
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 4792–4812
October 24-29, 2026 ©2026 Association for Computational Linguistics

STAGE-RAG: Continuous Entity State Evolution over Dual-Space
Subgraphs for Multi-Hop Reasoning

Xinran Xu1, Shaowen Chen1, Yu Ma2, Fulin Lin1, Zhaofen Wu1, Hongwei Wang1*

1Zhejiang University, 2Google
{xinran1.25, hongweiwang}@intl.zju.edu.cn

Abstract

Maintaining logical coherence in multi-hop
Retrieval-Augmented Generation (RAG) re-
mains a challenging problem, as systems must
integrate fragmented evidence without suffer-
ing reasoning drift. Iterative frameworks en-
hance information coupling through query re-
finement, yet often depend on lossy compressed
representations that obscure subtle semantics.
Conversely, global graph-based methods en-
sure structural connectivity but carry topologi-
cal noise and high computational costs. To over-
come these issues, we propose STAGE-RAG,
a STAte-aware Graph Evolution framework
that conceptualizes multi-hop reasoning as con-
tinuous Bayesian entity-state evolution on a
bi-relational chunk subgraph. By tracking en-
tity states composed of identities and dynamic
belief scores, our method implicitly guides
reasoning via state-weighted propagation. A
dual-path retrieval strategy constructs local sub-
graphs to prune irrelevant nodes while retaining
fine-grained logical dependencies. Evaluations
on HotpotQA, MuSiQue, 2WikiMultiHopQA
and MoreHopQA indicate that STAGE-RAG
consistently surpasses state-of-the-art baselines
in both accuracy and efficiency.

1 Introduction

Large Language Models (LLMs) are advancing
unprecedentedly (Luo et al., 2025b; Qin et al.,
2026), demonstrating extraordinary capabilities in
complex tasks, including long-context summariza-
tion (Zhang et al., 2024), autonomous code synthe-
sis (Grishina et al., 2025) and sophisticated ques-
tion answering (Ma et al., 2025a). However, con-
strained by static parametric memory, LLMs strug-
gle with outdated knowledge (Feng et al., 2024) and
insufficient domain expertise (Ling et al., 2025), re-
sulting in incorrect outputs (Huang et al., 2025).

In response to these limitations, Retrieval-
Augmented Generation (RAG) enhances LLMs

*Corresponding author.

Figure 1: Comparison of conventional RAG systems
(top) and STAGE-RAG (bottom). Conventional meth-
ods suffer from document noise and topological traps
that obscure critical edges. In contrast, STAGE-
RAG maintains robust reasoning through continuous
Bayesian entity state updates.

by integrating relevant information from external
knowledge sources (Lewis et al., 2020). While
effective for simple queries, standard RAG strug-
gles with multi-hop question answering (MHQA),
as shown in Figure 1(a), which requires synthe-
sizing evidence across documents (Trivedi et al.,
2023). This complex reasoning process faces two
primary bottlenecks: first, irrelevant retrieval noise
frequently obscures critical bridge entities due to
the “lost in the middle” phenomenon (Liu et al.,
2024). Moreover, without modeling evidence evo-
lution, the reasoning trajectory gradually deviates
from the original query as hops accumulate, leading
to semantic drift and coherence breakdown (Yang
et al., 2024).

Existing methods address these problems via
iterative reasoning or knowledge graph (KG) con-
struction. Iterative retrieval mimics the Chain-of-
Thought (CoT) process (Wei et al., 2022; Kojima
et al., 2022) by decomposing queries into sub-
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questions (Trivedi et al., 2023; Asai et al., 2024)
and solving them step-by-step to incrementally
gather supporting evidence. However, unlike in-
ternal reasoning in CoT, iterative retrieval relies
on external sources at each step. This makes it
prone to reasoning drift, as cumulative errors di-
vert the focus from the original query (Zhang et al.,
2025a). Graph-based RAG offers a structured al-
ternative but faces a trilemma of cost, noise, and
complexity (Zhou et al., 2025), as shown in Fig-
ure 1(b). Conventional methods build global KGs
through triplet extraction (Peng et al., 2025), which
incurs token costs and disrupts source text integrity
(Zhang et al., 2025b). To improve efficiency, (Zhu
et al., 2025) uses raw sentences as nodes to con-
struct global graphs, though this often introduces re-
dundant connections that impair retrieval precision
(Zhang et al., 2025d). While hybrid architectures
integrating both triplets and chunks improve cov-
erage (Gutiérrez et al., 2025; Ghassel et al., 2025),
they suffer from prohibitive indexing latency and
excessive graph complexity (Zhao et al., 2025).

To address these challenges, we propose
STAGE-RAG (STAte-aware Graph Evolution for
RAG), a novel framework that synergizes con-
tinuous entity-state evolution with dynamic lo-
cal subgraphs, as illustrated in Figure 1. Unlike
paradigms relying on static retrieval or discrete
iterations, STAGE-RAG formalizes multi-hop rea-
soning through three integrated components. First,
the Entity-Based State Evolution mechanism es-
tablishes a consistent memory for complex infer-
ence trajectories. Through continuous Bayesian
updates, it fuses prior entity weights with the obser-
vation likelihood of retrieved chunks to compute
refined posterior probabilities. This synthesis of
past states and current evidence highlights critical
nodes, dampening cascading errors and mitigat-
ing the “lost-in-the-middle” challenge. Second, a
State-Aware Dual-Path Retrieval strategy integrates
explicit semantic anchors with implicit entity states.
The explicit path anchors the reasoning chain in
factual origins. Simultaneously, the implicit path
aggregates belief scores to uncover latent evidence
essential to reasoning evolution, even if unmen-
tioned in the sub-question. Finally, these paths con-
verge into a dynamically instantiated bi-relational
local subgraph. This maps retrieved evidence into a
structured topology interconnected by structural ad-
jacency and entity co-occurrence. By tracking this
evolving belief distribution, STAGE-RAG seam-
lessly bridges the semantic-structural gap, ensuring

logical coherence across disjoint document spaces.
In summary, the main contributions of our work

are as follows:

• We propose STAGE-RAG, which reframes
multi-hop reasoning as a continuous evolution
of entity states, moving beyond conventional
retrieve-and-concatenate approaches. By ex-
plicitly tracing belief trajectories, this work
provides a structured and interpretable theoret-
ical foundation for mitigating reasoning drift.

• We introduce a State-Aware Dual-Path Re-
trieval strategy, which dynamically constructs
multi-granular local subgraphs to decompose
the global reasoning task into structured local
decisions. This design ensures the reasoning
focus consistently evolves around core evi-
dence, significantly enhancing the accuracy
and robustness of path selection.

• Extensive experiments on MuSiQue, Hot-
potQA, 2WikiMultiHopQA and MoreHopQA
datasets demonstrate that STAGE-RAG
achieves an optimal accuracy-efficiency bal-
ance across various LLM backbones.

2 Related Work

2.1 RAG for Multi-Hop Reasoning

Multi-Hop Question Answering (MHQA) requires
synthesizing fragmented evidence, serving as a crit-
ical yardstick for RAG systems. To optimize evi-
dence quality, RankRAG (Yu et al., 2024) unifies
context ranking and answer generation within a sin-
gle LLM, while SETR (Lee et al., 2025a) fine-tunes
LLMs for set-wise passage selection guided by In-
formation Requirement Identification. However,
these methods treat retrieval as static, neglecting
the evolving semantic focus required by multi-step
reasoning. To introduce dynamic awareness, Q-
Dream (Ye et al., 2025) models interdependence
between sub-questions during decomposition, and
ReSCORE (Lee et al., 2025b) aligns the retriever
with LLM knowledge through iterative refinement.
S2G-RAG (Li et al., 2026) further introduces ex-
plicit evidence sufficiency judging to stabilize iter-
ative retrieval trajectories. ReAgent (Xinjie et al.,
2025) employs a hybrid backtracking mechanism
to rectify incorrect reasoning chains. Nevertheless,
these frameworks remain constrained by discrete
reasoning. Relying on compressed representations
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Figure 2: Architecture of STAGE-RAG. The framework establishes an offline hierarchical knowledge index to map
global semantic entities to constituent text chunks. This foundation drives the online state-aware iterative inference
loop, which leverages dynamic entity beliefs and dual-path retrieval to bridge abstract reasoning with concrete
textual evidence.

or reactive correction, they fail to sustain a contin-
uous, high-fidelity memory, leading to cascading
failures as reasoning state drifts across hops.

2.2 Graph-based RAG

To enhance retrieval with structural semantics, re-
cent graph-based methods model complex associa-
tions (Edge et al., 2024). Systems like HippoRAG
(Jimenez Gutierrez et al., 2024), ToG-2 (Ma et al.,
2025b) and HyperGraphRAG (Luo et al., 2025a)
utilize entity nodes and relational edges for associa-
tive retrieval across disjoint documents. In contrast,
frameworks such as ChainRAG (Zhu et al., 2025)
and SGMem (Wu et al., 2025) organize chunks or
sentences as nodes to preserve broader context and
mitigate information loss from triplet extraction. To
leverage both granularities, LightRAG (Guo et al.,
2025) and HippoRAG2 (Gutiérrez et al., 2025)
implement hierarchical structures indexing coarse
document communities and fine-grained entity rela-
tionships for multi-level retrieval. Recent methods
such as LogicRAG (Chen et al., 2026) further in-
troduce adaptive graph pruning and inference-time
reasoning structures to improve retrieval efficiency.
While these graph structures enhance connectivity,
they rely on static global indexing over the corpus,
introducing topological noise and computational
overhead as irrelevant high-degree nodes induce
reasoning drift during traversal (Zhao et al., 2025).

Our STAGE-RAG instead constructs dynamic local
subgraphs, pruning irrelevant pathways based on
evolving states to mitigate topological noise and
reasoning drift in large-scale graphs.

3 Methodology

3.1 State Formalization and Overview

Instead of treating multi-hop reasoning as a se-
ries of independent retrieval steps, we formulate
it as a sequential Bayesian inference process over
an evolving entity belief distribution. During the
multi-hop reasoning process, the state at hop t is
anchored to a global entity repository E :

St = {(ei, w(t−1)
i , ϕi) | ei ∈ E} (1)

where ei denotes an entity, w(t−1)
i ∈ [0, 1] serves

as a belief score, reflecting the posterior probability
that ei is relevant given evidence up to hop t−1. ϕi

tracks provenance (e.g., query or diffusion). This
evolution from St−1 to St provides a mathematical
foundation for mitigating semantic drift.

The framework leverages an offline hierarchi-
cal knowledge index in Section 3.2 to execute an
iterative online inference loop in Section 3.3. At
hop t, ambiguities in qt are first resolved via adap-
tive rewriting. Next, a state-aware dual-path re-
trieval strategy instantiates a local subgraph using
explicit anchors and implicit belief-weighted ev-
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idence. The state is then updated via continuous
Bayesian flow, projecting beliefs onto the subgraph
to calculate posterior scores w(t)

i . This reinforces
high-confidence paths while pruning noise, culmi-
nating in a synthesized final answer in Section 3.4.

3.2 Knowledge Indexing and Entity Mapping
We design a hierarchical knowledge indexing
scheme to construct coherent logical paths across
heterogeneous documents. Given a corpus D con-
sisting of a set of documents, we partition it into
text chunks C = {c1, c2, . . . , cn} and apply a pre-
trained Named Entity Recognition (NER) model
to extract a global entity set E = {e1, e2, . . . , em}.
These entities serve as semantic anchors for cross-
document logical associations. To navigate from
abstract entities to concrete evidence, we establish
an inverted index M : E → 2C , defined as:

M(e) = {ci ∈ C | e ∈ V(ci)}, (2)

where V(ci) ⊆ E denotes the entities identified
within the parent document of chunk ci. Finally,
we utilize a pretrained encoder fϕ to project both
individual entities ei ∈ E and text chunks cj ∈ C
into a unified high-dimensional vector space Rd:

hei = fϕ(ei), hcj = fϕ(cj), (3)

where hei and hcj are dense embeddings for sub-
sequent semantic matching.

3.3 State-Aware Inference Loop
The online inference of STAGE-RAG is an iterative
process. At each hop t, the system navigates the
global entity space E to aggregate evidence through
following synchronized stages: rewriting, retrieval,
and state evolution.

3.3.1 Adaptive Question Rewriting
To mitigate the compositional bottleneck of dense
retrievers, we first decouple evidence acquisition
from symbolic execution. Given a complex multi-
hop query Q, an LLM decomposes it into a logi-
cally dependent sequence of retrieval-centric sub-
questions Q = {q1, q2, . . . , qT }. Purely logical
operations are deferred to the final synthesis, ensur-
ing each qt acts solely as a factual probe.

During iterative retrieval, sub-questions qt (t >
1) often encounter semantic gaps due to unresolved
pronouns (e.g., “his mother”, “that film”) or im-
plicit dependencies on prior outcomes. To guar-
antee self-contained representations, we adopt a

history-aware adaptive rewriting mechanism that
transforms qt into a standalone query q′t:

q′t =

{︄
R(qt,Ht−1) , if G(qt,Ht−1) = True,
qt, otherwise.

(4)
where Ht−1 = {(q1, a1), . . . , (q′t−1, at−1)} de-
notes the reasoning history up to hop t − 1. An
LLM-driven gating operator G detects unresolved
anaphoric references in qt. If triggered, the rewrit-
ing operator R grounds implicit pronouns using
preceding answers. This dynamic resolution en-
sures every projected query is structurally complete,
preventing semantic drift at each hop.

3.3.2 State-Aware Dual-Path Retrieval
For each optimized sub-question q′t, we implement
a state-aware dual-path retrieval strategy. This
strategy integrates deterministic semantic anchors
with probabilistic entity belief weights to instanti-
ate a task-sensitive local subgraph.

Explicit Anchor Path. To anchor the reasoning
process to factual origins, we initially isolate the
query focus. An LLM extracts the subject entity êt
directly from q′t. Using the encoder fϕ, we generate
its dense representation hêt = fϕ(êt) to identify
a set of target entities Eq′t ⊂ E through a statis-
tically adaptive strategy. Instead of rigid thresh-
olds, Eq′t strictly prioritizes exact string alignment
by including all entities satisfying EM(e, êt). If
none exist, it captures statistical outliers satisfying
s(he,hêt) ≥ µ + 2σ, where s denotes the cosine
similarity, and µ, σ are the mean and standard de-
viation of similarities over E .

Leveraging the pre-constructed inverted index
mapping M, we subsequently retrieve the explicit
evidence set:

Cexp =
⋃︂

e∈Eq′t

M(e). (5)

Implicit State-Aware Path. To complement ex-
plicit retrieval, we leverage the current reasoning
state St−1 to identify latent evidence critical to log-
ical evolution, even if absent from q′t. For each can-
didate chunk cj ∈ C, we calculate a state-relevance
score by aggregating the belief weights w(t−1)

i of
its active constituent entities:

Score(cj) =
∑︂

(ei,w
(t−1)
i ,ϕi)∈St−1, ei∈V(cj)

w
(t−1)
i ,

(6)
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The implicit retrieval set Cimp is then constructed
by selecting a subset of exactly k chunks that max-
imizes the cumulative relevance:

Cimp = argmax C′ ∈
(︃C
k

)︃ ∑︂

cj∈C′
Score(cj). (7)

3.3.3 Local Subgraph Construction
Upon acquiring candidate chunks for q′t, we instan-
tiate a task-specific local subgraph G(t)

local = (Vt, Et)
to model the inter-document dependencies.

The vertex set Vt comprises the retrieved chunks
Cexp ∪ Cimp. The edge set models dual-dimensional
text relations. Structural adjacency (ESA) preserves
narrative continuity by linking chunks within a slid-
ing window ω. Let ∆ij = |pos(ci) − pos(cj)|
denote the positional offset. The adjacency weight
is assigned inversely proportional to this offset:

wSA(ci, cj) = ∆−1
ij · I(∆ij ≤ ω) (8)

where I(·) is the indicator function. Entity co-
occurrence (EEC) facilitates cross-document tran-
sitions. To prevent ubiquitous entities from caus-
ing edge proliferation, we apply an Information
Content filter IC(e) = ln(|Vt|/df(e)), where df(e)
indicates the node frequency. Let E∗

ij denote shared
entities between chunks ci and cjwith frequencies
above µic − σic, estimated from the global informa-
tion distribution over Vt. Scaled by factor γ, the
dynamic edge weight aggregates the normalized
information content of these filtered entities:

wEC(ci, cj) = γ
∑︂

e∈E∗
ij

IC(e)
maxe′ IC(e′)

(9)

To identify high-fidelity evidence, we recall a seed
set St via dense similarity against q′t, expanding it
to its one-hop neighborhood Ccand = St ∪ N (St)
to capture latent dependencies. A Cross-Encoder
reranker refines Ccand into the top-K chunks Cfinal,
which an LLM then synthesizes into a grounded
sub-answer at, updating the reasoning history:

Ht = Ht−1 ∪ {(q′t, at)}. (10)

3.3.4 Entity State Evolution
To ensure mathematically principled evidence ag-
gregation under retrieval uncertainty, we formulate
multi-hop reasoning as a continuous Bayesian in-
ference process over local subgraphs, driving a
probability flow between entity and chunk spaces.

Prior Diffusion. At each hop t, we form the prior
state vector sprev ∈ RM by taking the union of his-
torical and newly extracted entities. To project
these entity-level beliefs onto local subgraph G(t)

local,
which consists of N chunk nodes, we construct an
incidence matrix B ∈ {0, 1}M×N where Bk,j = 1
if entity ek is present in chunk cj . The beliefs
are projected onto the chunks and propagated via
Markovian diffusion to capture latent dependen-
cies:

vprior = T⊤Norm(B⊤sprev) (11)

where T denotes the transition matrix of G(t)
local

equipped with self-loops to preserve node inertia.

Bayesian Posterior Update. Observational evi-
dence from q′t is quantified via a likelihood vector
L = exp(s(C,q′

t)/τ), where C comprises the
chunk embeddings and τ is the temperature.

Following Bayes’ theorem, the posterior belief
over the chunks is updated as:

vpost = Norm(vprior ⊙L) (12)

State Distillation. We aggregate the posterior up-
ward to directly compute the updated entity belief
scores:

snew = MaxNorm(Bvpost) (13)

Since vpost inherently encapsulates the historical
prior, snew comprehensively reflects the memory-
aware beliefs. To ensure computational efficiency
and maintain reasoning focus, we prune the state
into St by retaining entities satisfying w

(t)
i ≥ θ.

3.4 Final Answer Synthesis

Upon completing T hops, we construct a global
evidence pool Csyn by deduplicating and re-ranking
the aggregated chunks

⋃︁T
t=1 C

(t)
final against Q. To

capture dual reasoning dimensions, the final syn-
thesis yields two complementary outputs:

Sub-answer Path: Focuses on deductive logic
by conditioning on the question Q and the reason-
ing history HT = {(q′t, at)}Tt=1:

Asub = LLM(Q,HT ) (14)

Context-augmented Path: Ensures factual
grounding by conditioning directly on the sorted
evidence pool Csyn:

Actx = LLM(Q, Csyn) (15)
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4 Experiments

4.1 Experimental Settings

Datasets. We utilize four MHQA datasets to vali-
date our architecture. HotpotQA(Yang et al., 2018)
is a multi-hop reasoning dataset requiring integra-
tion of information across documents. 2WikiMul-
tiHopQA(Ho et al., 2020) is a Wikipedia-based
benchmark specifically designed to evaluate cross-
document evidence synthesis and reasoning chains.
MuSiQue(Trivedi et al., 2022) provides a more rig-
orous test of reasoning depth, typically involving
2-4 hops. MoreHopQA(Schnitzler et al., 2024) is
a recent benchmark evaluating long-chain compo-
sitional reasoning, requiring extensive multi-hop
steps and cross-document evidence aggregation.

Compared Methods. We compare our method
against several publicly available baselines: Vanilla
LLM, which directly generates answers without ex-
ternal retrieval; Naive RAG (Lewis et al., 2020),
a standard chunk-based retrieval method; Chain-
RAG (Zhu et al., 2025), which constructs a global
sentence-based graph for iterative reasoning; Ligh-
tRAG (Guo et al., 2025) and HyperGraphRAG
(Luo et al., 2025a), which utilize entity-based
graphs for retrieval; HippoRAG2 (Gutiérrez et al.,
2025), which builds a hybrid-based architecture
incorporating both text chunks and entity nodes.

Metrics and Models. Lexical similarity between
the generated and ground-truth answers is evalu-
ated using Exact Match (EM) and F1-score. We
conduct experiments using multiple LLMs, includ-
ing the open-source Qwen3 series (8B, 14B, 30B)
(Yang et al., 2025a) as well as GPT-4o-mini (Hurst
et al., 2024), to evaluate effectiveness and general-
izability across different model architectures and
scales. All vector retrieval tasks are performed
using the Qwen3-Embedding-0.6B model (Zhang
et al., 2025c), while the BGE-Reranker (Xiao et al.,
2024) is employed as the cross-encoder for evi-
dence refinement.

Implementation Details. All experiments are
conducted on 8 × NVIDIA RTX 4090 GPUs.
Implemented via PyTorch and HuggingFace, the
framework uses vLLM (Kwon et al., 2023) for ef-
ficient inference. For fair comparison, all LLMs
employ deterministic decoding at temperature 0.
For retrieval, the top-k for supplying context is
set to 5, the sliding window size ω is set to 2, the
edge scaling factor γ is 0.5, and the seed set size

is fixed at 7. For the Bayesian posterior update,
the temperature hyperparameter τ is 0.1. For new
entities, we set the initial anchor weight to 0.1,
while the pruning threshold θ is established at 0.5
to filter low-confidence reasoning paths. These val-
ues reflect stable regions detailed in Appendix D
rather than per-dataset tuning. Further details are
provided in Appendix A.

4.2 Main Results
Table 1 summarizes the comparative performance
of STAGE-RAG and several state-of-the-art base-
lines across four multi-hop reasoning benchmarks.
Overall, our method achieves the best average per-
formance on every backbone and leads on the ma-
jority of individual metrics, demonstrating its com-
petitive capability in handling complex information
synthesis.

Beyond Parametric Knowledge. Although
LLMs may have encountered benchmark corpora
during pre-training, their zero-shot performance
remains limited in complex multi-hop tasks. For
instance, Vanilla Qwen3-30B achieves an average
F1 of only 21.45%, while our state-aware retrieval
boosts this to 59.94% (+38.49). This indicates that
internal parametric knowledge is insufficient for
deep evidence synthesis, whereas our architecture
provides the necessary factual grounding.

Overall Performance. STAGE-RAG shows con-
sistent improvements across all LLM backbones,
demonstrating reduced reliance on massive param-
eter scales. While methods such as ChainRAG
rely heavily on larger models to stabilize reason-
ing, and graph-based approaches like LightRAG
are constrained by the extraction quality of smaller
LLMs, our framework bypasses these bottlenecks.
We attribute this advantage to the state-aware evo-
lution process, where dynamic entity updates pro-
vide more stable reasoning context and localized
subgraph construction reduces the impact of glob-
ally noisy graph structures. As a result, STAGE-
RAG maximizes the intrinsic capabilities of smaller
models, outperforming HippoRAG2 by 8.88 F1
points on Qwen3-8B, while remaining effective on
stronger backbones.

4.3 Ablation Study
To evaluate the contribution of each module
within STAGE-RAG, we conduct an ablation
study across MuSiQue, HotpotQA and 2WikiMul-
tiHopQA based on Qwen3-8B, systematically re-
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Model Method
MuSiQue HotpotQA 2WikiMHQA MoreHopQA Avg

EM F1 EM F1 EM F1 EM F1 EM F1

Qwen3-8B

Vanilla LLM 6.00 13.01 17.00 26.34 23.00 27.61 4.00 5.83 12.50 18.20
Naive RAG 16.00 24.78 37.00 50.73 40.00 48.82 4.50 6.48 24.38 32.70
ChainRAG 26.00 34.79 45.50 58.22 47.00 57.63 44.00 44.25 40.63 48.72
LightRAG 19.00 26.22 33.50 45.42 32.50 41.71 9.00 10.31 23.50 30.92
HyperGraphRAG 30.50 38.47 47.00 60.69 51.50 61.66 25.00 26.26 38.50 46.77
HippoRAG2 27.00 36.87 43.50 56.03 52.50 62.36 32.50 34.25 38.88 47.38

Ours 38.50 47.34 48.00 62.37 57.00 67.01 47.00 48.33 47.63 56.26

Qwen3-14B

Vanilla LLM 2.00 8.77 20.00 27.23 24.50 28.85 4.00 5.86 12.63 17.68
Naive RAG 21.00 30.42 36.50 51.76 45.00 54.96 6.00 8.25 27.13 36.35
ChainRAG 27.50 39.69 44.00 58.60 51.50 61.23 32.00 33.95 38.75 48.37
LightRAG 15.00 25.94 28.50 44.20 22.00 39.90 4.50 5.60 17.50 28.91
HyperGraphRAG 25.50 35.53 44.00 59.04 33.00 50.89 12.00 12.54 28.63 39.50
HippoRAG2 25.00 34.72 41.50 53.80 53.00 63.38 41.00 42.73 40.13 48.66

Ours 38.50 48.39 47.50 63.36 58.50 68.07 41.00 42.71 46.38 55.63

Qwen3-30B

Vanilla LLM 6.50 14.21 23.50 32.13 27.00 32.03 5.00 7.42 15.50 21.45
Naive RAG 19.50 29.58 35.50 52.25 49.50 58.66 15.00 16.67 29.88 39.29
ChainRAG 28.00 40.21 46.00 60.60 55.50 65.06 33.00 35.25 40.63 50.28
LightRAG 30.50 38.69 44.50 57.91 50.50 60.94 20.50 21.12 36.50 44.67
HyperGraphRAG 38.50 47.12 50.00 62.56 56.00 66.03 25.50 26.75 42.50 50.62
HippoRAG2 33.00 42.15 44.50 56.29 57.00 65.56 44.00 45.25 44.63 52.31

Ours 39.50 47.95 47.50 62.14 62.00 71.93 56.00 57.75 51.25 59.94

GPT-4o-mini

Vanilla LLM 12.00 18.64 29.00 38.40 25.00 30.62 17.00 17.00 20.75 26.17
Naive RAG 27.00 36.65 41.00 55.39 48.50 59.05 22.50 23.00 34.75 43.52
ChainRAG 35.50 45.25 45.00 59.17 51.00 60.08 33.00 34.00 41.13 49.63
LightRAG 22.50 32.92 29.50 46.34 33.50 48.20 10.00 12.07 23.88 34.88
HyperGraphRAG 32.50 40.65 47.50 59.48 49.00 61.43 28.50 28.70 39.38 47.57
HippoRAG2 34.00 41.72 43.50 56.73 55.00 64.96 45.00 46.45 44.38 52.47

Ours 42.00 51.61 49.50 63.67 57.50 67.96 47.00 47.00 49.00 57.56

Table 1: Performance comparison of retrieval augmented generation methods across backbones. For ChainRAG
and STAGE-RAG, we report optimal results between Asub and Actx paths. Deployment boundaries for these dual
synthesis trajectories are analyzed in Section B.1. Best results are bolded, second best underlined.

moving the Adaptive Query Rewriting (w/o AQR),
Entity State Tracking (w/o EST), Local SubGraph
(w/o LSG), Structural Adjacency Edges (w/o ESA),
and Entity Co-occurrence Edges (w/o EEC).

As shown in Figure 3 and 4, the removal of
AQR causes the most severe performance degrada-
tion, suggesting its strict necessity in preventing
semantic drift during complex multi-hop reasoning.
Similarly, discarding EST leads to a notable 5.07
F1 decline, validating that dynamic state updates
are crucial for establishing reliable contextual an-
chors. Among the graph components, completely
omitting the local subgraph (w/o LSG) naturally
results in the most significant drop. When dissect-
ing the specific edge types, eliminating EEC causes
a much larger decline than ESA, which indicates
that while positional continuity provides comple-
mentary support for certain cases, entity-centric
topological bridges serve as the primary driver for
successful cross-document transitions.

Figure 3: EM (%) ablation results across datasets.

Figure 4: F1 (%) ablation results across datasets.
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4.4 Component Analysis and Robustness

Method Avg

F1 Token LLM Calls

Ours 58.91 7.7k 11.49

LLM Scoring 56.57 9.1k 12.77
Paragraph Chunking 57.44 8.2k 11.51

Table 2: Average performance of component variants.

To validate STAGE-RAG’s architectural rational-
ity and resilience, we investigate alternative compo-
nent designs, shown in Table 2, and conduct stress
tests regarding incomplete information extraction
based on Qwen3-8B across MuSiQue, HotpotQA,
and 2WikiMultiHopQA datasets.

Bayesian vs. LLM Scoring. As detailed in Table
2, replacing our Bayesian tracker with LLM entity
scoring over the retrieved chunks degrades aver-
age F1 to 56.57%. It also exacerbates overhead,
increasing LLM calls by 1.28 and token consump-
tion by 1.4k. This confirms that LLM-based scor-
ing introduces latency and susceptibility to context
noise, whereas our Bayesian updating ensures a
deterministic, efficient mechanism.

Impact of Context Granularity. Segmenting
corpus by paragraphs rather than our semantic
chunking degrades average F1 and increases token
usage, shown in Table 2. Coarse paragraph blocks
frequently encapsulate distractor facts that inject
irrelevant noise into entity states during dual-space
projection, proving bounded semantic chunks are
essential for maximizing the signal-to-noise ratio.

Robustness to Extraction Noise. We simulate
realistic NER recall failures by randomly drop-
ping extracted entities at proportions up to 40%,
as illustrated in Figure 5. STAGE-RAG exhibits
graceful degradation, maintaining 57.79% F1 even
when 20% of entities are deleted. Interestingly,

Figure 5: EM (%) and F1 (%) scores under varying
entity drop ratios p ∈ [0%, 40%].

Figure 6: Comparison of Qwen3-8B call times.

Method Tokens Latency (s) F1

ChainRAG 3.1k 5.62 50.21
HyperGraphRAG 275.7k 146.95 53.61
HippoRAG2 100.6k 85.50 51.75
Ours 7.7k 6.60 58.91

Table 3: Average efficiency comparison across datasets.

performance peaks at a 10% drop rate, reaching
59.88% F1. This demonstrates a self-regularizing
effect where the topological fallback mechanism
bypasses missing nodes via structural adjacency
edges while filtering peripheral noisy entities to
stabilize reasoning pathways.

4.5 Efficiency Analysis

We evaluate the computational efficiency of differ-
ent multi-hop frameworks by analyzing the aver-
age LLM calls, total token usage, and inference
latency. As shown in Figure 6 and Table 3, STAGE-
RAG substantially reduces computational costs
compared to heavy graph-enhanced approaches
like HyperGraphRAG and HippoRAG2, which suf-
fer from a massive number of LLM queries. While
ChainRAG shows slightly lower latency and fewer
LLM calls, our approach secures a vastly superior
tradeoff. By delegating state evolution to determin-
istic matrix diffusion rather than redundant model
generation, STAGE-RAG introduces a marginal la-
tency overhead of less than 1 second while deliver-
ing a +8.70 absolute F1 gain over ChainRAG. This
confirms our mechanism successfully achieves an
effective trade-off between reasoning accuracy and
efficiency.

5 Conclusion

In this work, we introduce STAGE-RAG, a novel
state-aware graph-based framework designed to
mitigate reasoning drift and address the "lost in the
middle" challenges inherent in multi-hop question
answering. By augmenting local relational sub-
graphs with a Bayesian-driven dynamic evolution
strategy, our approach maintains logical coherence
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and evidence persistence throughout complex rea-
soning trajectories. Extensive experiments across
multiple challenging benchmarks demonstrate that
STAGE-RAG strikes an effective trade-off between
retrieval accuracy and computational efficiency,
outperforming existing structural RAG systems.
Future work will explore extending STAGE-RAG
to global search scenarios and investigating adap-
tive mechanisms for real-world, scalable deploy-
ment in broader information synthesis tasks.

Limitations

Although our experiments demonstrate that
STAGE-RAG effectively improves multi-hop re-
trieval and reasoning under constrained inference
budgets, the current framework relies on query-
specific local subgraphs rather than a fully global
corpus-level topology. This localized design im-
proves efficiency and controllability, but may over-
look long-range latent associations across highly
disconnected documents during early retrieval
stages. In addition, the framework depends on the
quality of upstream entity extraction and query de-
composition. Errors introduced in these stages can
propagate through the iterative state evolution pro-
cess and affect subsequent retrieval and reasoning
trajectories. Finally, the current system operates
under a constrained hop setting to maintain stable
latency and token costs, which may limit its ability
to handle open-ended problems requiring substan-
tially deeper reasoning chains. We therefore do
not claim strong performance for unconstrained ex-
ploratory reasoning scenarios in the current system.
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A Implementation Details

A.1 Data Preparation and NER

The evaluation settings for MuSiQue, HotpotQA,
and 2WikiMultiHopQA strictly adhere to the Long-
Bench settings (Bai et al., 2025), utilizing a chunk
capacity of 300 with a 20 token overlap for re-
trieval preprocessing. Conversely, we evaluate
MoreHopQA via a random sampling strategy en-
compassing 3-5 hop queries. As the context pas-
sages in this dataset are substantially shorter, we
establish a tighter chunk capacity of 100 with a 20
token overlap.

For Named Entity Recognition (NER), we utilize
spaCy’s en_core_web_sm model (Schmitt et al.,
2019). This configuration is selected to prioritize
computational efficiency and inference throughput,
striking a balance between entity extraction speed
and reasonable accuracy for large-scale corpora.

Table 4: Statistics of the MHQA benchmarks used in
our experiments.

Dataset Samples Passage Chunks

MuSiQue 200 2218 12586
HotpotQA 200 1722 10302
2WikiMHQA 200 1986 6150
MoreHopQA 200 400 1031

A.2 Baseline Configurations

No modifications were made to the prompt settings
used in the original baseline experiments. Com-
prehensive hyperparameter configurations for the
graph-based baselines are detailed in Table 5.

Table 5: Hyperparameter settings.

Parameter LightRAG HyperGraphRAG

Retrieval Mode Hybrid Hybrid
Top-k Retrieval 40 60
Summary Tokens 1200 –
Entity Gleaning 0 0
Entity Extract Gleaning 0 0
Entity Summary Tokens – 500

B Additional Results

B.1 Analysis of Answer Synthesis Paths

Table 6 evaluates the intermediate reasoning path
Asub against the context augmented path Actx.
While supplying a global evidence pool via Actx
proves sufficient and occasionally superior for shal-
lower retrieval tasks like HotpotQA, the Asub trajec-
tory excels in rigorous deduction on datasets includ-
ing MuSiQue and 2WikiMultiHopQA. A critical
anomaly emerges on MoreHopQA, where Actx per-
formance drops precipitously, yielding merely 5.00
Exact Match on the Qwen3-8B architecture com-
pared to 47.00 using Asub. This collapse occurs
because extended logical chains cause the aggre-
gated global context to become saturated with dis-
tractors, overwhelming the attention mechanism of
the language model during a single generation pass.
Consequently, system design must adhere to a clear
deployment boundary: Actx should be prioritized
exclusively for shallow queries where raw evidence
density drives the final answer. Conversely, Asub
must serve as the primary synthesis engine when-
ever queries demand extended deductive steps, ef-
fectively isolating intermediate reasoning to shield
the language model from dense topological noise.

B.2 Results on weaker LLMs

To evaluate robustness under constrained capacities,
we utilize the weaker Qwen2.5-3B model(Yang
et al., 2025b) detailed in Table 7. Smaller lan-
guage models possess limited attention spans, mak-
ing them highly susceptible to dense topological
noise. Consequently, heavy graph approaches like
HyperGraphRAG and LightRAG degrade signifi-
cantly, frequently underperforming a vanilla Naive
RAG setup. In stark contrast, STAGE-RAG demon-
strates remarkable resilience and achieves state-of-
the-art performance across all three benchmarks.
On HotpotQA and MuSiQue, our method outper-
forms the strongest baseline ChainRAG by substan-
tial margins of 8.50 EM and 4.50 EM respectively.
Furthermore, STAGE-RAG perfectly matches Hip-
poRAG2 on 2WikiMultiHopQA. The consistent
improvements confirm our lightweight Bayesian
state-tracking successfully filters peripheral distrac-
tors, delivering a high signal-to-noise context that
compensates for the reasoning deficits of smaller
models.
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Table 6: Performance breakdown of complementary synthesis paths (Asub and Actx) across multi-hop benchmarks.

Model Method MuSiQue HotpotQA 2WikiMHQA MoreHopQA

EM F1 EM F1 EM F1 EM F1

Qwen3-8B

ChainRAG Asub 26.00 34.79 41.00 55.45 47.00 57.63 44.00 44.25
ChainRAG Actx 23.00 34.85 45.50 58.22 44.50 52.40 14.00 15.94
Ours Asub 38.50 47.34 45.50 56.94 57.00 67.01 47.00 48.33
Ours Actx 35.50 43.70 48.00 62.37 42.50 52.39 5.00 7.00

Qwen3-14B

ChainRAG Asub 21.00 30.42 41.00 54.81 51.50 61.23 32.00 33.95
ChainRAG Actx 27.50 39.69 44.00 58.60 45.50 54.56 19.00 21.33
Ours Asub 38.50 48.39 42.50 56.49 58.50 68.07 41.00 42.71
Ours Actx 35.50 48.04 47.50 63.36 49.50 60.53 6.00 8.25

Qwen3-30B

ChainRAG Asub 28.00 40.21 39.00 52.00 55.50 65.06 33.00 35.25
ChainRAG Actx 29.00 39.42 46.00 60.60 52.00 61.21 23.00 24.83
Ours Asub 39.50 47.95 46.00 58.06 62.00 71.93 56.00 57.75
Ours Actx 35.50 45.14 47.50 62.14 58.50 69.83 14.00 16.21

GPT-4o-mini

ChainRAG Asub 35.00 45.01 44.00 57.42 51.00 60.08 33.00 34.00
ChainRAG Actx 35.50 45.25 45.00 59.17 47.00 57.45 27.00 27.33
Ours Asub 42.00 51.61 44.50 56.90 57.50 67.96 47.00 47.00
Ours Actx 34.00 45.70 49.50 63.67 51.00 62.83 22.00 22.25

Table 7: Performance comparison on multi-hop QA benchmarks using the weaker Qwen2.5-3B model.

Method MuSiQue HotpotQA 2WikiMHQA

EM F1 EM F1 EM F1

Vanilla LLM 3.00 8.39 16.50 22.75 20.00 23.68
Naive RAG 16.50 23.28 29.50 42.10 39.00 46.15
ChainRAG 19.00 28.90 32.50 44.73 31.00 36.62
LightRAG 10.50 17.19 21.00 29.96 25.00 31.89
HyperGraphRAG 12.00 18.86 28.50 36.63 23.50 29.06
HippoRAG2 17.00 25.08 30.00 41.05 42.00 50.75
Ours 23.50 32.41 41.00 50.88 42.00 50.75

Figure 7: Average token consumption breakdown across
the three operational phases of STAGE-RAG on multi-
hop benchmarks. “In” and “Out” denote input and out-
put tokens respectively.

B.3 Token distribution of STAGE-RAG

Figure 7 illustrates the token distribution across
the three core phases of STAGE-RAG (QP, SA,
and FA). The data reveals a stark asymmetry be-
tween input and output tokens: the total computa-
tional cost is heavily dominated by input tokens,
particularly during the State-Aware Reasoning &
Evolution (SA) phase, which averages 3,600 to
4,100 tokens due to the iterative processing of re-
trieved contexts and belief state updates. In con-
trast, the output tokens remain remarkably concise
across all stages; notably, the Final Answer Synthe-
sis (FA) phase yields only about 10 to 13 tokens.
This demonstrates that STAGE-RAG effectively
distills dense multi-hop reasoning trajectories into
precise, succinct final answers without introducing
unnecessary linguistic redundancy.

B.4 Impact of Different Chunk Size

Table 8 evaluates the influence of varying retrieval
chunk capacities on reasoning efficacy. Restrict-
ing text segments to 100 tokens yields suboptimal
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Table 8: Performance comparison across varying re-
trieval chunk sizes using the Qwen3-8B model.

Chunk MuSiQue HotpotQA 2WikiMHQA

EM F1 EM F1 EM F1

100 36.50 45.68 42.50 57.14 55.00 63.96
300 38.50 47.34 48.00 62.37 57.00 67.01
500 39.50 49.18 49.50 63.71 56.00 66.44

outcomes across all datasets, indicating that frag-
mented contexts fail to encapsulate the logical de-
pendencies required for multi-hop deduction. Con-
versely, expanding the capacity to 300 and 500 to-
kens demonstrates system robustness. While larger
retrieval windows typically introduce text noise
that degrades language model performance, our
architecture maintains stable accuracy at these ex-
panded capacities. The metrics between the 300
and 500 token configurations remain competitive,
and the 300 token setting secures peak accuracy on
the 2WikiMultiHopQA dataset. This resilience val-
idates that the state update mechanism isolates and
prunes peripheral distractors within longer texts,
balancing efficiency and precision without requir-
ing meticulous parameter tuning.

B.5 Performance Analysis across Varying
Hop Counts

Table 9: Detailed performance breakdown on MuSiQue
categorized by the number of reasoning hops. The best
results are highlighted in bold, and the second best are
underlined.

Model Method MuSiQue

2-Hops 3-Hops ≥4-Hops

Qwen3-8B

NaiveRAG 25.70 21.11 26.00
ChainRAG Asub 39.48 22.76 22.67
ChainRAG Actx 39.37 24.66 19.33
Ours Asub 54.77 26.61 32.67
Ours Actx 49.97 30.57 19.33

Qwen3-14B

NaiveRAG 33.19 23.52 22.67
ChainRAG Asub 44.68 25.96 29.33
ChainRAG Actx 43.22 27.46 25.33
Ours Asub 58.28 19.88 31.33
Ours Actx 54.99 29.24 32.67

Qwen3-30B

NaiveRAG 32.28 21.41 26.00
ChainRAG Asub 45.06 25.95 32.67
ChainRAG Actx 45.82 23.09 22.67
Ours Asub 54.57 27.70 39.81
Ours Actx 51.75 30.14 22.67

GPT-4o-mini

NaiveRAG 37.73 31.90 39.33
ChainRAG Asub 49.10 38.58 23.33
ChainRAG Actx 48.47 34.92 42.67
Ours Asub 55.71 35.24 56.95
Ours Actx 49.88 37.03 29.33

Table 9 provides a granular performance break-

down across varying reasoning lengths on the
MuSiQue benchmark. STAGE-RAG consistently
maintains a substantial lead over all baselines at
shallower two-hop queries, confirming the effi-
ciency of our foundational retrieval mechanism. As
the reasoning chain extends to four or more hops,
a stark divergence emerges between the synthesis
paradigms. The context-augmented path Actx expe-
riences severe degradation across most models due
to the exponential accumulation of distractor para-
graphs overwhelming the attention capacity. Con-
versely, the sub-answer path Asub exhibits excep-
tional resilience at extreme hop counts, achieving a
commanding 56.95 F1 on GPT-4o-mini compared
to 42.67 for the strongest baseline. This robust per-
formance at extended reasoning depths empirically
validates our core hypothesis, demonstrating that
isolating intermediate logic into step-by-step sub-
answers successfully prevents dense topological
noise from paralyzing the deductive process.

B.6 Evaluation at Scale
The main experiments follow the LongBench pro-
tocol(Bai et al., 2025), which fixes 200 queries
per dataset but retains the full Wikipedia passage
pool for each query. We adopt it because the stan-
dard releases truncate or summarise the support-
ing context, removing the long-range dependencies
STAGE-RAG targets. To verify that conclusions
drawn from 200 queries are not an artefact of sam-
ple size, we conduct two scale-up evaluations with
Qwen3-8B.

Ten-fold expansion. We enlarge the evalua-
tion to 2,000 queries per dataset for MuSiQue,
HotpotQA and 2WikiMultiHopQA, and addition-
ally evaluate the complete 1,118-query set of
MoreHopQA (Table 10). STAGE-RAG remains
strongest on every dataset, exceeding ChainRAG
by +6.12, +1.63, +8.91 and +7.03 F1. The
method ordering is identical to that at n=200, indi-
cating the gains are a property of the method rather
than of a particular sample.

Variance across independent subsets. Since
a single draw cannot expose sampling variance,
we re-run the MuSiQue evaluation on five inde-
pendently sampled 200-query subsets (Table 11).
STAGE-RAG attains the highest mean F1 with a
standard deviation comparable to the baselines, and
its mean (43.85) agrees with the 2,000-query mea-
surement (43.48). The between-method gaps ex-
ceed the between-subset spread, so the ranking is
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Method MuSiQue HotpotQA 2WikiMHQA MoreHopQA

EM F1 EM F1 EM F1 EM F1

Vanilla LLM 3.50 12.05 15.85 25.20 26.15 29.69 2.24 2.53
Naive RAG 20.90 33.03 42.95 55.88 42.90 49.77 13.42 14.43
ChainRAG 25.25 37.36 47.50 61.59 47.40 55.47 46.33 46.20
Ours 32.80 43.48 49.10 63.22 56.80 64.38 53.04 53.23

Table 10: Expanded evaluation with the Qwen3-8B backbone. MuSiQue, HotpotQA and 2WikiMultiHopQA use
2,000 queries each (10× the main setting); MoreHopQA uses its complete 1,118-query set.

Method F1 (mean ± std)

Vanilla LLM 11.81 ± 3.11
Naive RAG 34.50 ± 3.93
ChainRAG 38.88 ± 2.39
Ours 43.85 ± 2.80

Table 11: MuSiQue F1 over five independently sampled
200-query subsets (Qwen3-8B).

stable under resampling.

B.7 Robustness to Systematic NER
Corruption

Section 4.4 evaluates STAGE-RAG under random
entity deletion, which models the recall failures of
an upstream extractor. To cover a broader range
of extractor behaviour, we further evaluate three
systematic corruption modes in which an entity is
mis-recognised rather than missing, each injected
at severity levels of 5% to 20% of extracted men-
tions:

• Boundary truncation clips multi-word men-
tions to a sub-span, e.g. “The Kubert School”
→ “Kubert”, modelling segmentation errors.

• Alias substitution replaces mentions with
LLM-generated synonyms or abbreviations,
e.g. “United States” → “US”, modelling
surface-form inconsistency across documents.

• Typographical corruption mutates charac-
ters within a mention, e.g. “Microsoft” →

“Micrfsoft”, modelling OCR and spelling noise.

All three are strictly harder than deletion, since
a corrupted label remains eligible for matching and
can actively mislead retrieval.

As shown in Figure 8, the largest F1 deviation
from the clean setting across all nine dataset and
mode combinations is 2.03 points, and no dataset
declines monotonically as severity increases. Ev-
ery measurement stays within the ±2.80 subset-
level standard deviation of Table 11, plotted as the
shaded band. We therefore read these results as the

Ratio MuSiQue HotpotQA 2WikiMHQA

EM F1 EM F1 EM F1

0% (clean) 38.50 47.34 48.00 62.37 57.00 67.01

(a) Boundary truncation
5% 38.00 47.76 47.50 61.94 56.50 66.42
10% 38.00 48.19 47.00 62.06 56.00 66.49
15% 38.00 47.84 46.00 60.81 58.00 68.34
20% 37.00 47.01 47.00 61.47 58.50 69.04

(b) Alias substitution
5% 38.00 47.94 48.00 62.44 57.00 67.39
10% 38.50 48.44 47.50 61.94 56.50 66.56
15% 38.50 48.69 47.00 61.77 57.00 67.06
20% 37.50 46.81 47.50 61.69 57.50 68.18

(c) Typographical corruption
5% 38.00 47.56 48.00 62.44 56.50 66.56
10% 38.50 47.91 48.00 62.14 55.50 65.56
15% 39.50 48.41 46.50 61.22 57.00 67.06
20% 38.50 47.68 47.50 61.97 55.50 65.56

Table 12: Absolute EM and F1 under systematic NER
corruption, corresponding to Figure 8. The clean row is
shared by all blocks. No result is bolded, as none of the
deviations exceeds sampling variance.

absence of significant degradation up to 20% cor-
ruption, and do not interpret the occasional above-
clean points as evidence that corruption is benefi-
cial. Absolute scores are reported in Table 12.

This resilience follows from where entities sit
in our representation. In a local subgraph, text
chunks are the nodes and entities only label the
edges, so corrupting a mention degrades an edge la-
bel without removing the underlying text node; the
evidence a chunk carries stays reachable through
the remaining edges and through dense chunk-level
similarity. Two mechanisms absorb the residual
error. Matching uses dense soft similarity rather
than string equality, so truncated spans and char-
acter mutations frequently remain nearest neigh-
bours of their clean form; and the Bayesian state
update accumulates belief mass over hops, so a
single spurious label receives little weight unless
repeatedly corroborated. The same argument ex-
plains the graceful degradation under random dele-
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Figure 8: Robustness to three systematic NER corruption modes (Qwen3-8B). The vertical axis reports the change in
F1 relative to the clean setting, and the shaded band marks ±1 subset-level standard deviation (±2.80 F1) measured
over five independent 200-query subsets in Table 11. All measurements fall inside this band and no curve declines
monotonically with severity, indicating no significant degradation up to 20% corruption.

tion, and predicts that the most damaging failure
mode would be corruption concentrated on bridge
entities rather than distributed uniformly, a targeted
adversarial setting we leave to future work.

C Case Study

The qualitative trajectories detailed in Table 13 and
Table 14 show the stability of STAGE-RAG against
semantic drift and localized noise. In the two-hop
scenario, the baseline framework fails at the initial
step by retrieving a distractor segment regarding
an incomplete schooling history, which misdirects
the subsequent retrieval. Similarly, in the three-hop
problem, the baseline extracts an irrelevant bio-
logical term, interrupting the remaining deductive
chain. In contrast, STAGE-RAG tracks the entity
states across varying reasoning depths. By integrat-
ing state-aware Bayesian updates, the framework
maintains the correct entity belief weights when
confronted with evolutionary and cultural noise,
filtering out peripheral ambiguities to ensure that
each generated sub-question anchors to the target
logical trajectory.

D Hyperparameter Sensitivity Analysis

To evaluate the stability of the continuous Bayesian
flow and retrieval mechanisms within STAGE-
RAG, we analyze three critical hyperparameters:
state pruning threshold (θ), retrieval capacity (k),
and likelihood temperature (τ ). Detailed F1 results
are plotted in Figure 9.

State Pruning Threshold θ. The threshold θ gov-
erns the retention of high-confidence entities transi-
tioning into the subsequent hop. Unlike an inverted

U-shape trend, Figures 9(a) and 9(b) display system
robustness across a broad operational range. Perfor-
mance curves remain nearly flat for 0.0 ≤ θ ≤ 0.8,
indicating that lower thresholds do not propagate
harmful long-tail topological noise. A sharp degra-
dation in both Asub and Actx is only observed under
highly aggressive pruning at θ ≥ 0.9, which pre-
maturely discards latent bridge entities crucial for
complex chaining. Consequently, setting θ = 0.5
safely distills the reasoning state without severing
valid logical trajectories.

Retrieval Capacity k. The parameter k dictates
the size of the refined evidence set Cfinal post cross
encoder scoring. Figures 9(c) and 9(d) indicate
that a restrictive limit k ≤ 2 truncates the con-
textual scope, frequently missing latent dependen-
cies and degrading F1 scores. However, perfor-
mance rapidly plateaus and remains highly stable
for k ≥ 3. This suggests the framework is resilient
against denser background noise, effectively shield-
ing the language model from distractors at larger
retrieval sizes. Setting k = 5 therefore optimally
maximizes semantic recall while preserving com-
putational efficiency.

Likelihood Temperature τ . The parameter τ
modulates the sharpness of the observation like-
lihood L. As shown in Figures 9(e) and 9(f), the
system exhibits exceptional stability against vari-
ations in τ . Across several orders of magnitude
ranging from 0.01 to 100, the F1 scores remain
almost entirely constant. Rather than becoming
vulnerable to isolated noise at low values or neu-
tralizing discriminative power at high values, the
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Table 13: Case study detailing reasoning trajectories on a two-hop spatial query.

Method Hop 1 Details Hop 2 Details Final Answer

Query: What company is the school where Lawrence Landweber was educated a part of?

ChainRAG Sub-Q: Which school did Lawrence
Landweber attend?

Sub-Q: What company is associated
with The Kubert School?

None

Context: Lawrence attended The Ku-
bert School for two years, before drop-
ping out to focus on his stand-up. He
received his bachelor’s degree in 1963
at Brooklyn College.

Context: Notable alumni in business
include Deloitte Touche Tohmatsu
CEO Barry Salzberg (B.S. 1974),
Adobe Inc.

Answer: The Kubert School Answer: None

Ours Sub-Q: Where did Lawrence Landwe-
ber receive his education?

Sub-Q: What company is Brooklyn
College a part of?

City University of
New York

Context: Lawrence Hugh Landweber
is John P. Morgridge Professor Emer-
itus of computer science at the Uni-
versity of Wisconsin–Madison. He re-
ceived his bachelor’s degree in 1963
at Brooklyn College.

Context: Brooklyn College is a public
university in Brooklyn in New York
City. It is part of the City University
of New York system.

State: Update: [Lawrence Landweber:
1.00].

State: Update: [Brooklyn: 0.98].

Ans: Brooklyn College Ans: City University of New York

Bayesian update mechanism proves highly robust.
Setting τ = 0.1 thus ensures effective evidence
integration while capitalizing on this profound in-
sensitivity to precise temperature tuning.

E Detailed Computational Efficiency
Metrics

To provide a comprehensive view of the compu-
tational overhead discussed in Section 4.5, we
present the detailed breakdown of inference latency,
LLM API calls, and token consumption across
the MuSiQue, HotpotQA, and 2WikiMultiHopQA
datasets.

Table 15 details the average latency (in sec-
onds) and the number of LLM calls required
per query. While standard linear-chain reasoning
(ChainRAG) exhibits the lowest baseline metrics,
heavy graph-based paradigms (HyperGraphRAG
and HippoRAG2) suffer from a severe explosion
in API interactions, largely due to their reliance on
LLMs for extensive edge verification and topolog-
ical traversal. STAGE-RAG effectively bypasses
this bottleneck by executing the continuous state
updates via deterministic matrix diffusion, main-
taining the LLM calls at a highly manageable level.

Table 16 further illustrates the token economy
of the evaluated systems. Graph-based and dense-
retrieval baselines (including LightRAG) consume
an exorbitant number of tokens, particularly in

output generation, as they frequently require the
LLM to output extensive reasoning paths or sub-
graph structures. In contrast, STAGE-RAG ex-
plicitly restricts the reasoning trajectory to a maxi-
mum constraint of 3-4 essential hops and utilizes a
lightweight JSON schema for state tracking. This
architectural efficiency results in an overwhelm-
ing reduction in both input and output token con-
sumption, proving the real-world scalability of our
framework.

F Prompt Engineering Details

To support the reproducibility of our experimental
results, we include the precise instruction prompts
employed in the main components of our frame-
work. Prompts are designed to produce structured
JSON outputs for all modules except sub-question
answering and final answer integration, enabling
convenient downstream processing through auto-
mated scripts.

F.1 Question Evaluation and Decomposition
Prompts

To mitigate the compositional bottleneck discussed
in Section 3.3.1, we employ a dual-stage prompt-
ing mechanism illustrated in Figure 11 and Figure
13. The initial judge prompt evaluates whether the
incoming query necessitates multi-hop reasoning.
For questions requiring complex deduction, the sub-
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Table 14: Case study detailing reasoning trajectories on an extended three-hop relational query.

Method Hop 1 Details Hop 2 Details Hop 3 Details Final
Answer

Query: Who is the voice of the character in SpongeBob SquarePants with the same name as the creature that annelid larvae
live like?

ChainRAG Sub-Q: What is the name of
the character in SpongeBob
SquarePants that shares its
name with the creature that
annelid larvae live like?

Sub-Q: What is the name of
the voice actor for the char-
acter Trochophore in Sponge-
Bob SquarePants?

– Not specified

Context: The current view
is that annelids are grouped
with molluscs, brachiopods
and several other phyla that
have lophophores and/or tro-
chophore larvae as members
of Lophotrochozoa.

Context: Plankton is a
character in SpongeBob
SquarePants, often interact-
ing with SpongeBob.

–

Ans: Trochophore Ans: Not specified –

Ours Sub-Q: What is the name of
the creature that annelid lar-
vae live like?

Sub-Q: What is the name of
the character in SpongeBob
SquarePants named plank-
ton?

Sub-Q: Who is the voice ac-
tor for Sheldon Plankton?

Doug
Lawrence

Context: The fertilized eggs
develop into trochophore lar-
vae, which live as plankton.

Context: ’The Algae Al-
ways Greener’ and ’Plank-
ton’s Army’ focused on Shel-
don Plankton.

Context: Lawrence started
out by voicing a variety of
minor characters. This in-
cluded Plankton, + ’it’s Doug
[Lawrence].’

State: Update: [SpongeBob
SquarePants: 1.00].

State: Update: [Australia:
0.98] (noise), [SpongeBob
SquarePants: pruned].

State: Update: [SpongeBob
SquarePants: 0.72].

Ans: plankton Ans: Sheldon Plankton Ans: Doug Lawrence

Average Latency (Seconds)

Method MuSiQue HotpotQA 2WikiMHQA Average

ChainRAG 7.34 5.90 3.62 5.62
HyperGraphRAG 192.28 155.99 92.57 146.95
HippoRAG2 125.68 80.35 50.48 85.50
Ours 8.18 6.66 4.96 6.60

Average LLM Calls

Method MuSiQue HotpotQA 2WikiMHQA Average

ChainRAG 8.79 7.87 3.62 6.76
HyperGraphRAG 63.15 52.53 32.14 49.27
HippoRAG2 97.87 104.81 63.21 88.63
Ours 11.91 10.65 11.90 11.49

Table 15: Detailed breakdown of inference latency and
LLM calls per query across datasets.

sequent decomposition prompt instructs the LLM
to break the query down into a logical sequence
of minimal subqueries. To prioritize reasoning ef-
ficiency and prevent unnecessary computational
overhead, this decomposition process strictly con-
strains the reasoning chain to a maximum of three
to four essential steps.

F.2 Adaptive Question Rewriting Prompt

To execute the history-driven gating operator G and
rewriting operator R defined in Equation 4, we de-
ploy the dual instruction configuration illustrated
in Figure 10. The instruction detailed in the upper
panel evaluates whether the current sub-question
qt contains unresolved anaphoric references depen-
dent on the reasoning history Ht−1. When the gat-
ing mechanism dictates resolution is necessary, the
instruction presented in the lower panel integrates
the historical context to generate the standalone
query q′t.

F.3 Reasoning Synthesis and Answer
Generation Prompts

At each hop, upon following the retrieval and
reranking of the local subgraph to isolate the final
evidence set, the instruction shown in the top panel
of Figure 12 generates the grounded intermediate
answer at used to construct the reasoning history.
This process prioritizes conciseness to maintain a
clean deductive trajectory.

For the terminal synthesis phase defined in Sec-
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Figure 9: Parameter sensitivity analysis on the multi-hop QA datasets using the Qwen3-8B backbone. The subplots
illustrate the impact of varying the Threshold, Top-k, and τ on the F1 performance of Asub (top row) and Actx
(bottom row) across different task categories. The curves represent the performance on individual datasets alongside
the overall average. The relatively flat curves across wide ranges of these values indicate the system’s robustness to
hyperparameter variations.

Method MuSiQue HotpotQA 2WikiMHQA

Input Output Total Input Output Total Input Output Total

ChainRAG 3,113.0 76.2 3,189.2 2,679.0 66.3 2,745.3 3,089.7 70.1 3,159.8
LightRAG 210,493.9 64,029.6 274,523.6 176,805.2 53,182.5 229,987.7 109,926.6 33,086.2 143,012.9
HyperGraphRAG 267,842.5 84,583.4 352,425.9 225,139.2 70,118.5 295,257.6 140,948.0 38,378.9 179,326.9
HippoRAG2 84,629.4 43,949.8 128,579.3 70,962.8 37,199.6 108,162.3 43,227.0 21,768.0 64,995.0
Ours 7,939.5 133.7 8,073.2 7,305.7 125.7 7,431.4 7,468.8 134.1 7,602.9

Table 16: Average token consumption (Input, Output, and Total) per query across different datasets.

tion 3.4, the framework utilizes two distinct gener-
ation paths to ensure enhanced factual grounding.
The instruction illustrated in the middle panel con-
ditions the model on the complete reasoning history
HT to derive the path specific answer Asub. Simul-
taneously, the instruction presented in the bottom
panel leverages the prioritized global evidence pool
Csyn to formulate Actx. This dual path synthesis en-
sures that the final response integrates both the step
by step logical deduction and the raw source evi-
dence.
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Figure 10: Adaptive query formulation prompts. Top:
dependency resolution prompt for gating-based histori-
cal reference detection. Bottom: rewriting prompt for
standalone subquery generation.

Figure 11: The Judge Prompt utilized to determine the
reasoning complexity of incoming queries.

Figure 12: Prompts for intermediate and terminal an-
swer synthesis. Top: subquery answering prompt. Mid-
dle and bottom: complementary synthesis prompts for
Asub and Actx, respectively.
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Figure 13: The Decomposition Prompt designed to break down complex queries into minimal sequential subqueries.
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