writer, musician, and one of the stars of the MTV reality stunt show \"Jackass\".

i Dave England\nDave England (born December 30, 1969) is an American stunt performer, and former professional snowboarder. He is
' best remembered as one of the stars of the MTV reality stunt show \"Jackass\".

s Pontius\nChristopher Andrew ris\" Pontius (born Ju ]}1/ , 1974) is an American stunt performer, actor, musician, and a cast
' member of the MTV reality stunt show \"Jackass\" and also co-hosted its spinoff \"Wildboyz\" with fellow cast member Steve-O.

Figure 13: Details of HotpotQA case study.
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' Mugain\nMugain, daughter of Eochaid Feidlech, is a legendary queen in the Ulster Cycle of Irish mythology; characterized as the |
" Strumpet wgfe of Conchobar mac Nessa\", the king of Ulster, Also styled Mumain’, she bore him'a son named Glaisne. She was |
+ also a sister of Medb, b{x})atemlty. Her epithet, \"Aitinchairchech\", literally means \"having gorse-like body hair\", or perhaps more !
: specifically pubic hair. When Ctichulainn returned to Emain Macha after his first foray, his fury was so great the Ulstermen feared he !
 would destroy them. Mugain led her maidens out, and they bared their breasts in front of him. Ctchulainn averted his eyes, and the :
i Ulstermen were able to wrestle him into a barrel of cold water, which exploded from the heat of his body. They put him’in a second !
i barrel, and the water boiled; and finally a third barrel, which merely warmed up to a pleasant temperature. Her affair with Aed, !
i Conchobar's poet, led to the death of Loegaire Buadach. The Ulstermen took her life, out of the love of her, though they seldom :
| engaged in femicide.\np.23 &

' Tj.%yu\nTjuyug sometimes transliterated as Thuya or Thuyu) was an Egyptian noblewoman and the mother of queen Tiye, and the !

| wife of Yuya. She is the grandmother of Akhenaten, and great grandmother of Tutankhamun.

| Minamoto no

) g g ] ghan, ) , the mother- in- law of |
! Prince Harry, and the maternal grand 1 n- Windsor, who is seventh in line to the British throne. She is a
1 former makeup artist, business owner, yoga instructor, and former social worker who worked in the mental health sector from 2015 to ;

' %qria EFhir_lf\nMatia Thins( c. 1593 — 27 December 1680) was the mother- in- law of Johannes Vermeer and a member of the Gouda |
i Thins family. i

i Conchobar mac Nessa\nConchobar mac Nessa (son of Ness) is the kinﬁ]of Ulster in the Ulster Cycle of Irish mythology. He rules !
i from Emain Macha (Navan Fort, near Armagh). He is usually said to be the son of the High King Fachtna Fathach, although in some |
i stories his father is the druid Cathbad, and he'is usually known by his matronymic, \"mac Nessa\": his mother is Ness, daughter of |

Eochaid Sélbuide, King of Ulster. &

'
'
(g '

i Nefertiti\nNeferneferuaten Nefertiti (c. 1370 — ¢. 1330 BC) was an Egyptian queen and the Great Royal Wife of Akhenaten, an |
1 Egyptian Pharaoh. Nefertiti and her husband were known for a rehg}llous revolution, in which they worshipped one god only, Aten, or !
1 the sun disc. With her husband, she reigned at what was ar%}‘lably the wealthiest period of Ancient Egyptian hlstorﬁ. Some scholars !
' believe that Nefertiti ruled briefly as Neferneferuaten after her husband's death and before the accession of Tutankhamun, although !
' this identification is a matter of ongoing debate. If Nefertiti did rule as Pharaoh, her'rellgn was marked by the fall of Amarna and ;
' relocation of the capital back to the traditional city of Thebes. Nefertiti had many titles inc udln%Heredltary Princess (iryt-p't); Great |
1 of Praises (wrt-Hzwt); Lady of Grace (nbt-im3t), Sweet of Love (bnrt-mrwt); Lady of The Two Lands (nbt-t3wy); Main King's Wife, |
i his beloved (Hmt-nswt-*3t mryt.f); Great King's Wife, his beloved (Hmt-nswt-wrt mryt.f), Lady of All Women (Hnwt-Hmwt-nbwt); |
+ and Mistress of Upper and Lower Egypt (Hnwt-Shm’w-mhw). She was made famous by her bust, now in Berlin's Neues Museum.
i The bust is one of the most copied works of ancient Egypt. It was attributed to the sculptor Thutmose, and it was found in his

workshop.

» Shuttarna II\nShuttarna II (or Suttarna) was a king of the Hurrian kingdom of Mitanni in the early 14th century BC. Shuttarna was a |
i descendant and 'robab}y a son of the glgeat Mitannian king Artatama 1. He was an ally of the Egygtlan Pharaoh Amenhotep III and the :
+ diplomatic dealings of the kings are briefly recorded in the Amarna letters. Shutfarna's daughter Kilu-Hepa (sometimes spelled !
1 G1 pkhep.ag was given to Amenhotep III in marriage to seal the alliance between the two royal houses in the Pharaoh's 10th regnaleear, !
' taking with her a great dowry. Durmg the relﬁn of Shuttarna, the kingdom of Mitanni reached its height of power and prosperity. From |
: Alalakh in the west, Mitanni shared its border with Egypt in northern Syria, approximately by the river Orontes. The heart of the |
' kingdom was in the Khabur River basin where the capital Washshukanni was situated. Assyria as well as Arrapha in the east were |
: vassal kingdoms of Mitanni. The Hittites attempted to invade the northern border lands of Mitanni, but were defeated by Shuttarna. He |

was succeeded by his son, Tushratta, or possibly Artashumara, under dubious circumstances. .

'
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i Fujiwara no Hiroko\n, also known as, was an empress consort of Emperor Go- Reizei. She was the eldest daughter of Fujiwara no |
Yorimichi and Fujiwara no Gishi. Fujiwara no Morozane was her brother by the same mother. !

'
'
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: Marfaretha van GodewijkinMargaretha van Godewijk (30 August 1627, Dordrecht — 2 November 1677, Dordrecht), was a Dutch !
Golden Age poet and painter. 1

'
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Figure 14: Details of 2Wiki case study.
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Figure 15: Informational graph structure centered on the node "Lionel Messi After a year a...".
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