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ABSTRACT
While Retrieval-Augmented Generation (RAG) has shown promise

in grounding Large Language Models (LLMs) in external knowl-

edge, traditional workflows are often static and linear, limiting their

effectiveness on complex reasoning tasks over Knowledge Graphs

(KGs). Agentic RAG has emerged as a more powerful paradigm, em-

ploying autonomous agents for dynamic reasoning. However, for

Agentic RAG to be effective on structured KGs, it must overcome

critical challenges from traditional approaches: semantic parsing for

question that relies on fixed templates, fact collection that is limited

by local, one-hop decisions, and a final reasoning step performed

over an undifferentiated set of facts. To address these challenges,

we propose PortfoliQA : An Agentic RAG Framework for Knowl-

edge Graph Question Answering via Structured Evidence Portfolios.

PortfoliQA employs a Planner agent for flexible, constraint-centric

semantic parsing to avoid fixed templates; a swarm of Aligner

agents that uses a dual-signal, dual-pool search strategy to miti-

gate the risks of local decision-making during fact collection; and

a final LLM Reasoner that evaluates structured Evidence Portfo-

lios, transforming the opaque reasoning process into a transparent

assessment. Evaluated on the complex WebQSP and CWQ bench-

marks, PortfoliQA achieves highly competitive results. Our analysis

shows that this portfolio-centric workflow enhances the accuracy

and explainability of complex question-answering tasks on KGs.
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1 INTRODUCTION
Large Language Models (LLMs) have demonstrated remarkable

capabilities in complex reasoning tasks [9, 21]. However, their

reliability is often undermined by critical issues such as factual

hallucination [10] and knowledge obsolescence [12]. Retrieval-

Augmented Generation (RAG) has emerged as a potent paradigm to

mitigate these limitations by providing LLMs with external knowl-

edge sources [6, 25]. Among these sources, Knowledge Graphs

(KGs), with their structured representation of entities and relation-

ships, offer a more efficient and robust foundation for RAG, making

KG-based RAG a promising frontier [20, 29].

However, traditional RAG workflows, including most KG-RAG

implementations, are often static and linear, which limits their

ability to handle multi-step reasoning and complex tasks [22]. To

overcome these limitations, a more powerful paradigm, Agentic
RAG, has emerged. By embedding autonomous AI agents into the

RAG pipeline, Agentic RAG leverages their capabilities for planning,

tool use, and collaboration to achieve more dynamic, iterative, and

intelligent reasoning [22].

Nevertheless, for the Agentic RAG paradigm to unlock its full

potential on structured KGs, it must first overcome several funda-

mental challenges in traditional KG-RAG approaches. A primary

challenge lies in semantic parsing for question, many existing

frameworks require pre-determining a fixed reasoning template for

the question [4, 5, 30]. This approach fails when faced with complex

questions that require satisfying multiple, non-linear constraints. A

second challenge emerges during fact collection over the graph;

it requires step-by-step graph traversal, but agents often focus only

on one-hop neighbors when making local decisions [18, 23, 27].

This may cause them to abandon a potentially correct path sim-

ply because the next step appears unpromising. Finally, the third

challenge occurs in the reasoning phase, where retrieved facts

or paths are typically presented to the final reasoning module as

a undifferentiated set of facts [8, 13, 16]. This severs the explicit

link between a candidate answer and its specific evidence chain

for each logical constraint, rendering the final decision an opaque

“black box” and undermining the system’s explainability.

To systematically address these challenges, we propose Port-
foliQA: An Agentic RAG Framework for Knowledge Graph Ques-

tion Answering via Structured Evidence Portfolios. To address the

issue of semantic parsing, our Planner Agent first decomposes the
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question into atomic logical fragments, then uses “query construc-

tion tool” to build a “constraint-centric” query plan without the

need for fixed reasoning template. To overcome the risks of local

decision-making during fact collection, our Aligner Agents em-

ploy a two-tiered strategy: the search is guided by a scoring function

that balances local structural relevance with global semantic intent,

and a dual-pool search architecture prevents the premature pruning

of paths. Finally, to address the opacity of reasoning, we introduce

the “Evidence Portfolio”. The Aligner agents associate candidate

answers with their evidence chains under all logical constraints.

This transforms the final reasoning task from an induction over a

“collection of facts” to a transparent, evidence-based evaluation of

clear, comparable “Evidence Portfolios” by LLM reasoner.

Our main contributions are summarized as follows:

• We propose PortfoliQA, a novel, fine-tuning-free Agentic

RAG framework that reframes KGQA into a more robust and

explainable process by introducing the “Evidence Portfolio”.

• We design a flexible, agent-based semantic parsing method

that, through “atomic decomposition” and “deterministic re-

construction,” can unify arbitrarily complex, multi-constraint

questions into a single query framework.

• We introduce a graph exploration strategy, combining a

dual-signal scoring function and Dual-Pool search architec-

ture, which collectively mitigates the risks of local decision-

making during fact collection.

• We demonstrate through comprehensive experiments that

our framework significantly enhances the accuracy and ex-

plainability of complex question-answering tasks, proving

the benefits of agentic AI in the KGQA scenario.

2 RELATEDWORK
In this section, we analyze the shortcomings of existing methods,

which motivate the need for an agentic framework designed specif-

ically for the structured properties of knowledge graphs.

2.1 KG-enhanced LLM Reasoning
Existing KG-RAG methods can be broadly classified by the gran-

ularity of their retrieved knowledge into triple-based and path-
based approaches. Path-based methods, such as RoG [16] and the

agent-based ToG [23], focus on retrieving relevant knowledge paths.

In contrast, triple-based methods, like SubgraphRAG [13] and G-

Retriever [8], aim to retrieve a set of relevant triples. Despite their

different retrieval strategies, these methods face a common chal-

lenge in the final reasoning stage. They typically present the re-

trieved set of factual triples or paths to the LLM as a monolithic

context for indiscriminate inductive reasoning. In this paradigm,

the LLM is confronted with a flat “collection of facts,” where the

explicit logical association between a candidate answer and its

specific, structured evidence chain is often lost. This presents two

major difficulties: first, it significantly increases the cognitive load

on the LLM; second, it renders the final reasoning step an opaque

“black box,” greatly diminishing the system’s explainability.

2.2 Semantic Parsing for KGQA
One research area in KGQA is translating a natural language ques-

tion into a formal, machine-executable representation— semantic

parsing. A dominant approach within this area requires the LLM

to commit to a pre-defined reasoning structure. For instance, some

methods require a preliminary classification of the question’s over-

all structure (e.g., “chain” or “parallel” in PDRR [30]), while others

tend to generate linear, fixed-structure reasoning path templates

(e.g., KARPA [5] and DRKG [4]). The effectiveness of these methods

is highly contingent on the correctness of this initial structural

assumption, making them less suited for complex queries that in-

volve multiple, non-linear constraints. Furthermore, other methods

employ a more flexible “atomic decomposition” [15], breaking the

question into the smallest possible logical units. However, their

core challenge then shifts to how to reliably re-compose the results

from these atomized fragments to satisfy the question’s holistic

logic.

2.3 Agentic Exploration of Knowledge Graphs
Another research area encapsulates the LLM as an autonomous

agent that dynamically explores reasoning paths through iterative

interaction with the KG. The early work ToG [23], as well as more

advanced variants like R2-KG [11] and BYOKG [18], all empower

the agent with the ability to use tools and decide on the next action

at each step. The core advantage of such methods lies in their

exploratory flexibility. However, this step-by-step decision-making

process, often focused on one-hop neighbors, is heavily guided by

the LLM’s inherent understanding of “ideal logic.” This presents a

challenge: when the actual structure of the KG deviates from this

ideal, the agent’s internal model may cause it to overlook valid

reasoning paths that do not conform to its pre-conceived logical

patterns.

3 PRELIMINARIES
In this section, we formally define the core concepts and notations

used throughout our PortfoliQA framework.

3.1 Problem Formulation and Definitions
The primary task of Knowledge GraphQuestion Answering (KGQA)

is to find a set of correct answer entities from a large knowledge

graph based on a natural language question. Formally, we define

the core components and the task as follows:

Knowledge Graph (KG). A Knowledge Graph is a directed multi-

graph denoted as 𝐺 = (E,R,T), where E is a set of entities, R is a

set of relations, and T ⊆ E × R × E is a set of factual triples. Each

triple 𝑡 = (ℎ, 𝑟, 𝑡 ′) ∈ T represents a fact from a head entity ℎ to a

tail entity 𝑡 ′ connected by a relation 𝑟 .

Reasoning Path. A reasoning path 𝜋 over the KG is a sequence

of 𝐿 triples, 𝜋 = (𝑡1, 𝑡2, ..., 𝑡𝐿), where any two adjacent triples 𝑡𝑖 and

𝑡𝑖+1 share a common entity.

Given these definitions, the task can be formalized: for a given

natural language question 𝑄 containing one or more topic entities

E𝑄 ⊂ E, the goal is to find the set of answer entitiesA𝑄 ⊂ E from

the knowledge graph 𝐺 .

3.2 Core Concepts of PortfoliQA
Our framework translates the unstructured question𝑄 into a series

of structured representations for planning and execution. LetV be a

set of logical variables, denoted with a ’?’ prefix (e.g., ?film).Among



these variables, one is designated as the Target Variable (𝑣𝑡𝑎𝑟𝑔𝑒𝑡 ∈
V), which represents the information the question seeks to find.

Logical Fragment. A logical fragment 𝐹𝑖 from the set of all frag-

ments F is an atomic statement of the form 𝐹𝑖 = (𝑠, 𝑝, 𝑜), where
the subject 𝑠 and object 𝑜 can be either a topic entity 𝑒 ∈ E𝑄 or a

logical variable 𝑣 ∈ V . The predicate 𝑝 is a natural language phrase

representing an abstract relation.

Variable Binding. A variable binding is a tuple (𝑣, 𝑒), where a

logical variable 𝑣 ∈ V is mapped to a concrete entity 𝑒 ∈ E from

the KG.

Constrained Logical Query Graph (CLQG). A Constrained Log-

ical Query Graph is an undirected graph 𝐺𝐿 = (V𝐿, E𝐿), where the
node setV𝐿 = E𝑄 ∪V consists of all topic entities and logical vari-

ables from the question. The edge set E𝐿 contains an edge for each

logical fragment 𝐹𝑖 ∈ F , connecting the nodes corresponding to its
subject and object, thereby capturing the constraint relationships

between them.

Query Plan. A Query Plan 𝑃 is an ordered tuple of constraints,

𝑃 = (𝑐𝑚𝑎𝑖𝑛, ⟨𝑐𝑠𝑖𝑑𝑒,1, ..., 𝑐𝑠𝑖𝑑𝑒,𝑁 ⟩).
Constraint. A constraint 𝑐 is defined by an logical_path, which
describes the logical chain that needs to be executed, (e.g., Tom
Hanks -> stars -> ?film). We define two types of constraints

based on their endpoint:

• A Generative Constraint has a logical variable as its end-
point, requiring a search for unknown entities.

• AVerificativeConstraint has a constant entity or an already-
bound variable as its endpoint, requiring a verification of a

known connection.

Evidence Portfolio. An Evidence PortfolioH is the central data

structure. It is a collection of Evidence Sets, where each set cor-

responds to a unique candidate answer. An Evidence Set for a

candidate 𝑒𝑎𝑛𝑠 ∈ E is a mapping from each constraint 𝑐𝑖 ∈ 𝑃 to its

corresponding fulfilled evidence path 𝜋𝑖 or a NO_EVIDENCE_FOUND
tag. Formally, H = {(𝑒𝑎𝑛𝑠,1, 𝐿1), (𝑒𝑎𝑛𝑠,2, 𝐿2), ...(𝑒𝑎𝑛𝑠,𝑛, 𝐿𝑛), }, where
each 𝐿 𝑗 = {(𝑐1, 𝜋 𝑗,1), (𝑐2, 𝜋 𝑗,2), ...(𝑐𝑛, 𝜋 𝑗,𝑛)}.

4 METHODOLOGY
PortfoliQA reframes complex Knowledge Graph Question Answer-

ing (KGQA) as an agentic workflow. As illustrated in Figure 1, our

framework is composed of two core, specialized agents that col-

laborate to generate an Evidence Portfolio for natural language

questions. The workflow is orchestrated through a series of struc-

tured data objects, with each agent performing a distinct role using

specific tools. The agent role is summarized in Table 1.

4.1 Initialization
Before the agentic workflow begins, the system first prepares the

reasoning environment. Given a question 𝑄 , we first delineate a

relevant knowledge scope. The extraction of topic entities E𝑄 fol-

lows prior work [13, 16], using a combination of efficient semantic

matching and LLM-assisted grounding. Subsequently, we use the

SubgraphRAG [13] module to retrieve a local subgraph 𝐺𝑠𝑢𝑏 , cen-

tered around these topic entities and containing 𝑁 highly relevant

triples from the large-scale KG 𝐺 . This subgraph serves as the

foundational environment for all subsequent agent actions.

4.2 Planner Agent: Generate Query Plan
The first agentic phase is orchestrated by the Planner Agent (𝛼𝑝 ),
whose goal is to transform the unstructured question 𝑄 into a

robust, executable plan 𝑃 . This process is illustrated in Figure 2.

Semantic Parsing. The workflow begins with the Planner Agent

(𝛼𝑝 ) utilizing a semantic_parser tool, which leverages an LLM to

decompose the question 𝑄 into a set of atomic, independent Logi-
cal Fragments (F ). In this initial step, the semantic_parser is also

tasked with identifying the Target Variable (𝑣𝑡𝑎𝑟𝑔𝑒𝑡 ) from the ques-

tion’s phrasing. Critically, the agent then uses a validation_tool
to assemble the generated fragments into a preliminary CLQG and

check for structural properties, such as connectivity. If the graph is

found to be invalid, the agent enters a self-correction loop, provid-

ing specific feedback (e.g., “Fragment 𝐹2 is disconnected from the

main graph”) to the semantic_parser, which then re-prompts the

LLM to generate a revised set of fragments. This iterative refine-

ment continues until a valid CLQG is formed. To guarantee system

termination, if the loop fails after a set number of attempts, the

agent employs a fallback strategy, ensuring at least one basic main

chain from a topic entity to the target variable is constructed.

Query Plan Construction. Once a valid CLQG is available, the

Planner Agent utilizes a deterministic construction_tool to gen-

erate the final Query Plan. This process involves three steps, as

shown in Algorithm 1 in the Appendix.

(1) CLQG Construction: The tool assembles the fragments

𝐹𝑖 ∈ F into a CLQG (𝐺𝐿). This graph serves as a structured

blueprint of the question’s logic, where entities (E𝑄 ) and
variables (V) form the vertices, and the logical fragments

themselves define the edges connecting them.

(2) Main Chain Determination: To establish an execution

order, the process begins by identifying all simple paths

within the CLQG that connect a topic entity 𝑒 ∈ E𝑄 to

the target variable 𝑣𝑡𝑎𝑟𝑔𝑒𝑡 . Each of these paths is considered

a potential main chain. It then employs a Main Chain
Determination Function to select one of these candidates

as the main generative constraint (𝑐𝑚𝑎𝑖𝑛). The determination

is based on the product of the Expected Fan-Out (EFO) of
the abstract predicates 𝑝𝑖 along each potential chain. Fan-

out is defined as the number of unique entities connected as

objects for a given relation. The EFO for an abstract predicate

𝑝 is calculated as the weighted average of the fan-outs of

the top-N semantically similar concrete relations 𝑟 𝑗 in the

subgraph, where weights are their similarity scores:

EFO(𝑝) =
∑𝑁

𝑗=1 sim(𝑝, 𝑟 𝑗 ) · FanOut(𝑟 𝑗 )∑𝑁
𝑗=1 sim(𝑝, 𝑟 𝑗 )

(1)

The score for an entire chain 𝑐 is the product of the EFOs of

its predicates:

ChainScore(𝑐) =
∏
𝑝𝑖 ∈𝑐

EFO(𝑝𝑖 ) (2)

The chain with the minimum ChainScore is selected as the

main generative constraint (𝑐𝑚𝑎𝑖𝑛), as this heuristically cor-

responds to a more focused initial search.



Figure 1: A flowchart of the PortfoliQA framework showing its four main stages: Initialization, Generate Query Plan, Plan
Execution, and Reasoning. It depicts two types of agents (Planner and Aligner) and a final LLM Reasoner, illustrating the data
flow from a natural language question to a ranked list of answers.

Table 1: The Agent of PortfoliQA.

Agent Primary Task Input / Output Tools Used

Planner Agent
(𝛼𝑝 )

Decompose the question and con-

struct a robust, executable Query

Plan.

In: Question 𝑄
Out: Query Plan 𝑃

semantic_parser
validation_tool
construction_tool

Aligner Agents
(𝐴𝑠 )

Execute the Query Plan by finding

evidence paths and assembling them

into Evidence Portfolios.

In: Query Plan 𝑃 , Subgraph 𝐺𝑠𝑢𝑏

Out: Evidence PortfolioH
path_finding_tool
path_verification_tool

Figure 2: The Query Plan generation process. The Planner Agent first decomposes the question into Semantic Fragments. Then
these are assembled into a CLQG. Finally, three potential main chains were identified and generate the final Query Plan.

(3) Plan Serialization: Once the main chain (𝑐𝑚𝑎𝑖𝑛) is deter-

mined, the tool finalizes the plan by serializing the remaining

parts of the CLQG. It performs a graph traversal starting from

the nodes of 𝑐𝑚𝑎𝑖𝑛 . All unvisited edges and paths branch-

ing off from the main chain are systematically grouped into

maximal paths. A maximal path is a simple path that starts
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