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Abstract

Knowledge-graph-centric LLM systems need a representation that is neither a plain vector store nor a conven-
tional graph database. A vector store keeps readable text but weakens relational control, while a graph database
keeps structure but often removes the provenance needed for generation, agent planning, and tool use. This short
paper describes StarGraph, a representation layer in which text segments, entities, typed relations, tool/action
records, and meta-path indexes coexist in one graph. The central idea is to make provenance and path struc-
ture first-class operational objects: text nodes keep source evidence available, and node-level meta-path indexes
summarize reusable relation patterns before queries or agent actions arrive. We present the data model, con-
struction procedure, update behavior, and affordances of StarGraph for RAG, agentic workflows, tool grounding,
and memory maintenance. Across four LLM backbones, StarGraph improves over LightRAG by an average of
14.68 points on MultiHop and 10.06 on RGB; at meta-path length five, pre-built indexes reduce average node
visits from 899 to 88.
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1. Introduction

Retrieval-augmented generation (RAG) systems are often built on chunk indexes: documents are split
into passages, embedded, and searched by sparse or dense similarity [1, 2, 3]. This keeps evidence
readable, but treats relations among entities as implicit text. Knowledge graphs (KGs) provide the
opposite strength: they expose entities and relations, which is useful when a question depends on a
chain of facts [4, 5, 6]. Yet a pure triple graph is also insufficient for generation, because triples usually
omit source phrasing, context, and provenance.

The RAGE-KG setting therefore needs a representation with three properties: textual provenance
for grounding, typed graph structure for relation-aware retrieval, and precomputed path access for
low-latency interaction. Meta-path research shows that typed path patterns carry semantics distinct
from untyped connectivity [7, 8]. StarGraph is designed around these requirements. Rather than
treating chunks, triples, and path indexes as separate artifacts, it places them inside one graph layer.

This paper focuses on that representation layer. Although RAG is the immediate use case, the
same representation can support agent planning, tool selection, execution trace memory, and post-hoc
auditing. The contributions are:

« We define StarGraph, a KG substrate that jointly represents source text, entities, typed relations,
tool/action records, and meta-path availability.

« We describe a construction and maintenance workflow that preserves provenance while support-
ing local refresh of path indexes.

« We analyze how the same representation supports RAG, agent planning, tool grounding, trace
memory, and auditing.
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Table 1
Representation requirements for KG-centric LLM workflows.

Requirement Vector index Triple KG StarGraph
Readable evidence yes no yes
Entity relations no yes yes
Source provenance yes partial yes
Multi-hop routing no online indexed
Tool/action schema no partial yes
Trace memory partial no yes

« We report component ablations, four-backbone transfer results, and RGB path-length sensitivity,
showing complementary quality and efficiency gains.

2. Related Work

Retrieval and graph grounding. RAG connects language models with external evidence at inference
time [1]. Beyond fixed retrieve-then-generate pipelines, FLARE retrieves during generation and Self-
RAG learns when to retrieve and critique evidence [9, 10]. Graph-based systems instead organize
retrieval structure: GraphRAG aggregates entity communities, LightRAG combines local and global
graph retrieval, and HippoRAG couples a KG with graph-based memory access [11, 12, 13]. Retrieval
quality remains decisive [14]; moreover, systematic comparisons find that text RAG and GraphRAG
have task-dependent strengths rather than a universal ordering [15]. StarGraph therefore focuses on a
shared representation that keeps source text, typed relations, and path indexes together.

Agents and tool-using LLMs. Recent LLM agents combine reasoning with actions, tools, and
memory. ReAct interleaves reasoning and actions [16]; Toolformer studies tool-use behavior [17]; Gorilla
targets API selection [18]; Voyager maintains reusable skills [19]; Reflexion stores verbal feedback [20];
and Generative Agents use memory streams for long-horizon behavior [21]. These systems motivate a
representation that stores evidence, actions, tool schemas, and traces in one inspectable substrate.

3. Representation Design

StarGraph is a directed, typed graph G = (V, E, P, M). The node set contains entity nodes and text
nodes, V' = V. U V;. Edges E include ordinary typed relations between entities and provenance links
between entities and text segments. The set P stores meta-path signatures, and M maps nodes to the
signatures that can be instantiated from them:

V=V.UV,
E=E,UE,,
P={r=(T0,Ro,...,Tw) | k <1},
M:V, —2F.

Here 7; and R; denote node and relation types; F, and E, denote entity-relation and provenance
edges, respectively. A text node stores source, position, text, and embedding; an entity node stores type,
aliases, and normalization. An edge (v, vy, Extract) € E, states that the entity was observed in the
text segment and is retained after extraction rather than discarded as construction metadata.
Meta-paths provide a second layer of organization. A signature describes a sequence of node and
relation types, while an instance is a concrete walk matching that signature [7, 8]. StarGraph stores
signatures globally in P and records node-level availability in M, so a retriever can inspect possible
structural patterns before path instantiation. The index acts as a compact routing table over the graph.
Table 1 summarizes the design position. StarGraph does not replace vector indexes or symbolic KGs;
it records what LLM workflows need from both. The key difference from a post-hoc hybrid system is
that provenance, path availability, tool constraints, and trace records are represented in the graph itself.
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Figure 1: Overview of StarGraph as a shared substrate for RAG, agent planning, tool grounding, and memory
updates.

Query-time access. Given a query ¢, a text retriever first identifies semantic anchors A;(q) C V;,
while entity linking produces structural anchors A.(q) C V.. Provenance edges connect the two views,
so either an entity mention or a semantically matched passage can initiate retrieval. For each entity
anchor v, the retriever reads M (v), ranks the available signatures against ¢, and instantiates only
selected signatures rather than enumerating arbitrary walks. The returned context is

I(q) = TopK | A¢(q) U U Inst(v, Select(q, M (v))) | ,
vEAe(q)

where path instances carry their endpoint entities, typed edges, and linked source segments. This
interface is deliberately retrieval-model agnostic: exact matching, dense similarity, or an LLM selector
may rank anchors and signatures, but all of them consume the same inspectable graph objects. It also
distinguishes StarGraph from methods that serialize a large neighborhood and ask the generator to
discover useful relations inside the prompt.

4. Construction and Maintenance

Algorithm 1 outlines construction. Documents are segmented into stable text units and inserted as
text nodes before extraction. Entity and relation extraction then produces typed entity nodes and
relation edges. The extractor can use rules, neural taggers, or an LLM-assisted parser; recent LLM-based
construction work likewise separates open extraction from schema definition and canonicalization [22].
Each entity mention is connected back to its source segment through an Extract edge.

The workflow separates evidence capture from structural indexing. Text nodes and provenance edges
are stable under later extractor changes. Relation edges can be corrected or retyped without deleting the
source segment, and meta-path indexes can be refreshed locally when affected neighborhoods change.
In particular, inserting or deleting an edge only invalidates signatures rooted in the bounded I-hop
neighborhood of its endpoints. An implementation can therefore mark those roots dirty and rebuild
their entries in M, while leaving unrelated text, entities, and path indexes untouched. This locality
matters for continuously updated corpora because full graph reconstruction would otherwise erase the
latency advantage of offline indexing.

The materialized records cover text and entity nodes, relation and provenance edges, tool schemas,
action traces, meta-path signatures, and concrete path instances. The schema does not prescribe a
backend: a graph database, property graph, or adjacency-backed document store is sufficient if runtime
code can move from entities to evidence, typed neighbors, valid tools, and prior traces.



Algorithm 1 StarGraph construction

1: Input: document collection D, maximum meta-path length [
2: initialize V., V;, B, B, P, M

3: for each document d € D do

4:  create text nodes from segmented units of d
extract typed entities and candidate relations
add or merge entity nodes in V,

add relation edges to E,

. add provenance edges to E,

: for each entity node v € V, do

10:  enumerate bounded path instances from v

11:  abstract instances into meta-path signatures
12:  update P and node index M (v)

13: return G = (V, E, P, M)

R e A

5. Affordances Beyond RAG

StarGraph separates semantic and symbolic signals: text embeddings find anchors and source passages,
typed edges preserve relational precision, and meta-path indexes select structural routes before instan-
tiation, complementing joint graph reasoning and explicit KG path search [23, 24, 25]. Retrieved paths
remain interpretable because their nodes and edges link back to source text; failures can be traced to
missing extraction edges, incorrect relation types, or absent signatures.

The same objects extend beyond RAG. Meta-path indexes encode valid planning transitions, tool
nodes store argument constraints, action traces provide reusable memory, provenance edges support
auditing, and typed relations expose drift. Thus an agent can recover state, select valid tools, and write
execution outcomes back into the graph without a separate memory representation.

6. Experimental Study

6.1. Setup

We use two complementary RAG benchmarks. MultiHop-RAG requires retrieving and integrating
multiple supporting passages, whereas RGB tests noise robustness, negative rejection, information
integration, and counterfactual robustness [26, 27]. Benchmark text is integrated into one corpus, with
non-target entries retained as distractors; scores follow the benchmark-provided 0-100 scale.

We compare four matched retrieval conditions: Base has no retrieval, ES uses Elasticsearch vector
search [28], LightRAG is the graph baseline [12], and StarGraph adds text-preserving typed structure
and pre-built meta-path indexes. Backbones are GPT-OSS-20b [29], LLaMA3-70b [30], Qwen3-plus [31],
and DeepSeek-V3.2-Exp [32]. Only retrieval/representation changes within a panel; stated means
macro-average the four backbones. We also ablate text and indexing and sweep path length, reporting
average nodes visited per query. We do not claim a new agent/tool benchmark result.

The comparison is paired at the backbone-benchmark level: each panel uses the same model and task
data, so differences isolate the retrieval condition rather than model scale. We report the benchmark
scores directly and summarize them with arithmetic macro-averages; no benchmark is reweighted by its
number of examples. Because the available runs yield one aggregate score per configuration, our analysis
reports point differences and consistency across the eight paired settings, not confidence intervals or
statistical significance. This distinction is important for a short-paper result: the experiments support
comparative claims about the evaluated configurations, while broader claims about all GraphRAG
systems require repeated runs and additional corpora.

Overall retrieval. Figure 2 shows a consistent aggregate ordering. Macro-average MultiHop/RGB
scores are 61.23/46.66 for Base, 68.42/65.47 for ES, 73.41/70.40 for LightRAG, and 88.09/80.45 for
StarGraph. The full representation gains 26.87/33.80 points over Base and 19.68/14.99 over ES, so
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Figure 2: RAG-specific scores across four backbones. Each panel compares Base, ES, LightRAG, and StarGraph
on MultiHop (blue) and RGB (orange).

Table 2
Two-factor representation ablation on Qwen3-plus. A is measured from the plain graph. The interaction is full
— index-only — text-only + plain.

Variant Text Index MultiHop A RGB A
Plain graph no no 70.12 - 4185 -
Index only no  yes 82.84 +12.72 66.92 +25.07
Text only yes no 7512 +5.00 57.24 +15.39
Full StarGraph yes  vyes 95.26 +25.14 86.68 +44.83
Interaction - - - 4742 - +4.37

retrieval alone does not explain the result. StarGraph wins all eight backbone-task pairs; over LightRAG
its mean gains are 14.68/10.06, peaking at 23.74 on Qwen3-plus MultiHop and 17.37 on DeepSeek
RGB. These are descriptive paired differences, not a universal GraphRAG ranking [15].

ES improves over Base by 7.19/18.81 MultiHop/RGB points, LightRAG adds 4.99/4.93 over ES, and
StarGraph adds 14.68/10.06 over LightRAG. Gains remain positive across all four backbones, so the
effect is not confined to one model family.

Component analysis. Table 2 isolates text and indexing on Qwen3-plus. From the plain graph,
indexes add 12.72/25.07 MultiHop/RGB points and text adds 5.00/15.39; the full representation adds
25.14/44.83. Its positive interaction (+7.42/ + 4.37) supports complementarity: meta-paths constrain
higher-order routes while retained text supplies readable evidence. The especially large index-only
RGB gain is consistent with filtering distractors. Importantly, the interaction is computed from all four
measured cells rather than inferred from the overall comparison. It quantifies the portion of the full
gain not explained by simply adding the two isolated main effects, although it should not be interpreted
as a causal estimate beyond this backbone and setup.

Backbone transfer. Relative to LightRAG, MultiHop/RGB gains are +3.03/ + 7.80 for GPT-OSS,
+15.39/ + 6.88 for LLaMA3, +23.74/ + 8.18 for Qwen3-plus, and +16.55/ + 17.37 for DeepSeek. All
are positive but vary by task and model; the largest gains occur on Qwen3-plus MultiHop and DeepSeek
RGB, rather than only on the weakest Base configuration.

Path-length sensitivity. Figure 3 macro-averages 68.02,76.94, 78.94, 79.68, and 80.45 RGB points
for l = 1...5. The first extension adds 8.92 points, but the two after [ = 3 add only 1.51 total. Full
I =1 to 5 gains are 26.62 for GPT-OSS, 9.88 for LLaMA3, 7.47 for Qwen3-plus, and 5.75 for DeepSeek,
so stronger backbones saturate earlier. Cost diverges after [ = 2: index/online visits are 15/79 at [ = 3,
40/243 at | = 4, and 88/899 at [ = 5, reductions of 5.27x, 6.08x, and 10.22x. Hence [ = 3 is the
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Figure 3: Meta-path sensitivity: (a) measured RGB scores across four backbones, (b) stepwise gains, and (c)
retrieval cost.

empirical quality—cost knee, matching the rationale for materializing short typed paths [7].

Marginal gains diminish after [ = 3: the final two extensions add only 1.51 points on average, while
indexed access exposes a tunable quality—cost trade-off. Longer paths may still benefit weaker models
or denser corpora.

7. Limitations and Design Trade-Offs

StarGraph shifts work from runtime to indexing, which suits reused corpora, tool sets, and task
environments. Extra storage for text, tool/action records, and node indexes avoids unconstrained online
search, while new records refresh only affected neighborhoods. The approach is less attractive for
one-off corpora or graphs whose edges change faster than their indexes can be refreshed. Likewise,
increasing ! expands both the signature vocabulary and the number of path instances; the measured
node-visit reduction captures online traversal work but is not a complete accounting of construction
time, storage, selector latency, or prompt tokens.

Representation errors can also propagate. Missed entities prevent useful provenance links, entity-
resolution errors merge unrelated evidence, and incorrect relation types admit invalid meta-path
instances. Preserving source segments makes these failures inspectable, but does not automatically cor-
rect them. The current evaluation isolates retrieval and representation effects on two RAG benchmarks
and four backbones; it does not yet measure end-to-end agent success, tool-call validity, update through-
put, or behavior under temporal graph drift. Future evaluation should include multiple seeds where
decoding is stochastic, retrieval recall and evidence attribution, index build/storage measurements, and
controlled corruption of entities and edges.

8. Conclusion

StarGraph combines readable evidence, typed relations, tool/action constraints, and precomputed
higher-order access. Across four backbones it improves MultiHop and RGB over LightRAG by 14.68
and 10.06 points on average and cuts length-five traversal from 899 to 88 nodes per query.
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