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Abstract

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs)
in Knowledge Graph Question Answering
(KGQA) by retrieving reasoning paths from ex-
ternal Knowledge Graphs (KGs). However, the
practicality of existing methods is often limited
by their reliance on iterative retrieval, where the
number of required LLM calls increases with
retrieval depth, leading to expensive interaction
costs. To address this, we propose Plan-guided
Schema-level Reasoning (PSR), a training-free
and efficient RAG framework for KGQA that
requires only three LLM calls. First, PSR gen-
erates a retrieval plan from the input question
(the first LLM call). It then performs Plan-
Regularized Monte Carlo Tree Search to ex-
tract a compact set of schema-level paths from
the KG, which are subsequently filtered by the
LLM (the second LLM call). Finally, PSR
grounds the chosen schema-level paths into
instance-level reasoning paths to augment the
LLM’s answer generation (the third LLM call).
Experimental results on three datasets demon-
strate the high efficiency and competitive accu-
racy of PSR.

1 Introduction

Retrieval-Augmented Generation (RAG) augments
Large Language Models (LLMs) with external
knowledge by retrieving information and condi-
tioning generation on retrieved content (Fan et al.,
2024; Li et al., 2025). For complex questions,
retrieval is often multi-step (Saha et al., 2018;
Sun et al., 2019). For example, consider the
question: “Lou Seal is the mascot for the team
that last won the World Series when?” Answer-
ing it requires retrieving multi-hop paths over a
given knowledge graph (KG), e.g., team_mascot
→ championships→ date, together with a max
function that selects the latest date. This combi-
nation of multi-hop relation chaining and an ag-
gregate function cannot be resolved in a single re-

Method # LLM Calls

KBQA-o1 (Luo et al., 2025) 1 + T (2RD +W )

FastToG (Liang and Gu, 2025) (W + 1)D + 2

FiDeLiS (Sui et al., 2025) D(W + 1) + 1

ToG (Sun et al., 2024) 2WD +D + 1

PoG (Chen et al., 2024) 1 + T (4D + p)

DoG (Ma et al., 2025) D(a+ 1) + 3(D − 1)

ReKnoS (Wang et al., 2025) (2D + 1) +DSR

PSR (ours) 3

Table 1: LLM calls in existing methods (D: retrieval
depth; W : beam width; T : search budget; R: rollouts
per iteration; p: reflection triggers; DSR: depth of super-
relation induction; a: relation filtering calls).

trieval step (Sun et al., 2024; Chen et al., 2024).

Motivation. A common approach to multi-step
retrieval on KGs treats the LLM as a step-wise
agent: in each iteration, it selects relation paths,
expands current paths by retrieving neighboring
KG triples, and selects top-ranked paths for the
next iteration of retrieval (Sun et al., 2024; Chen
et al., 2024; Song et al., 2025; Wang et al., 2025).
This paradigm faces two limitations on large KGs.
First, complex questions challenge accurate entity-
level search: as the retrieval depth increases, the
number of reachable entities grows exponentially
and introduces many irrelevant branches, which
degrades retrieval accuracy. Second, because the
LLM is invoked at each expansion step to guide
step-wise retrieval (and even perform additional
rollouts or reflections), the number of its calls in-
creases substantially with retrieval depth, often in-
curring prohibitive inference latency and cost. In
fact, as shown in Table 1, across representative
methods, the LLM-call count grows with the re-
trieval depth D and typically also with other hyper-
parameters, rather than being a constant.

For practical use, one natural question would
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be: Can we solve multi-hop reasoning over KGs
using a constant number of LLM calls that does not
depend on retrieval depth, without compromising
answer accuracy?
Our Work. To answer this question, we propose
Plan-guided Schema-level Reasoning (PSR), which
adopts a holistic plan-grounding process to decou-
ple LLM interaction from iterative retrieval. In-
stead of using the LLM to guide hop-by-hop path
expansion, PSR uses the LLM-generated plan as
a high-level semantic prior and performs training-
free, fixed-budget schema-level search over a com-
pact schema tree. The key distinction from prior
work is that PSR does not rely on hop-by-hop LLM
interaction or exhaustive schema-level path enumer-
ation (Sun et al., 2024; Chen et al., 2024; Liu et al.,
2025). This design keeps the number of LLM calls
fixed at three, independent of retrieval depth.

Specifically, PSR implements this holistic plan-
grounding process as a tri-stage framework, with
one LLM call in each stage. Stage I invokes the
LLM to generate high-level plans to guide path
selection from the KG. Stage II performs Plan-
Regularized Monte Carlo Tree Search (PR-MCTS),
where the textual plan regularizes KG schema
search to extract candidate schema-level paths from
schema trees; a second LLM call then selects the
most promising paths to be grounded in the KG.
Stage III grounds the selected schema-level paths
to retrieve KG triples and uses a third LLM call to
generate the final answer from the retrieved triples.
Experiments demonstrate that PSR achieves com-
petitive accuracy with only three LLM calls for
multi-hop KGQA.

The main contributions of this paper are sum-
marized as follows:

• We propose PSR, a tri-stage framework that
efficiently and effectively answers each multi-
hop KG question with exactly three LLM
calls, independent of retrieval depth.

• As a core component of PSR, we introduce
PR-MCTS that enables LLM-free schema-
level path retrieval by integrating a plan-
alignment prior with branching control, yield-
ing a small set of relevant schema-level paths
for downstream LLM-based selection.

Our code is on GitHub.1

1https://github.com/nju-websoft/PSR

2 Related Work

In this section, we review existing KGQA methods
that are technically related to PSR.
KGQA as Reasoning Path Retrieval. Our method
generally follows the paradigm of formulating
KGQA as reasoning path retrieval, i.e., first re-
trieving a set of paths starting from topic entities
in the KG, then utilizing these paths to generate
answers. Early works in this paradigm (Jiang et al.,
2023; Sun et al., 2024) adopt an iterative strategy.
They construct reasoning paths starting from topic
entities step-by-step, utilizing LLMs to select the
next relation types and entities to expand. While
this approach effectively utilizes the reasoning ca-
pability of LLMs, it has the following limitations:
1) Performance is hindered by the scale of KGs,
particularly for complex questions, because at each
hop the retriever must consider many outgoing re-
lations and entities, most of which are irrelevant to
the question, so the correct multi-hop path is prone
to be missed during pruning. 2) Since the LLM
must decide for each expansion step, the number
of LLM calls increases with retrieval depth.

Subsequent works have adopted various im-
provements to mitigate these limitations, which
can be categorized into two directions:
Planning as Guidance. A series of works incorpo-
rate a planning phase before constructing reasoning
paths. The plan outlines the potential structure of
the paths, serving as guidance for subsequent con-
struction. For instance, RoG (Luo et al., 2024) first
generates the sequence of relations within a rea-
soning path, then filling in the entities; PoG (Chen
et al., 2024) decomposes the question into sub-
objectives, which are then addressed sequentially
during the construction. FiDeLiS (Sui et al., 2025)
generates a plan and then follows it to perform
hop-by-hop beam search in the KG; at each hop,
it invokes the LLM to select top candidate paths
and uses deductive verification to decide whether
to stop or continue extending the paths. Although
these methods improve retrieval guidance, they still
couple reasoning with retrieval depth through itera-
tive LLM-in-the-loop expansion. In contrast, PSR
uses the LLM-generated plan only as a high-level
semantic prior and performs schema-level search
and ranking with PR-MCTS without hop-by-hop
LLM interaction. This design decouples reasoning
from retrieval depth, keeping the number of LLM
calls fixed regardless of retrieval depth.
Search Space Compression. Recognizing the dif-
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ficulty of navigating massive KGs, a line of re-
search focuses on compressing the search space,
where common techniques include the extraction
of question-relevant subgraphs (Mavromatis and
Karypis, 2025; Long et al., 2025; Luo et al., 2024;
Jiang et al., 2025), clustering of neighborhood enti-
ties (Liang and Gu, 2025) or relations (Wang et al.,
2025). Most recently, ORT (Liu et al., 2025) intro-
duces KG schema as a compressed search space,
employing Depth-First Search (DFS) to enumer-
ate schema-level paths that connect the topic entity
type to the answer type in the schema graph, and
then ground these schema-level paths to obtain con-
crete reasoning paths.

While ORT shares our insight that KG schema
can serve as an effective compressed search space,
its search still relies on exhaustive DFS enumer-
ation followed by heuristic pruning. In contrast,
PSR integrates planning guidance with schema-
level compression: instead of exhaustively enu-
merating schema-level paths or relying on strict
rule matching, PSR introduces PR-MCTS to trans-
form the LLM-generated high-level textual plan
into an LLM-free and fixed-budget schema-level
search heuristic. This allows PSR to prune the
schema tree more effectively while preserving se-
mantic flexibility. Moreover, unlike prior MCTS-
based KGQA methods (Song et al., 2025; Xiong
et al., 2025), which typically require training a
value model, PR-MCTS is entirely training-free
and scores schema-level paths by their semantic
alignment with the textual plan, rather than requir-
ing exact rule or pattern satisfaction.

3 Method

3.1 Preliminaries

Task Formulation. We formulate KGQA as rea-
soning over a KG G = (V,R, E), where V andR
denote entities and relation types respectively, and
E ⊆ V × R × V represents the set of observed
factual triples. Given a question q and a set of topic
entities Vq ⊆ V (i.e., entities explicitly mentioned
in q and identified by entity linking), the objective
is to derive a final answer set A ⊆ V .
Reasoning Path Retrieval. Following existing
LLM-based KGQA methods (Sun et al., 2024;
Luo et al., 2024; Chen et al., 2024), we solve
KGQA as a path retrieval problem. Specif-
ically, we divide the process into two steps:
First, a set of relevant reasoning paths P is re-
trieved. A k-hop reasoning path is defined as a

sequence (e0, r1, e1, . . . , rk, ek), where e0 ∈ Vq
and (ei−1, ri, ei) ∈ E for all 1 ≤ i ≤ k, serving as
a structural grounding of the semantic constraints
derived from q. Then, an answer set A is obtained
by reasoning over the retrieved paths P given the
question q.

3.2 Method Overview

To address multi-hop KGQA efficiently, we pro-
pose Plan-guided Schema-level Reasoning (PSR).
As illustrated in Figure 1, PSR operates in three
stages, requiring only three LLM calls. Plan Gen-
eration (Stage I) and Schema-Level Path Rank-
ing (Stage II) perform plan-guided schema navi-
gation to identify relevant path structures. Path
Grounding and Answer Generation (Stage III)
grounds these structures into instance-level reason-
ing paths, and accordingly generates the answer.

• Stage I: Plan Generation. We invoke the
LLM to generate a plan set Π given q (the
1st LLM call). Each plan π ∈ Π specifies a
selected topic entity type ctopic, a sequence of
LLM-generated relation labels (r′1, . . . , r

′
L),

and an LLM-predicted answer type label c′ans.
Note that labels are KG-agnostic texts.

• Stage II: Schema-Level Path Ranking. For
each topic entity type ctopic, we construct a
schema tree T rooted in this type by general-
izing G from factual triples to type-level rela-
tions. We perform Plan-Regularized Monte
Carlo Tree Search (PR-MCTS) to extract a
schema-level candidate path set from T . We
rank these schema-level paths to obtain the
top-K paths PT

K , and invoke the LLM to se-
lect the most relevant paths Ps ⊆

⋃
π∈Π PT

K

(the 2nd LLM call).

• Stage III: Path Grounding and Answer
Generation. We ground schema-level paths
Ps back to instance-level reasoning paths P
in G; the set of all their constituent triples is
denoted by F . We invoke the LLM to gen-
erate the final answers A given q and F (the
3rd LLM call).

The entire process is outlined as an algorithm in
Appendix A.4, with PR-MCTS detailed in Algo-
rithm 2. The specific prompts used for these three
LLM calls are detailed in Appendix A.10.
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Figure 1: Overview of PSR. The 1st, 2nd, and 3rd LLM call denote plan generation, schema-level path selection,
and answer generation, respectively. PR-MCTS, path ranking, and path grounding are LLM-free KG operations.

3.3 Stage I: Plan Generation

PSR performs plan generation under an entity type
constraint derived from the topic entities. Given
a question q and topic entities Vq, we query G to
extract the type set of each e ∈ Vq. Let C denote the
set of all entity types in G, and let Types(e) : V →
2C denote the types of entity e. To distinguish LLM-
generated labels from identifiers in G, we use C′ to
denote the set of LLM-generated entity type labels
andR′ to denote the set of LLM-generated relation
labels. Let xq :=

(
q,Vq, {Types(e) : e ∈ Vq})

denote the planning context. We invoke the LLM
once to generate a plan set (the 1st LLM call):

Π ≜ LLM(xq) =
⋃

e∈Vq

Π(e) (1)

where Π(e) denotes the subset of plans generated
for topic entity e. Each plan π is defined as:

π =
(
ctopic, (r

′
1, . . . , r

′
L), c

′
ans

)
(2)

where ctopic ∈ Types(e) ⊆ C for some e ∈ Vq
is a topic entity type, each r′i ∈ R′ is an LLM-
generated relation label and (r′1, . . . , r

′
L) forms an

LLM-generated relation label path of length L, and
c′ans ∈ C′ is an LLM-generated answer type label.
For the example in Section 1, the generated relation
label path may be team mascot→ championships
→ date, with a date-related answer type label.

3.4 Stage II: Schema-Level Path Ranking
In G, the k-hop neighborhood of an entity expands
exponentially with k. The schema graph S gen-
eralizes this structure into a compact form at the
schema level, where nodes are entity types C and
edges are relation typesR in G. We then unroll S
into a schema tree T for schema-level search.
Schema Tree Construction. Guided by a plan π,
PSR shifts the search space from G to its schema
graph S and unrolls a directed schema tree T
rooted at ctopic for subsequent schema-level search.
We construct the schema graph as S = (C,R, ES).
The type-level triples ES generalize instance-level
factual triples in G:

ES =
{
(ch, r, ct) | ∃(u, r, v) ∈ E s.t.

ch ∈ Types(u), ct ∈ Types(v)
} (3)

For a plan π, we unroll S into a directed schema
tree T rooted at the plan-implied topic entity type
ctopic, up to depth k, with edges from ES .
Plan-Regularized Monte Carlo Tree Search. To
search over the schema tree T without further
LLM calls, we propose Plan-Regularized Monte
Carlo Tree Search (PR-MCTS). Unlike MCTS-
based KGQA methods (Song et al., 2025), which
estimates returns from environment rollouts and
expands over all available actions, PR-MCTS is
tailored for an LLM-free and budget-constrained
setting.

• Plan as Semantic Prior. The plan π pro-
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vides a sequence of generated relation la-
bels r′1, . . . , r

′
L and an answer type label c′ans.

We inject this guidance into the search as a
training-free soft semantic prior. This allows
us to prioritize relation types that are seman-
tically similar to r′1, . . . , r

′
L without strictly

requiring the LLM-generated labels to per-
fectly match the underlying KG schema and
to use c′ans for rollout-free evaluation of the
terminal state.

• Structure-Based Branching Control. We em-
ploy an out-degree penalty as a structural reg-
ularizer to reduce branching in search.

To instantiate the four steps of a standard MCTS
loop (Selection, Expansion, Evaluation, and Back-
propagation), in the following, we formalize the
search process on T . A search state at depth d
corresponds to a schema-tree node cd ∈ C. From
a given state cd, an action a = (ct, r) ∈ Succ(cd),
follows an edge in T to transition the state from cd
to ct along r, where:

Succ(cd) = {(ct, r) | (cd, r, ct) ∈ ES} (4)

Finally, a state satisfies the terminal condition if it
reaches the depth limit k or if it has no outgoing
transition, i.e., Succ(cd) = ∅.

During PR-MCTS, each simulation expands a
sequence of transitions of length at most k on the
schema tree T . For each visited state-action pair
(cd, a) with a = (ct, r), we maintain two statistics:
the visit count N(cd, a) and the cumulative return
W (cd, a). Specifically, let B denote the total num-
ber of simulations. For the b-th simulation, let a(b)d

be the action selected at depth d, and let G(b)
d ∈ R

be the scalar return assigned to that selection by
the evaluation step. We define:

N(cd, a) =

B∑

b=1

I
[
a
(b)
d = a

]
(5)

W (cd, a) =

B∑

b=1

I
[
a
(b)
d = a

]
·G(b)

d (6)

where I[·] is the indicator function. We define the
mean action value as:

Q(cd, a) =
W (cd, a)

N(cd, a)
(7)

which is initialized to 0 when N(cd, a) = 0. Let
N(cd) =

∑
aN(cd, a) denote the total visit count

of state cd.

1) Selection. Starting from the root ctopic, PR-
MCTS recursively descends the schema tree by se-
lecting actions with a plan-regularized extension of
Upper Confidence bounds applied to Trees (UCT)
(Coquelin and Munos, 2007; Browne et al., 2012).
The plan π serves as a semantic prior during search:
it biases exploration toward relation types that are
lexically similar to π, while discouraging transi-
tions into types with large out-degrees which would
increase the branching factor of subsequent expan-
sions. At each visited state cd, we define:

Score(cd, a) = Q(cd, a) + U(cd, a;π) (8)

and select:

a∗ = arg max
a∈Succ(cd)

Score(cd, a) (9)

The exploration term is defined as:

U(cd, a;π) = λ

√
ln(1 +N(cd))

1 +N(cd, a)
+ ∆(cd, a;π)

(10)
where λ > 0 is the exploration constant and the
plan-induced adjustment is:

∆(cd, a;π) = αM(a, π)− βH(a) (11)

where α ≥ 0 weights the plan-alignment prior, and
β ≥ 0 controls the strength of structural penal-
ization; For an action a = (ct, r), we define the
structural regularizer as:

H(a) = log(1 + degout(ct)) (12)

where degout(ct) is the out-degree of ct in the
schema tree T . The plan-alignment term measures
the lexical proximity between t(r)—the textual
form of the candidate relation type r and the plan-
implied relation labels {r′1, . . . , r′L}:

M(a, π) = max
r′∈{r′1,...,r′L}

LexSim(t(r), r′) (13)

where LexSim(·, ·) ∈ [0, 1] is a normalized se-
quence matching string similarity.
2) Expansion. When the selected action a∗ reaches
a state cd with at least one unvisited action (i.e.,
∃a ∈ Succ(cd) such that N(cd, a) = 0), instead of
expanding all possible branches, PR-MCTS bounds
the per-iteration cost by considering a subset of
at most m uniformly sampled unvisited actions
from Succ(cd). From this sampled subset, the algo-
rithm instantiates exactly one new child node cor-
responding to the action that minimizes the struc-
tural penaltyH(a). SinceH(a) increases with the

23108



out-degree of the target node, this rule reduces the
branching factor of future expansions and improves
search efficiency under a fixed simulation budget.
3) Evaluation. We evaluate a terminal state cℓ ∈ C
using the plan-implied answer type label c′ans ∈ C′
as a prior. Let t(c) denote the textual form of an en-
tity type c ∈ C. We assign the terminal value based
on the cosine similarity between text embeddings:

V (cℓ) = sim
(
enc(t(cℓ)), enc(c

′
ans)
)

(14)

where sim(·, ·) is computed from a frozen text en-
coder enc(·).
4) Backpropagation. After evaluating a termi-
nal state cℓ, PR-MCTS backpropagates the ter-
minal value V (cℓ) along the selected sequence
of transitions and updates the statistics for each
visited state-action pair (cd, a). Specifically, for
each visited (cd, a), we increase its visit count
N(cd, a) by 1 and update its cumulative return
by W (cd, a) ← W (cd, a) + V (cℓ); its mean ac-
tion value Q(cd, a) is then updated according to
Eq. (7).

PR-MCTS repeats the above steps for a fixed
number of simulations B and returns a candidate
schema-level path set PT

mcts by collecting all unique
root-to-terminal schema-level paths encountered
during search, ranked by their visit frequencies
across simulations.
Path Ranking. For PT

mcts, we compute their sim-
ilarity scores SimScore(·) with the plan and re-
tain the top K to form PT

K . Specifically, for
the plan π, we obtain its textual form p̃ =
[t(ctopic); r

′
1; . . . ; r

′
L; c

′
ans ]. Correspondingly, for

each retrieved candidate schema-level path p =
(ctopic, r1, c1, . . . , rj , cj) ∈ PT

mcts, we linearize it
into p̄ = [t(ctopic); t(r1); . . . ; t(rj); t(cj) ]. Using
a frozen text encoder enc(·), we define:

SimScore(p) = cos (enc(p̃), enc(p̄)) (15)

However, vector similarity may assign similar
scores to paths differing by a single relation. To
handle plan ambiguity and better enforce fine-
grained relation constraints, we invoke the LLM
to select the most promising paths from

⋃
π∈Π PT

K

(the 2nd LLM call):

Ps = SelectLLM

(
q,
⋃

π∈Π
PT
K

)
(16)

3.5 Stage III: Path Grounding and Answer
Generation

For each schema-level path in Ps, PSR grounds
it in G via KG retrieval. We define a retrieval

operator Retrieve(G,Vq,Ps) that executes each
sequence of relation types specified in Ps on G
starting from the topic entities Vq to retrieve the
matched instance-level reasoning paths. We then
aggregate their constituent triples to form the evi-
dence set F as:

F ≜ Retrieve(G,Vq,Ps) ⊆ E (17)

Finally, we provide F to the LLM (the 3rd LLM
call) to generate an answer set A conditioned on
the retrieved triples:

A = LLM(q,F) (18)

where the LLM is prompted to generate the final
answer by reasoning over the triples in F .

4 Experiments

4.1 Experimental Setup
Datasets and Evaluation Metrics. We evaluate
the proposed PSR across three widely-used KGQA
benchmarks: WebQSP (Yih et al., 2015), Com-
plexWebQuestions (CWQ) (Talmor and Berant,
2018), and GrailQA (Gu et al., 2021). Detailed
statistics for these datasets are provided in Ap-
pendix A.3. Following prior work (Sun et al., 2024;
Chen et al., 2024; Sui et al., 2025; Wang et al.,
2025), we use Hits@1 and F1 Score as the primary
performance metrics. Furthermore, to evaluate the
efficiency of PSR, we measure interaction cost us-
ing three metrics: average LLM calls per question,
output token count, and latency.
Baselines. We provide implementation details
of PSR in Appendix A.1. We compare PSR
with representative baselines spanning three cat-
egories: 1) LLM-based QA without KG, including
IO Prompt, which directly prompts the LLM to
answer the question, and CoT (Wei et al., 2022),
which augments prompting with explicit chain-of-
thought reasoning; 2) Fine-tuned reasoning path re-
trieval, where LLMs are trained using the training
sets to perform reasoning path retrieval, including
RoG (Luo et al., 2024), EPERM (Long et al., 2025),
KBQA-o1 (Luo et al., 2025), and KG-Agent (Jiang
et al., 2025); 3) Few-shot/zero-shot reasoning path
retrieval, where LLMs are prompted to perform
reasoning path retrieval. Such methods include
ToG (Sun et al., 2024), PoG (Chen et al., 2024),
DoG (Ma et al., 2025), ORT (Liu et al., 2025), Fast-
ToG (Liang and Gu, 2025), FiDeLiS (Sui et al.,
2025), and ReKnoS (Wang et al., 2025). We pro-
vide a theoretical analysis of the LLM interaction
complexity for the baselines in Appendix A.2.
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Method WebQSP CWQ

Hits@1 F1 Calls Hits@1 F1 Calls

LLM-based QA without KG

IO Prompt 67.40 59.71 1 47.50 37.93 1
CoT 75.60 65.37 1 48.90 44.76 1

Fine-tuned reasoning path retrieval

RoG 85.70 69.81 2 62.60 56.17 2
EPERM 88.80 – – 66.20 – –
KBQA-o1 – – 28.80 – – –
KG-Agent 83.30 – – 72.20 – –

Few-shot/zero-shot reasoning path retrieval

Backbone: GPT-4o-mini
ReKnoS 83.80 – 7.20 66.80 – 10.20
FastToG 65.80 – – 45.00 – –

Backbone: GPT-4o
ORT 87.67 – – 65.43 58.69 –
FiDeLiS 81.17 78.32 10.70 65.33 64.32 15.20

Backbone: GPT-4
ToG 82.60 75.79 15.90 67.60 60.20 22.60
PoG 87.30 – 9 75.00 – 13.30
DoG 91.00 – 30.90 56.00 – 58.10
ReKnoS 84.90 – 7.20 68.20 – 10.20

PSR w/ GPT-4 89.17 80.17 3 72.83 65.60 3
PSR vs. ToG +6.57 +4.38 -12.90 +5.23 +5.40 -19.60
PSR vs. PoG +1.87 – -6.00 -2.17 – -10.30
PSR vs. DoG -1.83 – -27.90 +16.83 – -55.10
PSR vs. ReKnoS +4.27 – -4.20 +4.63 – -7.20

Table 2: Main experimental results. The results of base-
lines are reported by their original papers, where – indi-
cates unreported results.

4.2 Main Experimental Results

Table 2 reports Hits@1, F1 Score and the average
number of LLM calls on WebQSP and CWQ. For
space reasons, the GrailQA results are reported
in Appendix A.7, where PSR remains competitive
with clear efficiency advantages. On WebQSP, PSR
achieves 89.17% Hits@1, significantly outperform-
ing other iterative retrieval methods such as ToG
(82.6%). While DoG achieves a slightly higher
score (91.0%), it relies on an expensive debate
mechanism and suffers a considerable performance
drop on the more complex CWQ dataset (falling to
56.0%). In contrast, PSR achieves 72.83% Hits@1
on CWQ, surpassing ToG and ReKnoS by substan-
tial margins and is competitive with the complex
planning-based method PoG (75.0%), by using
significantly fewer computational resources. The
answer-set F1 results show a consistent trend with
Hits@1, indicating that the performance gains of
PSR are not limited to exact-match accuracy but

Method WebQSP CWQ

Hits@1 Calls Tokens Hits@1 Calls Tokens

Backbone: Llama-3.1-70B-Instruct
ToG 68.30 7.80 1104.80 37.10 11.60 1781.50
PoG 51.90 10.10 412.60 42.30 16.40 566.80

PSR 86.10 3 265.65 68.90 3 377.84
PSR vs. ToG +17.80 -4.80 -839.15 +31.80 -8.60 -1403.66
PSR vs. PoG +34.20 -7.10 -146.95 +26.60 -13.40 -188.96

Backbone: Qwen-2.5-72B-Instruct
ToG 79.00 7.03 792.60 44.20 10.20 1245.10
PoG 77.90 9.90 357.20 68.30 19.70 630.90

PSR 87.38 3 286.30 70.67 3 428.13
PSR vs. ToG +8.38 -4.03 -506.30 +26.47 -7.20 -816.97
PSR vs. PoG +9.48 -6.90 -70.90 +2.37 -16.70 -202.77

Table 3: Experimental results under open-source LLM
backbones.

also extend to answer-set quality. Regarding ef-
ficiency, existing methods exhibit high variance
in computational cost, with LLM calls increasing
linearly with retrieval depth (e.g., DoG requires
up to 58.1 calls per question on CWQ). In con-
trast, PSR maintains a strictly constant budget of
3 LLM calls per question regardless of question
complexity. Overall, PSR achieves state-of-the-art
accuracy while maintaining a constant and low in-
teraction cost. Appendix A.6 presents inference
latency comparisons, and Appendix A.8 reveals
that PSR achieves higher retrieval quality.

We further analyze failed cases of PSR on CWQ
and group them into three major categories: Con-
straint Missing (57%), Schema Error (40%), and
Budget Limit (3%). Detailed analysis and repre-
sentative cases are provided in Appendix A.9.

4.3 Experimental Results under Open-Source
LLM Backbones

Table 3 further compares PSR with representa-
tive baselines, ToG and PoG,2 under two open-
source LLM backbones, Llama-3.1-70B-Instruct
and Qwen-2.5-72B-Instruct. Across backbones and
datasets, PSR consistently achieves the best Hits@1
while using only 3 LLM calls per question. With
Llama-3.1-70B-Instruct, PSR reaches 86.1 Hits@1
on WebQSP and 68.9 on CWQ, outperforming ToG
(68.3/37.1) and PoG (51.9/42.3), while reducing
the number of LLM calls from 7.8–10.1 to 3 on
WebQSP and from 11.6–16.4 to 3 on CWQ. In addi-
tion, PSR substantially reduces token use compared

2We tried but failed to reproduce DoG and ORT.
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Method Variant WebQSP CWQ

Hits@1 ∆ Hits@1 ∆

PSR 87.38 – 70.67 –

w/o PR-MCTS (using Beam Search) 85.71 -1.67 66.40 -4.27
w/o Path Ranking 86.21 -1.17 66.18 -4.49
w/o LLM-Based Path Selection 83.23 -4.15 65.69 -4.98

Table 4: Ablation study.

to other iterative methods, e.g., from 1104.8 to
265.6 tokens on WebQSP and from 1781.5 to 377.8
tokens on CWQ compared to ToG under Llama-3.1-
70B-Instruct. With Qwen-2.5-72B-Instruct, PSR
attains 87.38 Hits@1 on WebQSP and 70.67 on
CWQ with 3 calls, exceeding ToG (79.0/44.2) and
PoG (77.9/68.3) while keeping token use below
baselines (e.g., 286.3 vs. 792.6 tokens on WebQSP
compared to ToG). These results indicate that the
superior performance of PSR is robust to backbone
changes, delivering consistent performance gains
while retaining efficiency.

Appendix A.5 reports results under lighter LLM
backbones, showing that PSR retains strong accu-
racy and efficiency.

4.4 Ablation Study

To validate component efficacy, we conduct an ab-
lation study with Qwen-2.5-72B-Instruct (Table 4).
Replacing PR-MCTS with Beam Search (setting
both Beam width and depth to 3) reduces Hits@1
by 1.67% (WebQSP) and 4.27% (CWQ), suggest-
ing that allocating search budget across a wide
range of schema-level paths (PR-MCTS) is ben-
eficial compared to committing to a few top-ranked
ones (Beam Search) under the same retrieval depth.
Removing Path Ranking by Eq. (15) reduces perfor-
mance by 1.17% and 4.49%, indicating the useful-
ness of this component. The largest degradation is
observed when removing LLM-Based Path Selec-
tion by Eq. (16) (4.15% and 4.98%), implying that
after graph search and embedding-based ranking,
the remaining top-ranked schema-level paths can
still differ in fine-grained relation semantics from
the query. Overall, each component contributes
measurably: removing PR-MCTS, Path Ranking,
or LLM-Based Path Selection consistently reduces
Hits@1 on both WebQSP and CWQ, and the full
PSR achieves the best performance only when all
three components are jointly used.

4.5 Hyper-Parameter Analysis

Figure 2 studies two hyper-parameters of PSR un-
der Qwen-2.5-72B-Instruct on CWQ: m, the max-

1 3 5 7 9
Sampled untried actions m

60

63

66

69

Sc
or

e

10 20 30 40 50
Top-K

60

63

66

69

72

Sc
or

e

Hits@1 F1 Score

Figure 2: Hyper-parameter analysis.

Backbone Method EM Hit@1 F1

DeepSeek-V4-Flash

CoT 2.10 15.40 7.73
ToG 85.60 89.10 87.77
PoG 92.40 93.10 93.67
PSR 97.90 98.30 98.50

Qwen3.5-27B

CoT 2.10 19.80 10.32
ToG 94.20 95.10 94.83
PoG 89.50 90.80 90.86
PSR 98.90 99.20 99.29

Table 5: Results on the proprietary KGQA dataset (%).

imum number of untried actions sampled from
Succ(cd) in PR-MCTS, and K, the number of
top-ranked schema-level paths kept for the second
LLM call. As m increases, performance first im-
proves and then declines: for m ∈ {1, 3, 5, 7, 9},
Hits@1/F1 rises from 66.30/59.77 at m = 1 to
70.67/62.53 at m = 7, then drops to 68.00/60.82 at
m = 9. This suggests that overly large m dis-
perses visit counts over more actions, reducing
the reliability of Q(cd, a) and the concentration
on relevant paths in PT

mcts. As K increases, per-
formance improves and then saturates: for K ∈
{10, 20, 30, 40, 50}, it rises from 68.67/60.03 at
K = 10 to 70.67/62.53 at K = 40, and remains
stable for K ∈ [30, 50] (Hits@1 70.11–70.67; F1
61.66–62.53), indicating that PSR is relatively in-
sensitive to K within this range. Even at the worst
setting of m, PSR still outperforms ToG on CWQ
under the same backbone (66.30 vs. 44.2 Hits@1).

4.6 Evaluation on a Proprietary KGQA
Dataset

We further evaluate PSR on a proprietary KGQA
dataset provided by a company, constructed from a
Traditional Chinese Medicine (TCM) KG covering,
but not limited to, colorectal cancer. The dataset
contains 1,000 automatically generated WebQSP-
style single-topic-entity questions covering one- to
three-hop reasoning. Each question is constructed
from a reasoning path in the KG, and its gold an-
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swer entities are retrieved by path execution rather
than LLM generation.

As shown in Table 5, PSR consistently achieves
the best performance under both LLM backbones.
With DeepSeek-V4-Flash, PSR reaches 97.90%
EM, 98.30% Hit@1, and 98.50% F1, while with
Qwen3.5-27B it achieves 98.90%, 99.20%, and
99.29%, respectively. These results further demon-
strate the effectiveness of PSR for multi-hop rea-
soning over a domain-specific KG.

5 Conclusion

In this paper, we propose PSR, a training-free RAG
framework for KGQA that answers each question
with exactly three LLM calls, independent of the
retrieval depth. Instead of performing expensive
hop-by-hop retrieval with the LLM, PSR employs
plan-regularized MCTS on compact schema trees
to efficiently identify relevant schema-level paths
to ground. Experimental results demonstrate that
PSR achieves state-of-the-art Hits@1 scores while
maintaining consistent and low interaction costs.
Ablation studies further validate that PR-MCTS,
schema-level path ranking, and path selection are
all essential for the final performance.

In future work, we will study how to reduce the
sensitivity of schema-level search to noisy or miss-
ing type assignments when inducing the schema
from a low-quality KG, and how to use grounding
results to revise plan steps that fail as feedback sig-
nals to retrieve supporting KG triples. Our failure
analysis further highlights plan completeness as a
key direction for future improvement.

Limitations

PSR has two main limitations. First, PSR relies on
entity type information to induce the schema and
guide schema-level search. When entity type as-
signments in the KG are missing or incorrect, some
schema-level paths corresponding to valid instance-
level reasoning paths may be mistakenly excluded
during search. More broadly, in real-world KGs
such as ad hoc extracted graphs or user-generated
KGs such as Wikidata, noise, incompleteness, or
overly flat schema patterns may weaken schema
induction and reduce the coverage or discrimina-
tive power of schema-level search, thereby limiting
the robustness and applicability of PSR beyond
relatively clean benchmark settings. A possible di-
rection to alleviate these issues is to reduce the re-
liance on exact type annotations during schema in-

duction, so that schema-level search can still cover
relevant paths under incomplete, noisy, or weakly
structured schema information. Second, PSR relies
on relation labels predicted in the LLM-generated
plan to guide schema-level search. When these
predicted relations deviate substantially from the
question semantics, the search process may spend
its budget on irrelevant schema branches and fail
to retrieve useful paths. A possible remedy is to
introduce an iterative mechanism in which ground-
ing failures are used as feedback to refine the initial
plan, thereby correcting semantic deviations during
retrieval.
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A Appendix

A.1 Implementation Details.

All experiments are conducted on a server with
512GB RAM and 8 NVIDIA RTX 4090 GPUs, us-
ing Python 3.10 and PyTorch 2.8, all LLM calls use
a decoding temperature of 0.7. We set the retrieval
depth to k = 3 (Notably, a schema-level depth of
k = 3 easily accommodates 4-hop instance-level
questions (e.g., in CWQ) because intermediate me-
diator nodes sharing the same type semantics are
inherently compressed during schema induction)
and run PR-MCTS with a per-plan simulation bud-
get B = 500 and retain the top-K = 40 candidate
schema-level paths for LLM selection. During ex-
pansion, we sample at most m = 7 untried actions
to control branching. In the UCB rule, we set the
exploration constant λ = 1.0, the plan-alignment
weight α = 2.0, and the structural penalty weight
β = 0.5. For LexSim(·, ·) in Eq. (13), we employ
normalized Levenshtein similarity (Levenshtein
et al., 1966). The two similarities are used at dif-
ferent stages. Eq. (13) is repeatedly used during
PR-MCTS to compare t(r), the textual form of a
candidate relation type r, with the plan-implied
relation labels. Lexical similarity preserves do-
main prefixes and fine-grained relation constraints,
avoiding semantic over-smoothing during interme-
diate traversal. In contrast, Eq. (15) is applied only
after PR-MCTS returns PT

mcts, where cosine sim-
ilarity between the normalized embeddings of p̃
and p̄ captures paraphrases and the entity types in-
cluded in the plan and candidate schema-level path.
For the mapping function t(·), we convert internal
KG identifiers into human-readable strings while
retaining domain prefixes to preserve hierarchical
semantics (e.g., replacing separators with spaces,
so film.film.production_companies becomes
“film film production companies”). Furthermore,
generic answer types (e.g., type.datetime) are
mapped to descriptive phrases (e.g., “date and time
representation”), ensuring the semantic encoder
robustly aligns them with the LLM’s predictions
during terminal evaluation in Eq. (14).

A.2 LLM Interaction Complexity of the
Baselines

We provide additional details for each baseline and
summarize its LLM-interaction complexity in Ta-
ble 6. When a baseline includes fine-tuned LLM
components, we count their model invocations as
LLM calls.

• RoG (Luo et al., 2024) invokes an LLM to
generate a relation-path plan, grounds the plan
in the KG via retrieval, and then invokes the
LLM once to generate the final answer from
the retrieved evidence. Therefore, RoG uses 2
LLM calls.

• EPERM (Long et al., 2025) uses fine-tuned
LLM components as scoring functions inside
an iterative subgraph retriever. With beam
width W and retrieval depth D, the retriever
performs relation scoring for each beam state
at each hop, resulting in DW model invoca-
tions in the retrieval stage. Together with two
additional stage-level calls for weighted-plan
generation and answer prediction, EPERM
uses DW + 2 LLM calls.

• KBQA-o1 (Luo et al., 2025) uses MCTS
where the LLM is used for both policy scor-
ing and reward scoring. Over T iterations,
with R rollouts per iteration and rollout depth
D, and with W candidate next-step explo-
rations (action/next-state options) scored and
reranked by the policy LLM at each expan-
sion, KBQA-o1 uses 1+T (2RD+W ) LLM
calls.

• KG-Agent (Jiang et al., 2025) runs an LLM-
driven agent loop. The LLM is invoked once
per iteration to choose tools or actions until
termination. With multi-hop depth D and p
additional verification or self-correction itera-
tions, KG-Agent uses D + p LLM calls.

• FastToG (Liang and Gu, 2025) performs
community-by-community reasoning with
width W and maximum iteration D. In the
initial phase, it invokes the LLM once to ex-
tract the query entities, once to select W head
communities from the candidate communi-
ties produced by local community detection
and coarse pruning, and once to run reason-
ing over the resulting W community chains.
In the reasoning phase, for each iteration, it
invokes the LLM W times to select one next
community for each chain from the candidate
communities, and once to run reasoning over
the updated W chains; thus it uses W+1 calls
per iteration. Therefore, in the worst case of
D iterations, FastToG uses (W + 1)D + 2
LLM calls.
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• ORT (Liu et al., 2025) invokes an LLM for
ontology-label induction over extracted aim/-
condition items, which uses Lont calls. It then
invokes the LLM once to predict the target
answer label. After that, it enumerates label-
level paths on the ontology graph via an LLM-
free reverse-search up to depth D. It finally
invokes the LLM once for semantic pruning
and once for answer generation. Therefore,
ORT uses Lont + 3 LLM calls.

• FiDeLiS (Sui et al., 2025) validates W path
candidates per hop. At each of the D hops, it
invokes the LLM W times for verification and
once for selection. Including one additional
final call for answer generation, FiDeLiS uses
D(W + 1) + 1 LLM calls.

• ToG (Sun et al., 2024) performs hop-by-hop
beam search with width W and hop limit D.
At each hop, it makes 2W LLM calls to select
the next relation and the next entity for the W
partial paths, and makes one additional LLM
call to decide whether to stop or continue. Af-
ter termination, it makes one final LLM call
to generate the answer conditioned on the re-
trieved KG triples. Thus, in the worst case of
D hops, ToG uses 2WD +D + 1 LLM calls.

• PoG (Chen et al., 2024) performs T search it-
erations. In each iteration, it performs prompt-
ing across D hops and uses 4D calls, and it
additionally triggers reflection for p times. In-
cluding one initial call to generate a reasoning
plan, PoG uses 1 + T (4D + p) LLM calls.

• DoG (Ma et al., 2025) uses hop-by-hop traver-
sal with debate. At each of the D hops, it
performs relation filtering and selection with
a+ 1 calls. In addition, for each of the D − 1
transitions it performs 3 debate rounds. There-
fore, DoG uses D(a + 1) + 3(D − 1) LLM
calls.

• ReKnoS (Wang et al., 2025) combines a
base traversal stage and a super-relation in-
duction stage. The base traversal stage uses
2D + 1. The super-relation induction stage
uses DSR calls, where the LLM is invoked iter-
atively to induce high-level relational abstrac-
tions (super-relations) that compress multi-
hop paths into single reasoning steps. There-
fore, ReKnoS uses (2D + 1) + DSR LLM
calls.

Method # LLM Calls

Fine-tuned/trained reasoning path retrieval

RoG (Luo et al., 2024) 2

EPERM (Long et al., 2025) DW + 2

KBQA-o1 (Luo et al., 2025) 1 + T (2RD +W )

KG-Agent (Jiang et al., 2025) D + p

Few-shot/zero-shot reasoning path retrieval

FastToG (Liang and Gu, 2025) (W + 1)D + 2

ORT (Liu et al., 2025) Lont + 3

FiDeLiS (Sui et al., 2025) D(W + 1) + 1

ToG (Sun et al., 2024) 2WD +D + 1

PoG (Chen et al., 2024) 1 + T (4D + p)

DoG (Ma et al., 2025) D(a+ 1) + 3(D − 1)

ReKnoS (Wang et al., 2025) (2D + 1) +DSR

PSR (ours) 3

Table 6: LLM calls in existing methods (D: retrieval
depth; W : beam width; T : search budget; R: roll-
outs per iteration; p: reflection triggers; DSR: depth of
super-relation induction; Lont: represents the LLM calls
needed for ontology graph induction from the KG; a:
relation filtering calls).

A.3 Dataset Statistics

We evaluate PSR on three Freebase KGQA bench-
marks, WebQSP (Yih et al., 2015), CWQ (Talmor
and Berant, 2018), and GrailQA (Gu et al., 2021).
We follow the evaluation split adopted in recent
work (Sun et al., 2024; Chen et al., 2024; Wang
et al., 2025) and report results on the test split. Ta-
ble 7 presents their hop distributions.

WebQSP contains 1,639 test questions and its
maximum reasoning hop is 2. Under this split,
65.49% of WebQSP test questions are 1-hop and
34.51% are 2-hop. CWQ contains 3,519 test ques-
tions and its maximum reasoning hop is 4. Under
this split, 40.91% of CWQ test questions are 1-hop,
38.34% are 2-hop, and 20.75% require ≥3-hop
reasoning. GrailQA contains 1,000 test questions
and its maximum reasoning hop is 3. Under this
split, 74.60% of GrailQA test questions are 1-hop,
24.50% are 2-hop, and only 0.90% require ≥3-hop
reasoning.

Table 8 reports their answer-set size distributions.
WebQSP has a higher proportion of multi-answer
questions: 51.2% of test questions have a single
answer, 27.4% have 2–4 answers, 8.3% have 5–9
answers, and 12.1% have ≥10 answers. CWQ is
dominated by single-answer questions: 70.6% of
test questions have a single answer, 19.4% have
2–4 answers, 6.0% have 5–9 answers, and 4.0%
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Dataset License #Test Max-hop 1-hop 2-hop ≥3-hop

WebQSP CC BY 4.0 1,639 2 65.49% 34.51% 0.00%
CWQ Apache-2.0 3,519 4 40.91% 38.34% 20.75%
GrailQA CC BY-SA 4.0 1,000 3 74.60% 24.50% 0.90%

Table 7: Dataset licenses and hop distributions of test questions in WebQSP, CWQ and GrailQA.

Dataset 1 2–4 5–9 ≥10

WebQSP 51.20% 27.40% 8.30% 12.10%
CWQ 70.60% 19.40% 6.00% 4.00%
GrailQA 68.0% 18.00% 5.80% 8.20%

Table 8: Answer-set size distributions of test questions
in WebQSP, CWQ, and GrailQA. The statistics are de-
rived from FiDeLiS (Sui et al., 2025) and ToG (Sun
et al., 2024).

have ≥10 answers. GrailQA shows a distribution
closer to CWQ than to WebQSP, with 68.0% of test
questions having a single answer, 18.0% having
2–4 answers, 5.8% having 5–9 answers, and 8.2%
having ≥10 answers.

A.4 Algorithmic Description of PSR

Algorithm 1 presents the overall procedure of PSR,
and Algorithm 2 details PR-MCTS.

In addition, we provide a time complexity anal-
ysis of PR-MCTS. Let A = maxcd | Succ(cd)| de-
note the maximum number of actions at a state. For
each plan, PR-MCTS performs B simulations, each
containing at most k transitions. At each depth, Se-
lection evaluates at most A actions, while Expan-
sion considers at most m sampled unvisited actions.
Therefore, the time complexity is O(Bk(A+m))
per plan and O(|Π|Bk(A+m)) per question.

A.5 Experimental Results under Lighter
LLM Backbones

To further evaluate whether PSR remains effective
under constrained computational budgets, we ad-
ditionally replace the original large backbone with
a substantially lighter open-source LLM. Specifi-
cally, we use Qwen-2.5-14B-Instruct, while keep-
ing the datasets, prompts, retrieval settings, and
evaluation protocol the same as in Section 4 unless
otherwise specified. We compare PSR against ToG
and PoG using the same metrics as in the main
paper, including Hits@1, the average number of
LLM calls, and token consumption.

As shown in Table 9, PSR consistently main-
tains the best overall performance under the lighter

Method WebQSP CWQ

Hits@1 Calls Tokens Hits@1 Calls Tokens

Backbone: Qwen-2.5-14B-Instruct
ToG 60.31 7.99 1143.61 35.32 10.82 1743.62
PoG 77.60 8.06 311.94 55.71 17.24 512.09

PSR 79.32 3 245.33 59.87 3 347.42
PSR vs. ToG +19.01 -4.99 -945.28 +24.55 -7.82 -1396.20
PSR vs. PoG +1.72 -5.06 -113.61 +4.16 -14.24 -164.67

Table 9: Results under a lighter LLM backbone.

Qwen-2.5-14B-Instruct backbone while preserving
its exact 3-call interaction pattern. Compared with
ToG, PSR improves Hits@1 from 60.31 to 79.32 on
WebQSP and from 35.32 to 59.87 on CWQ, while
also substantially reducing both LLM calls and to-
ken consumption. Compared with PoG, PSR still
achieves higher accuracy on both datasets, with a
notably smaller number of LLM calls and lower
token usage. These results indicate that the advan-
tage of PSR is not tied to very large backbones, and
can generalize to lighter open-source LLMs under
more constrained computational settings.

A.6 Inference Latency Analysis
We further evaluate the inference latency using
Qwen-2.5-72B-Instruct, the open-source LLM
adopted in our main experiments. For the KG back-
end, all methods are evaluated on Freebase, and
all graph retrieval and grounding operations are
executed through SPARQL queries under the same
implementation setting. Note that FiDeLiS origi-
nally runs on a RoG-constructed subgraph of Free-
base, while ToG, PoG, ReKnoS, and PSR are eval-
uated on the real Freebase backend. To make the
comparison transparent, we report FiDeLiS under
two settings: FiDeLiS (Subgraph), which follows
its original subgraph-based setting, and FiDeLiS,
where we adapt FiDeLiS to the real Freebase back-
end for a setting more consistent with the other
baselines. We report the average end-to-end latency
per question, including SPARQL-based graph re-
trieval, schema-level search, LLM inference, and
final answer generation.
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Algorithm 1 PSR
Input: Knowledge graph G, question q, and topic entities Vq
Output: Answer set A

1: Generate a plan set Π← LLM(q,Vq, {Types(e) : e ∈ Vq}) ▷ Eqs. (1)–(2)
2: Construct the schema graph S = (C,R, ES) from G ▷ Eq. (3)
3: for all plan π ∈ Π with topic entity type ctopic do
4: Unroll S into a schema tree T rooted at ctopic ▷ Eq. (4)
5: Extract schema-level paths PT

mcts ← PR-MCTS(T , π) with simulation budget B ▷ Eqs. (5)–(14)
6: PT

K ← Top-K schema-level paths in PT
mcts ▷ Eq. (15)

7: end for
8: Selected schema-level paths Ps ← SelectLLM

(
q,
⋃

π∈Π PT
K

)
▷ Eq. (16)

9: Retrieve triples F ← Retrieve(G,Vq,Ps) ▷ Eq. (17)
10: Generate answers A ← LLM(q,F) ▷ Eq. (18)
11: return A

Method WebQSP (s) CWQ (s)

ToG 58.67 106.77
PoG 47.97 103.97
FiDeLiS (Subgraph) 34.80 59.80
FiDeLiS 80.20 98.20
ReKnoS 68.78 59.72

PSR 21.37 37.32
PSR vs. ToG -37.30 -69.45
PSR vs. PoG -26.60 -66.65
PSR vs. FiDeLiS (Subgraph) -13.43 -22.48
PSR vs. FiDeLiS -58.83 -60.88
PSR vs. ReKnoS -47.41 -22.40

Table 10: Average end-to-end inference latency per
question on WebQSP and CWQ.

As shown in Table 10, PSR consistently achieves
the lowest inference latency on both datasets. On
WebQSP, PSR reduces the average latency from
58.67s, 47.97s, and 68.78s to 21.37s, compared
with ToG, PoG, and ReKnoS, respectively. Simi-
larly, compared to the real-backend version of Fi-
DeLiS (80.20s), PSR yields a massive reduction
of 58.83s. Even when compared to the highly
restricted FiDeLiS (Subgraph) setting (34.80s),
PSR is still significantly faster. On CWQ, PSR
reduces the latency from 106.77s, 103.97s, and
59.72s to 37.32s (and from 98.20s for FiDeLiS). In
terms of relative speedup, PSR is approximately
2.75× faster than ToG, 2.24× faster than PoG, and
3.22× faster than ReKnoS on WebQSP, and approx-
imately 2.86×, 2.79×, and 1.60× faster on CWQ,
respectively. This result is consistent with the
constant 3-call interaction pattern of PSR, which
avoids the sequential O(W ) or O(D) style LLM
invocation overhead required by iterative retrieval
methods.

Dataset Total
Time

PR-MCTS
Search

Text
Encoding

WebQSP 21.37s 1.20s (6%) 0.85s (4%)
CWQ 37.32s 1.80s (5%) 1.10s (3%)

Table 11: Runtime breakdown of the non-LLM compo-
nents in PSR.

To further quantify the non-LLM overhead of
PSR, Table 11 reports the runtime of PR-MCTS
search and text encoding within the end-to-end in-
ference latency.

PR-MCTS search and text encoding together
account for only 2.05s (10%) and 2.90s (8%) of the
total latency on WebQSP and CWQ, respectively.
These results show that PSR does not trade fewer
LLM calls for heavy non-LLM computation.

A.7 Evaluation on GrailQA

We further evaluate PSR on GrailQA, a more recent
and more challenging benchmark for knowledge
base question answering. Following prior LLM-
based KGQA work such as ToG (Sun et al., 2024)
and PoG (Chen et al., 2024), we use a subset of
1,000 questions to maintain a fair and consistent
comparison setting.

Table 12 presents the results on GrailQA. The
results show that PSR remains highly competitive
on this more challenging benchmark. Compared
with ToG, PSR achieves higher Hits@1 (83.74 vs.
81.40) and F1 (72.41 vs. 66.60), while requiring
substantially fewer LLM calls (3 vs. 11.10) and
much fewer tokens (188.60 vs. 774.60). Compared
with PoG, PSR attains comparable Hits@1 (83.74
vs. 84.70), while further reducing the number of
LLM calls (3 vs. 6.50) and slightly lowering token
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Algorithm 2 PR-MCTS
Input: Schema tree T rooted at ctopic, plan π, simulation budget B, depth limit k, and maximum number
m of sampled unvisited actions
Output: Candidate schema-level path set PT

mcts

1: Initialize N(cd, a)← 0, W (cd, a)← 0, and Q(cd, a)← 0
2: for b = 1 to B do
3: Set c0 ← ctopic and d← 0
4: Initialize an empty selected sequence of transitions
5: while d < k ∧ Succ(cd) ̸= ∅ do
6: if N(cd, a) > 0 for all a ∈ Succ(cd) then
7: Select a(b)d ← argmaxa∈Succ(cd) Score(cd, a) ▷ Selection; Eqs. (8)–(13)
8: else
9: Uniformly sample at most m unvisited actions from Succ(cd)

10: Select the sampled action a
(b)
d that minimizesH(a) ▷ Expansion;

11: end if
12: Add (cd, a

(b)
d ) to the selected sequence of transitions

13: Let the selected action be a
(b)
d = (cd+1, rd+1)

14: Move to the next state cd+1 and set d← d+ 1
15: end while
16: Set ℓ← d and evaluate the terminal state cℓ by computing V (cℓ) ▷ Evaluation; Eq. (14)
17: for all (cd, a

(b)
d ) in the selected sequence do ▷ Backpropagation

18: Increase the visit count: N(cd, a
(b)
d )← N(cd, a

(b)
d ) + 1

19: Update the cumulative return: W (cd, a
(b)
d )←W (cd, a

(b)
d ) + V (cℓ)

20: Update the mean action value Q(cd, a
(b)
d ) according to Eq. (7)

21: end for
22: Record the corresponding root-to-terminal schema-level path
23: end for
24: Form PT

mcts from the unique recorded paths, ranked by visit frequency
25: return PT

mcts

consumption (188.60 vs. 202.80). Overall, these
results suggest that PSR maintains strong answer
quality and efficiency on GrailQA.

A.8 Retrieval Quality Analysis

To further evaluate whether the retrieved paths pro-
vide sufficient evidence before answer generation,
we report Gold Answer Recall (GAR). GAR mea-
sures the average fraction of gold answer entities
covered by the grounded paths fed into the final
LLM call for answer generation. This metric di-
rectly evaluates whether the retrieval and ground-
ing stages identify answer-supporting KG evidence
before the LLM produces the final answer.

As shown in Table 13, PSR achieves the high-
est GAR on all three benchmarks. Compared with
ToG, PSR improves GAR by 25.30 points on We-
bQSP, 29.20 points on CWQ, and 9.44 points on
GrailQA. Compared with PoG, PSR also improves

GAR by 9.02, 5.20, and 3.52 points, respectively.
These results show that PSR not only improves final
answer accuracy, but also retrieves grounded evi-
dence that covers a larger fraction of gold answers
before the final LLM call. This further supports the
effectiveness of PSR’s plan-guided schema-level
path retrieval and path grounding.

To further isolate the contribution of the third
LLM call, we keep the selected schema-level paths
and grounded triples unchanged, and replace only
final answer generation with deterministic answer
extraction. As shown in Table 14, the final LLM
improves Hits@1 by 14.16 points on WebQSP and
9.00 points on CWQ, indicating that it helps com-
pose constraints and normalize answers from the
retrieved evidence.
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Method Overall I.I.D. Compositional Zero-shot F1 Calls Tokens

LLM-based QA without KG
IO Prompt 29.60 23.10 19.80 31.20 – 1 –
CoT 28.10 22.30 21.20 32.10 – 1 –

Fine-tuned reasoning path retrieval
RoG 57.80 – – – 56.20 2 –
KG-Agent 77.50 – – – 65.30 – –

Few-shot/zero-shot reasoning path retrieval
Backbone: GPT-4

DoG 80.00 – – – – – –
ReKnoS 83.60 86.10 68.40 87.50 70.20 10.20 –
ToG 81.40 79.40 63.70 86.50 66.60 11.10 774.60
PoG 84.70 87.90 69.70 88.60 – 6.50 202.80

PSR w/ GPT-4 83.74 86.20 68.60 87.70 72.41 3 188.60
PSR vs. ToG +2.34 +6.80 +4.90 +1.20 +5.81 -8.10 -586.00
PSR vs. PoG -0.96 -1.70 -1.10 -0.90 – -3.50 -14.20

Table 12: Main experimental results on GrailQA.

Method WebQSP CWQ GrailQA

ToG 62.30 52.00 77.16
PoG 78.58 76.00 83.08
PSR 87.60 81.20 86.60

Table 13: Retrieval quality before answer generation,
measured by Gold Answer Recall (%).

Method WebQSP CWQ

PSR w/ deterministic extraction 73.22 61.67
Full PSR w/ final LLM 87.38 70.67

Table 14: Diagnostic ablation of Stage III in Hits@1.

Figure 3: Failed cases analysis.

A.9 Analysis of Failed Cases

To better understand the limitations of PSR, we
manually analyzed 100 failed cases from CWQ
and identified three dominant error types, as shown
in Figure 3, constraint missing (57%), schema error
(40%), and budget limit (3%).

The largest portion of failures comes from miss-
ing constraints, as illustrated in Table 15, where the

high-level plan captures the main topic entities and
core relational semantics but fails to preserve key
operators such as comparison, superlative, or ag-
gregation constraints. The second major source is
schema error, as illustrated in Table 16, where the
generated or selected schema-level path is seman-
tically plausible but structurally inconsistent with
the correct Freebase schema composition, leading
downstream grounding to instantiate an incorrect
path. Only a small portion of failures is caused by
budget limit, as illustrated in Table 17, where the
high-level plan is largely correct but decisive evi-
dence cannot be fully explored under limited search
budgets on large fan-out nodes. These cases illus-
trate the grounding gap in PSR, where a schema-
level path remains plausible but fails to instantiate
into factual triples during Stage III.

In the following, we provide one representative
failed case for each category to illustrate how these
errors arise and propagate across the three stages
of PSR.

A.10 Prompts Used in PSR

PSR uses exactly three LLM calls per question,
corresponding to Stage I (§3.3), Stage II (§3.4),
and Stage III (§3.5). For each call, we use a fixed
prompt template and only substitute the inputs re-
quired by that stage. Specifically, the first Prompt
(Figure 4) takes the question q, topic entities Vq,
and their type set {Types(e) : e ∈ Vq} as in-
puts and outputs a plan set Π. The second Prompt
(Figure 5) takes the question q and the candidate
schema-level paths in PT

K as inputs and outputs
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Question Which globe region with the UTC−05:00 time zone does the Dominican Republic call home?

Answer Gold: Greater Antilles; Pred: Atlantic Time Zone

Stage I The best generated plan already reveals the core issue: the Dominican Republic branch is reduced to time-zone
retrieval, rather than preserving the target answer type globe region.
Plan-1: Dominican Republic→location.country.time_zones →time.time_zone
Topic Entity Type-1: location.country
Answer Entity Type-1: time.time_zone
. . .

Stage II The selected paths continue this bias and all terminate in time.time_zone, so the search is centered on time
zones rather than regions.
Path-1: location.location→location.location.time_zones
Path-2: location.country→ location.country.administrative_divisions→location.location.time_zones
Path-3: location.country→ location.country.first_level_divisions → location.location.time_zones
. . .

Stage III The grounded evidence only supports time-zone entities, so the system finally outputs Atlantic Time Zone
rather than the correct region Greater Antilles.
Dominican Republic→location.location.time_zones → {Atlantic Time Zone, UTC−04:00, ...}

Diagnosis This case belongs to constraint missing. The system preserves the time-zone condition but fails to preserve the
target-type constraint that the answer should be a geographic region. Consequently, the later stages consistently
follow an incorrect answer type.

Table 15: Case study of CONSTRAINT MISSING.

the selected schema-level path set Ps. The third
Prompt (Figure 6) takes the question q and the
retrieved triple set F as inputs and outputs the fi-
nal answer set A. In all three prompts, the output
format is explicitly constrained to avoid free-form
responses.
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Question On what radio station in New York City would you find an organizational leader named Gary Knell?

Answer Gold: WNYC; Pred: Letter from America

Stage I The generated plan actually targets the correct answer type broadcast.radio_station, indicating that the
initial semantic abstraction is largely reasonable.
Plan-1: Gary Knell→business.board_member.organization→ organization.organization.radio_stations
→broadcast.radio_station
Topic Entity Type-1: business.board_member
Answer Entity Type-1: broadcast.radio_station

Stage II However, the selected paths drift away from the intended station schema and instead terminate
in radio.radio_program, which changes the target entity type from broadcast.radio_station to
radio.radio_program.
Path-1: people.person→people.person.nationality→ radio.radio_subject.programs_with_this_subject
Path-2: location.citytown→location.citytown.postal_codes →location.postal_code.country
→ radio.radio_subject.programs_with_this_subject
Path-3: location.location→location.location.events→ radio.radio_subject.programs_with_this_subject
. . .

Stage III The grounded evidence consequently supports a radio-program entity rather than a radio-station entity, which
leads PSR to output Letter from America.
Gary Knell→people.person.nationality→ radio.radio_subject.programs_with_this_subject→{Letter from
America, ...}

Diagnosis This case belongs to schema error. Although the generated plan correctly targets broadcast.radio_station,
the path-selection stage shifts to semantically related but structurally incorrect program-oriented paths. As a
result, the grounding stage retrieves a radio.radio_program instead of the required radio station, producing
Letter from America rather than WNYC.

Table 16: Case study of SCHEMA ERROR.

Question What Hollywood studio produced the American Gladiators TV movie?

Answer Gold: Universal Studios Hollywood; Pred: Trans World International

Stage I The generated plans target the correct answer type, suggesting that the high-level semantic abstraction is largely
correct.
Plan-1: Hollywood→film.film_location.films_filmed_here →film.film.production_companies
→ film.production_company
Topic Entity Type-1: film.film_location
Answer Entity Type-1: film.production_company

Stage II Although the target answer type remains correct, the selected paths do not retain the intended tv_movies →
production_companies branch for American Gladiators. Instead, the search drifts toward producer-related
alternatives under a large candidate space.
Path-1: film.film_location → film.film_location.featured_in_films → film.film.production_companies
Path-2: broadcast.content→broadcast.content.producer→ film.production_company.films
→film.film.production_companies
Path-3: broadcast.content→broadcast.content.producer→ organization.organization.parent
. . .

Stage III The grounded evidence consequently follows the producer-related branch and yields Trans World International,
while the correct TV-movie production-company branch is not reached.
American Gladiators→broadcast.content.producer→{Trans World International, ...}

Diagnosis This case belongs to budget limit. The generated plans already contain the correct TV-movie production-
company branch, and the target answer type is also correct. However, under a large search space (e.g., 973
candidate paths for Hollywood and 610 candidate paths for American Gladiators), the correct branch is not
retained during path selection. As a result, grounding follows a producer-related alternative and returns Trans
World International instead of Universal Studios Hollywood.

Table 17: Case study of BUDGET LIMIT.
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Prompt1: Plan Generation

Given a question and some Topic Entities, each Topic Entity has a list of types. You must generate
possible relation paths for each Topic Entity.
Here are the RULES you must obey:
1. Output a JSON dict: keys = topic entity surface names.
2. For each topic entity output a list of path objects.
3. Each path object MUST contain:
- "start_type": a list of types chosen ONLY from the given Topic Entity Types
- "path": a relation chain "Entity -> r1 -> r2 -> ..."
- "answer_types": plausible types of the final answer entity
- "confidence": float 0.0-1.0, how confident you are this path answers the question
- "reasoning": brief explanation of why this path semantically fits the question
4. For each entity output at least 2 path objects, ranked by confidence (highest first).
5. NEVER invent types. Use only the provided clean types.

# Example 1
Question: Who is the director of the movie featured Miley Cyrus and was produced by Tobin Armbrust?
Topic Entities: ["Miley Cyrus","Tobin Armbrust"]
Topic Entities Types: [ ["people.person","film.actor"], ["people.person","film.producer"] ]
Output: {

Miley Cyrus: [
{
start_type: ["film.actor"],
"path": "Miley Cyrus -> film.actor.film -> film.performance.film -> film.film.directed_by",
"answer_types": ["film.director","people.person"],
"confidence": 0.95,
"reasoning": "...."

},
Tobin Armbrust: [

{
start_type: ["film.producer"],
"path": "Tobin Armbrust -> film.producer.film -> film.film.directed_by",
"answer_types": ["film.director","people.person"],
"confidence": 0.85,
"reasoning": "...."

},
} [... Examples 2, 3...]

Now begin for the real input:

Figure 4: Prompt1: Plan Generation (the 1st LLM Call).
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Prompt2: Path Selection

You are a Freebase schema reasoning expert.
QUESTION: {question}
TASK: For each entity below, select the TOP 3 best schema paths that can answer the question.
SELECTION CRITERIA (in order of importance):
1. Semantic alignment: Does the path’s meaning match what the question asks?
2. Answer type match: Does the end_type match the expected answer type?
3. Path coherence: Are the predicate transitions logically connected?
4. Numeric score: Use as tiebreaker only.
CRITICAL: If multiple entities are given, their paths should lead to a COMMON answer (intersection
constraint).

ENTITIES AND CANDIDATE PATHS:
{

"0": {
"entity": "Miley Cyrus",
"paths": [
{"id": 0, "path": "film.actor.film -> directed_by", "score": 0.95},
{"id": 1, "path": "film.actor.film -> producer", "score": 0.60},
...

]
},
"1": {

"entity": "Tobin Armbrust",
"paths": [
{"id": 0, "path": "film.producer.film -> directed_by", "score": 0.85},
...

]
}

}

OUTPUT FORMAT - Return ONLY a JSON object:
{

"0": ["best_id", "second_id", "third_id"],
"1": ["best_id", "second_id", "third_id"],
...

}
Output ONLY the JSON, no explanation.

Figure 5: Prompt2: Path Selection (the 2nd LLM Call).
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Prompt3: Answer Generation

You are a knowledge graph question answering expert.
QUESTION:
Who is the director of the movie featured Miley Cyrus and was produced by Tobin Armbrust?

FACT CHAINS FROM KNOWLEDGE GRAPH:
{...}

REASONING INSTRUCTIONS:
1. Analyze what the question is asking for (person? place? date? organization? count?).
2. Trace through the fact chains to find entities that satisfy ALL constraints.
3. If multiple candidate answers exist, rank them by likelihood based on how strongly they satisfy
constraints.
4. The ranked answers should reflect: (a) number of supporting fact chains, (b) structural
consistency, (c) semantic alignment with the question.
5. Ignore empty results {}, unnamed entities (m.xxx, g.xxx), and irrelevant chains.

OUTPUT REQUIREMENT:
- Output ONLY the final answer(s)
- If multiple answers, output them in descending order of likelihood
- Separate multiple answers with commas
- DO NOT provide explanation
- DO NOT output "I don’t know"
- DO NOT output empty response

ANSWER:

Figure 6: Prompt3: Answer Generation (the 3rd LLM Call).
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