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Abstract

Knowledge Graph—based Retrieval-Augmented
Generation (KG-RAG) enables natural lan-
guage interaction with structured enterprise
knowledge, yet existing agentic approaches that
perform well on public benchmarks often fail to
generalize to real-world enterprise Knowledge
Graphs (KGs), which are dense, schema-driven,
and operationally constrained. To address
these limitations, we propose SCAIR (Schema-
Conditioned Agentic Iterative Reasoning), a
training-free framework that integrates struc-
tured planning with controlled iterative reason-
ing by injecting schema-conditioned structural
priors and enforcing schema-aware traversal
during multi-hop reasoning. Experiments on
an enterprise-oriented benchmark constructed
from a real-world Configuration Management
DataBase (CMDB) demonstrate that SCAIR
substantially improves performance over exist-
ing KG-RAG methods. Crucially, our study
highlights that reliable enterprise graph rea-
soning cannot rely on generic agentic designs;
instead, it must explicitly incorporate the tar-
get domain’s structural and operational con-
straints into the reasoning process. We demon-
strate that by aligning agent design with busi-
ness logic, substantial performance gains can
be achieved without the need for costly model
retraining.

1 Introduction

In the era of Industry 4.0, enterprises generate vast
amounts of heterogeneous data distributed across
isolated systems, ranging from structured sensor
logs to unstructured maintenance reports (Lasi
etal., 2014; Frank et al., 2019). Knowledge Graphs
(KGs), as a practical solution for integrating such
data, provide a flexible structure that explicitly
models entities and their dependencies within a
unified semantic network (Hogan et al., 2021; Pan
et al., 2024). This structural representation is par-
ticularly valuable for complex industrial applica-

tions (Liu et al., 2023; Listl et al., 2024; Grangel-
Gonzdlez et al., 2020). For example, in enter-
prise IT and manufacturing environments, Con-
figuration Management Databases (CMDBs) are
usually modeled as KGs to represent machines,
components, production lines, and their opera-
tional states (Schmidt et al., 2025b). Such KGs
support business-critical queries, including depen-
dency analysis, fault diagnosis, and component
replacement, where reasoning over interconnected
assets is essential for reliable decision-making.

To democratize access to structured enterprise
knowledge, KG—based Retrieval-Augmented Gen-
eration (KG-RAG) has emerged as an effective so-
lution (Peng et al., 2024; Zhu et al., 2025; Zhang
et al., 2025). By enabling users to interact with en-
terprise KGs through natural language, KG-RAG
retrieves grounded and explainable evidence to
answer complex queries. More recently, agentic
KG-RAG approaches typically follow one of two
paradigms: plan-and-execute, which learns explicit
reasoning plans or subgraph selection strategies
(He et al., 2024; Luo et al., 2024), and ReAct-
style iterative exploration, which dynamically in-
terleaves reasoning and graph traversal (Sun et al.,
2024; Chen et al., 2024; Zhou et al., 2025b). Both
paradigms have demonstrated strong performance
on public KGQA benchmarks.

To evaluate the deployment readiness of these
paradigms, we construct an enterprise-oriented
KGQA benchmark derived from a real-world man-
ufacturing CMDB. Unlike the sparse and open-
domain graphs used in existing benchmarks, this
dataset captures the dense connectivity, strict
schema constraints, and operational dependencies
characteristic of industrial environments. Experi-
ments on this benchmark reveal that existing agen-
tic KG-RAG methods fail to generalize under these
conditions. Public benchmarks can partially ob-
scure these weaknesses, both because their graphs
are structurally simpler and because entity and re-



lation names often overlap with LLM pretraining
corpora, which may inflate reported performance.
In contrast, the enterprise setting exposes system-
atic failure modes: ReAct-style exploration suffers
from uncontrolled search expansion and semantic
drift in dense subgraphs, while plan-and-execute
methods rely heavily on distribution-specific train-
ing and struggle to generalize across query patterns.

Motivated by these findings, we introduce
SCAIR (Schema-Conditioned Agentic Iterative
Reasoning), a hybrid agentic framework that uni-
fies structured planning with controlled iterative
reasoning. SCAIR injects schema-conditioned
structural priors, enforces schema-aware traver-
sal during multi-hop reasoning, and controls topic
entity propagation to balance exploration and ex-
ploitation during search. Notably, SCAIR out-
performs all evaluated baselines on the enterprise
benchmark without requiring any task-specific
training.

The key lesson from this study is that generic
agentic designs optimized on simplified public
benchmarks often fail to generalize to real busi-
ness use cases. Effective enterprise graph reason-
ing must explicitly account for the structural and
operational characteristics of the target domain and
reflect these constraints in the agent design. With
a clear understanding of the business scenario and
systematic failure analysis of existing solutions,
substantial performance gains can be achieved with-
out costly model retraining.

2 Preliminaries

2.1 Knowledge Graph Question Answering

KGs represent structured knowledge as a graph of
entities connected by typed relations. Formally, a
KG is defined as G = (£, R, T), where £ denotes
the set of entities, R the set of relation types, and
T C & x R x & the set of triples. Each triple
(en, 7€) € T encodes an atomic fact, stating
that a relation » € R holds between a head en-
tity e, € £ and a tail entity e; € £. Knowledge
Graph Question Answering (KGQA) aims to an-
swer natural language questions by reasoning over
relevant facts in G.

2.2 Existing Approaches

KGQA has been addressed through two main
paradigms. Semantic parsing approaches translate
natural language questions into executable logical
forms, such as SPARQL queries, which can then

be executed over the KG to obtain answers (Berant
and Liang, 2014; Berant et al., 2013; Reddy et al.,
2014). In contrast, information retrieval-based
methods (i.e., KG-RAG) retrieve and rank candi-
date entities or subgraphs using distributed repre-
sentations, often leveraging graph neural networks
to encode structural information, and then gener-
ate answers conditioned on the retrieved evidence
(Bordes et al., 2015; Dong et al., 2015). More
recently, the field has converged toward agentic
reasoning frameworks, in which an LLM oper-
ates as a decision-making agent that plans, interacts
with the KG, and reasons over retrieved evidence
(Luo et al., 2024; He et al., 2024; Sun et al., 2024;
Chen et al., 2024).

Within this agentic paradigm, approaches such
as Reasoning on Graphs (RoG) (Luo et al., 2024)
and G-Retriever (He et al., 2024) follow a Plan-
and-Execute design (Wang et al., 2023). The agent
first constructs an explicit reasoning plan or identi-
fies a target subgraph, and subsequently executes
this plan through constrained graph retrieval before
generating an answer. These methods are primarily
training-based, as their planning or retrieval compo-
nents are learned from supervision to align reason-
ing plans or subgraph selection with downstream
question-answering objectives. Think-on-Graph
(ToG) (Sun et al., 2024) and Plan-on-Graph (PoG)
(Chen et al., 2024) adhere more closely to the Re-
Act-style framework (Yao et al., 2023), interleav-
ing reasoning steps with iterative graph exploration
and allowing the agent to adapt traversal decisions
based on intermediate observations. This class of
methods is typically training-free, relying on the
LLM’s inference-time reasoning capabilities rather
than task-specific parameter optimization.

3 An Enterprise-Oriented KGQA
Benchmark

In this section, we first examine why widely used
KGQA benchmarks fail to capture the requirements
of industrial applications. We then introduce an
enterprise-oriented benchmark constructed from a
real-world Configuration Management Database
(CMDB), designed to evaluate agentic KG-RAG
systems under realistic operational constraints.

3.1 Limitations of Existing KGQA
Benchmarks

KGQA benchmarks such as WebQSP (Yih et al.,
2016) and Complex Web Questions (CWQ) (Talmor



and Berant, 2018) are built on open-domain KGs
(e.g., Freebase (Bollacker et al., 2008)) and are
designed to evaluate compositional reasoning over
relatively sparse graph structures. While influential,
these benchmarks rely on assumptions that do not
align with enterprise use cases.

First, they assume that each question maps to
a single, well-defined executable query that fully
captures the user’s intent. In industrial settings,
however, questions are often underspecified and
constraint-driven, and multiple reasoning paths
may be valid depending on the operational context.
Second, benchmark questions are largely retrospec-
tive, treating the KG as an encyclopedia for fact re-
trieval. Enterprise questions are typically prospec-
tive and problem-oriented, involving implicit busi-
ness logic such as operational status, compatibility,
or conditional replacement, which is encoded struc-
turally in the KG rather than explicitly stated in text.
Finally, semantic leakage from LLM pretraining is
difficult to avoid in public benchmarks, as entity
and relation names often overlap with pretraining
data. This makes it unclear whether strong perfor-
mance reflects genuine graph reasoning or implicit
memorization.

These differences expose a clear gap between
existing KGQA benchmarks and the requirements
of real-world industrial applications.

3.2 Enterprise KGQA Benchmark

To address the gap between public benchmarks and
real industrial requirements, we construct an enter-
prise KGQA benchmark grounded in a real-world
manufacturing CMDB. The benchmark consists of
(1) a KG derived from the CMDB (CMDB-KG),
and (ii) business-oriented question—answer pairs.

CMDB-KG. CMDB-KG is constructed from a
real-world manufacturing CMDB (Schmidt et al.,
2025a) that integrates heterogeneous enterprise
data, including production lines, machines, com-
ponents, manufacturers, and operational attributes.
The graph contains 116,369 triples. Construction
details are provided in Appendix A.1.

Example 1 (CMDB-KG). Figure 1 shows a repre-
sentative fragment of CMDB-KG. A production line
(e.g., Line W509-6) is linked to multiple machines
via hasMachine, and each machine connects to
its installed components through hasComponent.
Machines and components are annotated with op-
erational status (e.g., working, idle, broken),
and components may additionally be connected

by similarTo relations to indicate functional in-
terchangeability.

Question-Answer Pair Generation. We begin
by collecting representative business-oriented in-
formation needs from the enterprise setting and
abstracting them into a set of structured query tem-
plates aligned with the CMDB schema. These tem-
plates are then instantiated automatically over the
CMDB-KG in a scalable manner, generating exe-
cutable question—answer pairs grounded in real en-
terprise data. The resulting benchmark comprises
9 representative query types and a total of 19,080
questions. Detailed specifications are provided in
the Appendix A.2.

Example 2 (Business-Oriented Question). Con-
sider the question: “Which working components
can replace broken components installed on ma-
chines in production line W509-6?" Unlike pub-
lic benchmark questions, this query cannot be ex-
pressed as a single well-defined compositional logi-
cal form. It requires identifying broken components
in W509-6, retrieving functionally equivalent com-
ponents via similarTo, and enforcing operational
constraints. In particular, valid replacements must
be both working and installed on idle machines;
otherwise, removing them would disrupt other pro-
duction lines. These implicit business constraints
must be respected during reasoning.

Evaluation Protocol. We follow the evaluation
protocol of Zhou et al. (2025a,c). Let P, and A,
denote the predicted and ground-truth answer sets
for question g, respectively. Accuracy measures
exact set match (P, = A,). Hits@Any measures
whether at least one correct answer is retrieved
(Py N Agy # 0). Precision and Recall quantify
answer correctness and completeness based on set
overlap, and F/ is their harmonic mean.

3.3 Limitations of Existing Agentic KG-RAG
Paradigms

Through qualitative analysis of model outputs and
reasoning traces on the enterprise benchmark, we
observe systematic limitations in both dominant
agentic KG-RAG paradigms: plan-and-execute and
ReAct-style iterative exploration.

Limitations of plan-and-execute approaches.
Plan-and-execute methods mitigate uncontrolled
exploration by learning explicit reasoning plans
or subgraph selection strategies. However, they
rely on substantial training and hyperparameter
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Figure 1: Representative fragment of CMDB-KG.

tuning to perform reliably, which is particularly
challenging when adapting large models in enter-
prise environments. In practice, effective training
requires sufficient coverage of the underlying query
and relation distributions; otherwise, learned plan-
ning patterns tend to overfit to training-specific
structures and fail to generalize to unseen schemas
or reasoning compositions. This dependence on
distribution-specific training limits robustness un-
der evolving enterprise KGs.

Limitations of ReAct-style exploration. ReAct-
based methods rely on iterative, relevance-driven
traversal. In dense enterprise graphs, this of-
ten leads to search explosion, as models expand
through high-degree attribute nodes (e.g., identi-
fiers or status values), rapidly increasing the search
space. Moreover, traversal guided primarily by
semantic similarity frequently results in schema-
agnostic reasoning, producing paths that are se-
mantically plausible but structurally invalid under
enterprise schema constraints. As reasoning depth
increases, these issues compound into semantic
drift, where the agent deviates from the original
query intent due to locally relevant yet globally
irrelevant paths.

4 SCAIR: Schema-Conditioned Agentic
Iterative Reasoning

To address the enterprise-specific limitations iden-
tified in Section 3.3, we propose SCAIR, a novel
KG-RAG method built on a training-free hybrid
agentic paradigm (Figure 2). Unlike existing
approaches that adopt either a plan-and-execute
strategy or a ReAct-style iterative exploration (Sec-
tion 2.2), SCAIR integrates structured planning
with controlled iterative reasoning within a unified
framework.

SCAIR is guided by three design principles: (i)
schema-conditioned planning to provide structural
priors, (ii) schema-aware iterative reasoning to en-
sure valid and focused multi-hop traversal, and (iii)
controlled topic entity propagation to balance ex-
ploration and exploitation during search.

Schema-Conditioned Planning. Before iterative
reasoning (i.e. the ReAct loop), SCAIR performs a
lightweight planning stage to introduce structural
priors. Specifically, we generate schema-consistent
relation paths based on entity types and relation
definitions to restrict traversal to valid relation com-
positions and avoid expansion through irrelevant
high-degree nodes. In parallel, the input question is
decomposed into depth-aligned subquestions that
specify the information required at each reasoning
hop. Unlike strict plan-and-execute systems, this
stage does not commit to a single fixed plan, but
instead provides structural guidance that constrains
subsequent exploration.

Schema-Aware Iterative Reasoning. The core
of SCAIR follows an iterative agentic loop. At each
depth, candidate relations connected to the current
topic entities are retrieved, filtered using schema
constraints, and scored conditioned on the corre-
sponding subquestion. The selected relations are
then expanded to candidate entities, which are fur-
ther scored and pruned based on the accumulated
reasoning context. Traversal is thus guided jointly
by semantic relevance and schema validity, prevent-
ing structurally invalid paths and reducing search
explosion in dense enterprise graphs. The process
terminates once sufficient evidence is collected or
the maximum reasoning depth is reached.

Exploitation-Exploration Tradeoff. SCAIR bal-
ances exploration and exploitation through con-
trolled topic entity propagation. Rather than replac-
ing the topic entity set at each depth, the algorithm
maintains a union of previously discovered entities
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Figure 2: Overview of Plan-and-Execute, ReAct and
SCAIR.

and newly expanded ones. This preserves earlier
reasoning anchors (exploitation) while enabling
deeper traversal into new regions of the graph (ex-
ploration). In contrast, ReAct-style methods typ-
ically update the working state using only newly
expanded entities, which can prematurely discard
earlier topic entities and limit the opportunity to
explore alternative relations connected to them.

5 Experiments and Results

5.1 Experimental Settings

All methods are evaluated on the enterprise CMDB
benchmark. We compare SCAIR with representa-
tive agentic KG-RAG paradigms: plan-and-execute
methods (RoG, G-Retriever) and ReAct-style itera-
tive methods (ToG, PoG), covering both training-
based and training-free strategies. Baseline model
configurations and hyperparameters follow the set-
tings reported in the original papers to ensure fair
comparison. Detailed configurations are provided
in Table 3 in the Appendix D. Training-based mod-
els are fine-tuned on two NVIDIA A100 GPUs,
while training-free methods are evaluated via Ope-
nAl APL

5.2 Results

Overall Performance. Table 1 reports the perfor-
mance of baseline KG-RAG methods and SCAIR
on the CMDB benchmark. Overall, baseline perfor-
mance remains limited across all metrics. Among
the baselines, training-based methods perform bet-
ter than training-free approaches. In particular, G-
Retriever achieves the strongest aggregate results
among baselines (25.27 Accuracy, 24.28 F1), while
RoG attains the highest Hits @ Any (38.49) but with
lower precision and recall. Training-free methods
(ToG and PoG) consistently underperform across
metrics. Importantly, SCAIR outperforms all base-
lines across evaluation metrics. These results indi-
cate that while existing KG-RAG paradigms strug-

gle under enterprise KG conditions, aligning rea-
soning with schema structure, as done in SCAIR,
leads to consistent and significant gains.

Performance Across Query Types. To better
understand the source of the performance gains,
we analyze accuracy across query types (Fig-
ure 3). SCAIR consistently outperforms training-
free ReAct-style methods (ToG and PoG) across
nearly all categories, with especially large improve-
ments on multi-hop (2p, 3p), intersection (2i), and
complex queries. These categories are particularly
sensitive to uncontrolled traversal and semantic
drift, where ReAct-based exploration often fails to
maintain structural validity.

Compared to training-based approaches (RoG
and G-Retriever), SCAIR achieves competitive
or superior performance across most query types.
While G-Retriever performs strongly on simpler
path queries (e.g., 1p), its accuracy drops substan-
tially on complex and constraint-heavy queries.
This pattern suggests that training-based models
tend to internalize reasoning templates prevalent in
the training distribution, but struggle to generalize.
In contrast, SCAIR maintains high accuracy even
in the most challenging complex category, indicat-
ing stronger robustness to distribution shifts and
structurally diverse reasoning patterns. The same
trends are reflected in Hits@Any and F1 scores
(see Appendix E).

Overall, the improvements are distributed across
query types rather than concentrated on isolated
patterns, suggesting that the gains arise from more
reliable control over traversal and reasoning struc-
ture rather than from stronger language modeling
or memorization.

Ablation Study We analyze the impact of struc-
tural control by selectively disabling schema-aware
relation filtering and entity-centric constraints in
the proposed agentic KG-RAG framework. As
shown in Figure 4, removing these controls leads
to a consistent degradation in performance across
query categories. Overall, the results indicate that
explicit structural constraints play a central role in
the robustness of the proposed approach.

6 Discussion

6.1 Implications for Industrial Deployment

Our results challenge the implicit assumption in
KGQA literature that improved language model-
ing automatically translates to deployment readi-



Method Accuracy Hits@Any F1  Precision Recall
RoG 20.80 38.49 19.09 23.32 20.37
G-Retriever 25.27 36.60 24.28 28.25 24.95
ToG 16.04 20.26 14.65 15.62 15.07
PoG 16.17 21.41 14.49 15.50 14.60
SCAIR 35.14 47.56 3172 36.78 32.60

Table 1: Overall performance comparison.
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Figure 3: Accuracy comparison across query types. Re-
sults for other evaluation metrics are reported in the
Appendix E.

ness. In enterprise settings, the "correctness" of
an answer is bound by implicit operational con-
straints (e.g., component availability or compatibil-
ity) rather than just semantic relevance. We identify
three critical principles for deploying KG-RAG in
such dense, schema-governed environments:

1. Structural Validity Must Gate Semantic Rel-
evance. In dense CMDBs, semantic similarity
is a noisy proxy for utility. High-degree attribute
nodes (e.g., "Status: Broken") often act as "seman-
tic supernodes,"” causing ReAct-style agents to drift
into operationally irrelevant subgraphs. Effective
retrieval must therefore be structure-first: schema
constraints should prune the search space before se-
mantic scoring occurs, preventing the "hallucinated
validity" observed in standard baselines.

2. Traversal Control is the Primary Bottleneck.
Comparing LLaMA-2 and Qwen-2.5 backbones
(Appendix E.3) reveals that stronger parametric
knowledge improves answer generation but fails
to prevent search explosion. The failure mode is
architectural, not parametric. For practitioners, this
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Figure 4: Component Impact on Overall Performance.

implies that investing in lightweight, schema-aware
planning yields higher reliability gains than simply
scaling the inference backbone.

3. Inference-Time Adaptation Outperforms Re-
training. Plan-and-execute methods often overfit
to specific query templates seen during training,
making them brittle to the frequent schema evolu-
tions typical of enterprise IT. Training-free frame-
works like SCAIR, which inject structural priors at
inference time, offer a more maintainable deploy-
ment strategy. They allow the reasoning engine to
adapt to new business rules or schema updates with-
out the cost of continuous supervised fine-tuning.

7 Conclusion and Future Work

This work exposes the fragility of current agentic
KG-RAG paradigms when applied to the dense,
constraint-heavy reality of industrial KGs. By in-
troducing a realistic CMDB benchmark, we demon-
strate that dominant failure modes stem from a mis-
alignment between open-domain retrieval heuris-
tics and enterprise operational logic.

Our proposed framework, SCAIR, mitigates
these issues by enforcing structural alignment
within the agentic loop. However, the path to
fully autonomous enterprise agents requires further
evolution. Future research should move beyond
prompt-based heuristics by encoding business rules
(e.g., disruption risk, valid replacement) as explicit
schema annotations or typed constraints. While
inference-time control is effective, designing train-
ing objectives that reward structural validity rather
than only final answer accuracy remains a promis-
ing direction for next-generation graph reasoning
models.
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Figure 5: High-level schema overview of the enterprise
CMDB KG. The figure illustrates the core entity types
(lines, machines, components), their relations, and se-
lected operational attributes introduced to support enter-
prise reasoning tasks.

A Benchmark construction details

A.1 CMDB-KG Construction

KG Enhancement. To support realistic reason-
ing patterns, we extend the original CMDB KG
with a small set of auxiliary relations commonly re-
quired in operational scenarios, such as component
status, manufacturer information, and functional
similarity between components. These extensions
do not alter the core semantics of the CMDB but
enable queries related to diagnostics, filtering, and
component replacement that are central to enter-
prise use cases. (Figure 5) illustrates the high-level
schema structure of the CMDB KG which supports
complex diagnostic and replacement queries.

A.2 Question-Answer Pair Construction.

Rather than collecting natural language questions
from crowd workers or logs, we construct the
benchmark using a template-based question gener-
ation framework grounded in the CMDB schema.
Each question template corresponds to a predefined
reasoning pattern (illustrated in Figure 7), includ-
ing multi-hop projection, logical conjunction, dis-
junction, and domain-specific compositional rea-
soning. The benchmark covers nine query cate-
gories: single-hop projection (1p), multi-hop pro-
jection (2p, 3p), intersection (2i), path—intersection
hybrids (ip, pi), union (2u, up), and domain-specific
complex queries involving operational constraints.

Templates are defined over the CMDB schema
and specify both the underlying graph traversal pat-
tern and a natural language realization. During

relations: ["hasMachine”, "hasComponent"]
anchor: "lineName"
question: "Which components are installed on
< machines in the line {lineName}?"
query: |
SELECT ?component WHERE {
?line a :ProductionlLine ;
:lineName "{lineName}" ;
:hasMachine ?machine .
?machine :hasComponent ?component .

}

Figure 6: Example of a template-based question speci-
fication and its executable graph query used for bench-
mark construction.

o -9 -0 o
o—~;> :>op—- :>
:;,» :‘;).._, *—0—4

Broken Working,

Multi-Hop Complex

TargetNode === Disjunction = Conjunction

. Anchor Node . Variable Node

Figure 7: Illustrative examples of structured reasoning
templates used in this work. The visualization style and
template taxonomy are inspired by (Arakelyan et al.,
2023)

instantiation, template placeholders are grounded
with concrete entities from the CMDB KG, and
the resulting queries are executed against the KG
to obtain gold-standard answers. An example of a
template specification and its corresponding exe-
cutable query is shown in Figure 6.

In addition to standard compositional patterns,
the benchmark includes domain-specific multi-hop
queries that reflect real industrial scenarios. For
example, replacement queries require identifying
functionally similar components that satisfy opera-
tional constraints, such as being currently func-
tional while the original component is broken.
These queries combine topological traversal with
attribute-based filtering and implicit business logic,
making them particularly challenging for KG-RAG
systems.

As shown in Table 2, the benchmark contains
19,080 questions in total. While single-hop (1p)
queries dominate in absolute number due to large
entity coverage, the benchmark includes 7,080 com-



Table 2: Distribution of query types and instantiated
question instances.

Type #Temp. #Inst.
Ip 1 12,000
2p 22 1,690
3p 14 930
2i 27 1,497
ip 14 590
pi 18 1,202
2u 12 516
up 12 577
complex 1 78
Complex (excl. 1p) - 7,080
Total - 19,080

positional queries (excluding 1p), spanning multi-
hop, intersection, union, and domain-specific com-
plex patterns. This distribution reflects realistic
enterprise workloads, where simple lookups are
frequent but structurally complex queries are criti-
cal for diagnostic and operational tasks.

B Case Study of Existing Methods

We report representative failure cases observed
for ReAct style ToG on the enterprise benchmark.
Each case includes (i) a real benchmark question,
(i1) the intended KG reasoning pattern, and (iii) a
concrete failure symptom consistent with the fail-
ure modes.

B.1 Search Explosion

Question (complex). Which working compo-
nents can replace broken components installed on
machines in production line W509-67

Intended KG

hasMachine

reasoning. Line

W509-6
hasComponent
—— > components

imilarT .
filter broken ——=—2"° candidates

filter working. Additionally, can-
didates installed on idle machines are preferred to
avoid disrupting other lines.

machines
componentStatus
—__>

componentStatus
—>

Observed failure symptom. ReAct-style explo-
ration frequently expands via high-degree attribute
relations before committing to similarTo. A typi-
cal trajectory is:

Step 1:  retrieve machines for W509-6
(hasMachine)

Step 2: retrieve components (hasComponent)
Step 3: expand via manufacturer
componentStatus (hub attribute)

Step 4: retrieve many unrelated “working’

components sharing the same attribute value

or

5
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This produces large candidate sets dominated by
generic attribute matches (e.g., many components
linked to working), exhausting the beam bud-
get and preventing exploration along the intended
similarTo relation.

Example incorrect output. Predicted answer
sets often contain many unrelated working com-
ponents (high Hits @ Any but low precision), e.g.,
{P-E11-26838, P-E11-27317, P-E11-31641, ...},
where the returned components share an attribute
hub (e.g., working) but are not valid replacements
for the broken components in W509-6.

B.2 Schema-Agnostic Reasoning

Question (3p-style). Which IP addresses are as-
signed to components installed on machines in pro-
duction line W509-6?

Intended KG reasoning. ProductionLine
hasMachine . hasComponent

Machine ————— Component
ipAddress
—— IP.

Observed incorrect traversal. Instead of ex-
panding toward ipAddress, the agent may se-
lect a semantically plausible relation such as

manufacturer:

manufacturer 1

manufacturer™

Machine BoschX
Machine.

Because network configuration is often associ-
ated with vendors in real-world settings, this tran-
sition appears relevant at the language level. How-
ever, it expands through a high-degree manufac-
turer node and retrieves machines unrelated to the

queried production line.

B.3 Semantic Drift Under Increasing
Reasoning Depth

Question (3p-style). Which production lines con-
tain machines that use components manufactured
by Siemens?

Intended KG reasoning.
i facturer—1
Manufacturer(Siemens) manufacturer
hasC -1 . ihe—1
Component % Machine hasMachine
ProductionLine.
Observed drift pattern. After reaching

Component nodes, the agent may select a semanti-
cally plausible but task-irrelevant relation such as
similarTo:

Component similarTo Component
hasComponent 1 .
——————— Machine.



Because similarity is often associated with com-
patibility, this transition appears reasonable at the
language level. However, it expands the search to
components not manufactured by Siemens, thereby
violating the original constraint.

Effect. Although each hop is schema-valid, the
reasoning progressively drifts from the manufac-
turer constraint. As depth increases, locally plau-
sible transitions accumulate, leading to production
lines unrelated to Siemens-manufactured compo-
nents. This illustrates semantic drift in multi-hop
enterprise reasoning.

Summary. These cases instantiate the failure
modes discussed in Section 3.3: uncontrolled ex-
pansion via high-degree hubs, schema-agnostic re-
lation selection, and progressive semantic drift un-
der increasing reasoning depth.

C More Details of SCAIR

Algorithm 1 provides the full pseudocode of
SCAIR. In the following sections, we also detail
implementation parameters, prompting strategy,
and search control mechanisms used in our experi-
ments.

Search Control Mechanisms. To stabilize
traversal in dense graphs, we apply three controls:
(1) subsampling when relation expansion yields
more than 20 entity candidates, (ii) cycle preven-
tion by tracking visited (entity, relation) expansions
and discarding repeats, and (iii) a half-stop policy:
if no valid entity remains at depth ¢, we skip expan-
sion and continue with the previous topic state at
depth t+1.

C.1 Reasoning Parameters and Execution
Setup

SCAIR is implemented using GPT-4.1-mini via
API-based inference. We adopt a multi-turn chat
format with explicit reasoning instructions.

Decoding parameters are set to temperature = 0.4
during exploration steps (relation and entity scor-
ing) to allow controlled diversity, and temperature
= 0.0 during reasoning and final answer generation
to ensure deterministic outputs.

The maximum reasoning depth is set to d = 4,
and beam width to w = 6. When entity expansion
yields more than 20 candidates, we apply subsam-
pling and retain the top 8 candidates per relation
(pre-pruning), before beam pruning.
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All questions are processed sequentially due to
the multi-step API interaction. API retries are en-
abled to mitigate transient failures.

The choice of beam width w = 6 reflects a trade-
off between search coverage and stability in dense
enterprise graphs. Smaller beam widths restrict
exploration and reduce recall, while larger values
increase noise and semantic drift. Empirical sen-
sitivity analysis over beam width is provided in
Appendix E.2, where we show that w = 6 yields
the best balance between F1 and computational
efficiency.

C.2 Prompting Design

SCAIR operates entirely at inference time using
structured prompts that guide schema-conditioned
planning, iterative traversal, and answer verifica-
tion. To ensure reproducibility, we provide the core
prompt templates used in each stage below.

Relation Path Generation. Given the enterprise
KG schema and the input question, the model first
generates valid relation paths that are consistent
with the ontology. These paths restrict traversal to
schema-valid compositions and prevent structurally
invalid expansions.

Relation Path Generation Prompt

You are a reasoning assistant over an indus-
trial Knowledge Graph.

Given a question and the KG schema be-
low, generate a valid relation path required
to answer the question. Use only relations
present in the schema. Assume the topic
entity is already known.

KG Structure: CMDBLine -hasMachines-
> CMDBMachine -hasCmdbComponent-
> CMDBMachineComponent -similarTo->
CMDBMachineComponent

Relations: - CMDBLIine: lineName, hasMa-
chines - CMDBMachine: machineldentifi-
cation, machineDescription, hasCmdbCom-
ponent, company, machineStatus - CMDB-
MachineComponent: componentld, compo-
nentName, macAddress, ipAddress, manu-
facturer, componentStatus, similarTo
Output a numbered list of relation paths.
Q: <Question>

\.

Subquestion Decomposition. Conditioned on
the generated relation path, the model decomposes



the original question into depth-aligned subques-
tions. Each subquestion corresponds to a single
hop in the relation path.

Subquestion Decomposition Prompt

You are given: - A question - A relation path
- The topic entity

Decompose the question into small subques-
tions, each corresponding to one relation in
the path.

Rules: - Each subquestion must be self-
contained. - Highlight the required relation
using curly braces. - Follow the order of
the relation path exactly. - Output only a
numbered list.

Q: <Question> Relation Path: <Path> Topic
Entity: <Entity>

Relation Scoring. At each depth, candidate rela-
tions connected to the current topic entities are
scored conditioned on the current subquestion.
Schema-consistent relations are prioritized.

Relation Scoring Prompt

Given: - The question - The current sub-
question - Candidate relations - The relation
path

Assign scores to relations such that: - Re-
lations highlighted in curly braces receive
the highest score. - Scores must sum to 1. -
Only consider the current subquestion (no
future hops).

Q: <Question> Sub Question: <Subques-
tion> Topic Entity: <Entity> Candidate Re-
lations: <Relations> Relation Path: <Path>

Entity Scoring. For each selected relation, candi-
date entities are scored based on their usefulness for
answering the current subquestion. Binary scoring
(0 or 1) is used to reduce ambiguity.

Entity Scoring Prompt

You are given: - The question - The current
subquestion - The current relation - Candi-
date entities - The relation path

Score each entity strictly for this hop: - 1 if
critical for the subquestion. - O otherwise. -
Do not hallucinate entities.

Q: <Question> Sub Question: <Subques-
tion> Relation: <Relation> Entities: <Enti-
ties> Relation Path: <Path>

\

Sufficiency Evaluation. Before answer gener-
ation, the model evaluates whether the retrieved
triples are sufficient to answer the question.

Sufficiency Check Prompt

Given a question and retrieved knowledge
triples, determine whether the information
is sufficient to answer.

Output: - Yes followed by the final answer
in curly braces, or - No with a brief expla-
nation.

Q: <Question> Knowledge
<Triples>

Triples:

\

Answer Generation. If sufficient evidence is
available, the model generates the final answer
grounded strictly in the retrieved triples.

Answer Generation Prompt

Given the question and retrieved knowl-
edge triples, generate the final answer. The
answer entities must be wrapped in curly
braces. Do not hallucinate additional enti-
ties.

Q: <Question>
<Triples>

Knowledge Triples:

.

D Baseline Implementation Details

All baseline implementations follow the original
architectural designs and training procedures de-
scribed in their respective publications. We adopt
the reported hyperparameters directly (see Table 3).
If a parameter is unspecified, we use default values
from the official codebases.

Hardware. Training-based baselines were fine-
tuned on two NVIDIA A100 GPUs (80GB).
Inference-only methods were executed sequentially
via API due to their multi-step reasoning structure.



Table 3: Key configuration settings for baseline models.

® RoG @ G-Retriever @ ToG @ PoG
Model Key Settings ® SCAR
RoG Backbone: LLaMA-2-7B-Chat (LORA 7 = 8); 1p e e
Epochs: 3; Batch: 2; LR: 2¢7%; Optimizer: AdamW;
Cosine schedule; bf16 2p __=
G-Retriever Backbone: LLaMA-2-7B; GNN layers: 4; Hidden: I
1024; Epochs: 10 (early stop=2); LR: 1e~%; fp16 3p —
ToG Model: GPT-4.1-mini; Max depth: 3; Beam: 3; Entity —
subsampling: 20—35; Temp: 0.4 (explore), 0.0 (reason)  jp  ———
PoG Model: GPT-4.1-mini; Planning depth: 4; Relation —
pruning enabled; Temp: 0.3 (planning/reasoning) pi B
e
oy =
® RoG @ G-Retriever @ ToG @ PoG -
Up [ —
® SCAR -
|
Ly . —
s complex
2p N =
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B ———————————— Figure 9: Fl-score per query type for all evaluated meth-
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Figure 8: Hits@ Any per query type for all evaluated
methods.

All implementations use PyTorch with mixed pre-
cision where applicable.

E More Experimental Results

E.1 Hits@Any and F1 Across Query Types

This appendix reports Hits@Any and Fl-score
across query types for all evaluated methods. These
results complement the accuracy-based analysis
presented in the main text (Section 5.2) and pro-
vide additional insight into partial answer overlap
and retrieval robustness.

Consistent with the accuracy trends discussed
in the main body, SCAIR maintains strong per-
formance across multi-hop, intersection, and com-
plex query categories. The improvements are re-
flected not only in exact-match accuracy but also
in overlap-based metrics, indicating more reliable
retrieval and reasoning behavior across structurally
diverse query types.
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fixed at d = 4.

As shown in Figure 10, increasing the beam
width from 3 to 6 consistently improves Accuracy,
Hits@Any, and F1. The improvement from w = 3
to w = 4 is moderate, while the gain from w = 4
to w = 6 is more pronounced, particularly for F1
and Hits @ Any. This indicates that broader explo-
ration improves coverage of relevant relations and
entities in dense enterprise graphs.

However, the gains diminish as w increases, sug-
gesting that simply expanding the beam cannot
indefinitely improve performance. Larger beams
introduce more structurally irrelevant candidates,
increasing computational cost without proportional
accuracy gains.

We therefore adopt w = 6 as a balanced setting
that provides strong performance while maintain-
ing controlled exploration.

E.3 Effect of Stronger Training-Based
Backbones

To investigate whether stronger language back-
bones can resolve the structural limitations ob-
served in Plan&Execute approaches, we replace
the original LLaMA backbone in RoG with Qwen
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Figure 10: Performance of SCAIR under different beam
widths.

and retrain under identical settings.

In a controlled setting where gold-standard inter-
mediate triples are provided, Qwen demonstrates
stronger local reasoning ability than LLaMA, cor-
rectly answering complex compositional queries
that LLaMA fails to resolve. This suggests that
Qwen has improved conditional reasoning capacity
when the relevant evidence is explicitly given.

However, when evaluated in the full end-to-end
KG-RAG pipeline, replacing LLaMA with Qwen
does not yield meaningful improvements in overall
benchmark performance (Figure 11). Performance
on multi-hop and complex query types remains
limited.

This discrepancy indicates that the primary bot-
tleneck is not answer generation or conditional
reasoning given correct evidence, but rather the
structural search process that retrieves the evidence.
Stronger LLM backbones improve reasoning over
provided triples, but they do not mitigate uncon-
trolled traversal, schema-agnostic exploration, or
search explosion in dense enterprise graphs.

These results reinforce our central claim: struc-
tural control over graph traversal is more critical
than backbone strength for enterprise KG-RAG
robustness.
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Figure 11: Comparison of RoG with LLaMA and Qwen
backbones.



Algorithm 1 Schema-Aware and Question-Guided
Method
Require: Question (), initial topic entities Fj,
beam width w, maximum depth d, KG G
Ensure: Answer set Pg
1: P < GENERATERELATIONPATHS(Q,G) ©»
schema-guided relation paths

2: {Q17q27"'7qd} —

DECOMPOSEQUESTION(Q, P) >
depth-aligned subquestions
3: Ey < given topic entities
4: fort =0tod —1do
5: Relation Search:
6: R; < RETRIEVERELATIONS(E4, G)
7: R < FILTERRELATIONS(R¢, gi+1, P)
8: Score R; using LLM(Q, q¢+1, Et)
9: Refine scores using relation paths P
10: Ri + TOPK(Rt, w)
11: Entity Search:
122 Ej« 0
13: for all r € R; do
14: C < RETRIEVEENTITIES (Ey, 7, G)
15: Score C' using LLM(Q, g+1,7,C, P)
16: Update search history with (Ey, r, C)
17: E,« E,uC
18: end for
19:  if B} = () then
20: Half-stop and skip to next depth
21: end if
22: E] + TopPK(E}], w)
23: Reasoning Check:
24: if SUFFICIENTEVIDENCE(Q, Ey) then
25: return GENERATEANSWER(Q, EY)
26: end if
27: Ei1q < EyUE] > balanced topic entity
propagation
28: end for
29: return BESTCANDIDATE(Q, Ey) > final
half-stop
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