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Abstract

Graph-based Retrieval-Augmented Genera-
tion (RAG), which models relationships be-
tween fine-grained semantic units as a graph,
effectively facilitates multi-hop reasoning to
enhance large language model generation.
However, its design focuses on local relation-
ships, resulting in suboptimal performance for
tasks that require global context, and the sepa-
ration of query refinement from indexing lim-
its the system’s ability to capture high-level
implicit relationships within the graph. This
paper proposes a Panorama-guided RAG
paradigm (PanoramaRAG) that integrates a
light yet comprehensive “panorama” of the
corpus to guide all stages of the retrieval
process. This hub bridges the knowledge
graph, language models, and queries in a
computationally efficient manner, applicable
to both open-source and closed-source mod-
els. Experimental results demonstrate that
our method exhibits strong performance across
five datasets and a variety of tasks. Our
code is available at https://github.com/
Deng-Dean/PanoRAG.

1 Introduction

Retrieval-Augmented Generation has emerged as
a powerful paradigm for enhancing Large Lan-
guage Models (LLMs) with external knowledge,
particularly for integrating up-to-date information
and private knowledge sources (Izacard et al.,
2022; Ram et al., 2023; Fan et al., 2024; Chen
et al., 2024; Yu et al., 2025; Zhang et al., 2025).
Among the various RAG approaches, graph-based
methods have attracted increasing attention due to
their ability to represent knowledge in a structured,
relational manner. In these methods, the knowl-
edge base is modeled as a graph, where nodes
represent a minimal semantic unit and edges en-
code the relationships between them (Edge et al.,
2024; Jimenez Gutierrez et al., 2024; Soman et al.,
2024). This graph structure enables the discovery

of complex relationships among entities, making
it particularly well-suited for answering multi-hop
queries, which require retrieving and reasoning
over multiple, interconnected pieces of support-
ing evidence (Tang and Yang, 2024; Zhang and
Zhang, 2025). By leveraging the graphs ability to
model intricate dependencies, graph-based RAG
methods can provide more coherent and contex-
tually accurate responses in tasks requiring deep
reasoning and evidence synthesis.

Although graph structures are effective at mod-
eling relationships between different semantic
units, they often fall short in capturing global se-
mantics, resulting in suboptimal performance on
query-focused summarization tasks and high-level
queries (see Appendix B). Prior work on inte-
grating global data information typically improves
only a single stage of the retrieval process, either
refining the query using global information (Qian
et al., 2024) or optimizing the keyword indexing
without influencing the query or keyword gener-
ation itself (Edge et al., 2024; Guo et al., 2024).
This decoupling between query refinement and re-
trieval index construction hinders the ability to
comprehensively capture high-level relationships
implicit in the graph, leading to suboptimal re-
trieval results (Sec. 4.4, Table 1). Moreover, ex-
isting approaches that incorporate global informa-
tion often incur significant additional costs. For
instance, MemoRAG modifies the internal param-
eters of large language models to enable global-
aware keyword generation, which requires addi-
tional training and is incompatible with closed-
source models.

To address the aforementioned challenges, we
propose a Panorama-guided RAG framework
(PanoramaRAG) that integrates a light yet com-
prehensive “panorama” of the corpus to guide all
stages of the retrieval process. This panorama
serves as a model-agnostic bridge between the
Knowledge Graph (KG), LLMs, and queries, pro-
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viding global semantic guidance without sub-
stantial computational overhead. By abstract-
ing core content through hierarchical keywords,
the panorama is seamlessly compatible with both
keyword-based indexing and query expansion. We
integrate this global perspective throughout the en-
tire retrieval lifecycleencompassing offline index-
ing, online query construction, and document re-
trieval. Specifically, we introduce the following
technical innovations:

* PanoramaRAG: A novel RAG framework
with a panoramic view of the corpus, which
integrates global semantics into both the in-
dexing and retrieval stages at minimal com-
putational cost. By embedding corpus-level
structure into retrieval-aware representations,
PanoramaRAG improves semantic consis-
tency without sacrificing efficiency.

¢ Panorama-aware keyword construction:
A method for refining queries and keywords
conditioned on the panorama, ensuring that
keywords consider the full context of the
data before retrieval, while not limiting the
types of large models (open-source or closed-
source) that can be used.

* Panorama-aware document retrieval: A
technique that utilizes a panorama-enhanced
graph and expansion mechanism to perform
efficient retrieval. It improves both retrieval
and generation effectiveness without adding
significant overhead, leading to a notable im-
provement in retrieval performance.

2 Related Work

2.1 Retrieval-Augmented Generation

Retrieval-Augmented Generation(RAG) augments
large language models(LLMs) by grounding the
generation process in external knowledge re-
trieved from a corpus (Ram et al., 2023; Cheng
et al., 2025). Conventional RAG systems (Gao
et al., 2023; Ma et al., 2023) typically employ
vector-space similarity search over passages that
are segmented arbitrarily, without preserving se-
mantic continuity. This coarse-grained segmen-
tation fails to capture essential relationships and
contextual dependencies between chunks. Conse-
quently, fragmented knowledge integration limits
the LLMs ability to perform cross-source synthe-
sis and produce globally coherent responses (Edge
et al., 2024; Guo et al., 2024; Chen et al., 2025).

To address this limitation, recent research has
focused on enhancing RAG pipelines, such as
FLARE (Jiang et al., 2023), Self-RAG (Asai
et al., 2024), and MemoRAG (Qian et al., 2024).
While MemoRAG improves long-context han-
dling through corpus compression and global
keyvalue caching, its reliance on trainable mod-
ules hinders integration with closed-source LLMs.
Other efforts leverage structured knowledge bases
to enhance information aggregation and semantic-
level retrieval (Sun et al., 2023; Li et al., 2024; He
etal., 2024; Zhu et al., 2025; Zhang, 2025). Within
this paradigm of structured retrieval, our work in-
troduces graph-structured indices that enable con-
textual reasoning as an inherent capability.

2.2 Graph-based RAG

Graph-based RAG has emerged as a promising
direction for enhancing LLMs with structured
knowledge (Han et al., 2024; Zhang et al., 2025;
Liu, 2025). In contrast to traditional RAG, graph-
based RAG approaches extract entities and their
relations to construct knowledge graphs that guide
retrieval and generation. GraphRAG (Edge et al.,
2024) is the first method proposed to automat-
ically construct an entity graph from the cor-
pus and pre-generate community-level summaries
based on graph structure, emphasizing the impor-
tance of integrating global information. While
GraphRAGs reliance on topological community
detection may overlook latent semantic groupings,
its efficacy is further constrained by lengthy (avg.
400-600 words) community summaries that ag-
gregate heterogeneous contentincluding all enti-
ties, relations, and claimsinto dense textual blocks.
The fundamental integration approach is to opti-
mize keyword indexing independently from query
context or keyword generation, exemplified by
LightRAG (Guo et al.,, 2024) and GraphRAG.
LightRAG extends GraphRAG’s paradigm by in-
tegrating graph structure with vector representa-
tions and adopting a dual-level retrieval frame-
work: a low-level retriever targets specific enti-
ties, while a high-level retriever captures their re-
lations. Alternative methods employ query refine-
ment leveraging global information (Qian et al.,
2024). However, decoupling query refinement
from index construction hinders capturing implicit
high-level graph relationships, thereby degrading
retrieval performance. To address this, our work
establishes consistent global information aware-
ness across all pipeline stages to holistically inte-
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grate corpus-level context.

3 Methodology

PanoramaRAG incorporates global information
throughout its retrieval pipeline, as illustrated in
Fig. 1. At the offline indexing stage, we first
leverage an LLM to extract corpus topics and con-
struct a hierarchical topic tree through bottom-
up clustering (Sec. 3.1). During the online key-
word construction stage, we then generate dual-
level keywords from user queries and map them
onto the topic tree, thereby achieving semantic
alignment between keywords and corpus-specific
themes (Sec. 3.2). Finally, at the KG retrieval
stage, we retrieve top-k relevant nodes based on
the keywords, perform multi-hop expansion on the
graph with filtering, and finally generate the re-
sponse via LLMs (Sec. 3.3).

3.1 Offline Hierarchical Topic-Aware
Indexing

Inspired by human semantic memory—where
knowledge is organized hierarchically from local
details into abstract global representations for ef-
ficient recall (Binder and Desai, 2011)—we pro-
pose a tree-structured architecture built upon a col-
lection of document chunks to concisely model
global semantics.

Given a collection of document chunks C =
{c1,¢9,...,cn}, we first extract fine-grained top-
ics as leaf nodes. For a chunk ¢;, we extract latent
topics by prompting an LLM M to generate a set
of topic-description pairs:

{t,51)15 = T(M, 1)

Here, ; is a topic node and s; is its textual descrip-
tion. These leaf nodes form the initial topic set
71, at the finest layer L. We then perform bottom-
up hierarchical clustering on these topics to form
higher-level abstractions 7;_1, continuing until a
stopping criterion ¢ is met. The set of topic nodes
at layer [ is denoted as 7; = {t1,ta,...,tm}.

Building upon this foundation, we leverage
topic information to guide knowledge graph con-
struction. For each text chunk ¢;, we utilize its
associated topic set 7" as auxiliary context. This
augmented input is processed by an LLM to jointly

extract three knowledge components:

& = {ej}

Sum, (¢, T)) = | Ri = {ri|ea 2 e}
Ai = {(6]', tpv pjp)}

ey
&; and R; denote the entities and relations ex-
tracted from ¢;, while A; represents affiliations be-
tween entities and topics with p;, indicating the
strength of association. Topic nodes bridge seman-
tically similar but structurally disconnected enti-
ties, enabling the graph to capture latent relation-
ships and enhance its representational capacity.

In summary, this hierarchical topic representa-
tion provides a precise and efficient mechanism for
capturing global information. The tree architec-
ture organizes knowledge at multiple granularities,
from coarse themes to fine details, and serves two
key functions: it supports LLM keyword genera-
tion by providing abstract themes, and enhances
KG semantic linking through fine-grained associa-
tions.

3.2 Online Panorama-Aware Keyword
Construction

To adapt the RAG system for diverse query types
(e.g., Specific, Abstract, Summarization, Multi-
document QA, etc.), we refine queries by segment-
ing them into multi-granular keywords to better
align with KG structures. This stage leverages
the panorama built in Sec. 3.1 to construct corpus-
aware keywords for bridging query abstraction lev-
els with KG information granularity.

First, we employ an LLM to generate dual-level
keywords from the query per (Sudhi et al., 2024),
capturing multi-scale semantics. 1) Low-level
keywords are detail-oriented and typically refer
to concrete entities or salient topic-specific terms
(e.g., actress name like Scarlett). 2) High-level
keywords focus on broader topics and abstract
themes (e.g., literary criticism ). The generated
dual-level keywords enable simultaneous retrieval
of granular details and more global contexts, en-
hancing both recall via high-level abstraction, and
precision via low-level specificity.

Next, We align the dual-level keywords to topic
tree to obtain corpus-aware representations. For
each keyword k extracted from the query, we iden-
tify its optimal semantically similar topic node in
the topic tree t* € T measured by the topic nodes’
cosine similarity in the embedding space:

t* = arg max cos (E(k),E(L))
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Figure 1: The overall framework of PanoramaRAG. During offline indexing (Module 1), we build a topic hierarchy
using bottom-up clustering. During online keyword construction stage (Module 2), given a user query (e.g., “Why
did pork sales increase?”’), we construct corpus-aware refined keywords by using generated keywords mapped to
the topic tree. Low-level keywords search downward from the initial anchor node for specific details, while high-
level keywords search upward to discover broader concepts. At the KG retrieval stage (Module 3), we perform
panorama-aware retrieval based on the top-k refined keywords: first expanding to directly connected One-hop
Nodes (e.g., “Pork Sales Volume — Substitution Effect”, “Pork Sales Volume — Pork Price”), then traversing
to Two-hop Nodes to capture panoramic context (e.g., “Pork Sales Volume — Substitution Effect — Beef Price”,
“Pork Sales Volume — Pork Price — Pork Supply”), and finally we generate the response via LLMs.

where £ denotes an embedding function, and
cos(-) computes cosine similarity between two
vectors. Then, depending on keyword level, differ-
ent expansion strategies are employed. For high-
level keywords, we traverse upward in the topic
tree to collect up to two ancestor nodes, captur-
ing broader semantic abstractions. For low-level
keywords, we explore downward to collect all
child nodes of the matched topic node, represent-
ing more fine-grained subtopics. In this way, up-
ward traversal for high-level keywords concate-
nates fragmented semantics into unified concep-
tual frameworks, resolving information scattering
across documents. While downward expansion for
low-level keywords ensures exhaustive evidence
coverage, preventing critical detail omission. To
avoid noisy or off-topic expansions, we score each
candidate topic node ¢; by its similarity to the orig-
inal query ¢, using cosine similarity:

si = cos (€(q), £(t:))

To ensure computational efficiency while main-
taining semantic coverage, we preserve the orig-
inal keyword set and incrementally incorporate
additional candidates derived from the panorama-
based topic tree. Specifically, candidate keywords
are ranked by their semantic similarity to the query
and appended to the original set until a maximum

cap n is reached for each keyword level:

| Kignl)) (Kigh)
(@)
) (Kiow)
3)
Here, Khigh and Koy denote the original high-
and low-level keyword sets generated from the
query, while K, and Ky represent the expan-
sion candidates from the topic tree. The hyper-
parameter n denotes the maximum number of ad-
ditional keywords allowed from the extended set.
This panorama-guided expansion and similarity-
based filtering ensures that the keyword set is both
semantically aligned and query-relevant, effec-
tively bridging the gap between LLM-generated
keywords and graph-based content structure.

Kt,ﬁgh = Khigh U TOp—(HliIl(

Ky = Kiow U Top-(min(n, | K

3.3 Online Panorama-Aware Document
Retrieval & Generation

While existing keyword-based methods typically
retrieve nearest-neighbor nodes based on struc-
tural proximity at the online retrieval stage (Edge
et al., 2024; Guo et al., 2024), this paradigm may
fall short in complex scenarios that demand deeper
contextual understanding or multi-step reasoning.
To address this, we incorporate a multi-hop ex-
pansion strategy that gathers semantically related
neighbors to gather potential structural informa-
tion from the graph.
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To avoid overwhelming the LLM with irrele-
vant information (Zhu et al., 2024), we integrate
a similarity-guided filtering mechanism aligned
with the query intent. The process comprises three
stages: Dual Similarity Matching, Neighbor Ex-
pansion, and Node Filtering.

Step 1: Dual Similarity Matching.

* Entity Matching: For low-level keywords, we
compute similarity to graph nodes and retain
top-Kgraph entities:

Ey = TOpKkenmy{'Ui eV ‘ COS(Elowv qu)}

* Relation Matching: For high-level keywords,
we compute similarity to relations and retain
top-kre relations:

Ry = TOpKkml{T’j €ER | RelSim(Ehigh, Erj)}

where Ej is the initial entity anchor set, and Ry is
the initial relation anchor set. Ejoy and Ey;gp are
embeddings of low-level and high-level keywords.
The function RelSim is a relational similarity func-
tion (e.g., TransE scoring).

Step 2: Neighbor Expansion. For each node
v € Ey, its neighbor set N (v) is retrieved, and a
breadth-first traversal over the knowledge graph is
performed up to two hops. The expansion at each
hop is defined as:

Ei= |J {t|(v,t) € edges}
veEE; 1

All entities collected across hops are globally
deduplicated. By expanding neighbors through
topic nodes, we bridge thematically related enti-
ties and retrieve potentially critical entities lacking
direct KG connections. The final candidate entity
set is:

E=FEyUEFE{UE

Step 3: Node Filtering. Each node v € E'is
scored via a composite ranking function:

d(u) = a-sim(q, vy) + (1 — a) - wy

where w, denotes the degree of node wu, and
sim(q, v;) computes the embedding-based simi-
larity (e.g., cosine similarity) between the query
embedding q and node embedding v;. Nodes are
greedily selected into the final set E until the com-
bined description fields reach the LLM context

limit B tokens. Relations are ranked in descend-
ing order according to their weights, and the asso-
ciated descriptions are aggregated to construct the
edge-level information set R.

The final selected entity set FE consists of nodes
directly matched by the keywords, as well as the
most informative two-hop neighbors. Addition-
ally, a high-quality set of relations and relevant
text chunks R are jointly serialized into a struc-
tured format and provided as grounding context
for the LLM. This neighborhood exploration en-
ables panorama-aware document retrieval, after
which candidate passages undergo joint optimiza-
tion based on textual similarity and structural im-
portance within the topic hierarchy prior to gener-
ation, further generating answers based on precise
local matches and broader relational evidence.

4 Experiments

In this section, we conduct experiments to ver-
ify PanoramaRAG for tasks including Query-
Focused Summarization, Long Context Handling,
and Multi-hop QA. In particular, we answer the
following research questions (RQ):

RQ1: How effectively does PanoramaR AG han-
dle diverse and complex tasks, including multi-
hop reasoning, summarization, and cross-domain
queries, compared with existing baselines?

RQ2: How are the design choices and optimiza-
tion strategies of PanoramaRAG effective, particu-
larly in addressing high-level, abstract questions?

RQ3: Is PanoramaRAG robust to hyperpa-
rameter variations additionally introduced in our
method?

RQ4: How does PanoramaRAG compare to ex-
isting baselines in cost and time efficiency?

4.1 Dataset

To explore RQ1, we curate two complementary
task categories: (1) Global tasks demanding holis-
tic information synthesis, evaluated on Ultrado-
main (Qian et al., 2024) (emphasizing Agricul-
ture and Mix tasks within its 20-domain suite)
and LongBench (Qian et al., 2024) (covering
single/multi-document QA, non-QA tasks, and
long-book QA), for which we employ a randomly
sampled subset of 95 queries to manage com-
putational demands while preserving benchmark
representativeness. (2) Fact-intensive tasks re-
quiring localized evidence verification, assessed
via classical multi-hop QA benchmarks, includ-

40209



ing 2WikiMultiHopQA (Ho et al., 2020) and Hot-
potQA (Yang et al., 2018).

4.2 Baselines

We consider both naive RAG methods and
graph-based RAG methods for comparison.
NaiveRAG (Gao et al.,, 2023) is a standard
baseline that segments raw text into chunks
and stores them in a vector database. At query
time, it retrieves the most similar chunks using
embedding-based similarity.  For graph-based
RAG methods, we include LightRAG (Guo
et al., 2024), MemoRAG (Qian et al., 2024), and
PathRAG (Chen et al., 2025). Our method is
largely based on LightRAG, where a graph-based
structure with entity-relation extraction and dual-
level keyword retrieval is applied. MemoRAG
is another graph-based RAG method that incor-
porates global memory in an additional memory
model. When given a query, it first generates draft
answers as clues and then guides the retrieval of
relevant evidence from the full context. PathRAG
integrates flow-based pruning and path-guided
prompting to retrieve critical relational paths
from the index graph, enabling precise capture of
complex relationships in structured datasets.

4.3 Evaluation

We compare PanoramaRAG with various baseline
methods across multiple tasks, as summarized in
Table 1. Given the distinct characteristics of each
dataset, we adopt a combination of evaluation met-
rics, including both LLLM-based subjective scoring
and objective accuracy measurements, to facilitate
a comprehensive performance comparison.

For subjective evaluation, we deploy deepseek-
r1-0528 to score responses on a 0-10 scale across
four dimensions adapted from GraphRAG (Edge
et al., 2024): comprehensiveness, diversity, em-
powerment, and overall quality. Responses that
substantially deviate from reference answers or
are completely incorrect receive 0 points. To en-
sure impartiality, we randomly shuffle the order
of all responses before having the LLM evalu-
ate them side-by-side. Model rankings are de-
termined by their average performance across all
questions. To mitigate potential biases introduced
by LLM-based evaluation, we additionally con-
ducted human evaluations on four datasets and

'"HAS (Human-Annotated Scores) show significant cor-

relation with LLM-generated Scores: Pearson’s » = 0.76
(p = 0.010), Spearman’s p = 0.76 (p = 0.011).

verified their correlation with the model-generated
scores. For multi-hop datasets, we further incor-
porated the F1 metric as an indicator to assess
the models retrieval capability. For tasks requir-
ing precise matching, objective accuracy provides
a direct measure of reasoning capabilities without
needing additional LLM assessment.

4.4 Performance Comparison

To address RQ1, we evaluate across multiple task
categories. As summarized in Table 1, our pro-
posed PanoramaRAG demonstrates strong perfor-
mance across all tasks.

For global tasks, PanoramaRAG achieves an
15.8% score improvement over the best graph-
based baseline and a 4.3% improvement over the
best baseline (e.g., 8.44 Score on Agriculture
and 7.45 Score on Mix). Ultradomain empha-
sizes holistic corpus-level understanding and in-
tegration, where most tasks involve content or-
ganization and query-focused summarization. In
this context, PanoramaRAG demonstrates a clear
advantage by jointly modeling fine-grained en-
tity information and global topic tree structures.
In contrast, all models, including PanoramaRAG,
perform relatively poorly on LongBench due to
its challenging multiple-choice format, high dif-
ficulty, and diverse question types. Nevertheless,
PanoramaRAG achieves a 1.7% improvement over
the best-performing baseline.

We observe that although PanoramaRAG ex-
hibits a clear advantage on 2WikiMultiHopQA
and ranks second on HotpotQA, this performance
discrepancy can be attributed to differences in the
underlying graph data scale-the data volume in
the graph structure of 2WikiMultiHopQA is ap-
proximately 52.96% that of HotpotQA. This re-
duced graph complexity likely enhances retrieval
effectiveness for more complex reasoning tasks
by minimizing noise and improving information
alignment. It is worth noting that our method
demonstrates strong competitiveness on the metric
F1, achieving an 8.4% improvement and a 12.1%
improvement over graph-based methods on Hot-
potQA. PanoramaRAG consistently outperforms
other graph-based methods, underscoring its ro-
bustness across varying datasets.

In conclusion, these results affirm that Panora-
maRAG consistently outperforms existing base-
lines across diverse and complex tasks. The
promising experimental results demonstrate that
our panorama-graph-based RAG paradigm signifi-
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Method Agriculture Mix LongBench 2Wikimultihopga HotpotQA
Score Rank HAS! Score Rank HAS' Accuracy(%) Score Rank HAS' FI1(%) Score Rank HAS' FI1(%)
NaiveRAG 824 2.67 6.8 6.01 3.13 53 32.57 547 324 6.8 42.8 533  3.60 6.3 49.2
LightRAG 8.06 271 7.1 5.60 3.39 52 33.68 596 3.13 6.4 334 480 3.65 5.6 449
MemoRAG 774 3.50 7.0 7.02 266 69 34.08 642 274 7.6 51.7 623 2.04 7.8 59.3
PathRAG 721 372 54 587 345 5.7 31.58 569 3.19 6.3 33.8 482 390 5.6 45.6
PanoramaRAG 8.44  2.38 7.6 745 233 7.2 35.78 7.07 2.39 8.5 454 564 248 7.1 67.7

Table 1: Performance comparison of retrieval architectures. Best and runner-up in bold and underlined. Score
and Rank are both LLM-evaluated metrics. Score denotes average LLM-evaluated quality (higher is better), while
Rank represents average position (lower is better). HAS denotes Human-Annotated Scores.

Method Score Rank
LightRAG 5.81 3.74
PanoramaRAG 7.58 2.62

w/o topic tree 7.38 2.88
w/o topic nodes  7.35 2.89
w/o two-hop 7.39 2.88

Table 2: Performance of ablated versions on Mix
dataset. Best results are in bold.

cantly enhances performance across the board. It
achieves a harmonious unification of multi-level
information, ensuring robust and competitive re-
sults on global, fact-intensive, and other challeng-
ing tasks alike.

4.5 Ablation Study

To address RQ2, we conduct ablation studies on
core components of topic tree architecture, as sum-
marized in Table 2. Key findings are as follows.

1) Topic Tree Design and Hierarchy Strat-
egy. In conventional graph-based RAG systems,
entity-centric designs often underutilize relational
semantics, particularly for abstract queries (e.g.,
“What is the central theme of Gone with the
Wind?”). The Topic Tree architecture addresses
this by hierarchically organizing knowledge: high-
level nodes (e.g., “central theme”) capture query
intent and guide retrieval toward semantically rel-
evant sub-graphs. Empirically, on Ultradomain,
Topic Tree achieves a 2.7% higher answer score
than entity-focused methods by activating contex-
tually appropriate abstraction layers.

2) Topic Node Design. The integration of
topic nodes as semantic anchors fundamentally en-
ables cross-community reasoning through bridg-
ing structurally disconnected but semantically
aligned subgraphs (e.g., linking “Gender Pay Gap”
and ‘“Racial Wealth Divide” via Social Justice).
Concurrently, it optimizes retrieval efficiency by
3.1%, confirming its necessity for efficient knowl-
edge retrieval and structural organization.

3) 2-Hop Expansion Mechanism. We compare
the effect of selecting only the nearest neighbors
versus including second-hop neighbors as well.
Disabling results in a 2.6% average score reduc-
tion, proving its importance for capturing multi-
hop relationships and contextual evidence chains.

4.6 Sensitivity Analysis

Figure 2: Sensitivity Analysis: Threshold § (Left) vs.
Hop Count (Right). "BB" refers to "Best Baseline".

To address RQ3, we evaluate PanoramaRAG’s
parameter robustness. As shown in Fig. 2, thresh-
old variations (0.15/0.20/0.25/0.30/0.35) yield
negligible performance differences, partially at-
tributed to subsequent similarity filtering that mit-
igates impacts from marginally relevant nodes,
and also to embedding both the node names and
descriptions simultaneously for similarity compu-
tation and filtering. Moreover, under different
threshold settings, the performance consistently
surpasses the best baseline. For hop-count pa-
rameters, considering the complexity of model
outputs and the possibility of semantic-equivalent
mismatches, we adopt an LLM-based evaluation
strategy in which the model determines whether
an answer is correct (i.e., outputs true or false).

4.7 Cost Analysis

To address RQ4, we benchmark computational
efficiency metrics, including time cost and API
token consumption. We compare our Panora-
maRAG with LightRAG, which has previously
demonstrated significant advantages in efficiency.
When using the same vector database for em-
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bedding, the retrieval overhead of dense vectors
remains within an acceptable range. Although
PanoramaRAG incurs a slight increase in end-to-
end time due to the latency of the embedding
model (less than 3%), it demonstrates better over-
all performance in terms of the balance between
time and retrieval effectiveness in Table 3.

Stage E2E Time(s) Avg Entities(/s)
NaiveRAG 19.835 3.227
LightRAG 21.427 5.207
PathRAG 27.136 4.112
PanoramaRAG 22.873 7.652

Table 3: Under the same conditions on Ultradomain,
the average time each method takes to answer queries
and the average number of entities retrieved per second.

Additionally, we quantify the LLM-based ex-
traction cost in Table 4. For baseline GraphRAG,
the dominant cost comes from KG extrac-
tion and community-report generation. Let
Npypr denote the extracted entities and rela-
tions, and Neommunity the detected communities.
GraphRAG requires regenerating all community
summaries whenever new entities are added, and
each community report typically consumes around
5,000 tokens. In contrast, our method introduces
an additional topic-tree construction step with size
Nr. Empirically, on 2WikiMultihopQA and Hot-
potQA, we observe Ny ~ %N E+R, meaning that
the added processing is significantly smaller than
the baseline KG extraction (about 5%). As the cor-
pus size grows, this ratio becomes even smaller,
causing the relative overhead to diminish further.

Baseline GraphRAG LightRAG
Tokens 2 % 5000 X Neommunity + O(NE+R) O(NE+r)

API Calls 2 X Neommunity + O(Ne) O(Nehunk)
Method KG Construction Topic-tree Construction
Tokens O(Ng+r) O(N7)

API Calls O(Nehunk) O(Nehunk) + O(Netuster)

Table 4: LLM-based topic extraction cost analysis

4.8 Robustness Evaluation

To assess the robustness of LLM-based scoring,
we conducted a multi-round evaluation on Ultrado-
main, where each question-answer set was scored
independently. We used paired -tests to measure
the statistical significance of performance differ-
ences between our method and various baselines.
PanoramaRAG achieves the highest average score
and the best top-2 ranking ratio, indicating both su-
perior quality and consistent performance across

evaluation rounds. The consistently strong perfor-
mance of our method across independent evalua-
tion rounds supports the reliability of LLM-based
scoring. These results in Table 5 confirm that our
method maintains both high accuracy and robust-
ness under repeated judgment conditions.

Agriculture

Method Score  Top2-Ratio  t-stat p-value
NaiveRAG 8.24 0.47 2.34 1.9 x 1072
LightRAG 8.06 0.46 4.95 1.0 x 1076
MemoRAG 7.74 0.26 865 7.4x 10717
PathRAG 7.21 0.24 1222 3.4 x 10720
PanoramaRAG 8.44 0.56 - -
Mix

Method Score  Top2-Ratio  t-stat p-value
NaiveRAG 6.01 0.35 1040 2.1 x 10723
LightRAG 5.60 0.24 1228 4.0 x 10731
MemoRAG 7.02 0.54 3.25 1.2 x 1073
PathRAG 5.87 0.25 1133 4.0 x 10727
PanoramaRAG 7.45 0.61 - -

Table 5: Performance comparison on Agriculture and
Mix datasets by the LLM over five rounds(p < 0.01).

To verify that our topic extraction and hier-
archical clustering modules are model-agnostic,
we conducted comparative experiments using two
distinct LLM backbones in Table 6. Evalua-
tions on the Mix dataset across six independent
runs yielded a negligible performance variance of
1.68% while consistently outperforming all base-
lines, thereby underscoring the framework’s ro-
bustness to the choice of LLM backbone.

Model Average Score  Std. Dev.
DeepSeek R1 0528 7.73 0.038
Qwen2.5-14B-Instruct 7.86 0.027
MemoRAG 7.08 -
PathRAG 5.92 -

Table 6: Performance using different backbones

5 Conclusions

Graph-based RAG techniques face challenges in
integrating distributed information for summariza-
tion tasks. To provide a global view of the cor-
pus during the indexing, retrieval, and generation
stages, we propose a new paradigm, Panorama-
RAG. This method introduces a topic-driven hi-
erarchical structure to incorporate higher-level se-
mantic information during panoramic graph con-
struction and designs a topic-tree-based retrieval
expansion mechanism. By combining similarity-
based scoring with structural filtering in the graph,
PanoramaRAG selects informative nodes as inputs
to the LLM for answer generation. This approach
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facilitates query disambiguation, contextual align-
ment, and improves the precision, comprehensive-
ness and diversity of retrieval.

Limitations

In this section, we discuss some limitations of our
proposed model and point out potential directions
for improvement.First, our model may struggle
with fine-grained, detail-oriented multi-hop ques-
tions. This issue arises because the detailed de-
scriptions introduced by the panorama graph can
sometimes interfere with effective matching. A
promising direction to address this limitation is
to dynamically adjust the weights of retrieved ev-
idence or to reduce the influence of such detailed
descriptions for tasks that require precise reason-
ing.Second, the model shows limited capability in
handling external distracting or ambiguous infor-
mation. To mitigate this, one possible approach
is to leverage a pre-trained LLM to perform pre-
liminary cleaning of newly introduced information
before integrating it into the panorama graph, and
to align it with similar nodes within the graph for
more robust reasoning.
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A Experimental Details

To enhance the reproducibility of our work, we
provide detailed experimental settings and proce-
dural steps below.

A.1 Configurations

In our experiments, we utilize text-embedding-
3-small as the default embedding model across
all experiments. For topic tree construction, an-
swer generation, and automated evaluation, we
employ DeepSeek R1 0528. To facilitate efficient
similarity-based retrieval and accelerate the match-
ing and ranking process, we use the NanoVec-
torDB vector database to store and index embed-
dings of entities, relations, and topics. Addition-
ally, we set the number of clusters to 50 for upper
topics and 200 for lower topics and the maximum
keyword set size to 10.

A.2 Indexing

The system supports flexible input formats, includ-
ing both unstructured text and structured JSON
data. An LLM is employed to extract all entities
and relations from the corpus. Notably, "relations"
in our framework encompass not only traditional
knowledge graph edges but also higher-level se-
mantic associations. Furthermore, the LLM gen-
erates a concise description for each extracted el-
ement; these descriptions are embedded jointly
with the nodes to improve the accuracy of seman-
tic matching. Building upon this foundational ex-
traction, the system further organizes the corpus
into a hierarchical topic tree. Specifically, the
LLM identifies core topic-description pairs from
partitioned text chunks, which serve as the initial
leaf nodes. These localized topics are then synthe-
sized through a bottom-up abstraction process to
form a multi-layered hierarchy. This structure en-
ables the framework to capture the global thematic
landscape of the dataset at varying levels of granu-
larity.

A.3 Query and Retrieval

For each query, the LLM initially generates a set
of keywords, which are matched against the topic
tree using cosine similarity. These keywords then
undergo vertical expansion within the treetravers-
ing both upward and downwardto capture seman-
tically relevant parent and child nodes. After fil-
tering, we obtain a refined set of multiscale key-
words. The final keyword sets are used to re-

trieve dense embeddings of entities and relations
from the knowledge graph. Leveraging the graph
structure, we collect both first-hop and second-hop
neighbors. We kemudian filter redundant or irrele-
vant nodes and truncate the results to fit within the
LLM’s context window. This curated context is fi-
nally passed to the LLM for response generation.

A.4 Evaluation

To optimize evaluation efficiency for large-scale
datasets, we implement parallel LLM calls for
scoring. To mitigate position bias (where
LLMs may favor answers presented earlier in the
prompt), we randomly shuffle the order of candi-
date answers during each evaluation run. A model
index list is maintained to ensure that scores are ac-
curately mapped back to their original sources for
consistent aggregation. LLM evaluation is based
on two key aspects:

* Alignment with the gold standard answer:
This is the primary criterion for datasets like
2WikiMultihopQA and HotpotQA, where an-
swers are concrete and concise.

* Clarity, Conciseness, Comprehensiveness,
and empowerment: For more open-ended
datasets like UltraDomain, additional criteria
are used to assess answer quality beyond fac-
tual correctness.

A.5 Statistical Information

Table 7 presents the statistical profiles of the
panoramic graphs generated by PanoramaRAG
across two multi-hop, detail-oriented datasets
(2WikiMultihopQA and HotpotQA) and the more
challenging LongBench dataset. These statistics
underscore PanoramaRAGs capacity to manage
large-scale data; while HotpotQA involves approx-
imately 5,0000 entities and relations, the Long-
Bench graphs utilized in our study scale to over
300,000representing a medium-to-large-scale set-
ting. Our framework maintains robust perfor-
mance under these demanding conditions, further
validating its scalability.

Dataset Entity Count Relation Count
2WikimultihopQA 17945 10438
HotpotQA 32711 23793
LongBench 149,863 162049

Table 7: Statistical information of panoramic graphs
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B Graph-based RAG Analysis

Current prominent Graph-based RAG approaches,
frequently employed as strong baselines, primar-
ily fall into two categories: triplet-based retrieval,
exemplified by HippoRAG, and summary-based
structures, represented by GraphRAG. While
HippoRAG excels on multi-hop datasets such
as 2WikiMultihopQA and HotpotQA, its perfor-
mance often stagnates in query-focused summa-
rization tasks or scenarios requiring integrated
global information.  Furthermore, fundamen-
tal distinctions exist between GraphRAG and
our PanoramaRAG: GraphRAGs community sum-
maries and PanoramaR AGs topic tree differ signif-
icantly in both construction principles and seman-
tic granularity:

(1) Construction Principle: GraphRAG relies
on topological community detection, which may
overlook latent semantic groupings. In contrast,
PanoramaRAG utilizes semantic clustering to un-
cover meaningful associations that transcend mere
lexical or structural proximity.

(2) Semantic Granularity: GraphRAG generates
verbose, heterogeneous community summaries
(avg. 400-600 words) that indiscriminately ag-
gregate disparate entities, relations, and claims.
Conversely, our Topic Tree is optimized for effi-
cient vector retrieval: leaf nodes are concise (10-
20 words), and high-level nodes are capped at 200
words. Crucially, each topic node and its descrip-
tion are jointly embedded into a semantic vector
for direct use during keyword expansion, provid-
ing explicit and fine-grained semantic guidance.

C Case Study

C.1 Success Case Analysis

To demonstrate our framework’s superior perfor-
mance in query-focused summarization, we se-
lect a representative query from the Mix subset
of the Ultradomain dataset for a detailed case
study, which is "What were some of the signifi-
cant achievements of the horse Charisma?" (Cor-
rect Answer: Charisma, ridden by New Zealander
Mark Todd, won many competitions in the sport
of eventing and is considered one of the greatest
event horses ever. Some of his significant achieve-
ments include winning individual gold at the 1984
and 1988 Olympics, winning the Luhmuhlen, Ger-
many Three-Day Event in 1986, and being voted
the best NZ Sport Horse in the world in 1983 and
1985.)

PathRAG (Failure): Charisma was a notable
Thoroughbred racehorse ...... securing victories in
several prestigious races. Notably, this includes
the Kentucky Derby ...... successful career in
breeding stallions ......

The system correctly detects the entity
"Charisma" but fails to navigate the appropriate
subgraph. Because the corpus contains multiple
horses with similar names, it retrieves passages
about an unrelated "Thoroughbred racehorse"
and produces answers involving events such as
the Kentucky Derby. This failure stems from the
absence of global semantic grouping: without
topic-level context, the model cannot distinguish
between semantically unrelated but lexically
similar entities, leading to retrieval drift.

PanoramaRAG (Success): Charisma ... ridden
by New Zealand equestrian Mark Todd, renowned
for its remarkable achievements in the world of
eventing ...... winning two Olympic gold medals
at the 1984 and 1988 Summer Olympics ...... cel-
ebrated as one of the greatest eventing horses in
history ......

Our method expands key phrases such as sig-
nificant achievements and Charisma and identifies
high-level topic nodes including Charisma (horse)
biography and competitive career, supported by
nodes like Champions and their careers and Races
won. These global semantic cues guide retrieval
toward Charismas eventing career, producing the
correct answer: Charisma won two Olympic gold
medals in 1984 and 1988.

C.2 Failure Analysis

We provide a representative example that illus-
trates both the strength of our approach and the
circumstances under which it may underperform.
Consider the query: "Describe the transformation
of the Witch of Atlas’ mother.” (Correct Answer:
vapor cloud meteor star).

PanoramaRAG consistently excels at capturing
high-level semantic structures. In this case, it cor-
rectly identifies the entity "Witch of Atlas" and
successfully maps it to high-level topic nodes such
as "Symbolic Connection of Atlantides". Con-
sequently, the generated answer emphasizes a
broader thematic interpretation: "The transforma-
tion... can be perceived metaphorically, reflecting
the enduring legacy of beauty and the intricate dy-
namics of motherhood." PanoramaRAG’s strong
ability to leverage global semantic cuesan ability
that simple retrieval methods do not possess.
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However, because the query requires an exact
sequence of physical transformations, NaiveRAG
by directly retrieving the literal text spanproduces
the fully correct factual sequence. PanoramaRAG,
in contrast, provides a partially correct but themat-
ically enriched interpretation. This phenomenon
stems from a granularity mismatch, rather than in-
formation loss. PanoramaRAG preserves all fac-
tual details by using corpus-derived descriptions
for entities and relations. This issue arises be-
cause the abundance of high-quality global se-
mantic cues can sometimes overshadow these low-
level details. The LLM, seeing rich thematic con-
text, may overemphasize semantical information
rather than a specific factual trace, leading to an-
swer drift.

Notably, this is not a hallucination issue or a
misleading-evidence problem. We sampled 30
queries for which the KG contained no relevant
answers. Although the retrieval system returned
partially matched entities, the LLM was not mis-
led into fabricating false answers in any of these
cases. This indicates that PanoramaRAG is ro-
bust to noise and that the observed drift stems
from preference for global semanticsnot from be-
ing misled by irrelevant content.

To resolve the granularity mismatch in detail-
heavy tasks, we suggest a clear path for improve-
ment. Chain-of-Thought (CoT) prompting may
help enforce step-by-step grounding and encour-
age the LLM to focus on fine-grained entity evi-
dence when the task demands specificity. Query
Decomposition could guide the model to process
detailed sub-questions first, reducing the tendency
to default to high-level thematic interpretations.
These strategies explicitly strengthen the causal re-
lationship between the query constraints and the
output, guiding the LLLM to prioritize entity evi-
dence over high-level topics when specific details
are requested.
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