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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 Al 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:

e 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”.

e 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.

e 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.

e 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 Al in the KGQA scenario.

2 RELATED WORK

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
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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 Graph Question 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 = (&, R, 7), where & is a set of entities, R is a
set of relations, and 7~ C & X R X & is a set of factual triples. Each
triple ¢t = (h,r,t’) € 7 represents a fact from a head entity h to a
tail entity ¢’ connected by a relation r.

Reasoning Path. A reasoning path 7 over the KG is a sequence
of L triples, 7 = (t, t2, ..., t1), where any two adjacent triples t; 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
&Ep C &, the goal is to find the set of answer entities Ap C & from
the knowledge graph G.

3.2 Core Concepts of PortfoliQA

Our framework translates the unstructured question Q into a series
of structured representations for planning and execution. Let V be a
set of logical variables, denoted with a ’?’ prefix (e.g., ?film).Among
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these variables, one is designated as the Target Variable (v;4,ge: €
V), which represents the information the question seeks to find.
Logical Fragment. A logical fragment F; from the set of all frag-
ments ¥ is an atomic statement of the form F; = (s, p, 0), where
the subject s and object o can be either a topic entity e € g 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 € & from
the KG.

Constrained Logical Query Graph (CLQG). A Constrained Log-
ical Query Graph is an undirected graph Gy, = (V., E1), where the
node set V; = Eo UV consists of all topic entities and logical vari-
ables from the question. The edge set & contains an edge for each
logical fragment 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= (Cmains <Cside,1= e 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:

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

e AVerificative Constraint has a constant entity or an already-
bound variable as its endpoint, requiring a verification of a
known connection.

Evidence Portfolio. An Evidence Portfolio H 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 e,,s € & is a mapping from each constraint ¢; € P to its
corresponding fulfilled evidence path 7; or a NO_EVIDENCE_FOUND
tag. Formally, H = {(eans,1, L1), (€ansz2, L2), -..(€ans,n» Ln), }» Where
each L; = {(c1, 7;,1), (c2, 7j2), ...(Cn> Tjn) }.

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 Ep 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 Gy, 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.
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4.2 Planner Agent: Generate Query Plan

The first agentic phase is orchestrated by the Planner Agent (a,),
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
(arp) utilizing a semantic_parser tool, which leverages an LLM to
decompose the question Q into a set of atomic, independent Logi-
cal Fragments (7). In this initial step, the semantic_parser is also
tasked with identifying the Target Variable (v;4rge;) 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 F, 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
F; € ¥ into a CLQG (Gyg). This graph serves as a structured
blueprint of the question’s logic, where entities (E¢) 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 € &g to
the target variable vsqrge;. 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 (c;;4in). The determination
is based on the product of the Expected Fan-Out (EFO) of
the abstract predicates p; 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; in the
subgraph, where weights are their similarity scores:

Z}V:l sim(p, r;) - FanOut(r;)

N

EFO(p) = -
=1 sim(p, 1)

1)

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

ChainScore(c) = rl EFO(p;) )
picc

The chain with the minimum ChainScore is selected as the
main generative constraint (¢mqin), as this heuristically cor-
responds to a more focused initial search.
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ok Which film, starring Tom Hanks and directed by a director born in Cincinnati,
was distributed by Paramount Pictures?
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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 Decompose the question and con- In: Question Q semantic_parser

(p) struct a robust, executable Query Out: Query Plan P validation_tool
Plan. construction_tool

Aligner Agents Execute the Query Plan by finding In: Query Plan P, Subgraph G, path_finding_tool
(As) evidence paths and assembling them Out: Evidence Portfolio H path_verification_tool
into Evidence Portfolios.

________ Question

1 1
g Which film, starring Tom Hanks and directed by a director born in Cincinnati, was distributed by Paramount Pictures? !

1.Semantic Fragment 2.Constrained Logical Query Graph ]

F1: {?film, distributed_by, Paramount Pictures

W

F2: {?film, stars, Tom Hanks}

F3: {?film, directed_by, ?director}

Paramount
Pictures

. MC3 g "
?2director }—3[ Cincinnati ]

F4: {?director, born_in, Cincinnati }

3.Main Chain Determination ] 4.Plan Serialization
"Target Variable" : "?film" "Target Variable" : "?film"
"Main Chainl" : "Paramount Pictures -> distributed_by -> ?film" "Main Chain" : "Tom Hanks -> stars -> ?film"

"Main Chain2" : "Tom Hanks -> stars -> ?film" "Side Constraintl" : "?film -> distributed_by -> Paramount Pictures"

"Main Chain3" : "Cincinnati -> born_in -> ?director -> directed_by -> ?film", "Side Constraint2" : "?film -> directed_by -> ?director -> born_in -> Cincinnati"

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 (c¢;,4i) is deter- the nodes of cpqgin. All unvisited edges and paths branch-
mined, the tool finalizes the plan by serializing the remaining ing off from the main chain are systematically grouped into
parts of the CLQG. It performs a graph traversal starting from maximal paths. A maximal path is a simple path that starts
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at a node on the main chain and extends to a leaf node in the
remaining graph component. Each of these maximal paths is
then converted into a Side Constraint (cs;g4. ;), forming an
ordered list. The final output is the complete, ordered Query
Plan P = (c¢main, <cside,ls e Cside,N>)~

4.3

The second phase is executed by a parallel swarm of Aligner
Agents (As = {01, ..., on}). Their collective goal is to execute the
Query Plan P, systematically find evidence for each constraint, and
populate the final Evidence Portfolio ().

The process is initiated by executing the main generative con-
straint (cmqin) using the path_finding_tool. This initial search
returns a set of k distinct, high-scoring reasoning paths. These
paths are then used to instantiate k Aligner sub-agents. Each
agent o; is assigned one of these initial paths, which simultaneously
binds the target variable (v;arger) to a potential candidate answer
and forms the agent’s initial memory (b;). Subsequently, all agents
work in parallel, with each one’s goal (g;) being to find evidence for
all side constraints {cs;qe;} € P using a suite of specialized tools:

Aligner Agent : Plan Execution

e Path Finding Tool (zf;,q): This tool is invoked for Genera-
tive Constraints, where the endpoint is an unbound variable.
A key challenge in graph search is that the logical length
of a reasoning path may not match its actual length in the
KG [14]. To address this, our tool’s dual-pool architecture
incorporates a dynamic stopping criterion. The algorithm
maintains two separate pools: an exploration pool (the
beam itself) for active path expansion, and a completed
pool for storing any path that has reached or exceeded the
expected logical length. The search does not terminate imme-
diately upon reaching the target length. Instead, it enters an
“exploratory buffer” phase, allowing the exploration pool to
continue expanding. This exploratory phase terminates only
when the top-k ranked paths within the completed pool re-
main stable for a full search iteration, indicating that further
exploration is no longer yielding better solutions. The final
result consists of the top-k paths from this stable completed
pool. This “explore-while-harvesting” architecture ensures
that promising solutions are safely collected and not pre-
maturely pruned, while flexibly adapting to the true path
lengths within the graph, as shown in the Algorithm 2 in
Appendix.

Path Verification Tool (Tyeify): This tool is invoked for
Verificative Constraints, where both the start and end points
are known (either as constants or from a previous binding).
As this is a point-to-point search, it is possible to directly
search for the path with the highest score between the start
point and the end point, with its length matching the one
specified by the logical_path.

Path Scoring Function. Both tools are guided by a sophisticated
dual-signal heuristic scoring function, designed to evaluate the
quality of a reasoning path . This function holistically balances
two critical aspects of a good path: its local factual soundness and
its global semantic relevance.

To ensure a fair trade-off between these two signals, which have
different distributions and scales, we first normalize their raw scores
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into comparable log-probabilities via Log-Rank Transformation.
For a given scoring dimension, all candidate paths at a step are
ranked (from best to worst, with the top candidate assigned rank
0), and a candidate’s score is converted as follows:

Siog = —log(rank + 1) (3)

The two primary signals are defined as:

® Scoresiruct(£): The Structural Score, representing the rele-
vance of the factual triple ¢ to the question, as provided by
SubgraphRAG [13].

® Scoresem (7, ¢): The Semantic Score, representing the em-
bedding semantic similarity between the path 7 and its target
constraint c.

Our final heuristic score is the sum of a path quality score and

a guidance score. The path quality score (S,a¢,) measures the

local factual soundness. It is the cumulative sum of the log-rank

transformations of the structural scores of each triple ¢; along the
path:

Spath(”) = Z Slog(scorestruct(tj))

tjemw

©)

The guidance score (Sguidance) measures the global semantic rele-
vance. It is directly determined by the log-rank transformation of
the path’s overall semantic score:

©)

The final score for a path 7, which balances these two components,
is then calculated as:

Sguidance(”) = Slog(scoresem(ﬂa c))

(6)

Iterative Alignment and Portfolio Assembly. The alignment pro-
cess is iterative. After an Aligner agent executes a constraint (using
either Tfinqg Or Tyerify), the tool returns a top-k list of candidate
evidence paths from the completed pool. The agent then selects
the single best path from this list. Following this, the agent im-
mediately performs the alignment process: it maps the concrete
entities from the chosen evidence path to the corresponding logi-
cal variables in the constraint, updating its internal memory (b;)
with these new variable bindings. To ensure factual grounding, any
binding proposed that does not correspond to an actual entity on
the evidence path is discarded. This process repeats for all side
constraints. Once an agent has successfully executed all constraints
in its plan, it performs its final action: it submits its candidate an-
swer, along with the complete collection of evidence paths and final
variable bindings, to the central Evidence Portfolio (#). The final
confidence score for a complete Evidence Set L; within the portfolio
is the sum of the scores of all its constituent evidence paths:

TotalScore(rr) = Spath () + Sguidance (77)

PortfolioScore(L;) = Z Score(r;)

(ci,mi)€Lj

™)

This score is used to resolve cases where multiple Aligner agents,
through different reasoning paths, arrive at the same candidate
answer. In such cases, only the Evidence Set with the highest
PortfolioScore is retained, ensuring that each candidate in the
final portfolio is supported by the strongest available evidence
chain.
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4.4 Evaluating on the Evidence Portfolio

The final phase of the PortfoliQA workflow is the evaluation of
the generated Evidence Portfolios. The complete Evidence Port-
folio (H), which contains the set of candidate answers and their
corresponding structured evidence chains, is presented to a large
language model acting as a final LLM Reasoner. The reasoner’s
task is to holistically assess these portfolios and generate a final
ranked list of answers Ap. This assessment is guided by a set of
criteria: (1) Evidence Completeness, assessing whether evidence
was found for all required logical constraints; (2) Evidence Qual-
ity, considering how well the evidence path complies with this
logical constraint; and (3) Overall Plausibility, leveraging its own
vast world knowledge to help judge the final answer’s reasonable-
ness. Based on this comprehensive and explainable evaluation, the
LLM reasoner generates the final ranking, completing the question-
answering process.

5 EXPERIMENTS

We conducted a comprehensive evaluation of our PortfoliQA frame-
work on two challenging, widely-recognized KGQA benchmarks:
WebQSP [28] and CWQ [24]. Both datasets utilize Freebase [3]
as their background knowledge graph. We compare PortfoliQA
against a suite of strong and representative baseline methods, with
relevant results cited from the original paper and a detailed descrip-
tion of these baselines available in Appendix A. We use Hit@1
to evaluate whether the generated answer ranks first, and F1-
Score to assess the coverage of the answer. We present results
for PortfoliQA powered by two distinct LLMs, L1ama-3.1-8B [1]
and GPT-40-mini [19], to demonstrate its performance across dif-
ferent model capabilities. Further details on the experimental setup
and datasets can be found in Appendix C, and the prompts utilized
in this work are available in Appendix E.

5.1 Main Results

Table 2: The performance comparison on the WebQSP and
CWQ test sets. The best results in each column are high-
lighted in bold, and the second-best results are underlined.

Method WebQSP CwQ
Hit@1 F1 Hit@1 F1
PDRR [30] 79.20 - 62.20 -
KARPA [5] 85.30 64.50 73.70 56.50
DRKG [4] 88.16  84.05 66.99 58.04
FRAG [7] 86.70 - 68.00 -
ToG [23] 78.50 51.60 54.00 34.50
DoG [17] 91.00 - 56.00 -
SPLIT-RAG [27] 84.90 72.60 61.10 59.30
RRP [26] 90.00 72.50 64.50 56.50
RoG [16] 85.70 70.80 62.60 56.20
SubgraphRAG [13] 86.60 77.75 57.01 53.23
EoG [14] 85.00 74.10 70.80 65.10
PortfoliQA (Llama-3.1-8B) 87.09 77.08 65.21 60.50
PortfoliQA (GPT-40-mini) 93.64 8276 75.29 68.34
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The main results are presented in Table 2. The data clearly shows
that our PortfoliQA framework, particularly when its agents are
powered by GPT-40-mini, demonstrates a significant performance
advantage over the compared baseline methods across both the
WebQSP and the more complex CWQ datasets.

We attribute this strong performance to our agentic workflow’s
systematic solutions to the core challenges outlined in the Section 1.

First, to address the challenge of semantic parsing for question,
our Planner Agent’s flexible “atomic decomposition” and “deter-
ministic reconstruction” approach allows PortfoliQA to robustly
handle the complex, multi-constraint questions prevalent in CWQ,
outperforming methods that rely on fixed reasoning templates like
KARPA and DRKG.

Second, to overcome the risks of local decision-making during
fact collection, our Aligner Agents employ a robust exploration
strategy. The combination of our dual-signal scoring function and
the Dual-Pool search architecture prevents the premature pruning
of paths that iterative agent methods like ToG are susceptible to.

Finally, by introducing the Evidence Portfolio, PortfoliQA re-
solves the challenge of reasoning opacity. Instead of presenting
the LLM Reasoner with an undifferentiated set of facts, our struc-
tured portfolios establish a clear link between each candidate and
its supporting evidence for every logical constraint. This reduces
the LLM’s cognitive load and enhances the accuracy of its final
judgment.

It is also noteworthy that PortfoliQA paired with the smaller
Llama-3.1-8B model still yields highly competitive performance.
This demonstrates the robustness of the PortfoliQA architecture
itself in effectively structuring the reasoning task, enabling even
smaller language models to achieve strong results.

5.2 Ablation Study

Analysis on the Value of PortfoliQA’s components. To quantita-
tively verify the contribution of each component within our agentic
workflow, we conducted a comprehensive ablation study(results in
Table 3). We designed four configurations to deconstruct the sys-
tem’s capabilities: (a) a baseline using only the final LLM Reasoner
for zero-shot QA; (b) our core agentic engine (Planner + Aligner
agents) without the final LLM Reasoner, relying only on the quan-
titative PortfolioScore; (c) a setting where the LLM Reasoner
ranks the candidate answers generated by the agents, but with-
out access to the structured Evidence Portfolios; and (d) the full
PortfoliQA framework.

Table 3: Ablation study on the values of PortfoliQA’s compo-
nents.

Configuration CWQ Hit@1
(a) LLM Reasoner Only (Zero-shot) 41.18
(b) w/o LLM Reasoner (Score-based Ranking) 54.27
(c) w/o Evidence Portfolios (Candidates Only) 65.55
(d) Full PortfoliQA Framework 75.29

The study first establishes the performance of an ungrounded
LLM in configuration (a). The first significant performance leap oc-
curs in configuration (b), which represents our core agentic search
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engine. This substantial improvement proves that our structured
workflow, executed by the Planner Agent and the Aligner agent
swarm, is far superior to naive LLM reasoning. The most criti-
cal insights emerge from the final two stages. In configuration (c),
where the LLM Reasoner re-ranks the candidate list using only
its internal knowledge, performance again improves significantly,
demonstrating that the LLM’s latent plausibility judgment is a pow-
erful capability. However, the final and largest performance gain is
unlocked in the Full PortfoliQA model, where the LLM Reasoner
is presented with the complete Evidence Portfolios. This provides
definitive, quantitative evidence for the value of explainability in
reasoning systems. The LLM Reasoner’s performance is not just
based on its latent knowledge, but is synergistically enhanced when
each candidate answer is explicitly linked to its corresponding evi-
dence chain. This validates our framework’s core design: a powerful
evidence-gathering agentic subsystem whose output is made maxi-
mally effective by a final, evidence-aware holistic evaluation.

Analysis on the Value of Evidence Portfolios. A core claim of our
work is that the final reasoning process should not operate on an
undifferentiated collection of facts, but on a structured represen-
tation that preserves the logical association between a candidate
answer and its evidence. To validate the contribution of our Ev-
idence Portfolio, we conducted an ablation study on the CWQ
dataset. We compared the performance of the final LLM Reasoner
when presented with evidence in three different formats: (a) our full,
structured Evidence Portfolio; (b) a Path-based format, where
all evidence paths from the portfolio were extracted and presented
as a list; and (c) a Triple-based format, where all unique triples
from all paths were presented as a simple "bag of facts".

Table 4: Impact of the evidence format presented to the final
LLM Reasoner on the CWQ dataset.

Evidence Format CWQ Hit@1
Triple-based (Bag of Facts) 59.33
Path-based (List of Paths) 64.84
Evidence Portfolio (Ours) 75.29

The results in Table 4 show a stark performance difference. The
structured Evidence Portfolio significantly outperforms both flat-
tened formats. The performance drop from the Portfolio to the
Path-based format demonstrates the importance of explicitly link-
ing evidence paths to the logical constraints they satisfy. Without
this structure, the cognitive load on the LLM Reasoner increases
as it must implicitly infer which path proves which part of the
question. The further decline in the Triple-based format is even
more telling; by deconstructing the paths into a "bag of facts," the
crucial multi-hop reasoning context is lost, forcing the reasoner to
attempt the difficult combinatorial task of reassembling the logic
from scratch. This experiment confirms that the Evidence Portfolio
is not merely a container for facts, but a critical component that
structures information in a way that maximizes the reasoning capa-
bilities of the final LLM, directly addressing the Reasoning Opacity
challenge.
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Analysis of the Dual-Signal Scoring Function. To overcome the
risks of local decision-making during fact collection, the search is
guided by a scoring function that balances local structural relevance
with global semantic intent. To validate the contribution of each
signal, we conducted an ablation study on the CWQ dataset, with
results shown in Table 5.

Table 5: Ablation study of the scoring function signals.

Configuration CWQ Hit@1
Full Scoring Function 75.29
w/o Semantic Score (Scoregem) 66.56
w/o Structural Score (Scoregiruct) 63.34

The data reveals that both signals are indispensable and play
complementary roles in guiding the Aligner agents’ search tools.
The Structural Score (Scoresyt) acts as a local guide, ensuring
that each individual step (each triple) in a reasoning path is highly
relevant to the question. Removing it forces the search to proceed
without this fine-grained validation, causing a catastrophic per-
formance collapse of over 11 percentage points. Conversely, the
Semantic Score (Scoresem) provides the global, strategic direc-
tion, ensuring that the entire path remains semantically coherent
with the query’s overall intent. Without this “compass,” the search,
even if composed of individually relevant steps, drifts into logically
irrelevant territory, resulting in a significant performance degrada-
tion of nearly 9 points. Therefore, it is the synergistic combination
of this local, step-by-step guidance and overarching global direction
that allows our fact collection process to effectively mitigate the
risks of local decision-making.

5.3 Hyperparameter Analysis

To determine the optimal configuration for PortfoliQA, we tuned
three key hyperparameters on the CWQ validation set.

0.9
0.8
—
®97
B
T
0.6
—— Dual-pool Strategy
0.5 Strict Beam Search
15 10 20 50
Beam Width

Figure 3: Impact of Beam Search Width on the CWQ valida-
tion set.

Beam Search Width. This parameter controls the size of the ex-
ploration pool. As shown in Figure 3, performance on our Dual-Pool
strategy saturates after a width of 10, which we selected as the op-
timal trade-off point for our main experiments. This high efficiency
is attributed to our Dual-Pool architecture, which is specifically
designed to mitigate the risks of local decision-making during fact
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collection. Unlike a strict search that makes irreversible pruning
decisions at each step based only on the promise of the next hop,
our method decouples exploration from solution collection. At each
depth, any path that satisfies the target logical length is immedi-
ately moved to a separate completed pool, protecting it from being
discarded even if its score is not high enough to remain in the
exploration beam. This “explore-while-harvesting” strategy pre-
vents the premature loss of correct paths that might be momentarily
outscored by locally promising but ultimately incorrect alternatives.
This architectural choice explains why our strategy with a narrow
beam of 10 significantly outperforms a Strict Beam Search with a
much wider beam of 50.

0.90

0.65

100 500 1000

Number of Triplets

2000

Figure 4: Impact of Subgraph Size (number of triples) on the
CWQ validation set.

Subgraph Size. This parameter determines the size of the initial
knowledge context retrieved by SubgraphRAG [13]. As shown in
Figure 4. Performance peaks at 500 triples, which we select for
our experiments. Subgraphs smaller than this risk missing criti-
cal evidence paths, while larger subgraphs introduce an excess of
irrelevant triples that can misleading the path search process.

0.90

10 25 50

Number of Paths

100

Figure 5: Impact of the number of paths retrieved from the
completed pool on the CWQ validation set.

Number of Paths (Top-k). This hyperparameter governs two key
aspects of the Plan Execution phase: the number of Aligner agents
instantiated from the main constraint search, and the number of
candidate evidence paths retrieved by the search tools (z;,q and
Toerify) for each subsequent constraint. As shown in Figure 5. We
selected k=50 for our main experiments. This value represents
a strong balance point, ensuring a sufficient diversity of initial
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agent perspectives and providing a rich set of evidence choices
for each constraint, thereby capturing the vast majority of perfor-
mance gains. While further increasing k to 100 yields a marginal
improvement, we selected k=50 as a robust setting that effectively
demonstrates the framework’s capabilities.

5.4 Robustness to Knowledge Incompleteness

To empirically validate the robustness of our flexible, "constraint-
centric" semantic parsing model, we conducted a targeted stress
test on multi-entity questions from the CWQ dataset. We simulated
a common real-world scenario of an incomplete KG by program-
matically degrading the subgraphs: for each multi-entity question,
we randomly retained only one of its topic entities and removed
all others along with their associated triples. This guarantees that
evidence for one or more logical constraints is missing from the
search space. The results, presented in Table 6, demonstrate the
remarkable resilience of our framework. Even under these degraded
conditions, PortfoliQA maintains a high level of accuracy. This re-
silience is a direct result of our semantic parsing and execution
model. In contrast, approaches like PDRR, which rely on a strict
intersection of results from independently solved sub-problems,
would catastrophically fail in such scenarios, as a single missing
constraint would lead to an empty final candidate set. This high-
lights a core architectural advantage of PortfoliQA: by treating each
logical constraint independently within the Evidence Portfolio and
transforming ‘missing evidence’ from a failure state into an evalu-
able signal (i.e., the NO_EVIDENCE_FOUND tag), our framework can
gracefully degrade and make reasoned judgments on the available,
albeit incomplete, information.

Table 6: Robustness analysis on the CWQ dataset.

Original Degraded
Question Type # Samples Hit@1 Hit@1
2 Entities 1055 86.92 77.63
>2 Entities 230 89.57 85.65
Overall 1285 87.39 79.07

6 CONCLUSION

In this paper, we introduced PortfoliQA, an agentic RAG frame-
work for Knowledge Graph Question Answering (KGQA) that re-
frames the complex task into a structured evidence evaluation pro-
cess. PortfoliQA addresses key challenges in existing approaches
through a specialized agentic workflow: a Planner Agent enhances
the flexibility of semantic parsing; a swarm of Aligner Agents
improves the robustness of fact collection; and the introduction
of the Evidence Portfolio resolves the opacity of the final reason-
ing stage. Our experiments demonstrate that this portfolio-centric
methodology significantly enhances the accuracy and explainabil-
ity of complex KGQA tasks. While our framework shows strong
performance, future work will focus on optimizing its computa-
tional cost. Furthermore, extending the Evidence Portfolio-centric
paradigm to other structured reasoning domains represent exciting
directions for future research.
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